


新春将近，一年一度的美团技术年货也如约而至！

路虽远，行则将至，梦虽遥，追则可及。2024 年，是美团技术博客走过的第 11

个年头，我们没有恢弘的叙事，只是年复年、日复日的默默坚持。截止目前，美

团技术团队微信公众号累计发布了 600 多篇技术文章，感谢大家一路同行，见

证我们的成长。

值蛇年春节到来之际，我们精选过去一年公众号 30 多篇技术文章和科研论文，

整理制作成一本 600 多页的电子书，作为一份特别的新年礼物，献给每一位热

爱技术的你。

这本电子书内容覆盖算法、工程、测试、安全、数据等多个技术领域，希望能为

你的工作和学习带来一些启发与帮助。也欢迎你将这份电子书分享给更多志同道

合、积极向上的同事和朋友，一起携手共进，砥砺前行。

在新的一年里，愿大家乘风破浪，勇往直前，历尽千帆，梦想终将实现！

序言
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基本功	|	一文讲清多线程和多线程同步

多线程编程是现代软件开发中的一项关键技术，在多线程编程中，开发者可以将复杂

的任务分解为多个独立的线程，使其并行执行，从而充分利用多核处理器的优势。然

而，多线程编程也带来了挑战，例如线程同步、死锁和竞态条件等问题。本篇文章将深

入探讨多线程编程的基本概念（原子操作、CAS、Lock-free、内存屏障、伪共享、乱

序执行等）、常见模式和最佳实践。通过具体的代码示例，希望能够帮助大家掌握多线

程编程的核心技术，并在实际开发中应用这些知识，提升软件的性能和稳定性。

1  多线程

1.1	线程的概念

十多年前，主流观点主张在可能的情况下优先选择多进程而非多线程。如今，多线程

编程已经成为编程领域的事实标准。多线程技术在很大程度上改善了程序的性能和响

应能力，使其能够更加高效地利用系统资源，这不仅归功于多核处理器的普及和软硬

件技术的进步，还归功于开发者对多线程编程的深入理解和技术创新。

那么什么是线程呢？线程是一个执行上下文，它包含诸多状态数据：每个线程有自己

的执行流、调用栈、错误码、信号掩码、私有数据。Linux 内核用任务（Task）表示

一个执行流。

1.1.1	执行流

一个任务里被依次执行的指令会形成一个指令序列（IP 寄存器值的历史记录），这个

工程
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指令序列就是一个指令流，每个线程会有自己的执行流。考虑下面的代码（本文代码

块为 C++）：

int calc(int a, int b, char op) {
  int c = 0;
  if (op == '+')
    c = a + b;
  else if (op == '-')
    c = a - b;
  else if (op == '*')
    c = a * b;
  else if (op == '/')
    c = a / b;
  else
    printf("invalid operation\n");
  return c;
}

calc 函数被编译成汇编指令，一行 C 代码对应一个或多个汇编指令，在一个线程里

执行 calc，那么这些机器指令会被依次执行。但是，被执行的指令序列跟代码顺序可

能不完全一致，代码中的分支、跳转等语句，以及编译器对指令重排、处理器乱序执

行会影响指令的真正执行顺序。

1.1.2	逻辑线程	vs	硬件线程

线程可以进一步区分为逻辑线程和硬件线程。

逻辑线程

程序上的线程是一个逻辑上的概念，也叫任务、软线程、逻辑线程。线程的执行逻辑

由代码描述，比如编写一个函数实现对一个整型数组的元素求和：

int sum(int a[], int n) {
    int x = 0;
    for (int i = 0; i < n; ++i) 
        x += a[i];
    return x;
}

这个函数的逻辑很简单，它没有再调用其他函数（更复杂的功能逻辑可以在函数里调
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用其他函数）。我们可以在一个线程里调用这个函数对某数组求和；也可以把 sum 设

置为某线程的入口函数，每个线程都会有一个入口函数，线程从入口函数开始执行。

sum 函数描述了逻辑，即要做什么以及怎么做，偏设计；但它没有描述物质，即没有

描述这个事情由谁做，事情最终需要派发到实体去完成。

硬件线程

与逻辑线程对应的是硬件线程，这是逻辑线程被执行的物质基础。

芯片设计领域，一个硬件线程通常指为执行指令序列而配套的硬件单元，一个 CPU

可能有多个核心，然后核心还可能支持超线程，1 个核心的 2 个超线程复用一些硬

件。从软件的视角来看，无须区分是真正的 Core 和超出来的 VCore，基本上可以

认为是 2 个独立的执行单元，每个执行单元是一个逻辑 CPU，从软件的视角看 CPU

只需关注逻辑 CPU。一个软件线程由哪个 CPU/ 核心去执行，以及何时执行，不归

应用程序员管，它由操作系统决定，操作系统中的调度系统负责此项工作。

1.2	线程、核心、函数的关系

线程入口函数是线程执行的起点，线程从入口函数开始、一个指令接着一个指令执

行，中间它可能会调用其他函数，那么它的控制流就转到了被调用的函数继续执行，

被调用函数里还可以继续调用其他函数，这样便形成一个函数调用链。

前面的数组求和例子，如果数组特别大，则哪怕是一个简单的循环累加也可能耗费

很长的时间，可以把这个整型数组分成多个小数组，或者表示成二维数组（数组的数

组），每个线程负责一个小数组的求和，多个线程并发执行，最后再累加结果。

所以，为了提升处理速度，可以让多个线程在不同数据区段上执行相同（或相似）的

计算逻辑，同样的处理逻辑可以有多个执行实例（线程），这对应对数据拆分线程。当

然，也可以为两个线程指定不同的入口函数，让各线程执行不同的计算逻辑，这对应

对逻辑拆分线程。

我们用一个例子来阐述线程、核心和函数之间的关系，假设有遛狗、扫地两类工作要做：
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 ● 遛狗就是为狗系上绳子然后牵着它在小区里溜达一圈，这句话就描述了遛狗的

逻辑，即对应到函数定义，它是一个对应到设计的静态的概念。

 ● 每项工作，最终需要人去做，人就对应到硬件：CPU/Core/VCore，是任务被

完成的物质基础。

那什么对应软件线程？ 任务拆分。

一个例子

假设现在有 2 条狗需要遛、3 个房间需要打扫。可以把遛狗拆成 2 个任务，一个任

务是遛小狗，另一个任务是遛大狗；打扫房间拆分为 3 个任务，3 个房间对应 3 个任

务，执行这样的拆分策略后，将会产生 2+3=5 个任务。但如果只有 2 个人，2 个人

无法同时做 5 件事，让某人在某时干某事由调度系统负责。

如果张三在遛小狗，那就对应一个线程被执行，李四在扫房间 A，则表示另一个线程

在执行中，可见线程是一个动态的概念。

软件线程不会一直处于执行中，原因是多方面的。上述例子是因为人手不够，所以遛

大狗的任务还处于等待被执行的状态，其他的原因包括中断、抢占、条件依赖等。比

如李四扫地过程中接到一个电话，他需要去处理更紧急的事情（接电话），则扫地这个

事情被挂起，李四打完电话后继续扫地，则这个线程会被继续执行。

如果只有 1 个人，则上述 5 个任务依然可以被依次或交错完成，所以多线程是一个编

程模型，多线程并不一定需要多 CPU 多 Core，单 CPU 单 Core 系统依然可以运行

多线程程序（虽然最大化利用多 CPU 多 Core 的处理能力是多线程程序设计的一个

重要目标）。1 个人无法同时做多件事，单 CPU/ 单 Core 也不可以，操作系统通过时

间分片技术应对远多于 CPU/Core 数的多任务执行的挑战。也可以把有些任务只分

配给某些人去完成，这对应到 CPU 亲和性和绑核。

1.3	程序、进程、线程、协程

进程和线程是操作系统领域的两个重要概念，两者既有区别又有联系。
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1.3.1	可执行程序

C/C++ 源文件经过编译器（编译 + 链接）处理后，会产生可执行程序文件，不同系统

有不同格式，比如 Linux 系统的 ELF 格式、Windows 系统的 EXE 格式，可执行程

序文件是一个静态的概念。

1.3.2	进程是什么

可执行程序在操作系统上的一次执行对应一个进程，进程是一个动态的概念：进程是

执行中的程序。同一份可执行文件执行多次，会产生多个进程，这跟一个类可以创建

多个实例一样。进程是资源分配的基本单位。

1.3.3	线程是什么

一个进程内的多个线程代表着多个执行流，这些线程以并发模式独立执行。操作系统

中，被调度执行的最小单位是线程而非进程。进程是通过共享存储空间对用户呈现的

逻辑概念，同一进程内的多个线程共享地址空间和文件描述符，共享地址空间意味着

进程的代码（函数）区域、全局变量、堆、栈都被进程内的多线程共享。

1.3.4	进程和线程的关系

先看看 linus 的论述，在 1996 年的一封邮件里，Linus 详细阐述了他对进程和线程

关系的深刻洞见，他在邮件里写道：

 ● 把进程和线程区分为不同的实体是背着历史包袱的传统做法，没有必要做这样

的区分，甚至这样的思考方式是一个主要错误。

 ● 进程和线程都是一回事：一个执行上下文（context of execution），简称为

COE，其状态包括：

 ○ CPU 状态（寄存器等）

 ○ MMU 状态（页映射）

 ○ 权限状态（uid、gid 等）

 ○ 各种通信状态（打开的文件、信号处理器等）

 ● 传统观念认为：进程和线程的主要区别是线程有 CPU 状态（可能还包括其他



6　>　2024年美团技术年货

最小必要状态），而其他上下文来自进程；然而，这种区分法并不正确，这是一

种愚蠢的自我设限。

 ● Linux 内核认为根本没有所谓的进程和线程的概念，只有 COE（Linux 称之为

任务），不同的 COE 可以相互共享一些状态，通过此类共享向上构建起进程和

线程的概念。

 ● 从实现来看，Linux 下的线程目前是 LWP 实现，线程就是轻量级进程，所有

的线程都当作进程来实现，因此线程和进程都是用 task_struct 来描述的。这

一点通过 /proc 文件系统也能看出端倪，线程和进程拥有比较平等的地位。对

于多线程来说，原本的进程称为主线程，它们在一起组成一个线程组。

 ● 简言之，内核不要基于进程 / 线程的概念做设计，而应该围绕 COE 的思考方

式去做设计，然后，通过暴露有限的接口给用户去满足 pthreads 库的要求。

1.3.5	协程

用户态的多执行流，上下文切换成本比线程更低，微信用协程改造后台系统后，获得

了更大吞吐能力和更高稳定性。如今，协程库也进了 C++ 20 新标准。

1.4	为什么需要多线程

1.4.1	什么是多线程

一个进程内多个线程并发执行的情况就叫多线程，每个线程是一个独立的执行流，多

线程是一种编程模型，它与处理器无关、跟设计有关。

需要多线程的原因包括：

 ● 并行计算：充分利用多核，提升整体吞吐，加快执行速度。

 ● 后台任务处理：将后台线程和主线程分离，在特定场景它是不可或缺的，如：

响应式用户界面、实时系统等。

我们用 2 个例子作说明。
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1.4.2	通过多线程并发提升处理能力

假设你要编写一个程序，用于统计一批文本文件的单词出现次数，程序的输入是文件

名列表，输出一个单词到次数的映射。

// 类型别名：单词到次数的映射
using word2count = std::map<std::string, unsigned int>;

// 合并“单词到次数映射列表”
word2count merge(const std::vector<word2count>& w2c_list) {/*todo*/}

// 统计一个文件里单词出现次数（单词到次数的映射）
word2count word_count_a_file(const std::string& file) {/*todo*/}

// 统计一批文本文件的单词出现次数
word2count word_count_files(const std::vector<std::string>& files) {
    std::vector<word2count> w2c_list;
    for (auto &file : files) {
        w2c_list.push_back(word_count_a_file(file));
    }
    return merge(w2c_list);
}

int main(int argc, char* argv[]) {
    std::vector<std::string> files;
    for (int i = 1; i < argc; ++i) {
        files.push_back(argv[i]);
    }
    auto w2c = word_count_files(files);
    return 0;
}

这是一个单线程程序，word_count_files 函数在主线程里被 main 函数调用。如果

文件不多、又或者文件不大，那么运行这个程序，很快就会得到统计结果，否则，可

能要等一段长的时间才能返回结果。

重新审视这个程序会发现：函数 word_count_a_file 接受一个文件名，吐出从该文件

计算出的局部结果，它不依赖于其他外部数据和逻辑，可以并发执行，所以，可以为

每个文件启动一个单独的线程去运行 word_count_a_file，等到所有线程都执行完，

再合并得到最终结果。

实际上，为每个文件启动一个线程未必合适，因为如果有数万个小文件，那么启动数
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万个线程，每个线程运行很短暂的时间，大量时间将耗费在线程创建和销毁上，一个

改进的设计：

 ● 开启一个线程池，线程数等于 Core 数或二倍 Core 数（策略）。

 ● 每个工作线程尝试去文件列表（文件列表需要用锁保护起来）里取一个文件。

 ○ 成功，统计这个文件的单词出现次数。

 ○ 失败，该工作线程就退出。

 ● 待所有工作线程退出后，在主线程里合并结果。

这样的多线程程序能加快处理速度，前面数组求和可以采用相似的处理，如果程序运

行在多 CPU 多 Core 的机器上，就能充分利用多 CPU 多 Core 硬件优势，多线程

加速执行是多线程的一个显而易见的主要目的，此其一。

1.4.3	通过多线程改变程序编写方式

其二，有些场景会有阻塞的调用，如果不用多线程，那么代码不好编写。

比如某程序在执行密集计算的同时，需要监控标准输入（键盘），如果键盘有输入，那

么读取输入并解析执行，但如果获取键盘输入的调用是阻塞的，而此时键盘没有输入

到来，那么其他逻辑将得不到机会执行。

代码看起来会像下面这样子：

// 从键盘接收输入，经解释后，会构建一个 Command对象返回
Command command = getCommandFromStdInput();
// 执行命令
command.run();

针对这种情况，我们通常会开启一个单独的线程去接收输入，而用另外的线程去处理

其他计算逻辑，避免处理输入阻塞其他逻辑处理，这也是多线程的典型应用，它改变

了程序的编写方式，此其二。
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1.5	线程相关概念

1.5.1	时间分片

CPU 先执行线程 A 一段时间，然后再执行线程 B 一段时间，然后再执行线程 A 一段

时间，CPU 时间被切分成短的时间片、分给不同线程执行的策略就是 CPU 时间分

片。时间分片是对调度策略的一个极度简化，实际上操作系统的调度策略非常精细，

要比简单的时间分片复杂的多。如果一秒钟被分成大量的非常短的时间片，比如 100

个 10 毫秒的时间片，10 毫秒对人的感官而言太短了，以致于用户觉察不到延迟，仿

佛计算机被该用户的任务所独占（实际上并不是），操作系统通过进程的抽象获得了这

种任务独占 CPU 的效果（另一个抽象是进程通过虚拟内存独占存储）。

1.5.2	上下文切换

把当前正在 CPU 上运行的任务迁走，并挑选一个新任务到 CPU 上执行的过程叫调

度，任务调度的过程会发生上下文切换（context swap），即保存当前 CPU 上正在

运行的线程状态，并恢复将要被执行的线程的状态，这项工作由操作系统完成，需要

占用 CPU 时间（sys time）。

1.5.3	线程安全函数与可重入

一个进程可以有多个线程在同时运行，这些线程可能同时执行一个函数，如果多线程

并发执行的结果和单线程依次执行的结果是一样的，那么就是线程安全的，反之就不

是线程安全的。

不访问共享数据，共享数据包括全局变量、static local 变量、类成员变量，只操作参

数、无副作用的函数是线程安全函数，线程安全函数可多线程重入。每个线程有独立

的栈，而函数参数保存在寄存器或栈上，局部变量在栈上，所以只操作参数和局部变

量的函数被多线程并发调用不存在数据竞争。

C 标准库有很多编程接口都是非线程安全的，比如时间操作 / 转换相关的接口：

ctime()/gmtime()/localtime()，c 标准通过提供带 _r 后缀的线程安全版本，比如：
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char* ctime_r(const time* clock, char* buf);

这些接口的线程安全版本，一般都需要传递一个额外的 char * buf 参数，这样的话，

函数会操作这块 buf，而不是基于 static 共享数据，从而做到符合线程安全的要求。

1.5.4	线程私有数据

因为全局变量（包括模块内的 static 变量）是进程内的所有线程共享的，但有时应用

程序设计中需要提供线程私有的全局变量，这个变量仅在函数被执行的线程中有效，

但却可以跨多个函数被访问。

比如在程序里可能需要每个线程维护一个链表，而会使用相同的函数来操作这个链

表，最简单的方法就是使用同名而不同变量地址的线程相关数据结构。这样的数据结

构可以由 Posix 线程库维护，成为线程私有数据 (Thread-specific Data，或称为 

TSD)。

Posix 有线程私有数据相关接口，而 C/C++ 等语言提供 thread_local 关键字，在语

言层面直接提供支持。

1.5.5	阻塞和非阻塞

一个线程对应一个执行流，正常情况下，指令序列会被依次执行，计算逻辑会往前推

进。但如果因为某种原因，一个线程的执行逻辑不能继续往前走，那么我们就说线程

被阻塞住了。就像下班回家，但走到家门口发现没带钥匙，只能在门口徘徊，任由时

间流逝，而不能进入房间。

线程阻塞的原因有很多种，比如：

 ● 线程因为 acquire 某个锁而被操作系统挂起，如果 acquire 睡眠锁失败，线程

会让出 CPU，操作系统会调度另一个可运行线程到该 CPU 上执行，被调度

走的线程会被加入等待队列，进入睡眠状态。

 ● 线程调用了某个阻塞系统调用而等待，比如从没有数据到来的套接字上读数

据，从空的消息队列里读消息。
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 ● 线程在循环里紧凑的执行测试 & 设置指令并一直没有成功，虽然线程还在

CPU 上执行，但它只是忙等（相当于白白浪费 CPU），后面的指令没法执行，

逻辑同样无法推进。

如果某个系统调用或者编程接口有可能导致线程阻塞，那么便被称之为阻塞系统调

用；与之对应的是非阻塞调用，调用非阻塞的函数不会陷入阻塞，如果请求的资源不

能得到满足，它会立即返回并通过返回值或错误码报告原因，调用的地方可以选择重

试或者返回。

2  多线程同步

前面讲了多线程相关的基础知识，现在进入第二个话题，多线程同步。

2.1	什么是多线程同步

同一进程内的多个线程会共享数据，对共享数据的并发访问会出现 Race Condition，

这个词的官方翻译是竞争条件，但 condition 翻译成条件令人困惑，特别是对初学者

而言，它不够清晰明了，翻译软件显示 condition 有状况、状态的含义，可能翻译成

竞争状况更直白。

多线程同步是指：

 ● 协调多个线程对共享数据的访问，避免出现数据不一致的情况。

 ● 协调各个事件的发生顺序，使多线程在某个点交汇并按预期步骤往前推进，比

如某线程需要等另一个线程完成某项工作才能开展该线程的下一步工作。

要掌握多线程同步，需先理解为什么需要多线程同步、哪些情况需要同步。

2.2	为什么需要同步

理解为什么要同步（Why）是多线程编程的关键，它甚至比掌握多线程同步机制

（How）本身更加重要。识别什么地方需要同步是编写多线程程序的难点，只有准确

识别需要保护的数据、需要同步的点，再配合系统或语言提供的合适的同步机制，才
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能编写安全高效的多线程程序。

下面通过几个例子解释为什么需要同步。

示例 1

有 1 个长度为 256 的字符数组 msg 用于保存消息，函数 read_msg() 和 write_

msg() 分别用于 msg 的读和写：

// example 1
char msg[256] = "this is old msg";

char* read_msg() {
    return msg;
}

void write_msg(char new_msg[], size_t len) {
    memcpy(msg, new_msg, std::min(len, sizeof(msg)));
}

void thread1() {
    char new_msg[256] = "this is new msg, it's too looooooong";
    write_msg(new_msg, sizeof(new_msg));
}

void thread2() {
    printf("msg=%s\n", read_msg());
}

如果线程 1 调用 write_msg()，线程 2 调用 read_msg()，并发操作，不加保护。因

为 msg 的长度是 256 字节，完成长达 256 字节的写入需要多个内存周期，在线程 1

写入新消息期间，线程 2 可能读到不一致的数据。即可能读到 “this is new msg”，

而后半段内容 “it’s very…” 线程 1 还没来得及写入，它不是完整的新消息。

在这个例子中，不一致表现为数据不完整。

示例 2

比如对于二叉搜索树（BST）的节点，一个结构体有 3 个成分：

 ● 一个指向父节点的指针
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 ● 一个指向左子树的指针

 ● 一个指向右子树的指针

// example 2
struct Node {
  struct Node *parent;
 struct Node *left_child, *right_child;
};

这 3 个成分是有关联的，将节点加入 BST，要设置这 3 个指针域，从 BST 删除该节

点，要修改该节点的父、左孩子节点、右孩子节点的指针域。对多个指针域的修改，

不能在一个指令周期完成，如果完成了一个成分的写入，还没来得修改其他成分，就

有可能被其他线程读到了，但此时节点的有些指针域还没有设置好，通过指针域去取

数可能会出错。

示例 3

考虑两个线程对同一个整型变量做自增，变量的初始值是 0，我们预期 2 个线程完成

自增后变量的值为 2。

// example 3
int x = 0; // 初始值为 0
void thread1() { ++x; }
void thread2() { ++x; }

简单的自增操作，包括三步：

 ● 加载：从内存中读取变量 x 的值存放到寄存器

 ● 更新：在寄存器里完成自增

 ● 保存：把位于寄存器中的 x 的新值写入内存

两个线程并发执行 ++x，让我们看看真实情况是什么样的：

1. 如果 2 个线程，先后执行自增，在时间上完成错开。无论是 1 先 2 后，或是

2 先 1 后，那么 x 的最终值是 2，符合预期。但多线程并发并不能确保对一个

变量的访问在时间上完全错开。
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2. 如果时间上没有完全错开，假设线程 1 在 core1 上执行，线程 2 在 core2 上

执行，那么，一个可能的执行过程如下：

 ● 首先，线程 1 把 x 读到 core1 的寄存器，线程 2 也把 x 的值加载到 core2 的

寄存器，此时，存放在两个 core 的寄存器中 x 的副本都是 0。

 ● 然后，线程 1 完成自增，更新寄存器里 x 的值的副本（0 变 1），线程 2 也完成

自增，更新寄存器里 x 的值的副本（0 变 1）。

 ● 再然后，线程 1 将更新后的新值 1 写入变量 x 的内存位置。

 ● 最后，线程 2 将更新后的新值 1 写入同一内存位置，变量 x 的最终值是 1，不

符合预期。

线程 1 和线程 2 在同一个 core 上交错执行，也有可能出现同样的问题，这个问题跟

硬件结构无关。之所以会出现不符合预期的情况，主要是因为“加载 + 更新 + 保存”

这 3 个步骤不能在一个内存周期内完成。多个线程对同一变量并发读写，不加同步的

话会出现数据不一致。

在这个例子中，不一致表现为 x 的终值既可能为 1 也可能为 2。

示例4

用 C++ 类模板实现一个队列：

// example 4
template <typename T>
class Queue {
    static const unsigned int CAPACITY = 100;
    T elements[CAPACITY];
    int num = 0, head = 0, tail = -1;
public:
    // 入队
    bool push(const T& element) {
        if (num == CAPACITY) return false;
        tail = (++tail) % CAPACITY;
        elements[tail] = element;
        ++num;
        return true;
    }
    // 出队
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    void pop() {
        assert(!empty());
        head = (++head) % CAPACITY;
        --num;
    }
    // 判空
    bool empty() const { 
        return num == 0; 
    }
    // 访队首
    const T& front() const {
        assert(!empty());
        return elements[head];
    }
};

代码解释：

 ● T elements[] 保存数据；2 个游标，分别用于记录队首 head 和队尾 tail 的位

置（下标）。

 ● push() 接口，先移动 tail 游标，再把元素添加到队尾。

 ● pop() 接口，移动 head 游标，弹出队首元素（逻辑上弹出）。

 ● front() 接口，返回队首元素的引用。

 ● front()、pop() 先做断言，调用 pop()/front() 的客户代码需确保队列非空。

假设现在有一个 Queue<int> 实例 q，因为直接调用 pop 可能 assert 失败，我们封

装一个 try_pop()，代码如下：

Queue<int> q;
void try_pop() {
    if (!q.empty()) {
        q.pop();
    }
}

如果多个线程调用 try_pop()，会有问题，为什么？

原因：判空 + 出队这 2 个操作，不能在一个指令周期内完成。如果线程 1 在判断队列

非空后，线程 2 穿插进来，判空也为伪，这样就有可能 2 个线程竞争弹出唯一的元素。
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多线程环境下，读变量然后基于值做进一步操作，这样的逻辑如果不加保护就会出

错，这是由数据使用方式引入的问题。

示例 5

再看一个简单的，简单的对 int32_t 多线程读写。

// example 5
int32_t data[8] = {1,2,3,4,5,6,7,8}; 

struct Foo {
    int32_t get() const { return x; }
    void set(int32_t x) { this->x = x; }
    int32_t x;
} foo;

void thread_write1() {
    for (;;) { for (auto v : data) { foo.set(v); } }
}

void thread_write2() {
    for (;;) { for (auto v : data) { foo.set(v); } }
}

void thread_read() {
    for (;;) { printf("%d", foo.get()); }
}

2 个写线程 1 个读线程，写线程在无限循环里用 data 里的元素值设置 foo 对象的 x

成分，读线程简单的打印 foo 对象的 x 值。程序一直跑下去，最后打印出来的数据，

会出现除 data 初始化值外的数据吗？

Foo::get 的实现有问题吗？如果有问题？是什么问题？

示例 6

看一个用数组实现 FIFO 队列的程序，一个线程写 put()，一个线程读 get()。

// example 6
#include <iostream>
#include <algorithm>
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// 用数组实现的环型队列
class FIFO {
    static const unsigned int CAPACITY = 1024;  // 容量：需要满足是 2^N

    unsigned char buffer[CAPACITY];             // 保存数据的缓冲区
    unsigned int in = 0;                        // 写入位置
    unsigned int out = 0;                       // 读取位置

    unsigned int free_space() const { return CAPACITY - in + out; }
public:
    // 返回实际写入的数据长度（<= len），返回小于 len时对应空闲空间不足
    unsigned int put(unsigned char* src, unsigned int len) {
        // 计算实际可写入数据长度（<=len）
        len = std::min(len, free_space());

        // 计算从 in位置到 buffer结尾有多少空闲空间
        unsigned int l = std::min(len, CAPACITY - (in & (CAPACITY - 1)));
        // 1. 把数据放入 buffer的 in开始的缓冲区，最多到 buffer结尾
        memcpy(buffer + (in & (CAPACITY - 1)), src, l);   
        // 2. 把数据放入 buffer开头（如果上一步还没有放完），len - l为 0代表上一步
完成数据写入
        memcpy(buffer, src + l, len - l);
        
        in += len; // 修改 in位置，累加，到达 uint32_max后溢出回绕
        return len;
    }

    // 返回实际读取的数据长度（<= len），返回小于 len时对应 buffer数据不够
    unsigned int get(unsigned char *dst, unsigned int len) {
        // 计算实际可读取的数据长度
        len = std::min(len, in - out);

        unsigned int l = std::min(len, CAPACITY - (out & (CAPACITY - 1)));
        // 1. 从 out位置开始拷贝数据到 dst，最多拷贝到 buffer结尾
        memcpy(dst, buffer + (out & (CAPACITY - 1)), l);
        // 2. 从 buffer开头继续拷贝数据（如果上一步还没拷贝完），len - l为 0代表上
一步完成数据获取
        memcpy(dst + l, buffer, len - l);

        out += len; // 修改 out，累加，到达 uint32_max后溢出回绕
        return len;
    }
};
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kfifo

环型队列只是逻辑上的概念，因为采用了数组作为数据结构，所以实际物理存储上并

非环型。

 ● put() 用于往队列里放数据，参数 src+len 描述了待放入的数据信息。

 ● get() 用于从队列取数据，参数 dst+len 描述了要把数据读到哪里、以及读多

少字节。

 ● capacity 精心选择为 2 的 n 次方，可以得到 3 个好处：

 ○ 非常技巧性的利用了无符号整型溢出回绕，便于处理对 in 和 out 移动

 ○ 便于计算长度，通过按位与操作 & 而不必除余

 ○ 搜索 kfifo 获得更详细的解释

 ● in 和 out 是 2 个游标：

 ○ in 用来指向新写入数据的存放位置，写入的时候，只需要简单增加 in。

 ○ out 用来指示从 buffer 的什么位置读取数据的，读取的时候，也只需简单增

加 out。

 ○ in 和 out 在操作上之所以能单调增加，得益于上述 capacity 的巧妙选择。

 ● 为了简化，队列容量被限制为 1024 字节，不支持扩容，这不影响多线程的

讨论。

写的时候，先写入数据再移动 in 游标；读的时候，先拷贝数据，再移动 out 游标；in

游标移动后，消费者才获得 get 到新放入数据的机会。
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直觉告诉我们 2 个线程不加同步的并发读写，会有问题，但真有问题吗？如果有，到

底有什么问题？怎么解决？

2.3	保护什么

多线程程序里，我们要保护的是数据而非代码，虽然 Java 等语言里有临界代码、

sync 方法，但最终要保护的还是代码访问的数据。

2.4	串行化

如果有一个线程正在访问某共享（临界）资源，那么在它结束访问之前，其他线程不

能执行访问同一资源的代码（访问临界资源的代码叫临界代码），其他线程想要访问同

一资源，则它必须等待，直到那个线程访问完成，它才能获得访问的机会，现实中有

很多这样的例子。比如高速公路上的汽车过检查站，假设检查站只有一个车道，则无论

高速路上有多少车道，过检查站的时候只能一辆车接着一辆车，从单一车道鱼贯而入。

对多线程访问共享资源施加此种约束就叫串行化。

2.5	原子操作和原子变量

针对前面的两个线程对同一整型变量自增的问题，如果“load、update、store”这 3

个步骤是不可分割的整体，即自增操作 ++x 满足原子性，上面的程序便不会有问题。

因为这样的话，2 个线程并发执行 ++x，只会有 2 个结果：

 ● 线程 a ++x，然后线程 b ++x，结果是 2。

 ● 线程 b ++x，然后线程 a ++x，结果是 2。

除此之外，不会出现第三种情况，线程 a、b 孰先孰后，取决于线程调度，但不影响

最终结果。

Linux 操作系统和 C/C++ 编程语言都提供了整型原子变量，原子变量的自增、自减

等操作都是原子的，操作是原子性的，意味着它是一个不可细分的操作整体，原子变

量的用户观察它，只能看到未完成和已完成 2 种状态，看不到半完成状态。
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如何保证原子性是实现层面的问题，应用程序员只需要从逻辑上理解原子性，并能恰

当的使用它就行了。原子变量非常适用于计数、产生序列号这样的应用场景。

2.6	锁

前面举了很多例子，阐述多线程不加同步并发访问数据会引起什么问题，下面讲解用

锁如何做同步。

2.6.1	互斥锁

针对线程 1 write_msg() + 线程 2 read_msg() 的问题，如果能让线程 1 write_

msg() 的过程中，线程 2 不能 read_msg()，那就不会有问题。这个要求，其实就是

要让多个线程互斥访问共享资源。

互斥锁就是能满足上述要求的同步机制，互斥是排他的意思，它可以确保在同一时

间，只能有一个线程对那个共享资源进行访问。

互斥锁有且只有 2 种状态：

 ● 已加锁（locked）状态

 ● 未加锁（unlocked）状态

互斥锁提供加锁和解锁两个接口：

 ● 加锁（acquire）：当互斥锁处于未加锁状态时，则加锁成功（把锁设置为已加

锁状态），并返回；当互斥锁处于已加锁状态时，那么试图对它加锁的线程会被

阻塞，直到该互斥量被解锁。

 ● 解锁（release）：通过把锁设置为未加锁状态释放锁，其他因为申请加锁而陷

入等待的线程，将获得执行机会。如果有多个等待线程，只有一个会获得锁而

继续执行。

我们为某个共享资源配置一个互斥锁，使用互斥锁做线程同步，那么所有线程对该资

源的访问，都需要遵从“加锁、访问、解锁”的三步：
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DataType shared_resource;
Mutex shared_resource_mutex;

void shared_resource_visitor1() {
    // step1: 加锁
    shared_resource_mutex.lock();
    // step2: operate shared_resouce
    // operation1
    // step3: 解锁
    shared_resource_mutex.unlock();
}

void shared_resource_visitor2() {
    // step1: 加锁
    shared_resource_mutex.lock();
    // step2: operate shared_resouce
    // operation2
    // step3: 解锁
    shared_resource_mutex.unlock();
}

shared_resource_visitor1() 和 shared_resource_visitor2() 代表对共享资源的不

同操作，多个线程可能调用同一个操作函数，也可能调用不同的操作函数。

假设线程 1 执行 shared_resource_visitor1()，该函数在访问数据之前，申请加锁，

如果互斥锁已经被其他线程加锁，则调用该函数的线程会阻塞在加锁操作上，直到

其他线程访问完数据，释放（解）锁，阻塞在加锁操作的线程 1 才会被唤醒，并尝

试加锁：

 ● 如果没有其他线程申请该锁，那么线程 1 加锁成功，获得了对资源的访问权，

完成操作后，释放锁。

 ● 如果其他线程也在申请该锁，那么：

 ○ 如果其他线程抢到了锁，那么线程 1 继续阻塞。

 ○ 如果线程 1 抢到了该锁，那么线程 1 将访问资源，再释放锁，其他竞争该锁

的线程得以有机会继续执行。

如果不能承受加锁失败而陷入阻塞的代价，可以调用互斥量的 try_lock() 接口，它在

加锁失败后会立即返回。
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注意：在访问资源前申请锁访问后释放锁，是一个编程契约，通过遵守契约而获得数

据一致性的保障，它并非一种硬性的限制，即如果别的线程遵从三步曲，而另一个线

程不遵从这种约定，代码能通过编译且程序能运行，但结果可能是错的。

2.6.2	读写锁

读写锁跟互斥锁类似，也是申请锁的时候，如果不能得到满足则阻塞，但读写锁跟互

斥锁也有不同，读写锁有 3 个状态：

 ● 已加读锁状态

 ● 已加写锁状态

 ● 未加锁状态

对应 3 个状态，读写锁有 3 个接口：加读锁，加写锁，解锁：

 ● 加读锁：如果读写锁处于已加写锁状态，则申请锁的线程阻塞；否则把锁设置

为已加读锁状态并成功返回。

 ● 加写锁：如果读写锁处于未加锁状态，则把锁设置为已加写锁状态并成功返回；

否则阻塞。

 ● 解锁：把锁设置为未加锁状态后返回。

读写锁提升了线程的并行度，可以提升吞吐。它可以让多个读线程同时读共享资源，

而写线程访问共享资源的时候，其他线程不能执行，所以，读写锁适合对共享资源访

问“读大于写”的场合。读写锁也叫“共享互斥锁”，多个读线程可以并发访问同一

资源，这对应共享的概念，而写线程是互斥的，写线程访问资源的时候，其他线程无

论读写，都不可以进入临界代码区。

考虑一个场景：如果有线程 1、2、3 共享资源 x，读写锁 rwlock 保护资源，线程 1

读访问某资源，然后线程 2 以写的形式访问同一资源 x，因为 rwlock 已经被加了读

锁，所以线程 2 被阻塞，然后过了一段时间，线程 3 也读访问资源 x，这时候线程 3

可以继续执行，因为读是共享的，然后线程 1 读访问完成，线程 3 继续访问，过了一

段时间，在线程 3 访问完成前，线程 1 又申请读资源，那么它还是会获得访问权，但
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是写资源的线程 2 会一直被阻塞。

为了避免共享的读线程饿死写线程，通常读写锁的实现，会给写线程优先权，当然这

处决于读写锁的实现，作为读写锁的使用方，理解它的语义和使用场景就够了。

2.6.3	自旋锁

自旋锁（Spinlock）的接口跟互斥量差不多，但实现原理不同。线程在 acquire 自旋

锁失败的时候，它不会主动让出 CPU 从而进入睡眠状态，而是会忙等，它会紧凑的

执行测试和设置 (Test-And-Set) 指令，直到 TAS 成功，否则就一直占着 CPU 做

TAS。

自旋锁对使用场景有一些期待，它期待 acquire 自旋锁成功后很快会 release 锁，线

程运行临界区代码的时间很短，访问共享资源的逻辑简单，这样的话，别的 acquire

自旋锁的线程只需要忙等很短的时间就能获得自旋锁，从而避免被调度走陷入睡眠，

它假设自旋的成本比调度的低，它不愿耗费时间在线程调度上（线程调度需要保存和

恢复上下文需要耗费 CPU）。

内核态线程很容易满足这些条件，因为运行在内核态的中断处理函数里可以通过关闭

调度，从而避免 CPU 被抢占，而且有些内核态线程调用的处理函数不能睡眠，只能

使用自旋锁。

而运行在用户态的应用程序，则推荐使用互斥锁等睡眠锁。因为运行在用户态应用程

序，虽然很容易满足临界区代码简短，但持有锁时间依然可能很长。在分时共享的多

任务系统上、当用户态线程的时间配额耗尽，或者在支持抢占式的系统上、有更高优

先级的任务就绪，那么持有自旋锁的线程就会被系统调度走，这样持有锁的过程就有

可能很长，而忙等自旋锁的其他线程就会白白消耗 CPU 资源，这样的话，就跟自旋

锁的理念相背。

Linux 系统优化过后的 mutex 实现，在加锁的时候会先做有限次数的自旋，只有有

限次自旋失败后，才会进入睡眠让出 CPU，所以，实际使用中，它的性能也足够好。

此外，自旋锁必须在多 CPU 或者多 Core 架构下，试想如果只有一个核，那么它执
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行自旋逻辑的时候，别的线程没有办法运行，也就没有机会释放锁。

2.6.4	锁的粒度

合理设置锁的粒度，粒度太大会降低性能，太小会增加代码编写复杂度。

2.6.5	锁的范围

锁的范围要尽量小，最小化持有锁的时间。

2.6.6	死锁

程序出现死锁有两种典型原因：

ABBA锁

假设程序中有 2 个资源 X 和 Y，分别被锁 A 和 B 保护，线程 1 持有锁 A 后，想要访

问资源 Y，而访问资源 Y 之前需要申请锁 B，而如果线程 2 正持有锁 B，并想要访问

资源 X，为了访问资源 X，所以线程 2 需要申请锁 A。线程 1 和线程 2 分别持有锁

A 和 B，并都希望申请对方持有的锁，因为线程申请对方持有的锁，得不到满足，所

以便会陷入等待，也就没有机会释放自己持有的锁，对方执行流也就没有办法继续前

进，导致相持不下，无限互等，进而死锁。

上述的情况似乎很明显，但如果代码量很大，有时候，这种死锁的逻辑不会这么浅

显，它被复杂的调用逻辑所掩盖，但抽茧剥丝，最根本的逻辑就是上面描述的那样。

这种情况叫 ABBA 锁，既某个线程持有 A 锁申请 B 锁，而另一个线程持有 B 锁申请

A 锁。这种情况可以通过 try lock 实现，尝试获取锁，如果不成功，则释放自己持有

的锁，而不一根筋下去。另一种解法就是锁排序，对 A/B 两把锁的加锁操作，都遵从

同样的顺序（比如先 A 后 B），也能避免死锁。

自死锁

对于不支持重复加锁的锁，如果线程持有某个锁，而后又再次申请锁，因为该锁已经

被自己持有，再次申请锁必然得不到满足，从而导致死锁。
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2.7	条件变量

条件变量常用于生产者消费者模式，需配合互斥量使用。

假设你要编写一个网络处理程序，I/O 线程从套接字接收字节流，反序列化后产生一

个个消息（自定义协议），然后投递到一个消息队列，一组工作线程负责从消息队列取

出并处理消息。这是典型的生产者 - 消费者模式，I/O 线程生产消息（往队列 put），

Work 线程消费消息（从队列 get），I/O 线程和 Work 线程并发访问消息队列，显然，

消息队列是竞争资源，需要同步。

proceduer-consumer

可以给队列配置互斥锁，put 和 get 操作前都先加锁，操作完成再解锁。代码差不多

是这样的：

void io_thread() {
    while (1) {
        Msg* msg = read_msg_from_socket();
        msg_queue_mutex.lock();
        msg_queue.put(msg);
        msg_queue_mutex.unlock();
    }
}

void work_thread() {
    while (1) {
        msg_queue_mutex.lock();
        Msg* msg = msg_queue.get();
        msg_queue_mutex.unlock();
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        if (msg != nullptr) {
            process(msg);
        }
    }
}

work 线程组的每个线程都忙于检查消息队列是否有消息，如果有消息就取一个出来，

然后处理消息，如果没有消息就在循环里不停检查，这样的话，即使负载很轻，但

work_thread 还是会消耗大量的 CPU 时间。

我们当然可以在两次查询之间加入短暂的 sleep，从而让出 cpu，但是这个睡眠的时

间设置为多少合适呢？设置长了的话，会出现消息到来得不到及时处理（延迟上升）；

设置太短了，还是无辜消耗了 CPU 资源，这种不断问询的方式在编程上叫轮询。

轮询行为逻辑上，相当于你在等一个投递到楼下小邮局的包裹，你下楼查验没有之后

就上楼回房间，然后又下楼查验，你不停的上下楼查验，其实大可不必如此，何不等

包裹到达以后，让门卫打电话通知你去取呢？

条件变量提供了一种类似通知 notify 的机制，它让两类线程能够在一个点交汇。条

件变量能够让线程等待某个条件发生，条件本身受互斥锁保护，因此条件变量必须搭

配互斥锁使用，锁保护条件，线程在改变条件前先获得锁，然后改变条件状态，再解

锁，最后发出通知，等待条件的睡眠中的线程在被唤醒前，必须先获得锁，再判断条

件状态，如果条件不成立，则继续转入睡眠并释放锁。

对应到上面的例子，工作线程等待的条件是消息队列有消息（非空），用条件变量改写

上面的代码：

void io_thread() {
    while (1) {
        Msg* msg = read_msg_from_socket();
        {
            std::lock_guard<std::mutex> lock(msg_queue_mutex);
            msg_queue.push_back(msg);
        }
        msg_queue_not_empty.notify_all();
    }
}
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void work_thread() {
    while (1) {
        Msg* msg = nullptr;
        {
            std::unique_lock<std::mutex> lock(msg_queue_mutex);
            msg_queue_not_empty.wait(lock, []{ return !msg_queue.empty(); });
            msg = msg_queue.get();
        }
        process(msg);
    }
}

std::lock_guard 是互斥量的一个 RAII 包装类，std::unique_lock 除了会在析构函

数自动解锁外，还支持主动 unlock()。

生产者在往 msg_queue 投递消息的时候，需要对 msg_queue 加锁，通知 work

线程的代码可以放在解锁之后，等待 msg_queue_not_empty 条件必须受 msg_

queue_mutex 保护，wait 的第二个参数是一个 lambda 表达式，因为会有多个

work 线程被唤醒，线程被唤醒后，会重新获得锁，检查条件，如果不成立，则再次

睡眠。条件变量的使用需要非常谨慎，否则容易出现不能唤醒的情况。

C 语言的条件变量、Posix 条件变量的编程接口跟 C++ 的类似，概念上是一致的，

故在此不展开介绍。

2.8	lock-free 和无锁数据结构

2.8.1	锁同步的问题

线程同步分为阻塞型同步和非阻塞型同步。

 ● 互斥量、信号、条件变量这些系统提供的机制都属于阻塞型同步，在争用资源

的时候，会导致调用线程阻塞。

 ● 非阻塞型同步是指在无锁的情况下，通过某种算法和技术手段实现不用阻塞而

同步。

锁是阻塞同步机制，阻塞同步机制的缺陷是可能挂起你的程序，如果持有锁的线程崩
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溃或者 hang 住，则锁永远得不到释放，而其他线程则将陷入无限等待；另外，它也

可能导致优先级倒转等问题。所以，我们需要 lock-free 这类非阻塞的同步机制。

2.8.2	什么是 lock-free

lock-free 没有锁同步的问题，所有线程无阻碍的执行原子指令，而不是等待。比如

一个线程读 atomic 类型变量，一个线程写 atomic 变量，它们没有任何等待，硬件原

子指令确保不会出现数据不一致，写入数据不会出现半完成，读取数据也不会读一半。

那到底什么是 lock-free ？有人说 lock-free 就是不使用 mutex / semaphores 之

类的无锁（lock-Less）编程，这句话严格来说并不对。

我们先看一下 wiki 对 Lock-free 的描述 :

Lock-freedom allows individual threads to starve but guarantees sys-

tem-wide throughput. An algorithm is lock-free if, when the program 

threads are run for a sufficiently long time, at least one of the threads 

makes progress (for some sensible definition of progress). All wait-free 

algorithms are lock-free. In particular, if one thread is suspended, then 

a lock-free algorithm guarantees that the remaining threads can still 

make progress. Hence, if two threads can contend for the same mutex 

lock or spinlock, then the algorithm is not lock-free. (If we suspend one 

thread that holds the lock, then the second thread will block.)

翻译一下：

 ● 第 1 段：lock-free 允许单个线程饥饿但保证系统级吞吐。如果一个程序线程

执行足够长的时间，那么至少一个线程会往前推进，那么这个算法就是 lock-

free 的。

 ● 第 2 段：尤其是，如果一个线程被暂停，lock-free 算法保证其他线程依然能

够往前推进。
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第 1 段给 lock-free 下定义，第 2 段则是对 lock-free 作解释：如果 2 个线程竞争同

一个互斥锁或者自旋锁，那它就不是 lock-free 的；因为如果暂停（Hang）持有锁的

线程，那么另一个线程会被阻塞。

wiki 的这段描述很抽象，它不够直观，稍微再解释一下：lock-free 描述的是代码逻

辑的属性，不使用锁的代码，大部分具有这种属性。大家经常会混淆这 lock-free 和

无锁这 2 个概念。其实，lock-free 是对代码（算法）性质的描述，是属性；而无锁是

说代码如何实现，是手段。

lock-free 的关键描述是：如果一个线程被暂停，那么其他线程应能继续前进，它需

要有系统级（system-wide）的吞吐。

如图，两个线程在时间线上，至少有一个线程处于 running 状态。

Lock-free

我们从反面举例来看，假设我们要借助锁实现一个无锁队列，我们可以直接使用线程

不安全的 std::queue + std::mutex 来做：

template <typename T>
class Queue {
public:
    void push(const T& t) {
        q_mutex.lock();
        q.push(t);
        q_mutex.unlock();
    }
private:
    std::queue<T> q;
    std::mutex q_mutex;
};
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如果有线程 A/B/C 同时执行 push 方法，最先进入的线程 A 获得互斥锁。线程 B 和

C 因为获取不到互斥锁而陷入等待。这个时候，线程 A 如果因为某个原因（如出现

异常，或者等待某个资源）而被永久挂起，那么同样执行 push 的线程 B/C 将被永久

挂起，系统整体（system-wide）没法推进，而这显然不符合 lock-free 的要求。因

此：所有基于锁（包括 spinlock）的并发实现，都不是 lock-free 的。

因为它们都会遇到同样的问题：即如果永久暂停当前占有锁的线程 / 进程的执行，将

会阻塞其他线程 / 进程的执行。而对照 lock-free 的描述，它允许部分 process（理

解为执行流）饿死但必须保证整体逻辑的持续前进，基于锁的并发显然是违背 lock-

free 要求的。

2.8.3	CAS	loop 实现 Lock-free

Lock-Free 同步主要依靠 CPU 提供的 read-modify-write 原语，著名的“比较和

交换”CAS（Compare And Swap）在 X86 机器上是通过 cmpxchg 系列指令实现

的原子操作，CAS 逻辑上用代码表达是这样的：

bool CAS(T* ptr, T expect_value, T new_value) {
   if (*ptr != expect_value) {
      return false;
   }
   *ptr = new_value;
   return true;
}

CAS 接受 3 个参数：

 ● 内存地址

 ● 期望值，通常传第一个参数所指内存地址中的旧值

 ● 新值

逻辑描述：CAS 比较内存地址中的值和期望值，如果不相同就返回失败，如果相同就

将新值写入内存并返回成功。

当然这个 C 函数描述的只是 CAS 的逻辑，这个函数操作不是原子的，因为它可以划
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分成几个步骤：读取内存值、判断、写入新值，各步骤之间是可以插入其他操作的。

不过前面讲了，原子指令相当于把这些步骤打包，它可能是通过 lock; cmpxchg 指

令实现的，但那是实现细节，程序员更应该注重在逻辑上理解它的行为。

通过 CAS 实现 Lock-free 的代码通常借助循环，代码如下：

do {
    T expect_value = *ptr;
} while (!CAS(ptr, expect_value, new_value));

1. 创建共享数据的本地副本：expect_value。

2. 根据需要修改本地副本，从 ptr 指向的共享数据里 load 后赋值给 expect_

value。

3. 检查共享的数据跟本地副本是否相等，如果相等，则把新值复制到共享数据。

第三步是关键，虽然 CAS 是原子的，但加载 expect_value 跟 CAS 这 2 个步骤，

并不是原子的。所以，我们需要借助循环，如果 ptr 内存位置的值没有变（*ptr \== 

expect_value），那就存入新值返回成功；否则说明加载 expect_value 后，ptr 指向

的内存位置被其他线程修改了，这时候就返回失败，重新加载 expect_value，重试，

直到成功为止。

CAS loop 支持多线程并发写，这个特点太有用了，因为多线程同步，很多时候都面

临多写的问题，我们可以基于 CAS 实现 Fetch-and-add(FAA) 算法，它看起来像

这样：

T faa(T& t) {
    T temp = t;
    while (!compare_and_swap(x, temp, temp + 1));
}

第一步加载共享数据的值到 temp，第二步比较 + 存入新值，直到成功。

2.8.4	无锁数据结构：lock-free	stack

无锁数据结构是通过非阻塞算法而非锁保护共享数据，非阻塞算法保证竞争共享资源
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的线程，不会因为互斥而让它们的执行无限期暂停；无阻塞算法是 lock-free 的，因

为无论如何调度都能确保有系统级的进度。wiki 定义如下：

A non-blocking algorithm ensures that threads competing for a shared 

resource do not have their execution indefinitely postponed by mutual 

exclusion. A non-blocking algorithm is lock-free if there is guaranteed 

system-wide progress regardless of scheduling.

下 面 是 C++ atomic compare_exchange_weak() 实 现 的 一 个 lock-free 堆 栈

（from CppReference）：

template <typename T>
struct node {
    T data;
    node* next;
    node(const T& data) : data(data), next(nullptr) {}
};
 
template <typename T>
class stack {
    std::atomic<node<T>*> head;
public:
    void push(const T& data) {
      node<T>* new_node = new node<T>(data);
      new_node->next = head.load(std::memory_order_relaxed);
      while (!head.compare_exchange_weak(new_node->next, new_node,
                                        std::memory_order_release,
                                        std::memory_order_relaxed));
    }
};

代码解析：

 ● 节点（node）保存 T 类型的数据 data，并且持有指向下一个节点的指针。

 ● std::atomic<node*> 类型表明 atomic 里放置的是 Node 的指针，而非 Node 本

身，因为指针在 64 位系统上是 8 字节，等于机器字长，再长没法保证原子性。

 ● stack 类包含 head 成员，head 是一个指向头结点的指针，头结点指针相当

于堆顶指针，刚开始没有节点，head 为 NULL。
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 ● push 函数里，先根据 data 值创建新节点，然后要把它放到堆顶。

 ● 因为是用链表实现的栈，所以，如果新节点要成为新的堆顶（相当于新节点作

为新的头结点插入），那么新节点的 next 域要指向原来的头结点，并让 head

指向新节点。

 ● new_node->next = head.load 把 新 节 点 的 next 域 指 向 原 头 结 点， 然 后

head.compare_exchange_weak(new_node->next, new_node)， 让

head 指向新节点。

 ● C++ atomic 的 compare_exchange_weak() 跟 上 述 的 CAS 稍 有 不 同，

head.load() 不等于 new_node->next 的时候，它会把 head.load() 的值重

新加载到 new_node->next。

 ● 所以，在加载 head 值和 CAS 之间，如果其他线程调用 push 操作，改变了

head 的值，那没有关系，该线程的本次 cas 失败，下次重试便可以了。

 ● 多个线程同时 push 时，任一线程在任意步骤阻塞 / 挂起，其他线程都会继续

执行并最终返回，无非就是多执行几次 while 循环。

这样的行为逻辑显然符合 lock-free 的定义，注意用 CAS+Loop 实现自旋锁不符合

lock-free 的定义，注意区分。

2.9	程序序：Program	Order

对单线程程序而言，代码会一行行顺序执行，就像我们编写的程序的顺序那样。

比如：

a = 1;
b = 2;

会先执行 a=1 再执行 b=2，从程序角度看到的代码行依次执行叫程序序，我们在此

基础上构建软件，并以此作为讨论的基础。

2.10	内存序：Memory	Order

与程序序相对应的内存序，是指从某个角度观察到的对于内存的读和写所真正发生
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的顺序。内存操作顺序并不唯一，在一个包含 core0 和 core1 的 CPU 中，core0

和 core1 有着各自的内存操作顺序，这两个内存操作顺序不一定相同。从包含多个

Core 的 CPU 的视角看到的全局内存操作顺序跟单 core 视角看到的内存操作顺序亦

不同，而这种不同，对于有些程序逻辑而言，是不可接受的，例如：

程序序要求 a = 1 在 b = 2 之前执行，但内存操作顺序可能并非如此，对 a 赋值 1 并

不确保发生在对 b 赋值 2 之前，这是因为：

 ● 如果编译器认为对 b 赋值没有依赖对 a 赋值，那它完全可能在编译期调整编译

后的汇编指令顺序。

 ● 即使编译器不做调整，到了执行期，也有可能对 b 的赋值先于对 a 赋值执行。

虽然对一个 Core 而言，如上所述，这个 Core 观察到的内存操作顺序不一定符合程

序序，但内存操作序和程序序必定产生相同的结果，无论在单 Core 上对 a、b 的赋

值哪个先发生，结果上都是 a 被赋值为 1、b 被赋值为 2，如果单核上乱序执行会影

响结果，那编译器的指令重排和 CPU 乱序执行便不会发生，硬件会提供这项保证。

但多核系统，硬件不提供这样的保证，多线程程序中，每个线程所工作的 Core 观

察到的不同内存操作序，以及这些顺序与全局内存序的差异，常常导致多线程同

步失败，所以，需要有同步机制确保内存序与程序序的一致，内存屏障（Memory 

Barrier）的引入，就是为了解决这个问题，它让不同的 Core 之间，以及 Core 与全

局内存序达成一致。

2.11	乱序执行：Out-of-order	Execution

乱序执行会引起内存顺序跟程序顺序不同，乱序执行的原因是多方面的，比如编译器

指令重排、超标量指令流水线、预测执行、Cache-Miss 等。内存操作顺序无法精

确匹配程序顺序，这有可能带来混乱，既然有副作用，那为什么还需要乱序执行呢？

答案是为了性能。

我们先看看没有乱序执行之前，早期的有序处理器（In-order Processors）是怎么
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处理指令的？

 ● 指令获取，从代码节内存区域加载指令到 I-Cache

 ● 译码

 ● 如果指令操作数可用（例如操作数位于寄存器中），则分发指令到对应功能模块

中；如果操作数不可用，通常是需要从内存加载，则处理器会 stall，一直等到

它们就绪，直到数据被加载到 Cache 或拷贝进寄存器

 ● 指令被功能单元执行

 ● 功能单元将结果写回寄存器或内存位置

乱序处理器（Out-of-order Processors）又是怎么处理指令的呢？

 ● 指令获取，从代码节内存区域加载指令到 I-Cache

 ● 译码

 ● 分发指令到指令队列

 ● 指令在指令队列中等待，一旦操作数就绪，指令就离开指令队列，那怕它之前

的指令未被执行（乱序）

 ● 指令被派往功能单元并被执行

 ● 执行结果放入队列（Store Buffer），而不是直接写入 Cache

 ● 只有更早请求执行的指令结果写入 cache 后，指令执行结果才写入 Cache，

通过对指令结果排序写入 cache，使得执行看起来是有序的

指令乱序执行是结果，但原因并非只有 CPU 的乱序执行，而是由两种因素导致：

 ● 编译期：指令重排（编译器），编译器会为了性能而对指令重排，源码上先后的

两行，被编译器编译后，可能调换指令顺序，但编译器会基于一套规则做指令

重排，有明显依赖的指令不会被随意重排，指令重排不能破坏程序逻辑。

 ● 运行期：乱序执行（CPU），CPU 的超标量流水线、以及预测执行、Cache-

Miss 等都有可能导致指令乱序执行，也就是说，后面的指令有可能先于前面

的指令执行。
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2.12	Store	Buffer

为什么需要Store	Buffer ？

考虑下面的代码：

void set_a() {
    a = 1;
}

 ● 假设运行在 core0 上的 set_a() 对整型变量 a 赋值 1，计算机通常不会直接写

穿通到内存，而是会在 Cache 中修改对应 Cache Line

 ● 如果 Core0 的 Cache 里没有 a，赋值操作（store）会造成 Cache Miss

 ● Core0 会 stall 在 等 待 Cache 就 绪（从 内 存 加 载 变 量 a 到 对 应 的 Cache 

Line），但 Stall 会损害 CPU 性能，相当于 CPU 在这里停顿，白白浪费着宝

贵的 CPU 时间

 ● 有了 Store Buffer，当变量在 Cache 中没有就位的时候，就先 Buffer 住这个

Store 操作，而 Store 操作一旦进入 Store Buffer，core 便认为自己 Store

完成，当随后 Cache 就位，store 会自动写入对应 Cache。

所以，我们需要 Store Buffer，每个 Core 都有独立的 Store Buffer，每个 Core 都

访问私有的 Store Buffer，Store Buffer 帮助 CPU 遮掩了 Store 操作带来的延迟。

Store	Buffer 会带来什么问题？

a = 1;
b = 2;
assert(a == 1);

上面的代码，断言 a==1 的时候，需要读（load）变量 a 的值，而如果 a 在被赋值前

就在 Cache 中，就会从 Cache 中读到 a 的旧值（可能是 1 之外的其他值），所以断

言就可能失败。但这样的结果显然是不能接受的，它违背了最直观的程序顺序性。

问题出在变量 a 除保存在内存外，还有 2 份拷贝：一份在 Store Buffer 里，一份在
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Cache 里；如果不考虑这 2 份拷贝的关系，就会出现数据不一致。那怎么修复这个

问题呢？

可以通过在 Core Load 数据的时候，先检查 Store Buffer 中是否有悬而未决的 a 的

新值，如果有，则取新值；否则从 cache 取 a 的副本。这种技术在多级流水线 CPU

设计的时候就经常使用，叫 Store Forwarding。有了 Store Buffer Forwarding，就

能确保单核程序的执行遵从程序顺序性，但多核还是有问题，让我们考查下面的程序：

多核内存序问题

int a = 0; // 被 CPU1 Cache
int b = 0; // 被 CPU0 Cache

// CPU0执行
void x() {
    a = 1;
    b = 2;
}

// CPU1执行
void y() {
    while (b == 0);
    assert(a == 1);
}

假设 a 和 b 都被初始化为 0；CPU0 执行 x() 函数，CPU1 执行 y() 函数；变量 a 在

CPU1 的 local Cache 里，变量 b 在 CPU0 的 local Cache 里。

 ● CPU0 执行 a = 1 的时候，因为 a 不在 CPU0 的 local cache，CPU0 会把 a

的新值 1 写入 Store Buffer 里，并发送 Read Invalidate 消息给其他 CPU。

 ● CPU1 执行 while (b == 0)，因为 b 不在 CPU1 的 local cache 里，CPU1

会发送 Read 消息去其他 CPU 获取 b 的值。

 ● CPU0 执行 b = 2，因为 b 在 CPU0 的 local Cache，所以直接更新 local 

cache 中 b 的副本。

 ● CPU0 收到 CPU1 发来的 read 消息，把 b 的新值 2 发送给 CPU1；同时

存放 b 的 Cache Line 的状态被设置为 Shared，以反应 b 同时被 CPU0 和
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CPU1 cache 住的事实。

 ● CPU1 收到 b 的新值 2 后结束循环，继续执行 assert(a == 1)，因为此时

local Cache 中的 a 值为 0，所以断言失败。

 ● CPU1 收到 CPU0 发来的 Read Invalidate 后，更新 a 的值为 1，但为时已

晚，程序在上一步已经崩了（assert 失败）。

怎么办？答案留到内存屏障一节揭晓。

2.13	Invalidate	Queue

为什么需要 Invalidate	Queue？

当一个变量加载到多个 core 的 Cache，则这个 Cache Line 处于 Shared 状态，如

果 Core1 要修改这个变量，则需要通过发送核间消息 Invalidate 来通知其他 Core

把对应的 Cache Line 置为 Invalid，当其他 Core 都 Invalid 这个 CacheLine 后，

则本 Core 获得该变量的独占权，这个时候就可以修改它了。

收到 Invalidate 消息的 core 需要回 Invalidate ACK，一个个 core 都这样 ACK，等

所有 core 都回复完，Core1 才能修改它，这样 CPU 就白白浪费。

事实上，其他核在收到 Invalidate 消息后，会把 Invalidate 消息缓存到 Invalidate 

Queue，并立即回复 ACK，真正 Invalidate 动作可以延后再做，这样一方面因为

Core 可以快速返回别的 Core 发出的 Invalidate 请求，不会导致发生 Invalidate

请求的 Core 不必要的 Stall，另一方面也提供了进一步优化可能，比如在一个

CacheLine 里的多个变量的 Invalidate 可以攒一次做了。

但写 Store Buffer 的方式其实是 Write Invalidate，它并非立即写入内存，如果其他

核此时从内存读数，则有可能不一致。

2.14	内存屏障

那有没有方法确保对 a 的赋值一定先于对 b 的赋值呢？有，内存屏障被用来提供这个

保障。
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内存屏障（Memory Barrier），也称内存栅栏、屏障指令等，是一类同步屏障指令，

是 CPU 或编译器在对内存随机访问的操作中的一个同步点，同步点之前的所有读写

操作都执行后，才可以开始执行此点之后的操作。语义上，内存屏障之前的所有写操

作都要写入内存；内存屏障之后的读操作都可以获得同步屏障之前的写操作的结果。

内存屏障，其实就是提供一种机制，确保代码里顺序写下的多行，会按照书写的顺

序，被存入内存，主要是解决 Store Buffer 引入导致的写入内存间隙的问题。

void x() {
    a = 1;
    wmb();
    b = 2;
}

像上面那样在 a=1 和 b=2 之间插入一条内存屏障语句，就能确保 a=1 先于 b=2 生

效，从而解决了内存乱序访问问题，那插入的这句 smp_mb()，到底会干什么呢？

回忆前面的流程，CPU0 在执行完 a = 1 之后，执行 smp_mb() 操作，这时候，它

会给 Store Buffer 里的所有数据项做一个标记（marked），然后继续执行 b = 2，

但这时候虽然 b 在自己的 cache 里，但由于 store buffer 里有 marked 条目，所

以，CPU0 不会修改 cache 中的 b，而是把它写入 Store Buffer；所以 CPU0 收到

Read 消息后，会把 b 的 0 值发给 CPU1，所以继续在 while (b) 自旋。

简而言之，Core 执行到 write memory barrier（wmb）的时候，如果 Store Buffer

还有悬而未决的 store 操作，则都会被 mark 上，直到被标注的 Store 操作进入内存

后，后续的 Store 操作才能被执行，因此 wmb 保障了 barrier 前后操作的顺序，它

不关心 barrier 前的多个操作的内存序，以及 barrier 后的多个操作的内存序，是否

与 Global Memory Order 一致。

a = 1;
b = 2;
wmb();
c = 3;
d = 4;
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wmb() 保证“a=1;b=2”发生在“c=3;d = 4”之前，不保证 a = 1 和 b = 2 的内存

序，也不保证 c = 3 和 d = 4 的内部序。

Invalidate	Queue的引入的问题

就像引入 Store Buffer 会影响 Store 的内存一致性，Invalidate Queue 的引入会影

响 Load 的内存一致性。因为 Invalidate queue 会缓存其他核发过来的消息，比如

Invalidate 某个数据的消息被 delay 处置，导致 core 在 Cache Line 中命中这个数

据，而这个 Cache Line 本应该被 Invalidate 消息标记无效。如何解决这个问题呢？

一种思路是硬件确保每次 load 数据的时候，需要确保 Invalidate Queue 被清空，这

样可以保证 load 操作的强顺序

软件的思路，就是仿照 wmb() 的定义，加入 rmb() 约束。rmb() 给我们的 invalidate 

queue 加 上 标 记。 当 一 个 load 操 作 发 生 的 时 候， 之 前 的 rmb() 所 有 标 记 的

invalidate 命令必须全部执行完成，然后才可以让随后的 load 发生。这样，我们就

在 rmb() 前后保证了 load 观察到的顺序等同于 global memory order

所以，我们可以像下面这样修改代码：

a = 1;
wmb();
b = 2;
while(b != 2) {};
rmb();
assert(a == 1);

系统对内存屏障的支持

gcc 编译器在遇到内嵌汇编语句 asm volatile(“” ::: “memory”)，将以此作为一

条内存屏障，重排序内存操作，即此语句之前的各种编译优化将不会持续到此语句

之后。

Linux 内核提供函数 barrier() 用于让编译器保证其之前的内存访问先于其之后的

完成。
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#define barrier() __asm__ __volatile__("" ::: "memory")

CPU 内存屏障：

 ● 通用 barrier，保证读写操作有序， mb() 和 smp_mb()

 ● 写操作 barrier，仅保证写操作有序，wmb() 和 smp_wmb()

 ● 读操作 barrier，仅保证读操作有序，rmb() 和 smp_rmb()

小结

 ● 为了提高处理器的性能，SMP 中引入了 store buffer( 以及对应实现 store 

buffer forwarding) 和 invalidate queue。

 ● store buffer 的引入导致 core 上的 store 顺序可能不匹配于 global memory

的顺序，对此，我们需要使用 wmb() 来解决。

 ● invalidate queue 的 存 在 导 致 core 上 观 察 到 的 load 顺 序 可 能 与 global 

memory order 不一致，对此，我们需要使用 rmb() 来解决。

 ● 由于 wmb() 和 rmb() 分别只单独作用于 store buffer 和 invalidate queue，

因此这两个 memory barrier 共同保证了 store/load 的顺序。

3  伪共享

多个线程同时读写同一个 Cache Line 中的变量、导致 CPU Cache 频繁失效，从而

使得程序性能下降的现象称为伪共享（False Sharing）。

const size_t shm_size = 16*1024*1024; //16M
static char shm[shm_size];
std::atomic<size_t> shm_offset{0};

void f() {
    for (;;) {
        auto off = shm_offset.fetch_add(sizeof(long));
        if (off >= shm_size) break;
        *(long*)(shm + off) = off; // 赋值
    }
}
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考察上面的程序：shm 是一块 16M 字节的内存，我测试的机器的 L3 Cache 是

32M，16M 字节能确保 shm 在 Cache 里放得下。f() 函数的循环里，视 shm 为

long 类型的数组，依次给每个元素赋值，shm_offset 用于记录偏移位置，shm_

offset.fetch_add(sizeof(long)) 原子性的增加 shm_offset 的值（因为 x86_64 系统

上 long 的长度为 8，所以 shm_offset 每次增加 8），并返回增加前的值，对 shm 上

long 数组的每个元素赋值后，结束循环从函数返回。

因为 shm_offset 是 atomic 类型变量，所以多线程调用 f() 依然能正常工作，虽然多

个线程会竞争 shm_offset，但每个线程会排他性的对各 long 元素赋值，多线程并行

会加快对 shm 的赋值操作。我们加上多线程调用代码：

std::atomic<size_t> step{0};

const int THREAD_NUM = 2;

void work_thread() {
    const int LOOP_N = 10;
    for (int n = 1; n <= LOOP_N; ++n) {
        f();
        ++step;
        while (step.load() < n * THREAD_NUM) {}
        shm_offset = 0;
    }
}

int main() {
    std::thread threads[THREAD_NUM];
    for (int i = 0; i < THREAD_NUM; ++i) {
        threads[i] = std::move(std::thread(work_thread));
    }
    for (int i = 0; i < THREAD_NUM; ++i) {
        threads[i].join();
    }
    return 0;
}

 ● main 函数里启动 2 个工作线程 work_thread。

 ● 工作线程对 shm 共计赋值 10 轮，后面的每一轮会访问 Cache 里的 shm 数

据，step 用于 work_thread 之间每一轮的同步。
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 ● 工作线程调用完 f() 后会增加 step，等 2 个工作线程都调用完之后，step 的值

增加到 n * THREAD_NUM 后，while() 会结束循环，重置 shm_offset，重

新开始新一轮对 shm 的赋值。

如图所示：

false-sharing-1

编译后执行上面的程序，产生如下的结果：

time ./a.out

real 0m3.406s
user 0m6.740s
sys 0m0.040s

time 命令用于时间测量，a.out 程序运行完成后会打印耗时，real 列显式耗时 3.4 秒。

3.1	改进版 f_fast

我们稍微修改一下 f 函数，改进版 f 函数取名 f_fast：

void f_fast() {
    for (;;) {
        const long inner_loop = 16;
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        auto off = shm_offset.fetch_add(sizeof(long) * inner_loop);
        for (long j = 0; j < inner_loop; ++j) {
            if (off >= shm_size) return;
            *(long*)(shm + off) = j;
            off += sizeof(long);
        }
    }
}

for 循环里，shm_offset 不再是每次增加 8 字节（sizeof(long)），而是 8*16=128 字

节，然后在内层的循环里，依次对 16 个 long 连续元素赋值，然后下一轮循环又再次

增加 128 字节，直到完成对 shm 的赋值。如图所示：

no-false-sharing

编译后重新执行程序，结果显示耗时降低到 0.06 秒，对比前一种耗时 3.4 秒，f_

fast 性能提升明显。

time ./a.out

real 0m0.062s
user 0m0.110s
sys 0m0.012s
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f 和 f_fast 的行为差异

shm 数组总共有 2M 个 long 元素，因为 16M / sizeof(long) 得 2M：

1、f() 函数行为逻辑

 ● 线程 1 和线程 2 的 work_thread 里会交错地对 shm 元素赋值，shm 的 2M

个 long 元素，会顺序的一个接一个的派给 2 个线程去赋值。

 ● 可能的行为：元素 1 由线程 1 赋值，元素 2 由线程 2 赋值，然后元素 3 和元素

4 由线程 1 赋值，然后元素 5 又由线程 2 赋值…

 ● 每次分派元素的时候，shm_offset 都会 atomic 的增加 8 字节，所以不会出

现 2 个线程给同 1 个元素赋值的情况。

2、f_fast() 函数行为逻辑

 ● 每次派元素的时候，shm_offset 原子性的增加 128 字节（16 个元素）。

 ● 这 16 个字节作为一个整体，派给线程 1 或者线程 2；虽然线程 1 和线程 2 还

是会交错的操作 shm 元素，但是以 16 个元素（128 字节）为单元，这 16 个

连续的元素不会被分开派发给不同线程。

 ● 一次派发的 16 个元素，会在一个线程里被一个接着一个的赋值（内部循环里）。

3.2	为什么 f_fast 更快

第一眼感觉是 f_fast() 里 shm_offset.fetch_add() 调用频次降低到了原来的 1/16，

有理由怀疑是原子变量的竞争减少导致程序执行速度加快。为了验证，让我们在内

层的循环里加一个原子变量 test 的 fetch_add，test 原子变量的竞争会像 f() 函数里

shm_offset.fetch_add() 一样激烈，修改后的 f_fast 代码变成下面这样：

void f_fast() {
    for (;;) {
        const long inner_loop = 16;
        auto off = shm_offset.fetch_add(sizeof(long) * inner_loop);
        for (long j = 0; j < inner_loop; ++j) {
            test.fetch_add(1);
            if (off >= shm_size) return;
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            *(long*)(shm + off) = j;
            off += sizeof(long);
        }
    }
}

为了避免 test.fetch_add(1) 的调用被编译器优化掉，我们在 main 函数的最后把

test 的值打印出来。编译后测试一下，结果显示：执行时间只是稍微增加到 real 

0m0.326s，很显然，并不是 atomic 的调用频次减少导致性能飙升。

重新审视 f() 循环里的逻辑：f() 循环里的操作很简单：原子增加、判断、赋值。我们

把 f() 的里赋值注释掉，再测试一下，发现它的速度得到了很大提升，看来是 (long)

(shm + off) = off 这一行代码执行慢，但这明明只是一行赋值。我们把它反汇编来

看，它只是一个 mov 指令，源操作数是寄存器，目标操作数是内存地址，从寄存器

拷贝数据到一个内存地址，为什么会这么慢呢？

3.3	原因

现在揭晓答案：导致 f() 性能底下的元凶是伪共享（false sharing）。那什么是伪共

享？要说清这个问题，还得联系 CPU 的架构以及 CPU 怎么访问数据，回顾一下关

于多核 Cache 结构。

背景知识

现代 CPU 可以有多个核，每个核有自己的 L1-L2 缓存，L1 又区分数据缓存（L1-

DCache）和指令缓存（L1-ICache），L2 不区分数据和指令 Cache，而 L3 是跨核

共享的，L3 通过内存总线连接到内存，内存被所有 CPU 所有 Core 共享。

CPU 访问 L1 Cache 的速度大约是访问内存的 100 倍，Cache 作为 CPU 与内存之

间的缓存，减少对内存的访问频率。

从内存加载数据到 Cache 的时候，是以 Cache Line 为长度单位的，Cache Line

的长度通常是 64 字节，所以，那怕只读一个字节，但是包含该字节的整个 Cache 

Line 都会被加载到缓存，同样，如果修改一个字节，那么最终也会导致整个 Cache 
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Line 被冲刷到内存。

如果一块内存数据被多个线程访问，假设多个线程在多个 Core 上并行执行，那么它

便会被加载到多个 Core 的的 Local Cache 中；这些线程在哪个 Core 上运行，就

会被加载到哪个 Core 的 Local Cache 中，所以，内存中的一个数据，在不同 Core

的 Cache 里会同时存在多份拷贝。

那么，便会存在缓存一致性问题。当一个 Core 修改其缓存中的值时，其他 Core 不

能再使用旧值。该内存位置将在所有缓存中失效。此外，由于缓存以缓存行而不是单

个字节的粒度运行，因此整个缓存行将在所有缓存中失效。如果我们修改了 Core1 缓

存里的某个数据，则该数据所在的 Cache Line 的状态需要同步给其他 Core 的缓存，

Core 之间可以通过核间消息同步状态，比如通过发送 Invalidate 消息给其他核，接收

到该消息的核会把对应 Cache Line 置为无效，然后重新从内存里加载最新数据。

当然，被加载到多个 Core 缓存中的同一 Cache Line，会被标记为共享（Shared）

状态，对共享状态的缓存行进行修改，需要先获取缓存行的修改权（独占），MESI 协

议用来保证多核缓存的一致性，更多的细节可以参考 MESI 的文章。

示例分析

假设线程 1 运行在 Core1，线程 2 运行在 Core2。

 ● 因为 shm 被线程 1 和线程 2 这两个线程并发访问，所以 shm 的内存数据会以

Cache Line 粒度，被同时加载到 2 个 Core 的 Cache，因为被多核共享，所

以该 Cache Line 被标注为 Shared 状态。

 ● 假设线程 1 在 offset 为 64 的位置写入了一个 8 字节的数据（sizeof(long)），

要修改一个状态为 Shared 的 Cache Line，Core1 会发送核间通信消息到

Core2，去拿到该 Cache Line 的独占权，在这之后，Core1 才能修改 Local 

Cache

 ● 线程 1 执行完 shm_offset.fetch_add(sizeof(long)) 后，shm_offset 会增加

到 72。
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 ● 这 时 候 Core2 上 运 行 的 线 程 2 也 会 执 行 shm_offset.fetch_add(sizeo-

f(long))，它返回 72 并将 shm_offset 增加到 80。

 ● 线程 2 接下来要修改 shm[72] 的内存位置，因为 shm[64] 和 shm[72] 在一

个 Cache Line，而这个 Cache Line 又被置为 Invalidate，所以，它需要从

内存里重新加载这一个 Cache Line，而在这之前，Core1 上的线程 1 需要把

Cache Line 冲刷到内存，这样线程 2 才能加载最新的数据。

这种交替执行模式，相当于 Core1 和 Core2 之间需要频繁的发送核间消息，收到消

息的 Core 的 Cache Line 被置为无效，并重新从内存里加载数据到 Cache，每次修

改后都需要把 Cache 中的数据刷入内存，这相当于废弃掉了 Cache，因为每次读写

都直接跟内存打交道，Cache 的作用不复存在，这就是性能低下的原因。

这种多核多线程程序，因为并发读写同一个 Cache Line 的数据（临近位置的内存数

据），导致 Cache Line 的频繁失效，内存的频繁 Load/Store，从而导致性能急剧下

降的现象叫伪共享，伪共享是性能杀手。

3.4	另一个伪共享的例子

假设线程 x 和 y，分别修改 Data 的 a 和 b 变量，如果被频繁调用，也会出现性能低

下的情况，怎么规避呢？

struct Data {
    int a;
    int b;
} data; // global

void thread1() {
    data.a = 1;
}

void thread2() {
    data.b = 2;
}
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空间换时间

避免 Cache 伪共享导致性能下降的思路是用空间换时间，通过增加填充，让 a 和 b

两个变量分布到不同的 Cache Line，这样对 a 和 b 的修改就会作用于不同 Cache 

Line，就能避免 Cache 失效的问题。

struct Data {
    int a;
    int padding[60];
    int b;
};

在 Linux kernel 中 存 在 __cacheline_aligned_in_smp 宏 定 义 用 于 解 决 false 

sharing 问题。

#ifdef CONFIG_SMP
#define __cacheline_aligned_in_smp __cacheline_aligned
#else
#define __cacheline_aligned_in_smp
#endif

struct Data {
    int a;
    int b __cacheline_aligned_in_smp;
};

从上面的宏定义，可以看到：

 ● 在多核系统里，该宏定义是 __cacheline_aligned，也就是 Cache Line 的大小

 ● 在单核系统里，该宏定义是空的

4  小结

pthread 接口提供的几种同步原语如下：
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由于 linux 下线程和进程本质都是 LWP，那么进程间通信使用的 IPC（管道、FIFO、

消息队列、信号量）线程间也可以使用，也可以达到相同的作用。 但是由于 IPC 资

源在进程退出时不会清理（因为它是系统资源），因此不建议使用。

以下是一些非锁但是也能实现线程安全或者部分线程安全的常见做法：

可以看到，上面很多做法都是采用了副本，尽量避免在 thread 中间共享数据。最

快的同步就是没同步（The fastest synchronization of all is the kind that never 

takes place），Share nothing is best。
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美团大规模KV存储挑战与架构实践

KV 存储作为美团一项重要的在线存储服务，承载了在线服务每天万亿级的请求量，

并且保持着 99.995% 的服务可用性。在 DataFunSummit 2023 数据基础架构峰会

上，我们分享了《美团大规模 KV 存储挑战与架构实践》，本文为演讲内容的整理。

文章主要分为四个部分：第一部分介绍了美团 KV 存储发展历程；第二部分分享了内

存 KV Squirrel 挑战和架构实践；第三部分阐述了持久化 KV Cellar 挑战和架构实

践；最后一部分介绍了未来的发展规划。希望这些内容对大家有所帮助或启发。

1  美团 KV 存储发展历程

上图就是美团第一代的分布式 KV 存储的架构，可能很多公司都经历过这个阶段。在

客户端内做一致性哈希，然后在后端部署上很多 Memcached 实例，这样就实现了

最基本的 KV 存储分布式设计。但这样的设计存在很明显的问题：比如在宕机摘除

节点会时丢失数据；此外，在缓存空间不够需要扩容时，一致性哈希也会丢失一些数

据，这样会给业务的开发带来很大的困扰。
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随着 Redis 项目的成熟，美团也引入了 Redis 来解决我们上面提到的问题，进而演

进出来上图这样一个架构。可以看到，客户端还是一样，使用一致性哈希算法，在服

务器端变成了 Redis 组成的主从结构。当任何一个节点宕机，我们可以通过 Redis 

哨兵完成 failover，实现高可用。但有，还一个问题还是没有解决，如果扩缩容的话，

一致性哈希仍然会丢失数据。
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这时我们发现业界有一个比较成熟的开源 KV 存储：也就是阿里巴巴的 Tair 。2014

年，我们把 Tair 引入到技术内部，去满足业务 KV 存储方面的需求。Tair 开源版本

的架构主要是三部分：最下边的是存储节点，存储节点会上报心跳到它的中心节点，

中心节点内部设有两个配置管理节点，会监控所有的存储节点。如果有任何存储节点

宕机或者扩容之类的行为，它会做集群拓扑的重新构建。客户端启动的时候，它会直

接从中心节点引入一个路由表，这个路由表简单来说就是一个集群的数据分布图，客

户端根据路由表直接去存储节点读写。之前我们 KV 遇到的扩容丢数据问题，它也有

数据迁移机制来保证数据的完整性。

但是在使用的过程中，我们还遇到了一些其他问题，比如：它的中心节点虽然是主备

高可用的，但它没有分布式仲裁之类的机制，所以在网络分割的情况下，它是有可能

发生“脑裂”的，这种情况也给我们的业务造成过比较大的影响。在容灾扩容的时

候，遇到过数据迁移影响业务可用性的问题。

另外，我们之前用过 Redis ，业务会发现 Redis 的数据结构特别丰富，而 Tair 还不

支持这些数据结构。虽然我们用 Tair 解决了一些问题，但是 Tair 同样也无法完全满

足我们的业务需求。于是，我们认识到在美团这样一个业务规模大、复杂度高的场景

下，很难有开源系统能很好满足我们的需求。所以，我们决定在已应用的开源系统之

上进行自研。

时值 2015 年， Redis 社区正式发布了它的集群版本 Redis Cluster。所以，我们紧

跟社区步伐，并结合内部需求做了很多自研功能，进而演进出本文要介绍的全内存、
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高吞吐、低延迟的 KV 存储 Squirrel。另外，我们基于 Tair，加入了很多美团自研的

功能，演进出本文要介绍的持久化、大容量、数据高可靠的 KV 存储 Cellar 。

Redis 社区一直都很活跃，所以，Squirrel 的迭代是自研和社区并重，自研功能设计

上也会尽量与社区架构兼容。Tair 开源版本已经多年没有更新，所以，Cellar 的迭代

完全靠自研。后续内容上大家也能看到，因为这方面的不同，Cellar 和 Squirrel 在

解决同样问题时可能会选取不同的方案。

这两个存储其实都是 KV 存储领域的解决方案。实际应用上，如果业务的数据量小，

对延迟敏感，建议用 Squirrel ；如果数据量大，对延迟不是特别敏感，我们建议用成

本更低的 Cellar 。

2  大规模 KV 存储的挑战

大规模 KV 存储的业务挑战主要有两点：

一个是扩展性。随着业务规模持续变大，业务会要求使用容量更大的集群。这个容量

包括两方面，一方面是数据量，还有一方面是调用量。扩展容量，最常见的方法就是

把集群水平扩展到更多的节点，但是当集群节点数达到一定规模后，再想扩展新节点

也会遇到很多困难，这是扩展性上的第一个挑战。

还有一个问题是有些业务场景的调用容量是无法随着集群水平扩展而扩展的。比如，

很多业务会使用 mget 进行批量读取。但随着集群节点数的增加，由于“木桶效应”，

整个 mget 请求的长尾延迟会越来越高，进而导致服务的请求超时率持续上升。等集

群达到一定规模之后，长尾延迟造成的可用性降低就超出业务的承受能力了。所以在

水平扩展之外，我们还需要解决好节点垂直扩展上的挑战，来支持这种批量操作的业

务场景。

另一个是可用性。随着集群规模变大，要保证可用性维持在与小规模集群同等的水

平，其实是很困难的。但业务服务却不会因为集群规模变大而能接受可用性有所降

低。所以，美团的挑战是如何保证集群可用性不会随着规模的变大而有所降低。
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3  内存 KV Squirrel 挑战和架构实践

上图是美团的 Squirrel 架构。中间部分跟 Redis 社区集群是一致的。它有主从的结

构，Redis 实例之间通过 Gossip 协议去通信。我们在右边添加了一个集群调度平

台，包含调度服务、扩缩容服务和高可用服务等，它会去管理整个集群，把管理结果

作为元数据更新到 ZooKeeper。我们的客户端会订阅 ZooKeeper 上的元数据变更，

实时获取到集群的拓扑状态，直接对 Redis 集群节点进行读写操作。

3.1	Squirrel 水平扩展的挑战

但是基于 Redis Cluster 架构的水平扩展，会有如下问题：

一个是 Gossip 的消息通信量是节点数的平方，随着集群节点数的增加，Gossip 通

信的消息量会急剧膨胀。比如，我们实测对于一个 900 节点的集群，Gossip 消息的 

CPU 消耗会高达 12%，远高于小集群的 Gossip 资源消耗，这样会造成极大的资源

浪费。

除了资源的浪费以外，Gossip 消息过多，也会更多抢占用户请求处理线程的资源，

进而会导致用户请求经常被 Gossip 消息的处理所阻塞，再导致用户请求产生更多的

超时，影响服务可用性。
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3.2	Gossip 优化

为了解决上述的扩展性问题，我们对社区的 Gossip 方案进行了优化。首先针对 

Gossip 传输的消息，我们通过 Merkle Tree 对其做了一个摘要，把集群 Gossip 通

信的数据量减少了 90% 以上。服务端节点仅需要对比 Hash 值即可判断元数据是否

有更新，对于存在更新的情况也能快速判断出更新的部分，并仅对此部分元数据进行

获取、更新，大幅降低了 Gossip 消息处理的资源消耗。同时，我们还增加了一个周

期性的元数据全量同步功能，来解决可能因 Hash 冲突导致元数据无法更新的问题。
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针对上述提到的 Gossip 消息处理影响业务请求的问题，我们把 Gossip 消息处理功

能剥离到一个单独的心跳线程里，并且由心跳线程来更新集群拓扑的元数据。对于处

理用户请求的工作线程，仅需要对元数据进行读操作，可以做到无锁读。这样的话，

Gossip 请求处理就对业务请求完全没有影响了。

3.3	Squirrel	垂直扩展的挑战

对基于 Redis 研发的 Squirrel 来说，垂直扩展会存在如下问题：

首先是数据容量的问题。对一个内存存储来说，节点容量过大的话，很容易影响服

务的可用性。例如，在主从节点要做数据同步时，Redis 节点需要通过 fork 产生子

进程来生成全量数据的 RDB 快照。当一个 8GB 的节点做 fork 调用时，会由于页表

项过多，造成进程出现 500 毫秒的阻塞。对于平均耗时只有几毫秒的 KV 请求来说，

这 500 毫秒的阻塞会造成大量的超时。

还有就是处理量的扩展问题。虽然我们可以通过加从库去扩展集群的读能力上限，但

主库的写处理能力却还是无力扩展的。而且，受限于主库的处理能力和机器带宽限

制，加从库来扩展读能力也是有上限的。

3.4	forkless	RDB
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针对上述节点过大，fork 生成 RDB 会导致可用性降低的问题。我们实现了 forkless 

RDB 方案，这是一个不基于 fork，且不会中断服务的生成数据快照 RDB 的方案。

如上图所示，forkless RDB 的生成期间，它首先会停止哈希表的 rehash 过程，避

免数据在哈希表之间的搬迁影响快照的一致性。然后，它会从头开始对整个哈希表的 

key 做迭代，每迭代一个 key 就会把它 dump 一份出来放到复制队列里边。在迭代 

key 的同时，它会对迭代的位置记录一个游标。

如果在迭代哈希表的过程中，里面的 KV 有变更的话，在这个游标之前的 KV 变更，

也会把它放到复制队列里边，确保已经复制的 KV 能够持续获得后续的变更。如图所

示，RDB 游标在 key 3，它会把之前已经迭代过的 key 1 更新、key 2 删除操作也

插入到复制队列里边。在游标之后的 key，因为还没有做数据复制，所以等后续迭代

到这个 key 时，把其最新值 dump 到复制队列就好。通过这样的方式，就实现了一

个不需要 fork 就能获得一个一致性数据快照 RDB 的过程。

这个方案的优点很明显，生成 RDB 的过程不会阻塞服务请求处理，并且因为是实时

的发送一个个 KV 数据，所以就不需要等 RDB 生成好就可以向从库复制数据了，大

幅提升了数据同步的速度。但因为全量数据迭代、复制是在工作线程去做的，而不是

在子进程内。所以，该方案会占用一部分工作线程的资源。另外，因为是以 KV 为粒

度做复制的，所以，如果哈希表里面有大 KV 的话，可能会因为工作线程复制大 KV 

耗时过长，造成用户请求等待耗时的上升。

3.5	工作多线程

对于处理量的扩展，社区有一个 IO 多线程的解决方案。但这个 IO 多线程只是把网

络收发部分做了多线程处理，所以，其扩展能力是比较有限的。比如 4 个 IO 线程

下，它只能把整体的吞吐提升一倍，就到极限了。而且因为此时工作线程已经到瓶颈

了，再往上去加 IO 线程，不仅无法提升性能，反而会消耗更多的 CPU 资源。对此，

我们的解决方案是工作多线程，也就是说把请求处理的过程也多线程化。
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如上图所示，在工作多线程方案下，每个线程都会去处理请求，并且每个线程会完成

从收包到请求处理，然后到发包的整个过程，是一个 Run-to-Completion 线程模

型。相比 IO 多线程，它会减少很多线程切换，节省很多的 CPU 资源。同时对于请

求处理的过程，我们也通过细致的梳理，尽量缩小了临界区的范围，以保证大部分的

请求处理过程是在临界区之外的，来提升处理并发度。

如果一个工作线程需要加锁的话，它会先 try lock。如果加锁成功就继续执行了，但

如果加锁失败的话，这个工作线程也不会阻塞等锁。它会先去注册一个管道的通知消

息，然后就继续处理网络的收发包，还有非临界区的请求了。等到锁被释放的时候，

这个工作线程会通过 epoll 获得管道里面的锁释放通知，然后去拿到这把锁。这个时

候它就可以去处理临界区的请求操作了。

这样的话，在整个加锁、解锁的过程中，工作线程没有任何阻塞，仍然可以继续做网

络收发、非临界区请求的处理，获得最大限度的处理能力。另外，对于新建 socket、

数据复制等工作，跟工作线程的耦合很低，我们将其放到了单独的线程去执行，以尽

量降低工作线程的负载。

通过实测，工作多线程方案的吞吐比社区 IO 多线程提升了 70%，相对于社区单线程

提升 3 倍多。
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3.6	Squirrel 可用性的挑战

基于 Redis Cluster 的大规模集群可用性挑战主要是维持机房容灾部署很困难。如

上图所示，由于 Redis Cluster 是去中心化的架构，所以部署上要求至少是三机房

分布，以此来保证任何一个机房挂掉的时候，剩余的两个机房仍然能有过半的节点来

选出新的主节点。比如一个上千节点的集群要扩容的话，可能需要几百个分布在三个

机房的节点，一时之间其实很难凑齐这么多机房的资源。而当业务大促容量需求很急

时，我们有时候只能牺牲机房容灾能力来满足业务的容量需求。

还有在成本方面，对于一些数据可靠性要求较低的业务，只需要两副本冗余就够了，

极端情况下丢一点数据也是可以接受的。但受限于容灾要求，这些业务也只能使用三

机房三副本部署，从成本角度考量很不划算。
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3.7	两机房容灾

受 Google Spanner 的见证者节点启发，我们在 Squirrel 集群也引入了见证者节点

角色。同 Spanner 一样，Squirrel 见证者节点也不会存储数据，所以，它无法作为

正常的主从库提供请求处理能力，也不能发起选主投票。但见证者节点可以在集群选

主时参与投票，帮助存活的机房节点完成过半选主过程。

见证者节点还可以设置权重，这样只需要一个或几个高权重见证者节点，就能满足一

个大规模集群的容灾部署需求了。由于见证者节点不存储数据，且节点数很少，虽然

集群还是三机房部署，但实际几乎只需要两机房的资源就能满足机房容灾部署需求

了，这样就大幅降低了集群维持容灾部署的难度，从而节省大量的机器成本。
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3.8	跨地域容灾

Squirrel 跨地域容灾的架构如上图所示，它通过一个集群间同步服务在两个不同地

域的集群之间做数据同步。这个同步服务首先伪装为上游集群节点的 slave 把它的 

RDB 和增量 log 拉取过来，然后再把拉取到的数据转化成写请求发到下游的集群，

从而实现了一个集群间的数据同步。通过这样的架构，我们解决了服务的跨地域容灾

问题。并且，通过在集群间搭建正反两个方向的两个同步任务，就能实现集群间的双

向同步。这样的话，用户服务就可以只在本地域写，但同时能读到两个地域分别写入

的数据，解决了单向同步需要跨地域写的问题。

双向同步有两个经典问题需要解决：

一个是循环复制问题。我们为每个 Squirrel 集群标记了不同的 cluster id，并且记录

了每个 KV 的初始写入 cluster id，同步服务会过滤掉与目标集群 cluster id 相同的

数据，以避免发生循环复制。

还有一个是数据冲突问题。我们一开始是通过业务层面保证在每个地域写不同的 Key 

来解决的。但是在双向同步的运行过程中，还是会有一些极端场景可能会出现两个地
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域并发写同一个 Key。比如像机房网络故障场景，业务会把故障机房的所有写入都切

到正常机房。

但由于我们的集群间复制是异步的，可能故障机房有一些最新的 Key 变更还没有复

制到正常机房的集群。而如果在业务将写切换到正常机房后，又写入了相同 Key 的

不同变更，就会产生两个同步集群的数据冲突。在机房网络恢复之后，业务还是要把

一部分流量切回到之前故障的集群上，恢复到跨地域容灾的架构。

但由于两个集群可能已经有数据冲突了，所以，在业务切回之前，就需要对数据做冲

突校验和修复。但是对大数据量集群来说，数据校验和修复的耗时可能会长达数天。

在这样长的时间内，只有一个单地域集群来支撑业务，无论是从容灾还是容量的角度

来看，都是有较大风险的。

3.9	双向同步冲突自动解决

为了解决上述的双向同步数据冲突问题，我们实现了一个基于数据写入本地时间的 

last write win 冲突自动解决功能。
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如上图所示，在 T1 时刻 Key money 的值在 A、B 两个集群都是 100。T2 时刻，

money 的值在 A 集群更新成了 120。但是在 A 集群的新值还没复制到 B 集群的时

候，B 集群在 T3 时刻把 money 的值更新成了 130。这时候 A、B 集群会互相向对

方复制各自写入的新值，A 集群收到 B 集群的值 130 后，会发现 B 集群 money 的

更新时间大于自己（T3 > T2），它就会更新自己的 money 值为 130；B 集群也会收

到 A 集群复制过来的 money 值 120，但它会发现这个值的更新时间小于自己本地值

的更新时间（T2 < T3），就会忽略这个复制请求。通过这样一个基于更新时间的 last 

write win 策略，就可以达到最终一致性。

上述方案看起来简单，但是在复杂、大规模的业务场景下，还有很多问题要处理，所

以，我们还做了以下的工作：

 ● 保存最近更新的时间戳：当发生时钟回退时，我们会继续使用自己保存的时间

戳，避免使用本地回退的时间导致数据也跟着发生了回退。（PS：对于时钟回

退问题，我们调研过最新的 NTP 时钟同步不会像以前一样造成本地时钟的回退

或跳变，现在它通过把时钟 tick 调快或调慢来完成类似的调整，所以，前述关

于时钟回退的解决方案在最新的 NTP 同步机制下就不是必要的了。不过，为了

保证我们的服务在任何系统下都能正常运行，我们最终还是实现了这个功能。）

 ● 记录写入数据的集群	id：我们会为所有写入的 Key 保存写入的集群 id。当两

个值的更新时间相同时，我们会比较集群 id，如果也相同，我们就知道是同一

个集群先后写入但获取到相同本地时间的数据，会允许其写入；如果不同，我

们仅会让集群 id 更大的值写入，来保证数据最终一致性。

 ● 由复制操作改为复制变更后的数据：像 INCR 类接口，A 集群的 money 

T1 时刻通过 INCRBY money 20 变成了 120，然后 B 集群 T2 时刻通过 

INCRBY money 30 变成了 130。A 集群收到 B 集群的复制时，因为时间戳

比自己的本地值大，它会执行 INCRBY money 30 变成 150；然后 B 集群收

到 A 集群的复制时，因为时间戳比自己的本地值小，它会把这个复制请求给忽

略掉，就造成了数据冲突。针对这个问题，我们将所有操作的数据复制都改成
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了复制操作后的数据，而不是这个操作本身，来解决类似 INCRBY 这种接口

的数据冲突问题。

 ● 保存最近删除的	Key：像删除类接口，A 集群 T2 时刻写入了 money：120，

然后 B 集群在 T3 时刻删除了 money 这个 Key。A 集群收到 B 集群的复制

时，由于其时间戳比本地值大，A 会把数据删了；但 B 集群收到 A 集群的复

制时，由于本地已经不存在 money 这个 Key 了，它就会把 money 当做一个

新 Key 进行写入，就造成了数据最终不一致。针对这个问题，我们通过保存

最近一段时间删除掉的 Key 及删除时间戳，以便在删除集群收到对端复制过

来的旧 Key 时进行甄别。

4  持久化 KV Cellar 挑战和架构实践

上图是我们最新的 Cellar 架构图，它跟阿里开源的 Tair 主要有两个层面的不同。

第一个是 OB，第二个是 ZooKeeper。我们的 OB 跟 ZooKeeper 的 Observer 

是类似的作用，提供 Cellar 中心节点元数据的查询服务。它实时的与中心节点的 

Master 同步最新的路由表，客户端的路由表都是从 OB 去拿。这样做的好处主要有
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两点：第一，把大量的业务客户端跟集群的大脑 Master 做了隔离，防止路由表请求

影响集群的管理；第二，因为 OB 只提供路由表查询服务，不参与集群的管理，所以

它可以水平扩展，极大地提升了路由表的查询能力。

第二个是我们引入了 ZooKeeper 做分布式仲裁，解决了上述提到的 Master、Slave 

在网络分割情况下的“脑裂”问题。并且通过把集群的元数据存储到 ZooKeeper，

从而提升了元数据的可靠性。

4.1  Cellar 垂直扩展的挑战

在 Cellar 架构下，不存在水平扩展的问题，但与 Squirrel 一样，它也有垂直扩展方

面的挑战。而由于 Cellar 是持久存储，它也很少遇到单机数据容量的问题，而要解

决的问题主要是处理容量的垂直扩展。而且，由于 Cellar 是持久化引擎、多线程模

型，它要解决的处理容量扩展问题也是不一样的，具体如下：

 ● 引擎读写能力的不均衡性：Cellar 是基于 LSM-Tree 引擎模型的持久化存储，

这种引擎的多 Level compaction 会导致写放大问题，进而会造成其写处理能

力比读低很多。所以，在一些写相对较多的场景，机器资源虽然还有空闲，但

写处理能力却已经到瓶颈了。

 ● 线程间同步的开销：想要提升处理容量，就需要增加线程数。而随着线程数的

增加，线程间同步的开销在整个服务的 CPU 使用占比也会越来越高。所以，如

果解决不好线程间同步的问题，想单纯地增加线程数来提升处理容量行不通。

4.2	Bulkload	数据导入

对于上述提到引擎写压力达到瓶颈的集群，我们调研后发现其在线的实时写入一般都

是比较少的，高写入量主要是用户从离线批量写数据到线上 Cellar 集群带来的。基

于此，我们开发了 Bulkload 数据导入能力来解决这个问题。



工程　<　67

Bulkload 整体架构如上图所示，它在普通写入流涉及的客户端和存储节点之外，还

引入了 S3 对象存储来做导入数据的中转。下面我们看下 Bulkload 具体的写入流程：

Bulkload 首先会在客户端进程内生成分片内有序的数据文件并写到本地硬盘上。等

客户端的数据文件写好之后，它会上传到对象存储，利用对象存储做数据文件的中

转，解决了客户端与服务端之间直传大文件容易失败的问题。

分片 1 的数据文件写入到对象存储之后，客户端会将数据文件的存储地址告诉分片 1 

的主所在的存储节点 DS1。然后 DS1 就会从对象存储下载分片 1 的数据文件，并

把它直接插入到 LSM-Tree 引擎里面。因为这是一个完整的文件插入，所以，它可

以消除引擎在普通写入时的内存排序和刷盘压力。同时，因为这个文件的数据是分片

内有序的，所以，它在参与 Level 间 Compaction 时会与其他的引擎文件交叉很少，

可以大幅减少多 Level compaction 的压力。

然后 DS1 会把分片 1 数据文件的对象存储地址复制发送到分片 1 的从所在的存储节

点 DS2 。因为存储节点的复制只是传输数据文件的地址，所以复制速度是特别快的，

也节省了很多传输的带宽。DS2 收到了分片 1 的地址后同样会从对象存储下载数据

文件，并插入到引擎里面。

通过 Bulkload 解决方案，我们整体把数据离线导入的性能提升到旧版的 5 倍。比如
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我们的一个存储广告特征的客户使用 KV 方式从离线导数据到在线需要 14 小时，受

限于在线高峰期无法导数据，如果需要继续增加特征数据，就需要扩容集群了。而扩

容集群一方面会因为“木桶效应”导致请求长尾延迟问题，另一方面 Cellar 成本的

上升也会抵消一部分广告收益。而在 Bulkload 功能加持下，该客户导入相同规模数

据仅需不到 3 小时，它可以在不增加 Cellar 资源的情况下，将广告特征规模增加数

倍，大幅提升了广告的效果。

4.3	线程调度模型优化

我们最初的线程模型与开源版 Tair 一样，网络线程池做收发包，收到的包经过一个

队列转出到一个大的工作线程池做请求处理。这样的线程模型，很容易发生请求间的

互相影响。比如用户有离线数据导入到 Cellar 的时候，就很容易导致在线读请求的

超时。又比如当有大 Value 读写的时候，工作线程处理会比较慢、占用线程的时间

会很长，导致正常 Value 读写的快请求只能在队列等待，进而导致大量超时。

所以，为了隔离在离线请求、快慢请求的处理，让服务资源优先保证核心流量的处

理，我们后来把线程模型改造成如上图所示的 4 个队列 + 4 个线程池的结构，将请求

分成 4 类（读快、读慢、写快、写慢）分别放到不同的队列和线程池去处理，进而来

提升服务核心流量的可用性。
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但是，工作线程池按照请求类型分离之后带来一个问题，就是不同业务场景、甚至同

一业务的不同时段，不同类型请求量的占比是不一样的。所以，给每个线程池分配多

少线程是一个很棘手的问题。

针对这个问题，我们增加了一个线程动态调度的逻辑：每个线程池都有一部分线程被

设定为可共享线程，如果线程池比较空闲，共享线程就会去轮询其他的队列，处理一

些繁忙线程池的请求，这样就达到了自适应调整各线程池资源的效果。但是在这样的

架构下，虽然解决好了请求隔离性和不同请求类型线程资源的动态分配问题，但我们发

现随着节点流量的上涨，共享线程对于其他队列的轮询会消耗越来越多的 CPU 资源，

而且集群业务的负载分布与默认的线程数设置差异越大，这个消耗的占比也会越高。

为了解决上述线程池资源自适应调度带来的 CPU 消耗问题，我们对分离后的线程、

队列模型做出了如上图的改造。改进后的线程模型最主要的特点是引入了一个调度线

程和一个空闲线程池，这个调度线程会实时统计每个线程池的负载，来评估每个线程

池是否需要增加或减少线程并做出调度动作，空闲线程池用来存放当前空闲的可用于

调配的线程资源。

当调度线程评估后决定做线程资源调配时，它就会发送调度指令到相应队列中，当线
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程池里的线程获取并执行了这个指令后，就实现了线程资源的调配。比如，它想给读

快线程池增加线程，就会给空闲线程池的队列发送一个调度指令，空闲线程池的线

程取到这个指令后，就会将自己加入到读快队列的线程池里面，去处理读快队列的

请求。

当调度线程想对读慢线程池调减线程时，它会向读慢队列发送一个调度指令，读慢队

列的线程获取到这个指令后，就会离开读慢线程池加入到空闲线程池。通过调度线程

准实时的毫秒级负载统计、调度，我们实现了线程池资源的快速动态分配。对于每一

个线程池的共享线程，也不再需要去轮询其他线程池的队列了，只需要专心处理自己

队列的请求即可，大幅降低了线程池资源调度的 CPU 消耗。

通过上述的线程队列模型优化，服务在高负载场景下可以提高 30% 以上的吞吐量。

4.4	线程RTC模型改造

上图左侧画的是我们服务请求的 IO 处理路径：一个请求的处理流程会经过网络线程、

请求队列、工作线程、内存和硬盘引擎。这个设计的问题是，请求在不同线程之间
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流转会造成大量的 CPU 切换以及 CPU 高速缓存的 Cache Miss，进而造成大量的 

CPU 资源消耗。在大流量场景下，这样的 CPU 消耗也是很可观的一笔资源。

针对这个问题，我们对线程队列模型又做了如上图右侧所示的改造。新的模型下，我

们让网络线程直接去做读请求的处理，对于能够命中内存引擎的读请求，其处理模型

就是一个 RTC（Run-to-Completion）模型。

具体来讲，当网络线程收到一个请求之后，会先判断是否为一个读请求，如果是，就

会直接去读内存引擎。我们服务的内存引擎会缓存硬盘引擎上的热点数据，如果内存

引擎命中的话，网络线程就可以直接返回结果给客户端。这样在网络线程内就实现了

请求的闭环处理，相比原来的模型可以去除所有因请求流转造成的 CPU 资源消耗。

而对于写和读未命中内存引擎的请求，仍然需要经过原来的请求处理路径，去硬盘引

擎读或者写数据。

新的线程模型，经实测在 80% 内存引擎命中率场景下，服务读吞吐可以提升 30%+。

虽然新的线程队列模型只实现了读缓存命中请求的 RTC，但其实在线流量大多都是

读多写少且热点数据明显、内存引擎命中率比较高的场景，所以，新模型上线后在大

多数的业务集群都取得了明显的性能提升。

4.5	内存引擎无锁化

当单机请求量达到了一定规模之后，我们发现服务内的锁操作会占用很多的 CPU 资

源。经分析发现，大多数的锁操作都发生在上节内容提到的内存缓存引擎上。如上节

所述，所有请求都会经过内存引擎，且大部分请求都会在内存引擎命中并返回结果给

客户端。所以，大部分请求都是纯内存处理，这个过程中的锁操作就很容易成为瓶

颈。针对这个问题，我们对内存引擎做了无锁化改造，其改造后的结构如下图所示：
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整体改造主要跟上图的 HashMap 和 SlabManager 两个数据结构有关（其他数据结

构在图中已略掉）。HashMap 是存储 KV 数据的核心结构，它把 Key 通过 Hash 算

法散列到不同的 Slot 槽位上，并利用链表处理 Hash 冲突；SlabManager 管理不同

尺寸内存页的申请和释放，它利用链表把相同尺寸的内存页放到一起管理。

对于 HashMap，我们做了单写多读的无锁链表改造。同时，通过引入 RCU 机制实

现了异步的内存回收，解决了读请求与写请求内存释放操作的冲突，实现了读请求处

理全程的无锁化。写请求虽仍需要加锁，但我们对写做了锁粒度的优化，可以大幅提

升并发度。比如我们把 SlabManager 的访问由一把大锁改成每个内存尺寸的管理

链表单独一把锁，这样在分配和释放不同尺寸内存页的时候就可以实现并发。同时 

RCU 机制下的内存异步回收，也解决了写线程回收内存时可能被阻塞的问题，进一

步提升了写性能。

内存引擎通过无锁化加 RCU 技术的改造，读处理能力提升了 30% 以上。
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4.6	Cellar 可用性的挑战

同 Squirrel 一样，Cellar 也通过建设集群间数据同步能力，实现了跨地域的容灾架

构。不同的是，Cellar 因为是自研，无需考虑与社区版本的兼容性，同时为了简化部

署结构、降低运维成本，它把集群间数据同步功能做到了存储节点内部。如上图示例

的北京集群 A 节点、上海集群 H 节点，在接收到写入之后，除了要做集群内的数据

同步以外，还需要把写入数据同步到跨地域的另一个集群上。

Cellar 也可以通过配置两个方向的跨集群数据同步链路，实现完全的本地域读写。

Cellar 由于采用了存储节点内建的方案，它的集群间复制通过使用定制的复制包

来甄别客户写入和复制写入，并只为客户写入生成复制 log 来避免循环复制，相对

Squirrel 会简单一点。但同样的，这种架构也会遇到极端情况下，双向同步导致的数

据冲突问题。
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4.7	双向同步冲突自动解决

如上图所示，Cellar 也实现了类似 Squirrel 的基于数据写入本地时间的 last write 

win 冲突自动解决方案。但 Cellar 的方案有一点区别是，它没有通过在每条数据记录 

cluster id 的方式解决时钟回退、两次变更写入的本地时间相同的问题，而是引入了 

HLC（Hybrid Logic Clock）时钟来解决这个问题。

因为 HLC 可以保证每个集群写入数据的时钟是单调递增的。所以，接收端是不用担

心对端复制过来的数据有时间戳相同的问题。而对于两个集群分别写入，时间戳相同

且 HLC 的逻辑时钟刚好也相同的情况，可以通过比较集群配置的 cluster id（不会存

储到每条 KV 数据内）来决定最终哪个数据可以写入。

5  发展规划和业界趋势

未来，根据技术栈自上而下来看，我们的规划主要覆盖服务、系统、硬件三个层次。

首先，在服务层主要包括三点：
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 ● 第一，Squirrel && Cellar 去 ZK 依赖。如前所述，Squirrel 集群变更到客户

端的通知是依赖 ZK 来实现的，Cellar 的中心节点选主和元数据存储也是依赖 

ZK 实现的。但 ZK 在大规模变更、通知场景下，它的处理能力是无法满足我

们的需求的，很容易引发故障。所以，Squirrel 会去掉对 ZK 的依赖，改为使

用公司内的配置管理、通知组件来实现集群变更到客户端的通知。Cellar 会通

过在中心节点间使用 Raft 协议组成 Raft 组，来实现选主和元数据多副本强一

致存储。（注：本文整理自 DatafunSummit 2023 演讲，此工作当前已完成开

发，处于灰度落地阶段。）

 ● 第二，向量引擎。大模型训练、推理场景有很多向量数据存储和检索需求，业

界很多 NoSQL、SQL 数据库都支持了向量引擎能力。KV 存储作为高性能的

存储服务，如果支持了向量引擎，可大幅提升大模型训练、推理的效率。

 ● 第三，云原生。当前美团的 KV 服务规模很大，相应的运维成本也比较高。所

以，我们计划做一些服务云原生部署、调度方面的探索，向更高运维自动化水

平迈进。

其次是系统层，计划对 Kernel Bypass 技术做一些探索和研发落地，比如新版内核

支持的 io_uring、英特尔的 DPDK、SPDK 技术等。由于 KV 存储是典型的高吞吐

服务，它的网络 IO、硬盘 IO 压力都很大，Kernel Bypass 技术可以大幅提升服务

的 IO 能力，降低访问延迟和成本。

最后是硬件层，计划对计算型硬件的应用做一些探索，比如配备了压缩卡的 SSD，

可以将服务引擎层使用 CPU 做的数据压缩工作卸载到压缩卡上，释放出 CPU 资

源做更高价值的计算工作。KV 服务是典型的低延迟、高网络负载的服务。所以，

我们也计划对 RDMA 网络做一些探索，以期进一步降低服务访问延迟、提升网络

处理能力。
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领域驱动设计DDD在B端营销系统的实践

1  背景

通过营销活动实现客户 / 用户拉新、留存和促活是业界普遍采用的方法。为实现商户

增长和留存，美团核心本地商业 / 商业增值技术部也构建了相应的营销系统来支撑商

户的线上营销运营。在系统建设过程中，面临着业务体量大、行业跨度大、场景多

样、客户结构复杂，需求多变等挑战。本文试图还原从 0 到 1 构建面向商户的营销系

统过程中，并通过 DDD（领域驱动设计）来应对系统设计和建设中遇到的业务复杂度

高、需求多变、维护成本大等问题。

2  基本概念

软件系统的复杂性主要体现在三个方面。

 ● 隐晦：一是抽象层面的隐晦，抽象系统时，每个人都有自己特定的视角，你需

要站在对方的角度才能明白他为什么这么做；其次是实现层面的隐晦，代码是

一种技术实现，通常与现实世界的业务概念脱节，无形中增加了理解成本。

 ● 耦合：代码层面的耦合扩大了修改范围；模块层面的耦合需要跨模块 / 服务交

互；系统层面的耦合则需要跨团队协作。从代码到模块再到系统，耦合的影响

逐渐扩大，成本随之增加。

 ● 变化：业务需求决定了系统功能，不同的用户需求不一样，不同的业务发展阶

段需求在不断变化，系统功能要随着业务需求的变化不断调整，这时就涉及到

系统改动的频次和范围。
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DDD（Domain-Driven Design，领域驱动设计）是应对软件设计复杂性的方法之

一，它能很好的解决上述三个问题，但其概念体系复杂（如下图所示），学习曲线陡

峭，即便深入研读 DDD 的两本经典著作，项目落地时依然有点“捉襟见肘”。

在展开介绍 DDD 之前，这里先回顾一下历史：

 ● 早期，计算机创新更多聚焦在语言方面，为软件工程师提供功能更强大的语言

来操作计算机，充分使用计算机的算力。
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 ● 60 年代，面向对象语言诞生，通过封装、继承、多态等特性进一步增强了语

言的表达能力。

 ● 80 年代，出现面向对象的分析与设计，解决了如何构建类模型的问题，帮助

我们更好地使用面向对象语言来实现系统，但没有解决如何把物理世界映射到

计算机世界的问题。

 ● 2000 年，出现领域驱动设计方法，通过分析业务，抽取概念，建立对应的领

域模型，再采用面向对象的分析与设计方法构建对应的类模型，达成了从物理

世界到计算机世界的映射。

什么是领域？领域由三部分组成：领域里有用户，即涉众域；用户要实现某种业务价

值，解决某些痛点或实现某种诉求，即问题域；面对业务价值，痛点和诉求，有对应

的解决方案，这是解决方案域。什么是领域驱动设计？通俗地讲，针对特定业务，用

户在面对业务问题时有对应的解决方案，这些问题与方案构成了领域知识，它包含流

程、规则以及处理问题的方法，领域驱动设计就是围绕这些知识来设计系统。

以营销为例，营销系统所服务的用户有 4 类：运营、销售、电销人员和商户。解决 3

个核心问题：如何发券、发给谁、发什么（红包还是折扣券）。解决方案：通过营销活

动来承载发券，不同的活动类型对应不同的玩法（如买赠、折扣、充送等）；通过目标
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人群来确定发给谁；通过权益来定义发什么（如：红包、代金券、折扣券等）。

  本文将从战略设计、战术设计和代码架构分 3 个部分介绍领域驱动设计的落地：

 ● 战略设计：确定用例，统一语言和划分边界。

 ● 战术设计：概念模型转化成类（代码）模型。

 ● 代码架构：将系统设计映射为系统实现。
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3  战略设计实践

战略设计之前，先要确定用例，也就是业务是怎么玩的，有几种常见的方法：

1. 用例图：最简单直观的表达了用户与系统的交互。

2. 用户故事：敏捷开发模式下用的较多，从 Who、What 和 Why 三个维度描述

了业务需求。

3. 交互原型：用户操作的页面及其操作流程，其缺点是过于关注用户体验，而忽

略了业务底层逻辑。

4. 事件风暴：关注业务的底层逻辑，但使用门槛较高，适用于大型而复杂的业务

分析。

下图是营销系统的用例图（起初并没有这么完整，这是多次迭代后的结果）：
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确定业务玩法后，接下来是统一语言。从用例里抽取概念，并对概念进行甄别（去伪

存真，抽象合并）找到真正描述业务的概念。比如，有多种方式来描述活动规则：充

值送规则、返还规则和档位等，技术可能会泛泛地称其为规则，业务人员则用档位来

描述（比如充值送活动，充 1000 送 100 红包，充 2000 送 300 红包，充 3000 送

500 红包，那 1000、2000、3000 就是业务所认为的档位）。抽取概念时，尽量采纳

业务侧的叫法，这样统一语言比较容易推行。
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接着是明确概念的含义，概念由术语、Term（术语的英文版）和含义三部分构成。含

义明确的术语就是统一语言，这些术语将用在日常需求沟通、产品文档，技术设计以

及代码实现中。

明确概念后，接着理清概念之间的关系（1 对 1，多对 1，多对多），确定概念所代表

的的业务实体的核心属性和行为，从而得到概念模型。后续在业务需求讨论、产品和

技术方案设计时，基于这个概念模型，使用统一语言进行描述，大家能很容易对齐；

同时精心抽出的概念和建立的概念模型更接近业务本质，为后续的战术设计打下了

基础。
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基于统一语言和概念模型，业务 - 产品 - 技术三个角色比较容易就需求达成共识，

保障沟通的一致性。

缺少这些就很容易出问题，如：刚开始做营销系统时，在如何描述“商户”上，没有

统一语言，资金域有三个概念来描述商户（资金账户、账号 ID、资金账号），商家域

有四个概念描述商户（商家账号、商家 ID、登录号、登录 ID），到了营销域，不同的

人采用不同的概念来描述商户，造成了沟通的混乱。给商户发红包时，“资金账户、

账号 ID、资金账号、商家账号、商家 ID、登录号、登录 ID”这些概念都可以描述商

户，但业务人员弄不清这些概念之间的区别，导致 ID 误用，红包发错。事后对这些

概念进行了梳理和统一，营销域只关注资金账户和商家账号，系统功能上明确使用资

金账户或商家账号来发送红包，这样就不易出错了。
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概念模型是一张大网，描述了概念间的关系以及关键属性，但还不能直接映射为代码

模型，要映射为代码模型，还需拆解，化繁为简。

本源论认为世界的本质是简单的，复杂问题由多个简单问题构成；康威原理认为系统

架构受制于组织沟通架构，系统落地时，首先要确定系统边界，再依据系统边界组织

分工。这两个原理表明：我们可以将复杂问题拆解为多个简单问题，并针对团队资源

组织分工协作。
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这里提供一种拆解方法（来自美团内部）给出了一种拆解方法：按纵和横两个维度来

拆，纵是从业务价值和目标维度划分，横是从功能的通用性维度划分。这里尝试从业

务角度来拆，没有系统支持时，业务要在线下运转，通常根据要达成的业务目标，将

业务流程或业务组分拆解为多个节点，并定义每个节点的职责以及对应的规范和标

准，安排对应的组织或人员执行。简单地说，就是从业务问题和解决方案出发，拆解

到对应的人。因此基于业务的拆分通常能实现系统用户、业务问题和解决方案之间的

一致性。业务系统是把业务的玩法从线下搬到线上，在进行系统拆分时，也可以使用

这个思路。从三个层面来进行：

 ● 基于涉众域拆解：也就是按用户相关性进行拆解，不同的用户使用不同的系统

功能，如：CRM 由市场人员、销售人员、客服人员三类角色协同完成客户触

达，签约合作，售后服务三大职能，针对这三个角色建设相应的系统能力。这

种拆解方式比较简单，但也存在较大的局限性，可能导致功能的重复建设。

 ● 基于问题域拆解：不同角色 / 用户要解决的问题是相同 / 相似的，可基于问题

域进行拆解，如营销系统的用户包括销售、商户、销运等角色，但它核心是要

解决如何发券（活动），发给谁（人群），发什么（权益）的问题。基于问题域的

拆解相较于基于涉众域的拆解更加抽象，但也可能复用性不够。

 ● 基于解决方案域拆解：不同的问题，可能有相同的解决方案，如 HR 域有请假

审批、财务上有报销流程、CRM 领域存在客户资质审批，三个领域各自需要

解决审批流程的问题，可以构建通用的审批流引擎来统一解决，这是基于解决

方案域进行拆解。基于解决方案域的拆解最抽象，也最贴合业务本质，但也容

易陷入过度设计的陷阱。
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营销系统基于问题域拆解为五个子域（活动域，权益域，人群域，推送域，数据域），

每个子域解决特定的问题，各子领域相对内聚和简单：

业务系统要运转起来，需要子域之间相互配合，这就要定义上下文映射，实现不同子

域间的协作。如活动域关注的两个目标人群：一是资金账户（表示已签约的商户）；另

一个是商家账号（表示未签约商户）。资金账户是财务域定义的，而商家账号是账号域

定义的，两个概念都不是营销域原生概念。此时，营销域需通过某种方式依赖外部概
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念，将外部概念映射到营销域，通过防腐层来对接外部服务来实现这种映射。领域驱

动设计里定义九种上下游映射关系，这里不赘述：

下图是营销系统的整体上下文关系：

从用例分析，统一语言到子域拆分，初步完成战略设计，但这并非终局，战略设计是

一个持续迭代的过程，迭代的来源主要有 3 个：
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 ● 用例精化：在探讨需求的过程中，用例不断丰富。

 ● 需求变更：业务不断发展带来需求变化，进而影响用例及相关概念的内涵，概

念模型亦随之调整和迭代。

 ● 方案选型：当产品，业务或技术发生较大变化时，可能需要采用另一种方式实

现它，这时所采用的概念会有所不同。比如早期构建营销活动域时，通过参

与规则来定义谁可以参加活动，将商户与参与规则进行匹配，符合就能参与。

这种方式带来的问题是无法提供一个完整的活动人群列表，除非将所有商户

（5000 万 +）匹配一遍。随着业务方越来越重视活动参与商户的分层，触达和

转化，引入目标人群的概念，通过目标人群来保存所有可参加活动的商户。从

参与规则到目标人群，概念发生了变化，底层模型也完全不一样（参与规则是

一套规则体系，而目标人群由筛选服务提供），实现了战略设计上的迭代。

有了战略设计，构建了统一语言和概念模型后，如何验证概念模型呢？通常用两个方法：

 ● 场景走查：把模型代入到所有的场景确认一遍，确定所抽象出来的概念模型和

统一语言能正确描述它。

 ● 业务预判：未来业务的变化会在哪里，当变化发生时，概念模型的内涵和外延

是否方便扩展并支持到变化。
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4  战术设计实践

战略设计得到了概念模型，战术设计则是将概念模型映射为代码模型，有很多编程范

式，比如事务脚本、表模式、面向对象，函数式等，最好的方式是面向对象的实现。

从概念模型到对象模型：

 ● 首先，概念是分层的，如营销活动是一个泛化概念，其下还有充值送活动、消

费返活动，买赠活动等具体活动。构建对象模型时，通过派生 / 继承来实现概

念分层。

 ● 其次，概念关系映射成对象关系，比如营销活动包含了档位和库存，那在构建

营销活动对象时，可通过组合实现这种包含关系（档位对象和库存对象成为营

销活动对象的属性）。

 ● 最后，概念的属性行为，可以直接变成对象的属性和行为；概念的状态机以及

生命周期也会变成对象的状态机。

两类对象：实体和值对象，这两者的区别是是否有统一标识和自己的状态。
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有了对象模型，还需通过聚合根完成封装，如何确定聚合根的粒度？营销活动包含活

动、库存、档位、档位项、目标人群五个对象，如果采用小聚合根模式，一个对象对

应一个聚合根，这样每个聚合根都很简单。但从业务角度看，库存或档位会影响活动

的状态，如：修改了库存或档位，活动需要重新审批和上下线，这种业务上的耦合需

要在技术上进行处理。此时，就得在小聚合根上构建领域服务来封装这些逻辑。

另外一种模式是大聚合根。围绕活动，把活动相关的概念（活动、库存、档位、档位

项、目标人群）都封装起来，但聚合根比较复杂，影响活动加载（一些活动的目标人

群上百万，懒加载可解决问题，但增加了复杂度）。

聚合根的设计要遵循一定的原则：

 ● 满足业务一致性、数据完整性、状态一致性。比如库存档位和活动状态要一

致，在数据上也要完整，不存在没有档位的活动，也不存在没有库存的活动。

 ● 技术限制。有些实体会带来技术挑战，如数据量太大，可抽出来单独考虑。

 ● 业务逻辑不灭，在业务封装与适度的职责边界之间寻找平衡。不管是大聚合根

还是小聚合根，业务逻辑永远都是存在的，就是看把它放在哪里。
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如下图是营销系统的聚合根：

聚合根已经非常接近代码实现，落地代码时，大家还会纠结用贫血模型还是充血模

型。Spring MVC 通常运行在单例模式下，引入充血模型会增加理解成本和技术复杂

度。另外，不适合放在聚合根里的领域逻辑，可以放在领域服务里，如：同时存在多

个充值送活动时，用户只能参加优先级最高的一个，在充值送活动聚合根里会标识活
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动的优先级，但挑选优先级最高的活动并非聚合根的职责，但确实是领域逻辑的一部

分，此时可通过领域服务实现。

从概念模型，类模型到代码实现，整个过程都要使用统一语言。在落地代码时，代

码要体现出业务含义，比如下图的例子，要避免左边 updateStatus() 这样的方法，

它没有体现业务含义（必须阅读代码实现，才知道这个方法做了什么）；图中右边的

submitCampaign()，approveCampaign()，cancelCampaign() 则有明确的业务

含义。

5  代码架构实践

完成战术设计后，如何组织代码架构？无论是六边形架构，整洁架构还是洋葱架构本

质上都是围绕着领域模型展开，应用层、基础设施层和外部接口都依赖领域模型：
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下图是我们团队的工程实践，与前面三个图本质上是一样的。领域层和应用层次放在

中间（两者都属于领域逻辑），基础设施和用户接口依赖中间层：

6  总结
 ● 我们做的大部分系统都不是全新系统，如 CRM、HR 或 SCM 等，已经有很

多业界实践，可充分借鉴这些实践，没必要自己创造新概念。
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 ● 要重视统一语言。没有统一语言就不会有概念模型，没有概念模型就不可能有

靠谱的代码模型，拿到需求后就开始设计代码模型是不靠谱的。

 ● 领域驱动设计是团队工作。现实中没有一个是严格意义上的领域专家，所有参

与到这项工作的人都可以是领域专家，整个工作可以由技术团队主导，但一定

要落地到产品和业务。

 ● 拥抱变化，持续迭代。模型是相对稳定的，但并非一成不变，业务理解的深

度，抽象的角度与方式，业务的变化都会影响到领域模型，领域模型的建立是

持续迭代的过程。

这里分享几个常见的误区：

 ● 深陷领域驱动设计的概念体系。在代码里生搬硬套领域驱动设计里的概念，比

如聚合根、值对象、实体等，掰扯概念之间的细微差异，设计复杂的领域事件

等。这反而增加理解成本，让系统变得复杂。领域驱动的精髓在于从业务出

发，抽象出业务领域知识，构建概念模型，一步一步将这些概念模型映射成系

统。至于如何采用聚合根、领域服务、实体、值对象、领域事件等，可以灵活

取舍。

 ● 试图通过精心设计来获得领域模型。领域模型不是设计出来的，而是通过战略设

计的几个步骤，从业务中抽象出来的，最重要是理解业务，对业务进行抽象。

 ● 使用了 DDD 就一定会产生好的领域模型的想法也不可取，我们知道飞机怎么

造，但我们不一定能够造出好飞机，但如果我们知道这个方法，可以少走弯路。 

在聊需求的那一刻，设计就开始了，统一语言就是设计的一部分。

解决方案域在模型维度分为四层：

1.	功能模型：产品表达给我们业务的玩法，我们把它变成了用例，从用例里抽取

出功能模型。

2.	概念模型：对功能模型进一步抽象，统一语言，形成概念模型。

3.	代码模型：将概念模型映射为代码模型。



工程　<　95

4.	数据模型：业务数据需要存储，需要设计对应的表结构。

这里有两个陷阱：

1. 看到功能模型后，就开始设计数据模型，考虑数据该怎么创建、怎么更新、

什么时候该删除，沦落为 CRUD boy。

2. 看到功能模型后，就开始考虑操作数据的流程是什么，陷入到事务脚本陷阱。

（对于一些简单的功能，不排斥使用事务脚本，但对于复杂功能，事务脚本的

维护成本非常大）

另外，领域至少可以分为两大类：一是学科型，比如财务、会计、图形学、动力学，

这类系统的设计须先深入理解学科知识；二是实践型，如 CRM、订单交易等，是业

务经验的总结，这类系统的设计不妨参考前人的实践。当然，如果自己的业务具有独

特性，那就只能靠自己摸索了。
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DDD在大众点评交易系统演进中的应用

1  大众点评交易业务介绍

本文主要涉及境外出行、商场团购和内容商业化等三类交易业务场景。在大众点评

App 里，在境外城市站有美食、购物、商场、景点、门票、当地玩乐等频道入口，可

以购买境外出行交易产品，在境内的逛街 / 商场频道可以找到商场团购优惠以及商场

团购代金券。

此外，商家如果有推广需求可以在商家端 App（开店宝 App）“点星”入口购买达人

的创作服务，最终达人交付的笔记，在点评 App 信息流里进行展示。具体来说，境

外出行产品覆盖景点门票、餐厅订座和休闲娱乐；商场团购产品包含普通团单和秒杀

团单，适用于商场的优惠活动；内容商业化产品则允许商家购买达人的图文或视频笔

记，以此来推广自己的服务或产品。
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2  领域驱动设计概述

2.1	什么是领域驱动设计

领域驱动设计是一种软件设计方法，它主要用于处理复杂业务需求。我们可以将其分

解为“领域”、“驱动”和“设计”三个部分来理解。“领域”指的是特定的业务范围

或问题域，如电商、医疗、保险等。确定领域后，我们就能明确核心的业务问题。例

如，在电商中，核心问题可能涉及商品、库存、仓储和物流；在保险领域，则可能关

注投保、承保和理赔等方面。

“设计”在 DDD 中通常指的是领域模型的设计，DDD 强调领域模型是系统的核心，

它反映了业务概念和业务规则。“驱动”有两层含义：一是业务问题域驱动领域建模

的过程；二是领域模型驱动技术实现或代码开发的过程。确保领域模型的准确性是关

键，因为它可以保证代码实现能够真实反映并解决业务的核心问题。

领域驱动设计是一种处理高度复杂领域的设计思想，它通过分离技术实现的复杂性，

围绕业务概念构建领域模型来控制业务的复杂性，以解决软件难以理解、难以演化等

问题。领域驱动设计是一种设计思想，首先体现了分离的思想，它分离了业务复杂性和

技术复杂性，其次体现了分治的思想，它通过领域模型、限界上下文或子域进行分治。

2.2	领域驱动设计核心概念

领域驱动设计涉及到的核心概念非常多，我们重点强调一下“统一语言”和“限界上

下文”。“统一语言”贯穿领域驱动设计从战略设计到战术设计到最后的代码实现全过

程，对于需求分析、知识提炼和最后代码的实现，都是非常重要的。

“限界上下文”是连接问题空间和解决方案空间的桥梁，一方面我们在问题空间分析

问题时，它是语言的边界和模型的边界；另一方面，在解决方案空间我们通过限界上

下文来确定应用的边界和技术的边界，从而帮助我们确定整个系统及各个限界上下文

的解决方案。
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2.3	领域驱动设计的过程

首先，领域驱动设计需要业务、产品、研发以及 QA 共同来参与，应基于对问题域以

及业务愿景的理解，并进行充分讨论而达成统一认知，在这过程中提炼领域知识，并

建立统一语言。同时在领域知识基础上进一步提炼，分解问题域为核心子域、支撑子

域和通用子域，再通过模型驱动设计思想，设计领域模型，通过领域模型连接业务和

系统，并且在模型驱动设计过程中，会有新的认知迭代。通过这些认知迭代进一步丰

富统一语言，因此领域知识是一个不断迭代、螺旋式推进的过程。

3  大众点评交易系统演进

点评交易系统的发展历程从业务视角和技术视角看，分别有三个阶段。从业务视角看：

 ● 第一阶段是单业务线单业务形态阶段，这个阶段我们只支持了境外出行交易业

务场景，包含了预订的业务形态；

 ● 第二个阶段是单业务线多业务形态阶段，业务形态变得更加丰富；

 ● 第三个阶段即多业务线多业务形态阶段。

而从技术视角看，主要是经历了包括简单架构、微服务架构和平台化架构等三个阶段

的演进。
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3.1	简单架构阶段

这个阶段是我们业务和系统起步的阶段，当时我们只支持了预订形态的一两个品类的

交易，整体上相对比较简单，同时我们当时团队的规模也很小，为了快速支持业务上

从 0 到 1 这个过程中不断的探索和试错，我们在技术系统建设的主要思路是按照业务

环节对业务功能模块做了一些简单的划分，从而做到能够快速的迭代和交付。

在这个阶段，我们的系统架构也相对简单，根据业务进行了基础的拆分。具体来说，

接入层分为商家 B 端、商品 C 端和订单 C 端，而服务层则划分为商家、商品和订单

三个部分。整体上采用了传统的 MVC 分层架构。这种架构在项目初期确实展现出了

其优势，即“简单”和“快”。
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然而，随着业务需求的不断增加和变得复杂，系统开始暴露出一些问题，主要可以归

纳为两个方面：

首先，我们采用的是数据驱动设计，通常是先建立数据库表，这导致模型无法直观地

反映业务实际情况。其次，由于采用了传统分层架构，我们将数据库表映射为持久化

对象（PO），然后在服务层通过 CRUD 操作进行过程式编程。这在多个场景下出现

了功能相似但又有所不同的需求时，经常导致重复编写相似的代码，最终造成了逻辑

上的分散，系统整体的内聚性不足。

以订单退款逻辑为例，我们面临着包括订单确认前 / 后退款、履约前 / 后退款等多种

场景，以及需要考虑由用户（买家）、商家（卖家）、客服和系统等不同角色发起的退

款。虽然这些不同场景和角色发起的退款业务逻辑在很大程度上是相似的，但它们之

间也存在一些差异。

在传统的 MVC 架构模式下，由于缺乏对业务领域的深入理解和沉淀，服务间的调用往

往缺乏清晰的结构，导致逻辑交织在一起。此外，研发团队在系统迭代过程中可能没有

足够重视高内聚和低耦合的设计原则。因此，系统内部往往会出现多处重复且相似的

订单退款代码逻辑，这不仅降低了系统的可读性，也给系统的可维护性带来了挑战。  

3.2	微服务化阶段

随着业务品类的增加和业务模式的多样化，我们的业务和系统复杂度迅速上升，团队

规模也相应扩大。这种复杂性主要由三个因素造成：

首先，业务规模的扩张带来了系统规模和代码量的增加；其次，业务需求的累积导致

了系统内部的重复代码、复杂的依赖关系，以及为了满足高可用性和高性能需求而引

入的各种技术组件和并行、异步解决方案；最后，业务需求的频繁变动也增加了系统

的复杂性。

为了应对这些挑战，我们的主要思路是：通过分治的方法来管理软件规模，利用系统

分层和关注点分离的原则来优化系统结构，以及通过隔离变化来应对频繁的需求迭

代。这些策略都是领域驱动设计（DDD）的核心理念，基于此，我们实施了微服务架
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构的拆分，以更好地管理和控制系统复杂性。

在领域驱动设计的落地方法上，我们参照行业实践内容并且结合自身的理解，我们将

DDD 的实施过程划分为以下四个阶段：

 ● 理解问题域：这个阶段的核心是深入分析业务价值、需求以及构建业务概念模

型。产出统一语言和子域划分，确保团队在业务理解上达成共识。

 ● 识别限界上下文：在这一阶段，我们通过组织、业务和应用的边界来确定限界

上下文，并且明确不同上下文间的关系和交互。

 ● 领域建模：包括领域分析、设计建模，以及模型的持续迭代。这个阶段的目标

是构建能够反映业务核心概念和规则的模型。

 ● 模型实现：实现阶段主要依赖于应用分层架构、微服务架构和应用集成，确保

领域模型能够在系统中得到有效实施。
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理解问题域

业务价值分析有助于评估系统的复杂性，并且可以指导我们识别最为关键的业务领

域。业务需求分析是一个关键的知识提炼过程，其中涉及多种方法和工具，例如事件

风暴、四色建模以及用例分析等，我们采用的是相对轻量的用例分析法。

在进行用例分析之前，我们首先需要对业务流程进行细致的分析。这一步骤通过拆解

业务流程和环节，帮助我们发现和识别具体的业务用例。这里简化了交易业务流程的

分析，因为大多数人对电商类业务流程较为熟悉。对于不熟悉的业务领域，我们将需

要进行更深入的业务流程和场景分析。

我们将交易业务流程分为四个主要部分：客户合作流程、商家上单流程、在线交易流

程和资金结算流程。有了这些流程的分解，我们就可以进入到具体的用例分析阶段。
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在用例分析阶段，我们以商家上单流程和在线交易流程为例来说明。在商家上单流程

中，涉及到的主要角色包括商家和运营。商家负责创建新商品、商品上架、商品下

架以及更新商品库存等操作。而运营人员则参与商品审核，包括审核通过、审核驳

回、查看审核列表等关键用例。至于在线交易流程，其参与方主要是买家、商家以及

客服。买家的行为包括购买商品、支付、申请退款和查看订单等，商家则处理订单确

认、发送凭证、核销凭证和订单检索等关键用例。客服则参与售后服务，涉及订单退

款、订单赔付等核心用例。

在完成业务流程和用例分析之后，我们可以根据相关性对问题进行初步分类，并划分

为不同的子域，建立统一语言。为了更好地进行知识提炼，为识别限界上下文和建立

领域模型提供必要的信息，我们需要深入分析每个用例，并制定用例规约来提取关键

概念。

在实际操作中，我们没有严格制定用例规约，而是使用产品需求文档中的描述。在技

术方案设计阶段，我们也会使用类似于时序图和接口描述的方法来详细阐述用例。无

论采用哪种描述方式，关键在于坚持使用统一语言，这对于从描述中提炼出核心概念

至关重要。这样做不仅有助于团队成员之间的沟通，也便于后续的设计和开发工作。 

在业务流程分析、用例分析以及用例规约的制定和编写之后，我们对交易业务的领域
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知识已经有了充分的了解，并构建了相应的概念模型。在这个模型中，销售签约商

家，商家负责商品的创建，用户选择商品进行下单，下单购买过程中可能会使用优

惠，在订单完成之后需要财务介入对商家进行结算。

对这些关键的概念进行归类之后，我们识别出了商家、商品、订单、优惠和结算等几

个子域。这里或许会产生一个疑问：对于我们已经熟悉的领域，是否真的需要经过这

样复杂的分析和提炼过程来划分子域？实际上，对于有经验的架构师而言，确实可以

迅速地完成子域的识别和划分，这也展示了领域驱动设计过程中的一种艺术性。然

而，这些系统性的分析步骤确保了即使是不熟悉领域的团队成员，也能够准确地理解

业务并作出恰当的架构决策。

在问题域分析阶段主要的输出包括两大部分：一是统一语言，二是子域划分。

1. 在统一语言上，通过用例分析我们提炼了商家、买家、商品等统一语言，通

过用例规约的整理对统一语言进行了丰富，包括售卖规则、售卖单元、订单

项等等，我们可以使用这些统一语言进行交流并且用于后面的模型设计和代

码实现。

2. 在子域划分上，我们最终识别出了如图所示的这样几个子域，结合我们在价
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值分析阶段得到的为用户提供一站式服务体验，以及为商家提供一体化售卖

平台的这样的核心价值，我们将商品域和订单域作为核心域进行重点建设。

此外，对于子域的划分方法，可以分别按照业务和组织两个视角来看，从业务视角上

可以按照业务环节或业务方向进行划分，我们使用的其实就是按照业务环节来划分

的，将商家合作到商品上单再到交易和结算的整个业务流程进行阶段划分，按照划分

出来的每个环节确定子领域。

当目标系统为客户提供多个业务方向的产品时，可以根据业务方向进行子领域划分，

比如银行系统可以从储蓄、理财、外汇等几个方向来进行拆分；当目标系统用于企业

的管理时，可以从组织视角按照业务职能部门进行划分。

识别限界上下文

在对问题域进行了充分的分析之后，我们进入了限界上下文识别的阶段。前面提到了

限界上下文的重要性，它是连接问题空间与解决方案空间的重要桥梁。一方面我们在

问题空间分析问题时，它是语言的边界和模型的边界，也就是业务的边界，另外在解

决方案空间我们通过限界上下文来确定应用的边界。

所以我们在限界上下文识别的时候，也主要是从业务边界和应用边界两方面来进行。
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首先我们基于语义相关性和功能相关性对我们在问题域分析阶段所罗列的业务活动进

行归类，优先考虑功能相关性，得到初步的限界上下文划分，在我们交易系统的分析

过程中，这个结果与子域划分结果基本上是一致的。

那么限界上下文具体要到什么粒度呢，这里跟我们的业务复杂度、技术复杂度以及团

队规模有一定的关系，结合我们的实际情况，我们对商品和订单这两个核心域的限界

上下文做进一步的识别和划分。

仔细思考后我们发现，尽管商品和订单是贯穿整个业务流程的核心概念，但在业务流

程的不同阶段涉及不同的参与方和关注点，对应到系统能力上的诉求也不尽相同。

以商品为例，其涉及到商品的创建、审核发布以及用户端的展示销售等环节。在商品

创建阶段，商家关注录单效率和商品制作过程的管理；在审核阶段，运营关注审核需

求和审核效率；而在展示销售阶段，用户关注商品信息、价格库存以及如何做出购买

决策。订单的情形也类似，在购买、履约和售后各个阶段，关注点也有所不同。因

此，我们对商品和订单的限界上下文进行了细分，以确保系统设计能够更精准地满足

各阶段的业务需求。
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限界上下文的识别过程虽然本质上仍然是对问题域拆分和求解的过程，但同时限界上

下文也是应用的边界和技术的边界，所以我们也需要考虑一些质量需求和技术因素，

不过需要注意的是我们仍然要遵循先业务后技术的原则，并且在考虑技术因素时，仍

然要保证领域模型的完整性和一致性。

我们从质量属性、服务集成和功能复用三个方面对限界上下文做进一步的划分，以商

品计算为例，商品计算量大、任务多、规则复杂，为了避免影响正常的商品展示和

售卖，所以从展销上下文进行了拆解。此外，我们的商品和订单都涉及到要与很多

第三方的系统进行对接，这里面将第三方服务的集成划分为单独的直连上下文，从

而隔离三方系统差异对内部商品和订单相关系统带来的变化。在功能复用上，我们

考虑对多个限界上下文都涉及的功能进行提炼，作为单独的一个上下文，比如商家

权限上下文。
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限界上下文封装了按照纵向切分的业务能力，那多个限界上下文如何协作来完成一个

完整的业务场景呢，这就涉及到限界上下文的映射，按照通信集成模式和团队协作模

式来划分，有多种映射关系，这里面我们用到最多的是通过防腐层、开放主机服务和

发布语言三者联动来隔离上下游的变化、维护整个领域模型的稳定性。
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领域建模

在领域建模阶段，我们整体上分为领域分析建模和领域设计建模。首先，主要是对用

例以及用例规约和用户故事进行详细的分析，从中通过名词法和动词法寻找领域概念

来构建我们的领域分析模型。在此基础上，我们基于 DDD 战术设计的元模型，识别

出这些概念中的实体和值对象，并且根据业务规则的不变性设计聚合。

以订单为例，这里是我们简化之后的模型，包括订单、支付单、履约单、凭证以及退

款单这样几个聚合，在存在状态变化时，聚合之间通过领域事件进行协作。

模型实现

在完成限界上下文的识别以及领域模型的设计之后，接下来进入到代码实现阶段，那

我们如何将具体的业务流程或业务活动映射到我们的系统进行代码实现呢。这里我们

首先是从业务视角对业务流程和业务活动进行分层结构化拆解，其实我们之前的用例

分析和用例规约就是这个拆解过程，在拆解之后，我们按照一定的映射关系将其映射

到用户接口、应用服务、领域服务、聚合和端口的实现上。
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最后，我们按照限界上下文划分微服务，服务内部按照分层架构进行实现。整体上基

于关注点分离和 SOLID 原则，分为接入层、应用层、领域层和基础设施层。最终需

要维护领域层的稳定性，对上由接入层和应用层来隔离变化，对下由基础设施层通过

依赖倒置的方式来隔离数据以及外部依赖的差异性和变化。
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3.3	平台化阶段

随着业务的不断发展，出现了商场团购、内容商业化等更多的交易业务场景，在技术

上可以通过平台化的思路将底层系统能力进行复用来提升各业务的支持效率。同时，

DDD 的战略模式也在重点关注组织上如何更好的管理大型业务系统，因此我们可以

结合 DDD 来构建平台领域模型和业务扩展模型，从而更加高效地完成平台化改造。

我们主要以业务最为复杂的境外交易业务作为基础的主领域模型，并按照 DDD 领域

建模过程对商场团购和商业化业务进行拆解得到的领域模型与主领域模型进行映射匹

配，经过同类项识别、归并和重组，得到平台领域模型和各业务的扩展模型。在我们

的实际落地过程中，为了实现在多业务之间进行最大化复用的目标，我们在平台领域

模型的构建上做了进一步的提炼，将平台领域模型拆解为基础领域模型，以及预订业

务模型、团购业务模型等按照业务形态划分的领域模型。

此外，为了提升业务 BP 和平台团队的协作效率，在平台领域模型和业务领域模型划

分的基础上，我们采用了基于插件化的集成开发模式。通过扩展点的定义，由各业务

线在各自的插件包里基于业务扩展模型进行业务定制化实现，再集成平台领域模型和

业务扩展模型，最后实现完整的业务流程和业务场景。
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4  总结和思考

DDD 是一种开放的思想体系，其核心在于通过领域模型的建立来引导整个设计过程。

 ● 第一，本文认为战略设计的重要性可能要高于战术设计，因为它涵盖了对业务

流程和核心概念的理解和组织。

 ● 第二，领域建模是一个动态的、迭代的过程，而非一成不变的瀑布式流程。这

个过程类似于一个建模涡流，从战略设计到战术设计，不断迭代。在战术设计

过程中，如果发现某些方面不合理，就需要对战略设计做出调整。同样，子域

的划分和限界上下文的识别也是动态的，需要根据新的发现不断优化。

 ● 第三，DDD 不强迫采用特定的架构模式，它关注的是业务与技术复杂性是否

得到了有效分离。无论是整洁架构、六边形架构还是传统的 DDD 分层架构，

只要能够实现这一目标，它们都是可行的选择，即便是采用 MVC 分层架构，

只要能够分离业务和技术复杂性，也同样适用。

最后，我们来简要强调一下工程师的思维模型，这些在领域驱动设计（DDD）的实施

过程中也至关重要。一方面，工程师需要培养用户思维、业务思维和产品思维，这有

助于深入理解业务和问题域。基于这样的理解，工程师可以运用结构化思维来分解问
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题，并通过抽象思维来提炼模型。另一方面，结合分层、分治和工程思维，工程师可

以有效地将设计转化为实际的代码实现。

5 参考资料
[1] 《解构领域驱动设计》– 张逸

[2] 《领域驱动设计 - 软件核心复杂性应对之道》– Eric Evans

[3] 《领域驱动设计模式、原理与实践》– Scott Millett, Nick Tune

[4] 《Business Model Generation》– Alexander Osterwalder
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Spark 向量化计算在美团生产环境的实践

1  什么是向量化计算

1.1	并行数据处理：SIMD指令

让我们从一个简单问题开始：假设要实现“数组 a+b 存入 c”，设三个整型数组的长

度都是 100，那么只需将“c[i] = a[i] + b[i]”置于一个 100 次的循环内，代码如下：

void addArrays(const int* a, const int* b, int* c, int num) {
  for (int i = 0; i < num; ++i) {
    c[i] = a[i] + b[i];
  }
}

我们知道：计算在CPU内完成，逻辑计算单元操作寄存器中的数据，算术运算的源

操作数要先放置到CPU的寄存器中，哪怕简单的内存拷贝也需要过CPU寄存器。

所以，完成“c[i] = a[i] + b[i]”需经三步：

1. 加载（Load），从内存加载 2 个源操作数（a[i] 和 b[i]）到 2 个寄存器。

2. 计算（Compute），执行加法指令，作用于 2 个寄存器里的源操作数副本，结

果产生到目标寄存器。

3. 存储（Store），将目标寄存器的数据存入（拷贝）到目标内存位置（c[i]）。

其中，加载和存储对应访存指令（Memory Instruction），计算是算术加指令，循环

执行 100 次上述三步骤，就完成了“数组 a + 数组 b => 数组 c”。该流程即对应传

统的计算架构：单指令单数据（SISD）顺序架构，任意时间点只有一条指令作用于一

条数据流。如果有更宽的寄存器（超机器字长，比如 256 位 16 字节），一次性从源

内存同时加载更多的数据到寄存器，一条指令作用于寄存器 x 和 y，在 x 和 y 的每个

分量（比如 32 位 4 字节）上并行进行加，并将结果存入寄存器 z 的各对应分量，最
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后一次性将寄存器 z 里的内容存入目标内存，那么就能实现单指令并行处理数据的效

果，这就是单指令多数据（SIMD）。

图 1：向量化计算“数组 a+b 存入 c”

单指令多数据对应一类并行架构（现代 CPU 一般都支持 SIMD 执行），单条指令同时

作用于多条数据流，可成倍的提升单核计算能力。SIMD 非常适合计算密集型任务，

它能加速的根本原因是“从一次一个跨越到一次一组，从而实现用更少的指令数完成

同样的计算任务。”

1996 年，Intel 推 出 的 X86 MMX（MultiMedia eXtension）指 令 集 扩 展 可 视 为

SIMD 的 起 点， 随 后 演 进 出 SSE（1999 年）SSE2/3/4/5、AVX（2008）/AVX2

（2013）、AVX512（2017）等扩展指令集。在 linux 系统中可以通过 lscpu 或 cpuid

命令查询 CPU 对向量化指令的支持情况。

1.2	向量化执行框架：数据局部性与运行时开销

执行引擎常规按行处理的方式，存在以下三个问题：

1. CPU Cache 命中率差。一行的多列（字段）数据的内存紧挨在一起，哪怕

只对其中的一个字段做操作，其他字段所占的内存也需要加载进来，这会

抢占稀缺的 Cache 资源。Cache 命失会导致被请求的数据从内存加载进

Cache，等待内存操作完成会导致 CPU 执行指令暂停（Memory Stall），这

会增加延时，还可能浪费内存带宽。
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2. 变长字段影响计算效率。假设一行包括 int、string、int 三列，其中 int 类型

是固定长度，而 string 是变长的（一般表示为 int len + bytes content），变

长列的存在会导致无法通过行号算 offset 做快速定位。

3. 虚函数调用带来额外开销。对一行的多列进行处理通常会封装在一个循环里，

会抽象出一个类似 handle 的接口（C++ 虚函数）用于处理某类型数据，各字

段类型会 override 该 handle 接口。虚函数的调用多一步查表，且无法被内

联，循环内高频调用虚函数的性能影响不可忽视。

图 2：row by row VS blcok by block

因此，要让向量化计算发挥威力，只使用 SIMD 指令还不够，还需要对执行框架层面

进行改造，变 Row By Row 为 Block By Block：

1. 数据按列组织替代按行组织（在 Clickhouse 和 Doris 里叫 Block，Velox 里

叫 Vector），这将提高数据局部性。参与计算的列的多行数据会内存紧凑的

保存在一起，CPU 可以通过预取指令将接下来要处理的数据加载进 Cache，

从而减少 Memory Stall。不参与计算的列的数据不会与被处理的列竞争

Cache，这种内存交互的隔离能提高 Cache 亲和性。

2. 同一列数据在循环里被施加相同的计算，批量迭代将减少函数调用次数，通

过模版能减少虚函数调用，降低运行时开销。针对固定长度类型的列很容易

被并行处理（通过行号 offset 到数据），这样的执行框架也有利于让编译器做
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自动向量化代码生成，显著减少分支，减轻预测失败的惩罚。结合模板，编

译器会为每个实参生成特定实例化代码，避免运行时查找虚函数表，并且由

于编译器知道了具体的类型信息，可以对模板函数进行内联展开。

图 3：向量化执行框架示例

1.3	如何使用向量化计算

1. 自动向量化（Auto-Vectorization）。当循环内没有复杂的条件分支，没有数

据依赖，只调用简单内联函数时，通过编译选项（如 gcc -ftree-vector-

ize、-O3），编译器可以将顺序执行代码翻译成向量化执行代码。可以通过观

察编译 hint 输出和反汇编确定是否生产了向量化代码。

 ○ 编 译 hint 输 出， 编 译：g++ test.cpp -g -O3 -march=native 

-fopt-info-vec-optimized， 执 行 后 有 类 似 输 出“test.cpp:35:21: 

note: loop vectorized”。

 ○ 反汇编，gdb test + (gdb) disassemble /m function_name，看

到一些 v 打头的指令（例如 vmovups、vpaddd、vmovups 等）。

2. 使用封装好的函数库，如 Intel Intrinsic function、xsimd 等。这些软件包

中的内置函数实现都使用了 SIMD 指令进行优化，相当于 high level 地使用

了向量化指令的汇编，详见：https://www.intel.com/content/www/us/en/

docs/intrinsics-guide/index.html。

3. 通过 asm 内嵌向量化汇编，但汇编指令跟 CPU 架构相关，可移植性差。

4. 编译器暗示：

https://www.intel.com/content/www/us/en/docs/intrinsics-guide/index.html
https://www.intel.com/content/www/us/en/docs/intrinsics-guide/index.html
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 ○ 使 用 编 译 指 示 符（Compiler Directive）， 如 Cilk（MIT 开 发 的 用 于 并 行

编程的中间层编程语言和库，它扩展了 C 语言）里的 #pragma simd 和

OpenMP 里的 #pragma omp simd。

 ○ Compiler Hint。通过 __restrict 去修饰指针参数，告诉编译器多个指针指

向不相同不重叠的内存，让编译器放心大胆的去优化。

5. 如果循环内有复杂的逻辑或条件分支，那么将难以向量化处理。

以下是一个向量化版本数组相加的例子，使用 Intel Intrinsic function：

#include <immintrin.h> // 包含 Intrinsic avx版本函数的头文件

void addArraysAVX(const int* a, const int* b, int* c, int num) {
  assert(num % 8 == 0); // 循环遍历数组，步长为 8，因为每个 __m256i可以存储 8个
32位整数
  for (int i = 0; i < num; i += 8) {  
    __m256i v_a = _mm256_load_si256((__m256i*)&a[i]); // 加载数组 a的下一个
8个整数到向量寄存器
    __m256i v_b = _mm256_load_si256((__m256i*)&b[i]); // 加载数组 b的下一个
8个整数到向量寄存器
    __m256i v_c = _mm256_add_epi32(v_a, v_b); // 将两个向量相加，结果存放在向
量寄存器
    _mm256_store_si256((__m256i*)&c[i], v_c); // 将结果向量存储到数组 c的内存
  }
}

int main(int argc, char* argv[]) {
  const int ARRAY_SIZE = 64 * 1024;
  int a[ARRAY_SIZE] __attribute__((aligned(32))); // 按 32字节对齐，满足某些
向量化指令的内存对齐要求
  int b[ARRAY_SIZE] __attribute__((aligned(32)));
  int c[ARRAY_SIZE] __attribute__((aligned(32)));
  srand(time(0));
  for (int i = 0; i < ARRAY_SIZE; ++i) {
    a[i] = rand(); b[i] = rand(); c[i] = 0; // 对数组 a和 b赋随机数初始值
  }

  auto start = std::chrono::high_resolution_clock::now();
  addArraysAVX(a, b, c, ARRAY_SIZE);
  auto end = std::chrono::high_resolution_clock::now();
  std::cout << "addArraysAVX took " << std::chrono::duration_cast<std::
chrono::microseconds>(end - start).count() << " microseconds." << std::
endl;
  return 0;
}
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addArraysAVX 函 数 中 的 _mm256_load_si256、_mm256_add_epi32、_

mm256_store_si256 都是 Intrinsic 库函数，内置函数命名方式是

 ● 操作浮点数：_mm(xxx)_name_PT

 ● 操作整型：_mm(xxx)_name_epUY

其中 (xxx) 代表数据的位数，xxx 为 SIMD 寄存器的位数，若为 128 位则省略，

AVX 提供的 __m256 为 256 位；name 为函数的名字，表示功能；浮点内置函数的

后缀是 PT，其中 P 代表的是对矢量（Packed Data Vector）还是对标量（scalar）

进行操作，T 代表浮点数的类型（若为 s 则为单精度浮点型，若为 d 则为双精度浮

点）；整型内置函数的后缀是 epUY，U 表示整数的类型（若为无符号类型则为 u，否

在为 i），而 Y 为操作的数据类型的位数。

编译：g++ test.cpp -O0 -std=c++11 -mavx2 -o test。选项 -O0 用于禁用优化

（因为开启优化后有可能自动向量化），-mavx2 用于启用 AVX2 指令集。

测试发现：非向量化版本 addArrays 耗时 170 微秒，而使用 Intrinsic 函数的向量化

版本 addArraysAVX 耗时 58 微秒，耗时降为原来的 1/3。

2  为什么要做Spark 向量化计算

从业界发展情况来看，近几年 OLAP 引擎发展迅速，该场景追求极致的查询速

度，向量化技术在 Clickhouse、Doris 等 Native 引擎中得到广泛使用，降本增效

的趋势也逐渐扩展到数仓生产。2022 年 6 月 DataBricks 发表论文《Photon- A 

Fast Query Engine for Lakehouse Systems》，Photon 是 DataBricks Runtime

中 C++ 实 现 的 向 量 化 执 行 引 擎， 相 比 DBR 性 能 平 均 提 升 4 倍， 并 已 应 用 在

Databricks 商业版上，但没有开源。2021 年 Meta 开源 Velox，一个 C++ 实现的

向量化执行库。2022 Databricks Data & AI Summit 上，Intel 与 Kyligence 介绍

了合作开源项目 Gluten，旨在为 Spark SQL 提供 Native Vectorized Execution。

Gluten+Velox 的组合，使 Java 栈的 Spark 也可以像 Doris、Clickhouse 等
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Native 引擎一样发挥向量化执行的性能优势。

从美团内部来看，数仓生产有数万规模计算节点，很多业务决策依赖数据及时产出，

若应用向量化执行技术，在不升级硬件的情况下，既可获得可观的资源节省，也能加

速作业执行，让业务更快看到数据和做出决策。根据 Photon 和 Gluten 的公开数据，

应用向量化 Spark 执行效率至少可以提升一倍，我们在物理机上基于 TPC-H 测试

Gluten+Velox 相 Spark 3.0 也有 1.7 倍性能提升。

图 4：Gluten+Velox 在 TPC-H 上的加速比，来自 Gluten

3  Spark 向量化计算如何在美团实施落地

3.1	整体建设思路

1. 更关注资源节省而不单追求执行加速。Spark 在美团主力场景是离线数仓生

产，与 OLAP 场景不同，时间相对不敏感，但资源（内存为主）基数大成本

敏感。离线计算历史已久，为充分利用存量服务器，我们不能依赖硬件加速

的手段如更多的内存、SSD、高性能网卡。我们评估收益的核心指标是总

「memory*second」降低。

2. 基于 C++/Rust 等 Native 语言而非 Java 进行开发。Java 语言也在向量化

执行方面做尝试，但 JVM 语言对底层控制力弱（如无法直接内嵌 SIMD 汇
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编），再加上 GC 等固有缺陷，还远远谈不上成熟，而系统向的语言（C/C++、

Rust）则成为挖掘 CPU 向量化执行潜能的首选。

3. 可插拔、面向多引擎而非绑定 Spark。虽然面向不同工作负载的各类大数据

引擎层出不穷，但其架构分层则相似，一般包括编程接口、执行计划、调度、

物理执行、容错等，尤其执行算子部分有较多可复用实现。如 Meta 内部主

要大数据引擎有 Presto 和 Spark，建设一个跨引擎的执行库，优化同时支持

Presto 和 Spark 显然是更好的选择；OLAP 引擎向量化计算本身就是标配；

流计算引擎出于性能考虑，也可以攒批而非一条条处理数据（mini batch），

因此向量化执行也有性能提升空间。我们认为面向不同场景设计的大数据引

擎，有可能共用同一个高性能向量化执行库。

4. 使用开源方案而非完全自研。Spark 有几百个 function 和 operator，向量化

改造的工作量巨大，从性能、完成度、适配成本、是否支持多引擎、社区的

活跃度等方面综合考虑，我们最终选择了 Gluten+Velox 的方案。

5. 迁移过程对用户透明，保证数据一致。Spark 的几百个 function 和 operator

都要通过 C++ 重新实现，同时还涉及 Spark、Gluten、Velox 版本变化，很

容易实现出现偏差导致计算结果不一致的情况。我们开发了一个用于升级验

证的黑盒测试工具（ETL Blackbox Test），可以将一个作业运行在不同版本

的执行引擎上进行端到端验证，包括执行时间、内存及 CPU 资源使用情况、

作业数据的对比结果（通过对比两次执行的行数，以及每一列所有数据 md5

的加和值来确定数据是否一致）。

3.2	Spark+Gluten+Velox 计算流程

通过 Spark 的 plugin 功能，Gluten 将 Spark 和向量化执行引擎（Native backend，

如 Velox） 连 接 起 来， 分 为 Driver plugin 和 Executor Plugin。 在 Driver 端，

SparkContext 初 始 化 时，Gluten 的 一 系 列 规 则（如 ColumnarOverrideRules）

通过 Spark Extensions 注入，这些规则会对 Spark 的执行计划进行校验，并把

Gluten 支持的算子转换成向量化算子（如 FileScan 会转换成 NativeFileScan），不
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能转换的算子上报 Fallback 的原因，并在回退的部分插入 Column2Row、Row-

2Column 算子，生成 Substrait 执行计划。在 Executor 端，接收到 Driver 侧的

LaunchTask RPC 消息传输的 Substrait 执行计划后，再转换成 Native backend

的执行计划，最终通过 JNI 调用 Native backend 执行。

Gluten 希望能尽可能多的复用原有的 Spark 逻辑，只是把计算部分转到性能更高的

向量化算子上，如作业提交、SQL 解析、执行计划的生成及优化、资源申请、任务

调度等行为都还由 Spark 控制。

图 5：Spark+Gluten+Velox 架构图

3.3	阶段划分

在 我 们 开 始 Spark 向 量 化 项 目 时， 开 源 版 本 的 Gluten 和 Velox 还 没 有 在 业 界

Spark 生产环境大规模实践过，为了降低风险最小代价验证可行性，我们把落地过程

分为以下五个阶段逐步进行：

1.	软硬件适配情况确认。Velox 要 求 CPU 支 持 bmi、bmi2、f16c、avx、

avx2、sse 指令集，需要先确定服务器是否支持；在生产环境运行 TPC-DS

或者 TPC-H 测试，验证理论收益；公司内部版本适配，编译运行，跑通典
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型任务。当时 Gluten 只支持 Spark3.2 和 Spark3.3，考虑到 Spark 版本升

级成本更高，我们暂时将相关 patch 反打到 Spark3.0 上。这个阶段我们解

决了大量编译失败问题，建议用社区推荐的 OS，在容器中编译 & 运行；如果

要在物理机上运行，需要把相关依赖部署到各个节点，或者使用静态链接的

方式（开启 vcpkg）。

cat /proc/cpuinfo | grep --color -wE "bmi|bmi2|f16c|avx|avx2|sse"

1.	稳定性验证。确定测试集，完善稳定运行需要的 feature，以达到比较高的测

试通过率，包括支持 ORC、Remote shuffle、HDFS 适配、堆内堆外的内

存配置等。本阶段将测试通过率从不足 30% 提升到 90% 左右。

2.	性能收益验证。由于向量化版本和原生 Spark 分别使用堆外内存和堆内内

存，引入翻倍内存的配置，以及一些高性能 feature 支持不完善，一开始生产

环境测试性能结果不及预期。我们逐个分析解决问题，包括参数对齐、去掉

arrow 中间数据转换、shuffle batch fetch、Native HDFS 客户端优化、使

用 jemelloc、算子优化、内存配置优化、HBO 适配等。本阶段将平均资源节

省从 -70% 提升到 40% 以上。

3.	一致性验证。主要是问题修复，对所有非 SLA 作业进行大规模测试，筛选出

稳定运行、数据完全一致、有正收益的作业。

4.	灰度上线。将向量化执行环境发布到所有服务器，对符合条件的作业分批上

线，增加监控报表，收集收益，对性能不及预期、发生数据不一致的作业及

时回退原生 Spark 上。此过程用户无感知。

整个实施过程中，我们通过收益转化漏斗找到收益最大的优化点，指导项目迭代。下

图为 2023 年某一时期的相邻转化情况。
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图 6：Spark 向量化项目收益转化漏斗图

4  美团 Spark 向量化计算遇到的挑战

4.1	稳定性问题

1.	聚合时 Shuffle 阶段 OOM。在 Spark 中，Aggregation 一般包括 Partial 

Aggregation、Shuffle、Final Aggregation 三 个 阶 段，Partial Aggrega-

tion 在 Mapper 端预聚合以降低 Shuffle 数据量，加速聚合过程、避免数据

倾斜。Aggregation 需要维护中间状态，如果 Partial Aggregation 占用的

内存超过一定阈值，就会提前触发 Flush 同时后续输入数据跳过此阶段，直

接 进 入 ShuffleWrite 流 程。Gluten 使 用 Velox 默 认 配 置 的 Flush 内 存 阈

值（Spark 堆外内存 *75%），由于 Velox 里 Spill 功能还不够完善（Partial 

Aggregation 不支持 Spill），这样大作业场景，后续 ShuffleWrite 流程可能

没有足够的内存可以使用 ( 可用内存 <25%*Spark 堆外内存 )，会引起作业

OOM。我们采用的策略是通过在 Gluten 侧调低 Velox Partial Aggregation

的 Flush 阈值，来降低 Partial Aggregation 阶段的内存占用，避免大作

业 OOM。这个方案在可以让大作业运行通过，但是理论上提前触发 Partial 
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Aggergation Flush 会降低 Partial Aggretation 的效果。更合理的方案是

Partial Aggregation 支持 Spill 功能，Gluten 和 Velox 社区也一直在完善对

向量化算子 Spill 功能的支持。

2.	SIMD指令 crash。Velox 对数据复制做了优化，如果该类型对象是 128bit

（比如 LongDecimal 类型），会通过 SIMD 指令用于数据复制以提升性能。如

下图所示，Velox 库的 FlatVector<T>::copyValuesAndNulls() 函数里的一

行赋值会调用 T::operator=()，调用的 movaps 指令必须作用于 16B 对齐的

地址，不满足对齐要求会 crash。我们在测试中复现了 crash，通过日志确

定有未按 16B 对齐的地址出现。无论是 Velox 内存池还是 Gluten 内存池分

配内存都强制做了 16B 对齐，最终确认是 Arrow 内存池分配出的地址没对齐

（Gluten 用了三方库 Arrow）。这个问题可以通过为 LongDecimal 类型重载

operator= 操作符修复，但这样做可能影响性能，也不彻底，因为不能排除

还有其他 128bit 类型对象存在。最终我们与 Gluten 社区修改了 Arrow 内存

分配策略，强制 16B 对齐。

图 7：Crash 代码示例

4.2	支持ORC并优化读写性能

Velox 的 DWIO 模块原生只支持 DWRF 和 Parquet 两种数据格式，美团大部分表

都是基于 ORC 格式进行存储的。DWRF 文件格式是 Meta 内部所采用的 ORC 分

支版本，其文件结构与 ORC 相似，比如针对 ORC 文件的不同区域，可通过复用
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DWRF 的 Reader 来完成相关数据内容的读取。

图 8：Dwrf 文件格式

 ● DwrfReader：用于读取文件层面的元数据信息，包括 PostScript、Footer 和

Header。

 ● DwrfRowReader： 用 来 读 取 StripeFooter， 以 便 确 定 每 个 column 的

Stream 位置。

 ● FormatData：用来读取 StripeIndex，从而确定每个 RowGroup 的位置区间。

 ● ColumnReader：用来读取 StripeData，完成不同 column 的数据抽取。

我们完善了 Velox ORC 格式的支持，并对读取链路做了优化，主要工作包括：
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1. 支 持 RLEv2 解 码（Velox-5443）并 在 解 码 过 程 中 完 成 Filter 下 推（Ve-

lox-6647）。我们将 Apache RLEv2 解码逻辑移植到了 Velox，通过 BMI2

指令集来加速 varint 解码过程中的位运算，并在解码过程中下推过滤不必要

的数据。

2. 支持 Decimal 数据类型（Velox-5837）以及该数据类型的 Filter 下推处理

（Velox-6240）。

3. ORC 文件句柄复用以降低 HDFS 的 NN 处理压力（Velox-6140）。出于线

程安全层面的考虑，HdfsReadFile 每次 pread 都会开启一个新文件句柄来

做 seek+read，客户端会向 NameNode 发送大量 open 请求，加重 HDFS

的压力。我们通过将文件的读取句柄在内部做复用处理（thread_local 模式），

减少向 NN 发送的 open 请求。

4. 使用 ISA-L 加速 ORC 文件解压缩。我们对 ORC 文件读取耗时 trace 分析

得出，zlib 解压缩占总耗时 60%，解码占 30%，IO 和其他仅占 10%，解压

效率对 ORC 文件读取性能很关键。为此，我们对 ZlibDecompressor 做了

重构，引入 Intel 的解压缩向量化库 ISA-L 来加速解压缩过程。

基于这些优化，改造后的 Velox 版 ORC Reader 读取时间减少一半，性能提升一倍。

图 9：Apache ORC 与改造后的 Velox ORC 读取性能对比，上为 Apache ORC

4.3	Native	HDFS客户端优化

首先介绍一下 HDFS C++ 客户端对 ORC 文件读取某一列数据的过程。第一步，读

取文件的最后一个字节来确定 PostScript 长度，读取 PostScript 内容；第二步，通

过 PostScript 确定 Footer 的存储位置，读取 Footer 内容；第三步，通过 Footer

确定每个 Stripe 的元数据信息，读取 StripeFooter；第四步，通过 StripeFooter 确

定每个 Column 的 Stream 位置，读取需要的 Stream 数据。
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图 10：ORC 文件读取过程

在生产环境测试中，我们定位到两个数据读取相关的性能问题：

1.	小数据量随机读放大。客户端想要读取 [offset ~ readEnd] 区间内的数据，

发送给 DN 的实际读取区间却是 [offset ~ endOfCurBlock]，导致 [readEnd 

~ endOfCurBlock] 这部分数据做了无效读取。这样设计主要是为了优化顺序

读场景，通过预读来加快后续访问，然而针对随机读场景（小数据量下比较普

遍），该方式却适得其反，因为预读出的数据很难被后续使用，增加了读放大

行为。我们优化为客户端只向 DN 传递需要读取的数据区间，DN 侧不提前预

取，只返回客户端需要的数据。

图 11：读放大过程示意图

2.	DN慢节点导致作业运行时间变长。我们发现很多大作业的 HDFS 长尾耗时

非常高，HDFS 的平均 read 时延只有 10ms 左右，P99.99 时延却达到了 6

秒，耗时最长的请求甚至达到了 5 分钟，但在不启用 EC 场景下，HDFS 的

每个 block 会有三副本，完全可以切换到空闲 DN 访问。为此我们对客户端

的读请求链路做了重新的设计与调整，实时监测每个 DN 的负载情况，基于

P99.9 分位请求时延判定慢节点，并将读请求路由到负载较低的 DN 上面。
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HDFS Native 客户端读优化之后，平均读写延迟降低了 2/3，吞吐提升 2 倍。

4.4	Shuffle 重构

Gluten 在 shuffle 策略的支持上，没有预留好接口，每新增一种 shuffle 模式需要较

大改动。美团有自研的 Shuffle Service，其他公司也可能有自己的 Shuffle Service

（如 Celeborn），为了更好适配多种 shuffle 模式，我们提议对 shuffle 接口重新梳

理，并主导了此讨论和设计。

Gluten 中的 shuffle 抽象第一层是数据格式（Velox 是 RowVector，Gluten 引入的

Arrow 是 RecordBatch），第二层是分区方式（RoundRobin、SinglePart、Hash、

Range）， 如 果 要 支 持 新 shuffle 模 式（local、remote）， 需 要 实 现 2*4*2=16 个

writer，将会有大量冗余代码。分区具体实现应该与数据格式和 shuffle 模式无关，

我们用组合模式替代继承模式。另外，我们在 shuffle 中直接支持了 RowVector，

避免 Velox 和 Arrow 对应数据类型之间的额外转换开销。
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图 12：重构前后 shuffle 模块 UML 对比

4.5	适配HBO

HBO（Historical Based Optimization）是通过作业历史运行过程中资源的实际使用

量，来预测作业下一次运行需要的资源并设置资源相关参数的一种优化手段。美团过

去在原生 Spark 上通过调配堆内内存取得了 8% 左右的内存资源节省。



132　>　2024年美团技术年货

Gluten 主要使用堆外内存（off-heap），这与原生 Spark 主要使用堆内内存（on-

heap）不同。初期出于稳定性考虑 Gluten 和原生 Spark 的运行参数整体一致，总内

存大小相同，Gluten off-heap 占比 75%， on-heap 占比 25%。这样配置既会导致

内存利用率不高（原生 Spark 的内存使用率 58%，向量化版作业内存使用率 38%），

也会使一部分作业 on-heap 内存配置偏低，在算子回退时导致任务 OOM。

我们把 HBO 策略推广到堆外内存，向量化计算的内存节省比例从 30% 提升到

40%，由于 heap 内存配置不合理的 OOM 问题全部消除。

图 13：HBO 流程图

4.6	一致性问题

1.	低版本ORC数据丢失。hive-0.13 之前使用的 ORC，Footer 信息不包含

列名，只有 ID 用来表示第几列（如 Col1, Col2…）。Velox TableScan 算子

在扫表的时候，如果下推的 Filter 里包含 IsNotNull(A)，会根据列名 A 查找

该列数据，由于无法匹配到列名，会误判空文件，导致数据缺失。Spark 在

生成读 ORC 表的执行计划时，通过访问 HiveMetaStore 得到表的 Schema

信息，并在物理算子 FileSourceScanExec 中保存了表的 Schema 信息。

Gluten 对该算子进行 doTransform() 转换时，会把表的 Schema 信息序

列化到 Substrait 的 ReadRel 里。接下来的 Substrait 计划转 Velox 计划
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阶段，我们把表的 Schema 信息传给 Velox 的 HiveTableHandle，在构造

Velox 的 DwrfReader 时修正 ORC 文件 Footer 里的 Schema 信息（如果

Footer 的 Schema 不包含列名，就读取表 Schema 里的对应列的名称进行

赋值），解决了这个问题。

2.	count	distinct结果错误。比如这样一条 SQL：select A, B, count(dis-

tinct userId), sum(amt) from t group by 1,2 ，Gluten 会

把 count(distinct userId) 变 为 count(userId)， 通 过 把 userId 加 到

GroupingKey 里来实现 distinct 语义。具体处理过程如下：

表 1：示例 SQL 在 Spark 中的处理步骤

在第 3 步的 Intermediate Aggregation 中，为了节省内存和加速执行，当 Velox

的 HashAggregate 算子满足触发 Flush 的条件时（HashTable 内存占用超过阈值

或者聚合效果低于阈值），Velox 会标记 partialFull=true，触发 Flush 操作（计算

HashTable 里已经缓存数据的 Intermediate Result），并且后续输入的数据不再执

行 Intermediate Aggregation 的计算，直接进入第 4 步的 Partial Aggregation。

如果后续输入的数据里包含重复的 userId，count(userId) 会因为去重不彻底而结果

错误。我们短期的修复方案是禁用 Intermediate Aggregation 的提前 Flush 功能，
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直到所有数据都输入之后再获取该阶段的聚合结果。

这个方案的弊端有两个：1）HashTable 的内存占用会变大，需要同时开启 Hash-

Aggregate 算子的 Spill 功能避免 OOM；2）直接修改了 Velox 的 HashAggregate

算子内部代码，从 Velox 自身的角度来看，没有单独针对 Distinct 相关的聚合做处

理，随着后续迭代，可能影响所有用到 Intermediate Aggregation 的聚合过程。

鉴 于 此，Gluten 社 区 提 供 了 一 个 更 加 均 衡 的 解 决 方 案， 针 对 这 类 Distinct 

Aggregation，生成执行计划时，Spark 的 Partial Merge Aggregation 不再生成

Intermediate Aggregation，改为生成 Final Aggregation（不会提前 flush、不使用

merge_sum），同时配合聚合函数的 Partial Companion 函数来返回 Intermediate

结 果。 这 样 就 从 执 行 计 划 转 换 策 略 层 面 规 避 这 个 问 题， 避 免 对 Velox 里 Final 

Aggregation 内部代码做过多的改动。

1.	浮点类型转换精度错误。形如查询 SELECT concat(col2, cast(max-

(col1) as string)) FROM (VALUES (CAST(5.08 AS FLOAT), 

'abc_')) AS tab(col1, col2) group by col2; 在 Spark 中返回

abc_5.08，在 Gluten 中返回 abc_5.079999923706055。浮点数 5.08 不

能用二进制分数精确表达，近似表示成 5.0799999237060546875。Velox

通过函数 folly::to<std::string>(T val) 来实现 float 类型到 string

类型的转换，这个函数底层依赖开源库 google::double-conversion, folly

里默认设置了输出宽度参数 DoubleToStringConverter::SHORTEST(可

以准确表示 double 类型的最小宽度 )，转换时经过四舍五入之后返回 

5.079999923706055。 我 们 把 宽 度 参 数 改 为 DoubleToStringCon-

verter::SHORTEST_SINGLE( 可以准确表示 float 类型的最小宽度 )，

转换时经过四舍五入之后返回 5.08。

5  上线效果

我们已上线了 2 万多 ETL 作业，平均内存资源节省 40%+，平均执行时间减少
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13%，证明 Gluten+Velox 的向量化计算方案生产可行。向量化计算除了能提高计算

效率，也能提高读写数据的效率，如某个作业的 Input 数据有 30TB，过去需要执行

7 小时，绝大部份时间花在了读数据和解压缩上面。使用向量化引擎后，因为上文提

到的 ISA-L 解压缩优化，列转行的开销节省，以及 HDFS Native 客户端优化，执

行时间减少到 2 小时内。

图 14：上线优化效果

6  未来规划

我们已上线向量化计算的 Spark 任务只是小部分，计划 2024 年能让绝大部分的

SQL 任务运行在向量化引擎上。

6.1	Spark 向量化之后对开源社区的跟进策略

Spark、Gluten、Velox 三个社区各有自己考虑和版本发布节奏，从一个社区到多个

社区的引擎维护复杂度上升。我们的应对有二，一是计算引擎有不同层次，Spark 升

级主要考虑功能语义实现、执行计划、资源和 task 调度，Gluten 和 Velox 的升级主

要考虑物理算子性能优化，各取所长；二是尽量减少和社区的差异，公司内部适配只

在 Spark 中实现，公司内的 UDF 以 git submodule 形式单独维护。

1. 升级到 Spark3.5。Gluten 最低支持的 Spark 版本为 3.2，23 年我们为了降

低验证成本，选择在 Spark3.0 兼容 Gluten，但继续升级迭代成本比较高，
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在推广之前，应该升级到更新的 Spark 版本。Spark3.5 将会是 Gluten 社

区对 Spark3.x 上长期支持的稳定版本。高版本 Spark 也有一些额外收益，

我们基于 TPC-H 实测，Spark3.5 相比 Spark3.0，「memory*second」减少

40%，执行时间减少 17%，根据之前升级经验，生产环境大约能达到一半效果。

2. 保持 Spark 版本长期稳定。高版本 Spark 对 Hadoop 版本的升级迭代带来

比较高适配成本，内部迭代的 feature 也有比较高的迁移成本，因此我们平均

3 年才会升级一次 Spark 版本，更多是将需要的 feature 合并到内部分支。

3. 快速跟进 Gluten/Velox 新版本。升级到 Spark3.5 之后，我们内部 Spark

版本与 Gluten 社区的兼容性成本很低，并且向量化相关 feature 还会持续迭

代，预计每半年可升级一次线上版本。

6.2	提升向量化覆盖率的策略

1. 扩大向量化算子和 UDF 范围。我们整理了影响权重最高的几十个算子回退

问题与 Gluten 社区一起解决，对于大量内部 UDF，则会探索用大模型来将

UDF 批量改写为 C++ 版本的向量化实现。

2. 扩大 File format 支持向量化范围。美团内部有约 20% 的表为 textfile 格式，

还有接近 10% 的表使用内部开发的 format，只能按行读取也不支持下推，

加上行转列都会有额外性能开销，影响最终效果。我们将会把 textfile 全部转

为 ORC，为自研 format 提供 C++ 客户端，进一步提升向量化计算性能。

7  致谢
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大前端	|	如何突破动态化容器的天花板？

本文整理自美团技术沙龙第 83 期《前端新动向》（B 站视频）。长久以来，容器要实

现动态化和双端复用，难免要牺牲掉一些性能。有没有办法让动态化容器的性能尽

可能接近原生？美团金服大前端团队给出了一种解决方案，尝试突破动态化容器的

天花板。

1  动态化容器的天花板

自 2015 年 React Native 推出至今 9 年时间，各类容器（动态化容器简称，下同）

方案已经成为业界前端的普遍选择。业界有微信（小程序）、抖音（Lynx）、拼多多

（Lego）、支付宝（Nebula/BirdNest）、京东（Taro-Native）等。美团也有 MRN、

MMP/MSC 等容器。可以说容器是前端工程的关键基石，也是绕不开的话题。

过去我们做动态化改造主要为了解决以下问题：

1.	降研发成本：通过容器将多端合一，避免一个需求在每个端重复开发，以改善

研发成本结构。随着 HarmonyOS NEXT 的推广，这个优势将变得更大。

2.	增部署效率：通过动态发布避开 App 集中集成，使得业务在移动端上可以独

立部署和发布、实现 211 迭代，提升业务迭代面客效率。

然而凡事有利必有弊，有用必有费。动态化容器在解决上述问题的同时也带来以下问题：

1.	降低页面成功：动态化容器引入了动态部署、解释器等更多的环节。在增加整

体复杂度的同时，更多的环节也带来了更多的错误和计算开销，具体体现在

页面白屏和页面加载耗时增加上。

2.	牺牲用户体验：动态化容器需要更多的硬件算力，相同的业务复杂度下，容

器化页面相较原生页面更慢、更卡、不流畅，这在下沉市场设备上更为突出，

卡顿甚至成为卡死。

https://www.bilibili.com/video/BV1aGHMeWEAx/?spm_id_from=333.788&vd_source=aea2a93491bea0d72f7e5b8a79085d70
https://en.wikipedia.org/wiki/React_Native
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动态化容器的绝对天花板是原生应用，目前事实天花板是 React Native/WebView。

定性地看前端容器天花板的问题，这里引述我们美团容器界的一位前辈的理论：性

能、效能、动态化是动态化容器的不可能三角（下图左）。现有的通用的容器方案都是

在这三个维度做“三选二”。

定量地看动态化容器，下图（右）展示了一个 3000 个相同视图节点的简单 Bench-

mark 页面。没有额外逻辑，也没有网络请求，以 React Native 为例，在同一台设

备上，在 React Native 上做一个这个页面，动态化页面加载耗时大约是 Native 原生

页面的 5 倍。
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这个测试结果不一定容易接受，但是很好理解。在相同的业务复杂度下，动态化容器

为了实现动态化，引入了一个逻辑解释器，增加了解释执行和与解释器通信的额外计

算开销，这就是动态化页面性能表现差的主要原因。既享受动态化的好处，又不牺牲

用户性能体验，只在现有的方案上做选择是不可能达到的。不过金服大前端团队在这

个问题上却是取得了一些实质性进展。

先说一下我们目前取得的成果：美团金服前端团队做了一个新的容器 Recce，然后在

同样的测试页中，我们将执行业务逻辑部分的速度提升了 8 倍，整体的页面加载速度

提升了一倍。而在实际的业务中，页面加载速度也实现了 3 倍的提升，在兼顾动态化

和效能的前提下，实现了性能的大跨步提升，性能表现接近 Native 原生。下文将重

点介绍 Recce 具体是怎么实现的，希望能够给大家提供一些帮助或借鉴。

2  容器分类及前期思考

首先，当我们计划做一个容器之前，需要先对现有容器建立基本的认识。

前端容器最重要部分之一在于绘制图形界面以完成人机交互，现有主要容器方案按照

绘制方式可归纳为下列三类：

 ● 第一类可以称为基于 Web 的方案，这类的共同特点就是调用 WebView， 通过

JavaScript 和 CSS 去绘制页面，然后通过 Web 提供的接口去和宿主通信。
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 ● 第二类称之为“自己绘制”，它会调用更底层的 OpenGL 等图形的绘制框架，

同时也会有自己的一套方案和语言去标记和编写自己的这些页面。

 ● 第三类则是去调用系统的 UI 框架，就是基于平台提供的 UI 框架去进行绘制，

和第二种的区别是，会有一层抹平平台差异的平台抽象层。

对现有的容器再做进一步的结构分解，方便我们对不同容器方案之间做对比，这里拆

分为四层：

 ● 第一层，也就是最上层的 UI 框架，跟我们直接平时写的代码相关，它会直接

决定业务代码的样子。

 ● 第二层，其作用就像它的名字一样，也就是运行时支持，为运行 UI 框架提供

支持，在这里会有解释器或者是标准库之类的东西。

 ● 第三层，会对不同平台去做一层不同的抽象，比如像 RN 会对视图操作之类的

统一为相同概念和统一接口。

 ● 第四层，渲染层，对应着不同分类选择的各自的渲染的方式。
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那么下面，我们就会基于上图对现有容器这个分类和结构为认知基础，结合之前影响

容器性能表现最大的因素在于逻辑解释器执行效率和逻辑解释器通信效率这个认知，

再去考虑实现一个满足性能、安全、动态化的容器方案该怎么做。

3  Recce的选型与搭建

所以如何选择 UI 框架、运行时支持、平台抽象层、渲染层 来实现一个高性能、安全

的动态化容器呢。首先把渲染层放到最后，因为渲染层作为最底层并不影响上层选
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型。然后我们首先讨论运行时支持怎么选，准确的说是解释器和编程语言怎么选，因

为编程语言会影响上层 UI 框架，而解释器也影响到平台抽象层中的通信部分，所以

接下来的讨论顺序是：解释器&编程语言、UI 框架、渲染层以及整体架构这四部分。

3.1	解释器&编程语言的选择

解释器以Wasm为主，	JavaScript 为辅

前文也提到，我们期望能获得一个既能满足性能，又安全，同时还可以动态化这样的

一个方案。既然必须动态化，就必须有逻辑解释器 [1]，问题就变成了怎样选一个性能

好且安全的解释器，并且成本在可接受范围。现成的解释器还是不少的，前端范畴

有 V8、JavaScriptCore、QuickJS 等 JavaScript 解释器，有符合 WebAssembly

（后简称 Wasm） 规范的 Wasmer、WasmEdge[2]；大家日常工作中会接触到的 

Ruby、Python；还有游戏行业用的比较多的 Lua、C#[3]。

首先可以排除掉 Ruby 和 Python 这两个语言和解释器，无论是性能还是生态都不如

JavaScript。Lua 和 C# 也可以排除，主要是游戏生态和前端差距太远，晚饭想吃炸

鸡，中午才开始孵蛋显然就来不及了。在 JavaScript 解释器和 Wasm 解释器两个

大范围里，Wasm 解释器在性能和安全上较 JavaScript 解释器有决定性优势，生态

上较 JavaScript 略差，但都在 W3C 标准范围内，一样可以运行在 H5 和小程序里，

“晚饭想吃炸鸡，中午开始杀鸡还是来得及的”。

所以在解释器的选型上，就确定了 Wasm 解释器为主，JavaScript 为辅的基本策

略。而 Wasm 解释器具体选择是 Wasm3，原因有两方面：第一，这是在不支持

JIT[4] 下最快的 Wasm 解释器；第二，对包大小占用非常少。

编程语言选择

在确定了 Wasm 解释器之后，编程语言的选择就变成了，在支持 Wasm 的语言里

选择性能、安全和成本最优的。理论上可以编译成 WebAssembly 执行的语言非常

之多，但真正成熟到可以上生产环境的只有 C、C++、Rust、Go 这四种 [5]。首先可

以先排除掉 C，虽然性能好但是不支持高级抽象只适合用在嵌入式等极端场景，不适

https://github.com/wasmerio/wasmer
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合用来前端写业务。然后可以排除 C++，性能表现上 C++ 和 Rust 不相上下都好过

Go，但是错误管理和内存安全上输 Rust 一筹，并且 C++ 在前端业务层也是生态基

本为零，不像 Rust 在前端生态发展迅猛。最后可以排除 Go，在性能表现上、类型

系统设计、错误管理、还有前端生态上都输 Rust 一筹。

综上所述，在运行时我们就选择了 Rust 和 Wasm3，JavaScript 和 QuickJS 后面

再进行介绍。
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3.2	UI	框架

用 JavaScript/QuickJS 的部分可以复用 Vue 或者 React，这些先不提。用 Rust

则必须要为运行时的上层设计一套 UI 框架，确定应该怎么样编写页面。这项工作的

挑战在于，它并不像 JavaScript 生态，有多年的积累可供参考或复用，比如经典的

React 和 Vue。当然好处在于也没有历史包袱，所以必须要结合 Rust 语言的特点才

能更好地完成这个任务。

UI 框架大抵需要做到三点：（1）提供声明式 DSL 方便前端研发描述界面；（2）提供

组件封装和状态管理能力完成业务逻辑和用户交互的衔接；（3）性能卓越。其中（1）

和（2）在 JavaScript 生态中已经都有实现，（3）则未必，否则也不会有几十种 Web 

UI 框架并存这种局面。这个问题难在如何用 Rust 这门强类型纯静态语言去实现

JavaScript 弱类型动态语言实现的功能，并且要维持 Rust 零开销抽象的优势。

为了解决这个问题，我们参考了 GitHub 上开源的各种框架。一方面参考了 Dioxus

的 DSL 设计和 UI 封装，另一方面也保持了 Rust-Dominator 观察者模式订阅变更

的更新效率，我们将这两个优点合并到一起，就得到了 Recce UI，就其特点，没有 

Diff，也没有 VDOM，跟 SolidJS 一样实现真正的订阅，我们也尽可能地去保证可以

高效地构建 UI。下图中的表格对应的就是一些 Web 项目下的性能对比，这个也并没
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有直接对应到具体实践的容器上，因为我们也做了一个类似 Native 渲染的东西，所

以这个表格对我们来说具备很好的参考价值，至少可以看到 Dominator 的更新效率

还是很不错的。

3.3	渲染层

渲染层的选择则相对简单，如前述归纳实现一个渲染层大致三种方式：复用 Web-

View、自建渲染绘制器、调用系统 UI 框架。

1.	复用WebView：如果追求高性能，这条路就不通，复用 WebView 意味着

渲染指令 / 视图树 要用低效的方式以 WebView 的 JsCore 为跳板再去驱动

WebCore 做渲染。这和高性能就南辕北辙，还不如纯 H5 性能表现好。

2.	自建渲染绘制器：这条路技术上是行得通的，但目前走不得：第一，从代码量

上看 Chromium 内核有数百万行 C++，考虑到跨平台兼容则过千万行代码，

这个规模和复杂度是超过美团 App 本身，即使照着写一遍，没有数十名 C++

专家投入三五年之功是看不到成效的。第二，当世只有 Google 和 Apple 有

这个能力做成 WebView。FireFox 的新浏览器计划半途而废，微软则直接放

弃转投 Chromium。
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3.	调用系统UI 框架：类似 RN 的方式，研发成本上是我们能接受的；渲染样式

虽然没有 WebView 的 CSS 全，但是 Flex 足够支撑业务需求了，且保持是

W3C 的严格子集；RN 在性能上的问题主要出在通信层上，这个我们可以解

决掉；最后也是最重要的是这个选择不是一个单向门，假如我们获得了驾驭

blink[6] 能力，那么就可以很低的成本平滑切换到 blink 上。

所以渲染层就是复用了 React Native 的 Native 部分，我们决定要站在这个“巨人”

的肩膀上开始行动。毕竟 React Native 已经提供了非常优秀的组件封装，同时它也

解决了 Android 和 iOS 在渲染层面的差异，因为这些接口基本上都是在系统 UI 下进

行封装的，所以我们有理由相信这些接口本身的性能是良好的。

然后，剩下的问题就是设置属性、传递属性等成本，它们在实践的过程中，通常会成

为页面渲染的一个瓶颈，事实上 React Native 也正在解决这个问题。基于此，我们

决定保留下来 React Native 的 UIManager 的增、删、改等概念，以及 Yoga 布局，

还有视图组件的封装，我们将这些保留了下来。后面，我们还会再讨论为什么没有使

用 React Native 当前的属性转换的方式，这里不再展开讨论。
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3.4	整体架构

最终，Recce 的概览如下图所示。这里重点讲下先前没有提及的 Recce Host 平台

抽象层，这一层我们主要做了两件事：第一件，属性设置优化（或者叫渲染通信优

化）；第二件，平台抽象。

属性设置优化后文会详细介绍，这里只说平台抽象。我们结合 WebIDL 的设计和

LLVM 的架构理解，在平台抽象层上下都实现了标准接口。类似 llvm 的 MIR 使

得编译器前端和编译器后端可以独立迭代和接入，平台抽象层的标准接口设计使

得只要遵循渲染指令标准的解释器或者渲染器都可以很容易接入。这就是我们很

容易把 QuickJS + Vue/React 支持了的原因。Recce-js 可以使线上的大部分以

JavaScript 为主的前端页面获得更好的性能表现。同样 Recce 的鸿蒙适配的成本也

非常低，不需要上千或者几千 pd 那么多。最重要的是未来替换性能更好的解释器或

者语言或者 UI 框架都是简单可行的。这一层是 Rust 实现的高效、安全且使得容器

整体架构易扩展和易维护。
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综上选型和搭建工作基本上已经完成了。接下来，我们再对 Recce 上的一些细节问

题进行补充。

前面是讲道理，知已不易行更难。下文的“干货”可能才是决定成败的关键细节。

4  Recce的一些细节问题

首先，就是上一节讨提到的，为什么没有使用 React Native 的属性转换？因为，我

们发现属性转换是 React Native 一个性能瓶颈。其实为了评估这个问题，我们做了

一个 3000 个节点的页面。当然，这个页面可能跟我们平时常见的页面长得不一样，

但是它的渲染和布局成本和业务实际是比较接近的。
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页面的逻辑我们写得尽可能简单，同时去掉了 React Native 的启动时间，然后我们

启用了原生代码，但是调用了 Yoga 的布局计算，就这样写了一个页面去做对比。最

终发现，二者的耗时差距非常大，因为我们的布局方式是一样的，调用的 UI 也完全

是相同的，基于此，我们基本上就可以认定剩下的 93% 的时间都是为了将设置页面

的各种各样的数据从 JavaScript 传递到具体的平台，也就是说属性转换会耗费大量

的时间。

这里可以再深挖一下，为什么属性转换会耗费这么多的时间？我们稍微研究了一下这

个问题后发现，主要还是因为 React Native 会有多次序列化和反序列化，这是一个

类似于字典的东西，而且除了序列化的时间，还需要考虑构建字典本身需要的时间，

还有执行字典的一些查找、设置等操作，最终我们还需要频繁地按照字典里面的 Key

值查找，查找到之后，再设置到具体的属性设置，而以上这些操作都会消耗掉不少的

时间及内存。
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事实上，React Native 官方也正在尝试解决这个问题，在官方公布的的一个实验性

的新的框架中，React Native 直接将一个 JSObject 转换成了一个 C++ 的静态类型

（*Props），然后在对应的各个平台中，直接使用了一个转换后的静态类型。如此以

来，实际上就只存一次 JSObject 这样字典就可以，从创建开始到最终设置，始终使

用这个静态类型，那么剩下的操作都会变得非常高效了。
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同时，我们也会去思考应该怎么去解决属性传递以及查找的问题。这里可以简单看一

下，我们常用的几种数据结构，都是基于数组、链表、哈希表、字典等等之类。但实

际上，我们在这种场景下可以选择的可能就只有字典和数组，而 React Native 最常

用的方式就是基于字典去构建各种各样的属性。但是基于字典这种方式并没有非常好

的性能，如果传递的载体还是 JSON 字符串的时候，还需要承担 JSON 本身解析的

任务。经过考量之后，我们最终决定采用基于索引的数组来构建一个个的属性值。

但是采取这种模式的话，维护每个数组属性上的索引将会变得非常的复杂，我们借助

一个属性定义生成各端代码维护这个索引，我们在运行前约定好每个属性的索引值，

当然，我们会放弃一定的兼容性。其中一个放弃的例子就是，当我们约定好一个属性

的索引值之后，之后就不能再修改这个属性的索引值本身，否则就会遇到属性设置可

能会发生错乱的问题。
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类似的，我们也可以把组件注册的标识从字符串修改为索引，由于这个属性和组件不

太一样，就无法知道客户端会提供哪些原生的组件，所以至少要在运行时去使用字符

串获取一次组件信息。在获取之后，就可以使用获取的这个索引，从而保持一个比较

快的匹配效率。

最近，我们还做了一个富文本的标签，这个标签跟前两者相比就变得更不一样了。这
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里实际上输入的是一段 HTML 的字符串，所以输入的内容非常自由，我们没有办法

像前两者一样使用一些静态的计算方式。但即便是富文本，仍然可以有一些已知的

内容，比如像文本的样式、字符串等等，这些内容是可以提前知道的。而在这个层

面，我们是可以做一些事情的，实际上可以基于所有输入的计算，得到一个完美的

哈希函数，然后确保所有的输入不会发生碰撞。进而，在查找 Key 的时候就会变得

快很多。

以上，就是我们在遇到属性传递时解决的各种各样的问题。而接下来，我们还需要解

决一个问题——跨语言的调用问题。当然，在讨论这个问题之前，我们先简单地将这

些调用划分成了四类：

 ● 第一类是 C 与 C 之间的调用，其实 C 语言本身并没有什么转换，这里只是把

它作为一个最特殊的场景，进行归类处理。

 ● 第二类是 Rust 去调用 C，这两种语言虽然也是直接在原生上去运行的，但是

它们之间会增加了一些调用约定之类的转换。

 ● 第三类是 Java 和 JavaScript 去调用 C，这就需要借助解释器提供的接口去进

行调用，其中也会涉及更多的转换的工作，比如说两个内存空间之间的拷贝。
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 ● 第四类，我们认为它们其实更接近这个 IPC 的调用，比如像通过 WebView

提供的基于字符串传递的接口。

在这种场景下，我们会有更多的转换工作以及一些编码约定的设置，所以我们必须要

找到一种基于字符串编码方式去传递各种复杂的数据。而具体应用到 Recce 内部的

时候，其实并不存在类似于 IPC 场景的调用，所以只需要解决每一层之间语言的调

用。但实际上，我们仍然面对着非常复杂的调用这个事实。

参考下图，可以看到每一层实际上都涉及到一个具体的跨语言调用。同时，还有刚刚

提到的性属性设置，它则会跨过中间的所有层级，直接设置到具体的平台。最后要需

要强调一下，涉及到具体的属性以及类似的一些方法调用，比如说打开相机，也会跨

过中间层直接去做调用，而这个调用跟属性设置又存在很多不一样的地方。
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针对不同的调用场景，我们也采取了两种不同的解决方案：

 ● 手写+辅助函数：通常用在不会频繁增改接口、手写本身已经比较好维护。

 ● 接口定义 +代码生成：可能频繁增改接口、手写维护会非常困难（还需要频繁

维护文档）。

具体来讲，我们分成了以下 4 个场景：

1.	属性设置： 把 定 义 的 属 性 props_gen 生 成 Recce Ul+ Vue + React + 

Android + iOS+HarmonyOs 等各种属性的操作代码。

2.	Rust（Wasm3）：扩展 wit-bindgen 支持 Wasm3。

3.	QuickJS：借助 Rust 宏封装一些本地函数（UI 操作接口）+ 自定义的二进制

读写实现。

4.	业务方法调用&平台抽象层与Platform交互：使用 mako 完成接口调用和

文档生成。

https://github.com/bytecodealliance/wit-bindgen
https://www.makotemplates.org/
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5  总结和展望

最终我们获得了一个如上图的高性能、安全的动态化容器，可以以 Wasm 的方式支

持原生级别的性能，也可以将 JavaScript 的前端工程的性能提升一截。

从某个角度看，像是我们把 RN 用 Rust 重写了，添加了 Wasm 解释器的支持。但

用熟悉 WebView 架构的视角看，也可以看作是一个 WebEngine Lite，只是试图绘

制暂时用的系统 UI。

文章最后做一下回望和展望。

回望：我们所做的所有架构和优化工作都可以概括为，区分本质复杂度和偶然复杂

度，恰当的回应本质复杂度，降低偶然复杂度。

动态化容器的本质复杂度是什么？最主要的一条脉络是，渲染管线，以前端研发的编

码逻辑和数据为输入，在管线中变为组件树 -> 虚拟文档树 -> 文档树 -> 视图树 / 样

式树 -> 图层树 -> 呈现树，最终绘制到屏幕上为用户所眼见视图为输出。至于用什

么 DSL、编程语言、解释器、编码方式等等其实是偶然复杂度。

Recce 的选型和搭建过程，实际上是围绕渲染管线进行优化，比如精简流程去掉了
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VDOM 等环节，比如简化运行时、选用执行效率更高的解释器和编码方式等，再比

如削峰填谷、消除瓶颈以提升渲染管线整体效率等。而这些工作都是为了降低容器本

身的计算开销，因为动态化容器相对业务而言也是偶然复杂度。将终端有限的软硬件

计算资源更多的留给业务本质复杂度是容器迭代的正确方向。

展望：目前 Recce 还在逐步完善和落地推广阶段，可以做的事情有很多：

 ● 改善开发体验：比如引入 LLM 来降低 Rust 的学习门槛和开发成本，比如完善

调试 & 脚手架工具链等等。

 ● 进一步优化性能：比如以 Rust 原生方式运行以获得超过 Android 原生的性能

表现；比如利用 Wasm 解释器线性内存特性，可以在 CI 上完成大部分的预计

算，进一步提升加载性能表现；

 ● 自研渲染层：这样一是能进一步提高性能，二也能降低多端维护成本，三是把

样式能力集对齐到 WebView 可以实现和 H5、小程序的同构。当然这样其实

就是 一个完整的 WebEngine Lite 了。

6  Q & A

Q：Recce 的性能如何？可以把这个问题更具象化一些吗？

A：目前从我们已经实践的范围中，在我们业务场景中能够找到最低端的 POS 设备

上面，Recce UI 是可以和 Flutter 的性能表现媲美，而且我们是在动态解释运行，而

Flutter 是原生运行。也就是实现了原生级别的性能表现。

Q：以后 JS 没用了吗？

A：JS 有用的，但这个问题分两个层面回答。第一层，Recce 是支持这个 JS 运行时

和相应生态的。比较极端的场景，比如说 POS 机，下沉市场的低端机，或者说对于

性能要求很高的，比如说像 App 的首页冷启动，或者说像这个支付收银台等等这种

场景下，优化性能的收益很大，那么就可以考虑用 Recce-rs 这个方案。如果不是这

么极端的一般场景，我们用这个 Recce-js 的方案也能获得一个低成本，获得一个性
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能优化。性能优化是没有止境的，根据业务场景的需要去选择，Recce 提供了更多

且更好的选择。

第二层，移动端开发从一开始就有原生开发和 H5/JS 开发（PhoneGap 发布于 2009

年），但 JS 成为主流，始于 2015 年，Google 把 V8 适配到了 Android 上。这里就

不是 JS 行不行，而是 V8 很行。 终端硬件的计算资源始终是有限的，V8 通过解释

器层面 JIT/AOT 编译技术 大幅提升了 JS 的运行效率，使得 JS 铺开成为可能。但

近几年 JS 引擎不再有大幅度迭代，手机硬件算力的升级速度也明显放缓，这就导致

了终端上 软硬件计算容量的提升速度跟不上业务复杂度的提升速度。这才是当下 JS

技术栈面临的问题，也是为什么有如此多 JS 框架在卷性能的原因。

当然大家不用特别悲观，JS 和 Web 始终是互联网最重要的基础设施，事物是呈现螺

旋发展趋势的（当然有人负责发展，有人负责螺旋），随着周期演变，新的软硬件技术

升级又会推动 JavaScript 往前发展。比如如果一个使用 TypeScript/JavaScript 的

高性能解释器出来，那么能够使现在的 JavaScript 工程性能大幅度提升，毕竟前端

线上代码资产 90% 是以 JavaScript 形式存在的。

Q：为什么叫 Recce ？

A：Recce/'rɛkiː/ 名 字 取 自 海 豹 部 队 的 一 把 枪。 选 择 这 个 名 字 的 初 衷 是 因 为 在

Recce-rs 选型的时候，目标是接近原生的性能表现、还要动态化，那么肯定要舍弃

一部分开发体验的，切换 Rust 语言上会对研发同学增加学习成本、抬高门槛。因为

预判到这一点，所以我们希望使用 Recce 的同学始终记得是经过了更多的训练的精

英，要克服各种困难去完成高价值的任务。凡事有利必有弊，有用比有费，对于需要

使用 Recce-rs 优化的场景 学习 Rust 就不是最难的技术问题。我们在为高价值场景

提供更好的选择的同时，也将部分优化能力通过 Recce-js 反哺到一般业务场景上。

不同的场景不同的成本结构，没有最好，只有合适的方案。

Q：Recce 为什么要追求原生级别的性能？

A：主要有三点原因。
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一、前端提升性能体验可以提升用户体验和业务获客效率

前端部署和面客是重叠的过程，前端部署成功率影响业务面客。部署成功率低意味

着，客户遇到白屏或不愿意等待最终放弃。提升性能可以提升前端部署成功率，进而

可以提升用户体验和业务获客效率。

部署：代码离开开发环境，到用户终端设备运行前的这段环节为部署。

二、追求原生级别性能的动态化容器是公司业务的发展需要

美团业务的首要特点是低毛利，低毛利意味着业务发展需要做大规模，提升 UE，提

升复购。

 ● 做大规模，意味着要争取广大下沉市场。那么在性能体验上就需要至少 Meet

友商，在下沉市场表现最好的应用（微信、拼多多）的主要功能都是原生实现

的。争取下沉市场扩大规模在前端的命题意味着提供原生级别的性能体验，在

下沉市场这可能不再是体验好坏而是能否使用的问题。

 ● 提升 UE，意味着必须要考虑研发人效，前端提研发人效就必须考虑跨平台同

构，因此需要容器化，将多端开发降为一端开发。

 ● 提升复购，复购意味着多业态混合经营，那么在包大小约束下就必须要让大部

分业务动态化。

综上，公司业务发展的需要决定了美团需要原生级别性能的动态化容器。

三、部署是前端工程领域的核心问题，容器是部署问题的主要答案

把时间拨回到 2010 年，彼时移动端开发方兴未艾，主要的技术栈只有 Native 和

H5（PhoneGap 为代表），其中 Native 性能表现好但不跨端、H5 迭代效率高但性能

体验差。随着时间推移，Native 方向为了解决跨端研发成本和部署效率，发展出了 

ReactNative、Flutter 等等方案，H5 方向为了改善性能，发展出了离线化、SSR/

ESR、解释器优化等等。

可以说两个方向是相向而行，其实这是一个问题的两个面。究其根本在于前端代码运
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行在不受我们控制且计算资源有限的用户设备上，不同于后端的主要问题是高并发，

前端的主要问题是怎样把代码低成本跨过物权边界送到大规模且不同的用户的设备上

并高效运行起来。

回顾过去，性能表现好原生要做动态化降低部署成本，部署成本低的 H5 要优化性能

提升用户体验。换句话说，前端工程领域的核心问题是部署成本和用户体验的平衡。

比如包大小就是原生开发部署成本高而非常困扰客户端开发的一个典型例子。

注释
[1] 逻辑解释器：在 iOS 中 Apple 不允许 JIT，只可以解释执行。

[2] WasmEdge：亚马逊用做云原生的 Wasm 解释器。

[3] C#：黑神话悟空就是用魔改 USharp 跑的游戏逻辑。

[4] 不支持 JIT ：Apple 不允许在 iOS 上 JIT。

[5] C、C++、Rust、Go 这四种

[6] blink：chromium 的布局渲染器。

https://github.com/WasmEdge/WasmEdge


算法

KDD	2024	|	美团技术团队精选论文解读

ACM SIGKDD （Knowledge Discovery and Data Mining，简称 KDD）是数据挖

掘领域的国际顶级会议。KDD Cup 比赛是由 SIGKDD 主办的数据挖掘研究领域的

国际顶级赛事，从 1997 年开始，每年举办一次，是目前数据挖掘领域最有影响力的

赛事。

本文精选了美团技术团队被 KDD 2024 收录的 5 篇长文进行解读，覆盖了用户意图

感知、机器学习 & 运筹优化、在线控制实验、联合广告模型、实时调度决策等多个技

术领域。这些论文都是美团与高校、科研机构合作的成果。希望能给从事相关研究工

作的同学带来一些帮助或启发。

此外，大众点评技术部 / 内容智能算法团队组建的 BlackPearl 团队参加了今年 KDD 

Cup-OAG Bench（Open Academic Graph Benchmark）赛 道 的 WhoIsWho-

IND、PST、AQA 三道赛题，基于大模型技术提出自反馈增强、嫁接学习等方案，三

个赛题均以较大优势取得冠军！

https://www.biendata.xyz/competition/ind_kdd_2024/
https://www.biendata.xyz/competition/ind_kdd_2024/
https://www.biendata.xyz/competition/pst_kdd_2024/
https://www.biendata.xyz/competition/aqa_kdd_2024/
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01  Unified Dual-Intent Translation for Joint 

Modeling of Search and Recommendation

论 文 作 者：Yuting Zhang*（ICT, CAS），Yiqing Wu*（ICT, CAS），Ruidong 

Han（Meituan），Ying Sun（Thrust of Artificial Intelligence, The Hong Kong 

University of Science and Technology），Yongchun Zhu（ICT, CAS），Xiang Li

（Meituan），Wei Lin（Meituan）

备注：ICT, CAS 全称为 Institute of Computing Technology,Chinese Academy 

of Sciences

论文下载：PDF

论文类型：Long Paper

论文简介：推荐系统旨在帮助用户在众多候选商品中发现他们所喜爱的商品，并已服

务于各种在线平台的数十亿用户。从直观上看，用户与商品的交互高度受到他们稳定

的固有意图（例如，始终偏好高质量的商品）和变化的需求意图（例如，夏天想要一件

T 恤，冬天想要一件羽绒服）的驱动。然而，这两种意图在推荐场景中都是隐式表达

的，这给准确感知用户意图带来了挑战。幸运的是，在通常与推荐系统共存于同一在线

平台的搜索场景中，用户通过查询词显式表达了他们的需求意图。直观上，在这两种场

景中，同一用户的交互可能受到相似的需求意图的影响，并且其固有意图是稳定的。

因此，利用这两个场景中的交互数据来相互增强或补充双重意图，并进行联合意图感

知建模是可行的。然而，搜索和推荐的联合意图感知建模需要解决以下两个问题：（1）

准确建模推荐中用户隐式的需求意图；（2）建模双重意图与交互商品之间的关系。为

了解决上述问题，我们提出了基于双重意图转换的搜索推荐联合模型 (UDITSR)。为

了准确模拟推荐中用户的需求意图，我们利用搜索数据中的真实查询作为监督信息

来指导其生成。为了显式模拟 < 固有意图，需求意图，交互商品 > 三元组之间的关

系，我们提出了一个双重意图转换传播机制，实现了在同一语义空间中学习三元组

元素间的可解释关系。大量实验表明，UDITSR 在搜索和推荐任务中均优于现有的

https://arxiv.org/pdf/2407.00912v1
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SOTA 基线。此外，我们在美团外卖平台上进行了为期一个月的线上实验，平均提升

了 1.46% 的 GMV 和 0.77% 的 CTR 指标。

02  Joint Auction in the Online Advertising Market

论文作者：Zhen Zhang（RUC, Gaoling School of Artificial Intelligence）, Weian 

Li（SDU, School of Software）, Yahui Lei, Bingzhe Wang（RUC, Gaoling 

School of Artificial Intelligence）, Zhicheng Zhang（RUC, Gaoling School of 

Artificial Intelligence）, Qi Qi（RUC, Gaoling School of Artificial Intelligence）, 

Qiang Liu（Meituan）, Xingxing Wang（Meituan）

论文类型：Long Paper

论文简介：在线广告是电子商务平台的主要收入来源。在当前的广告模式中，定向目

标是愿意支付额外费用以提升其店铺位置的在线店铺主。另一方面，品牌供应商也希

望在店铺中宣传其产品以提升品牌销量。然而，目前使用的广告模式无法同时满足店

铺和品牌供应商的需求。
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为了解决这个问题，我们创新性地提出了一个名为「联合拍卖」的联合广告模型，允

许品牌供应商和店铺共同竞标广告位，满足双方的需求。然而，传统的广告拍卖机制

不适合这一新颖场景。

在本论文中，我们提出了一种名为 JRegNet 的神经网络架构，用于最优联合拍卖设

计，以生成满足近似 DSIC 和 IR 的近似最优机制。最后，我们在模拟数据和真实数

据上进行了多项实验，证明与已知基线相比，我们提出的联合拍卖模型取得了较好的

成果。

03  STATE: A Robust ATE Estimator of Heavy-

Tailed Metrics for Variance Reduction in Online 

Controlled Experiments

论文作者：Hao Zhou*（Meituan），Kun Sun*（Meituan），Shaoming Li（Meitu-

an），Yangfeng Fan（Meituan），Guibin Jiang（Meituan），Jiaqi Zheng（Nanjing 

University），Tao Li（Meituan）

论文类型：Long Paper
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论文下载：PDF

论文简介：在线控制实验是评估营销活动效果的重要工具。其中，方差缩减方法可以

有效地提高实验灵敏度，从而使用更少的样本或更短的实验周期得到置信的实验结

论。一些典型的方法如 CUPED/CUPAC/MLRATE 等已逐步部署到各大公司的实验

平台来提高实验的统计功效。然而，这些方法通常是建立在业务指标服从高斯分布的

假设之上，无法正确地表征重尾分布的业务指标，从而效果提升有限。

在本论文中，我们将 t 分布与机器学习工具相结合，来表征重尾指标，通过变分 EM

优化方法，推断得到一个鲁棒的 ATE 估计器，我们称之为 STATE。它有效地缓解

了离群点的干扰并显著降低了 ATE 估计的方差。此外，我们通过利用无偏的线性变

换，将 STATE 方法从计数度量（Count Metric）扩展到比率度量（Ratio Metric）。

我们在合成数据集和美团外卖的业务数据上都证明了 STATE 方法的有效性。与最先

进的估计器（CUPAC/MLRATE）相比，STATE 降低了 ATE 估计量 50% 左右的方

差，这表明它只需一半的观测值或一半的实验时间即可达到相同的统计功效。

04  Decision Focused Causal Learning for Direct 

Counterfactual Marketing Optimization

论 文 作 者：Hao Zhou*（Meituan），Rongxiao Huang*（Nanjing University），

Shaoming Li（Meituan），Guibin Jiang（Meituan），Jiaqi Zheng（Nanjing 

University），Bing Cheng（Meituan），Wei Lin（Meituan）

论文类型：Long Paper

论文下载：PDF

论文简介：营销优化对于在线互联网平台的用户增长起着重要作用。现有的研究通常

将这个问题表述为预算分配问题，并利用两个完全解耦的阶段，即机器学习（ML）与

运筹优化（OR）来解决。然而，ML 阶段的学习目标没有考虑下游 OR 阶段的优化任

务，这导致 ML 阶段模型的预测精度可能与决策质量不呈正相关。从而，降低模型预

https://arxiv.org/pdf/2407.16337
https://arxiv.org/pdf/2407.13664
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估误差，不一定提升优化任务的决策效果。

本论文提出了一种基于决策的因果学习方法（DFCL），将 ML 与 OR 两个阶段集成到

一个端到端的因果学习框架中，使得机器学习模型能以下游 OR 阶段的优化目标作为

损失函数，从而保证 ML 阶段与 OR 阶段优化方向的一致性。其次，DFCL 克服了营

销场景中的预算不确定性，反事实推断问题以及计算效率问题等多个技术挑战，使得

DFCL 可以实现针对大规模在线用户营销场景的直接反事实优化。离线实验和在线 

A/B 测试都证明了 DFCL 相对于传统因果推断方法的有效性。目前，DFCL 已在美

团的多个营销场景部署并应用。

05  Harvesting Efficient On-Demand Order 

Pooling from Skilled Couriers: Enhancing Graph 

Representation Learning for Refining Real-time 

Many-to-One Assignments

论文作者：Yile Liang（Meituan），Jiuxia Zhao（Meituan），Donghui Li（Meitu-

an），Jie Feng（Tsinghua University），Chen Zhang（Tsinghua University），

Xuetao Ding（Meituan），Jinghua Hao（Meituan），Renqing He（Meituan）

论文类型：Long Paper

论文下载：PDF

论文简介：即时配送平台通过周期性批量调度的方式，将大量订单分配给配送员进行

履约。在实时调度决策过程中，将多个订单合并指派，构造高聚合、高顺路的配送路

径是提升配送员收入、优化配送员工作体验的关键。由于订单分配问题的复杂性和实

时性，传统方法难以在有限时间内快速生成高质量的订单分配方案。此外，线下环境

中频繁出现的不确定性因素（如门禁通行管控等），也增加了平台在感知能力和分配决

策上的难度。然而，经验丰富的配送员由于对环境更加熟悉，具有更强规划能力，可

有效帮助系统提高感知能力，并为实时调度决策提供“灵感”。

https://arxiv.org/pdf/2406.14635
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基于此，本论文利用有经验的配送员的实际轨迹数据，构建了效率感知网络，以挖掘

嵌入在配送员轨迹中的订单合并潜力。具体而言，通过丰富的时空行为数据，将订单

表示为低维向量，并通过轻量地相似性计算，对庞大的解空间进行实时剪枝，有效降

低订单分配问题求解复杂度，从而快速识别高质量的订单分配方案。

同时，为了提升异构图神经网络在即时配送场景的学习效果，对传统算法的 Loss、

负采样等模块进行了针对性优化。该网络已部署在美团的配送系统中，线上结果显示

能在实时性能要求下提升订单分配质量，优化了配送员的工作体验。
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美团科研合作

美团科研合作致力于搭建美团技术团队与高校、科研机构、智库的合作桥梁和平台，

依托美团丰富的业务场景、数据资源和真实的产业问题，开放创新，汇聚向上的力

量，围绕机器人、人工智能、大数据、物联网、无人驾驶、运筹优化等领域，共同探

索前沿科技和产业焦点宏观问题，促进产学研合作交流和成果转化，推动优秀人才培

养。面向未来，我们期待能与更多高校和科研院所的老师和同学们进行合作。欢迎老

师和同学们发送邮件至：meituan.oi@meituan.com。
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KDD	2024	|	OAG-Challenge	Cup 赛道	
三项冠军技术方案解读

大众点评技术部 / 搜索与内容智能团队组成的 BlackPearl 队伍，参加了 2024 年

KDD 2024 OAG-Challenge Cup 赛道的 WhoIsWho-IND、PST、AQA 三道赛

题，以较大优势包揽了该赛道全部赛题的冠军，本文对这三个赛道的夺冠方案分别进

行了解读，希望对大家有所帮助或启发。

KDD 2024 OAG-Challenge Cup 与学术数据挖掘研究相关，学术数据挖掘的

最终目标是加深我们对科学的发展、本质和趋势的理解。它提供了发掘巨大的科

学、技术和教育价值的潜力。例如，从学术数据中进行深度挖掘可以协助政府制定

科学政策，支持公司人才发现，并帮助研究人员更有效地获取新知识。学术数据挖

掘包含很多以学术实体为中心的应用，比如论文检索、专家发现和期刊推荐等。然

而，学术知识图谱挖掘相关的数据基准的缺乏严重限制了该领域的发展。KDD 2024 

OAG-Challenge Cup 主要包括三道经典学术知识图谱挖掘问题，包括：

 ● 论文同名消歧（WhoIsWho-IND）：目前，在线出版物数量的迅速增加使得同

名消歧问题变得更加复杂。 此外，现有消歧系统的不准确导致了错误的作者排

名和奖项作弊的情况。 本任务在给定每位作者的个人资料，包括作者姓名和发

表的论文情况下，需要开发一个模型来检测论文中错误分配给该作者的论文。 

此外，数据集还提供了所有涉及论文的详细属性，包括标题、摘要、作者、关
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键词、地点和发表年份。

 ● 论文源头追溯（PST）：随着科技的飞速发展，论文数量呈爆炸式增长。全球

每年发表数百万篇论文，且数量持续攀升。根据 Scopus 数据库，截至 2021

年，全球已发表 2.2 亿篇学术期刊论文，涵盖自然科学、社会科学和人文科

学等各领域。对于研究者来说，从众多文献中把握技术发展的脉络变得愈加

困难。PST 任务要求在给定一篇论文 p 的全文的情况下，从这篇论文中找出

ref-source。ref-source 即最重要的参考文献（叫做“源头论文”），一般是

指对本篇论文启发性最大的文献。每篇论文可以有一篇或多篇 ref-source，

也有可能没有 ref-source。对于论文的每一篇参考文献，论文源头溯源都要

给出一个范围在 [0, 1] 的重要性分数。

 ● 学术论文问答（AQA）：在这个技术蓬勃发展，信息迅速更新的时代，为研究

人员和大众提供多领域的高质量前沿学术知识已成为当务之急。AQA 给定专

业问题和一组候选论文，目标是检索到最相关的论文来回答这些问题。

BlackPearl 团队在本次竞赛中，创新性的采用大模型来解决学术挖掘领域中的论文

同名消歧、论文源头追溯、学术论文检索三个经典难题，显著优于特征工程、GNN、

BERT 等传统方案。本文将对 BlackPearl 团队在此次三赛道的夺冠方案进行分别解

读，更多完整细节和代码请移步 GitHub。

论文同名消歧（WhoIsWho-IND）

在论文同名消歧任务中，由于每条样本下的论文数量过多以及每篇论文包含的信息量

较大，导致输入文本超长，现有的文本聚类方法不能充分的利用这些信息。故赛题的

难点在于如何构造大模型输入形式、如何在资源有限的情况下利用更多信息以及充分

发挥大模型的潜力。

针对以上难点，BlackPearl 将原始的聚类任务转化为比较任务，构建了一套基于自

反馈增强的迭代式大模型文本聚类链路。此外，BlackPearl 还使用了 Train-Time 

Difficulty Increase （TTDI）和 Test-Time Augmentation（TTA）[1] 等技术，进一

https://github.com/BlackPearl-Lab/KddCup-2024-OAG-Challenge-1st-Solutions
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步提升效果。算法框架如下图 1 所示：

图 1： WhoIsWho-IND 解决方案。图的最上面部分是使用标题作为信息源的一个示例。在微调阶段，

我们使用多源数据对多个模型独立微调。集成模型是指从多个微调模型中推断出的结果的加权

平均。K 表示迭代自精炼轮数

在将任务转化为比较任务后，从经验上看，输入的参考文献越多，模型接收的输入中

的参照信息也更丰富，对模型判断当前 paper 是否正确也越有帮助，我们通过实验

也验证了这一点。然而，在固定最大输入长度的限制下，在输入中拼接的参考文献越

多，每篇论文所包含的信息就越少。

为了尽可能利用更多信息以及尽量减少训练所用资源，我们使用了一种拆分策略、在

微调阶段我们使用多源数据对多个模型独立微调，以确保每个模型能够专注于特定的

信息源，我们使用 deepspeed[2] 的 zero1 来在训练时长和显存占用方面取得平衡，

微调方法用 LoRA[3] 和 QLoRA[4]。通过实验，我们确定了标题和作者是最关键的两

个信息，其他信息则不在单独训练模型以避免资源浪费。为了利用到其他信息，我们

对所有可用信息源进行微调得到一个综合模型，用于模型结果集成，进行信息互补。

由于我们使用比较任务来确定当前论文是否属于主要（正确）类别，我们自然会认为，

参考文献中正确论文的比例越高，模型对当前论文的正确性判断就越有信心。基于
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此，我们提出了迭代自精炼 (IRF) 方法，该方法不需要额外的模型训练，通过不断精

炼参考论文中正确论文的比例来获得更好的结果。通过将大模型预测的若干 paper

正确概率进行排序 + 阈值截断，使得大模型比较任务下一轮输入的参考 paper 中正

样本浓度提升，从而使得模型输出结果时更自信，最终显著提高了识别正确论文的概

率。由于第一轮迭代时我们还没有拿到预测概率，因此初始输入中的参考文献是随机

采样的。

为了使模型在推理阶段应对更具挑战的样本，我们在训练阶段增加任务难度，以防止

任务变得简单。例如，减少最大训练长度、适当增加训练输入中错误论文的比例，从

而提升模型的鲁棒性。

在比较任务中，模型输出的概率不应受参考文献输入顺序的影响。针对这一问题，我

们充分利用 TTA，在将每个样本中的参考文献输入模型之前，对其顺序进行 shuffle，

并对多个结果进行平均，以获得更稳健的结果。

我们做了大量实验验证了我们方法的有效性，对比实验和消融实验如下所示：

表 1、表 2 整体实验效果以及消融研究

总的来说，我们的核心上分点如下：

 ● Task Format Conversion：将聚类任务转化为比较任务，在输入中给出一些

参考论文，并确定当前论文是否属于主要类。

 ● Train-Time Difficulty Increase (TTDI) : 训练阶段增加任务难度，让模型跳
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出“舒适区”，使其能够在推理过程中更好地处理具有挑战性的示例。

 ● Test-Time Augmentation (TTA)：在测试时对输入数据施加多种变换（此题为

打乱参考文献的输入顺序），并对这些变换后的数据进行模型预测。最终，汇总

这些预测结果（例如取平均值或进行投票），以获得更稳健和准确的最终预测。

 ● 自反馈增强的迭代式大模型文本聚类：针对比较任务，通过不断精炼参考论文

中正确论文的比例来获得更好的结果。

论文源头追溯（PST）

在论文源头追溯任务中，我们面临三大挑战：数据集标签分布差异、冗长的 HTML 格

式标识符、超大规模无标注数据集辅助信息召回。具体而言，该任务存在规则标注的

和人工标注的两类数据集，且这两类数据集的标签分布存在显著差异。规则标注的数

据集数据量大，但标签置信度低、噪声较多且有效信息分散；人工标注的数据集标签

置信度高，且与测试集分布一致，但数据量较少。此外，数据集中还存在大量 HTML

格式标识符，这些标识符文本长度可达数万 Token，却包含极少的有效信息。同时，

该任务存在的超大规模无标注数据集（DBLP 数据集）拥有各论文完善的辅助信息，

但需要自行召回有效信息。

故赛题的难点在于如何充分利用不同置信度的训练数据集及超长的上下文信息、提取

高噪声数据中的有效增益信息。针对这两个难点，团队利用嫁接学习 [5] 的思想分别提

出 Grafting-Learning For DataSet 技 术 和 Grafting-Learning For LongText 技

术，将 BERT-Like 模型的复杂文本语义匹配能力嫁接到 LLM 中，提高样本置信度。

同时，团队提出的 Automatic RAG & Feature Engineering 技术能够自动召回辅助

信息，进一步去除超大规模无标注数据集中的高噪声。算法框架如下图 2 所示：
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图 2： PST Solution By BlackPearl。RAG & Feature Engineering 指我们提出的自动召回及处理

辅助信息技术，Pretrain 指利用 DBLP 数据集进行 BERT 模型的 MLM 预训练。方案经过两

次嫁接学习，最终由 ChatGLM3 产出预测概率

 ● Grafting-Learning	For	DataSet：多个不同数据集之间的标注规则存在差

异，由于本次存在规则标注的数据集，其标注质量较低但数据集规模极大，巧

妙利用该数据集能够带来较大的指标提升。我们提出了 Grafting-Learning 

For DataSet 技术，在规则数据集上对 BERT 进行微调，并将其最后一层隐

状态作为人工标注数据集的额外特征，用于训练第二个 BERT 模型。这种方

法巧妙地嫁接了规则数据集的有效正标签信息。同时，我们在消融实验下发现

嫁接学习的方式比普通迁移学习（即在规则标注数据集微调后的 BERT 模型再

用人工标注数据集微调）更具鲁棒性。由于两类数据集的标签分布差异较大，

普通迁移学习甚至会带来负收益，而嫁接学习能够有效保留有益信息、摒除无

益信息。

 ● Grafting-Learning	For	LongText：长文本训练和推理会显著增加时间和

显存消耗。为缓解该现象，团队提出了 Grafting-Learning For LongText 技

术，将多来源的文本分别经过不同的 BERT 进行有监督微调，最终每条数据

都将得到多个不同来源的模型预测概率，此时噪声文本中的有效信息增益都被

BERT 模型提取完成，再将预测概率输入到 ChatGLM 中，即可用较短的文

本和 BERT 预测概率进行最终的模型判断。此方法能够有效避免在 Attention
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计算时由于文本过长导致时间开销平方级爆炸增长，将其切割后利用小模型

BERT 提纯噪声，只保留过滤后的 BERT 预测概率用以做最终判断。同时，

由于采用了多个 BERT 模型提纯去噪，高噪声对最终结果的影响进一步降低，

模型输出结果更加置信。

 ● Automatic	RAG	&	Feature	Engineering： 在 超 大 规 模 无 标 注 数 据 集

（DBLP 数据集）中，存在着每篇论文对应的少量辅助信息，同时也存在大量相

似论文的噪声信息。团队提出的 Automatic RAG & Feature Engineering 技

术能够自动分析每篇论文的重点，于 DBLP 数据集中找到其对应的辅助信息，

同时在 RAG 链路过程中就完成了一系列特征工程的构建。在辅助信息和特征

工程的帮助下，模型能够以更短的输入产出更可信的结果。

学术论文问答（AQA）

在这个技术蓬勃发展，信息迅速更新的时代，为研究人员和大众提供多领域的高质量

前沿学术知识已成为当务之急，本次学术论文问答任务要求参与者开发一个模型，能

够通过检索相关论文来回答专业问题，本质上是一个检索任务，即给定用户问题，检

索出最相关的论文，评估指标是 MAP@20。

本赛题数据集来源于从 StackExchange 和知乎网站检索问题帖，提取答案中提到的

论文 URL 作为标签，从业务和数据角度上理解，带有复杂噪声的数据是该任务的主

要难点，主要原因在于数据来源于互联网网站用户问题的引用数据集，不可避免的存

在大量噪音。比如用户为什么引用这篇论文的认知标准是不一样的，理论上一个问题

可以对应多个论文，所以噪音之大可想而知。采用开源向量模型对文本进行召回时，

存在开源模型召回的论文从语意上跟原文非常接近，但正确答案可能排名靠后的问

题。甚至在采用 bert 类 SimCSE 模型进行对比学习微调后模型性能进一步降低。

针对噪声大，学习难的问题，我们提出了三个核心方法去解决噪声大、学习难的问

题。算法框架如图 3 所示：

 ● LLM	for	Vector：在 LLM 时代前期，一般文本相似度表征会采用自编码模
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型，参数量一般不超过 1B，在大模型时代，LLM 的表征能力明显优于自编

码器模型的表征能力，本次赛题我们采用了目前向量表征能力较好的 7B 模型

SFR-Embedding-Mistral[6]。

 ● Hard	example 挖掘：在训练向量表征的模型时，比较通用的提升方法是负

样本的挖掘，在训练向量表征模型时，负样本的挖掘通常是提升模型表现的重

要手段。在赛题中，由于数据呈现出的是“相似并不一定正确”的规律，负样

本的挖掘尤为重要。

 ● Boosting：Boosting 本质上是一种集成模型的思路，我们在 Boosting 思想

的基础上，我们提出了一种迭代的负样本挖掘过程。在每次迭代中，模型能够

召回难度更高的负样本，逐步累积具有更高挑战性的负样本集，进而指导模型

学习。

图 3： AQA Solution by BlackPearl 。Old AQA Recall Model 和 Old AQA Ranking Model 代表

上一轮的基模型，New AQA Recall Model 和 New AQA Ranking Model 代表在基模型的基

础上微调得到的模型

接下来介绍我们实现的模型框架细节：

 ● 召回（Recall）：在此次竞赛中，用户查询的候选论文集包含成千上万的论文。
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为了确保效率和实用性，将任务分成召回和排序两个过程是一个切实有效的策

略，我们基于 SFR-Embedding-Mistral 进行指令微调，微调采用对比学习

损失函数，每一个 batch 迭代过程中，对每一个正样本，我们随机从 100 个

难负样本中抽取 3 个负样本，并联合 batch 内其他负样本计算一个样本的损

失。每次迭代我们固定轮次 10 轮，学习率 1e-4，若采用 QLORA 进行微调

可进行单卡微调。

 ● 排序（Ranking）：在排序优化中，我们同样采取指令微调的方式，基于

SOLAR-10.7B-Instruct-v1.0 模型，微调采用交叉熵损失函数，每一个

batch 迭代过程中，对每一个正样本，我们随机从 100 个难负样本中抽取 3

个负样本计算一个样本的损失函数，每次迭代我们固定轮次 10 轮，学习率

1e-4，若采用 QLORA 进行微调可进行单卡微调。

 ● Boosting 迭代：在召回模型和排序模型的训练中，负样本是至关重要的。我

们制定了一种困难负样本挖掘方法来进一步提高模型的性能即采用迭代的方法

进行困难负样本挖掘，如图 3 所示。在召回模型的训练中，在初始迭代时，我

们使用开源的 SFR-Embedding-Mistral 模型来检索前 100 个困难负样本。

这些样本然后用于微调以获得增强的模型。在随后的迭代中，利用上一轮改进

的模型来检索前 100 个困难负样本，并进一步进行微调。对于排序模型，我们

继续使用由召回模型检索到的困难负样本进行训练。这个迭代过程确保每一轮

训练都能提升模型在上一轮中的性能。

如果未经微调，即使是先进的基于 LLM 的模型也表现不佳。然而，通过实施我们的

微调策略，我们在第一次迭代中观察到初步提升了 0.07。如下表所示，MAP@20 分

数在后续的每次迭代中逐步提高。到第六次迭代时，改进的速度开始减缓。最终，我

们共进行了八次迭代，并通过 Rank avg 融合，最终分数达到了 0.301，相对于原生

的基座模型获得较大提升。
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图 4：AQA 主要实验结果

在本次大赛中，BlackPearl 团队同学通过大模型技术解决了多个问题，再次让我们

看到了前沿科技的力量。面向未来，大众点评技术部将不断深入探索大模型技术，充

分挖掘其内在潜力，通过先进的 AI 技术，使点评 App 能够更精准地服务于用户，让

AI 帮大家更懂美食，更会生活。

写在后面

就在今天，美团技术团队公众号粉丝刚好突破了 40 万，感谢大家十年来的支持与厚

爱，陪我们一路同行。我们常说，种一棵树最好的时间是十年前，其次是现在。从十

年前开始，我们就信仰耐心和坚持的力量，愿意持续去做一些正确、有积累的事情。

十年来，美团技术团队公众号一直在努力践行，已经将 600 多篇美团内部优秀的技

术文章分享给了大家，很开心能够跟大家一起学习交流、共同进步。恰逢中秋佳节即

将到来，美团技术团队提前祝大家阖家欢乐，健康平安 ~~
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CIKM	2024	|	美团技术团队精选论文解读

本文精选了美团技术团队被 CIKM 2024 收录的 8 篇论文进行解读，覆盖了自监督学

习、解释生成、CTR 预测、跨域推荐、向量召回、图像生成、时效预测等多个技术

领域。这些论文有美团独立研究，还有跟高校、科研机构合作的成果。希望能给从事

相关研究工作的同学带来一些帮助或启发。

CIKM 是信息检索、知识管理和数据库领域中顶级的国际学术会议，自 1992 年以

来，CIKM 成功汇聚上述三个领域的一流研究人员和开发人员，为交流有关信息与知

识管理研究、数据和知识库的最新发展提供了一个国际论坛。大会的目的在于明确未

来知识与信息系统发展将面临的挑战和问题，并通过征集和评估应用性和理论性强的

顶尖研究成果以确定未来的研究方向。2024 年，CIKM 共收到全球 1496 篇论文投

稿，最终 347 篇被接收，接收率约为 23%。

01  论文标题：Relative Contrastive Learning for 

Sequential Recommendation with Similarity-

based Positive Sample Selection

论 文 作 者：Zhikai Wang（Shanghai Jiao Tong University），Yanyan Shen

（Shanghai Jiao Tong University），Zexi Zhang（Shanghai Jiao Tong Universi-

ty），Li He（Meituan），Yichun Li（Meituan），Hao Gu（Meituan）
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论文类型：Poster（Full Research Paper track ）

论文地址：PDF

论文简介：推荐领域通常面临严重的数据稀疏性问题，对比学习作为一种自监督学习

方法，通过提供额外的自监督信号来增强序列推荐模型的训练。现有方法通常依赖数

据增强策略来创建正样本并促进表示不变性，但往往一些策略涉及到内容排序和内容

替换可能会无意中改变序列中的用户意图信息。基于自监督对比学习的方法通过选择

相同目标序列（与同一目标物品的交互序列）作为正样本，为基于增强的对比学习方

法提供了一种替代方案。然而，基于 SCL 的方法存在相同目标序列稀缺的问题，因

而缺乏足够的对比学习信号。

本论文提出使用相似序列（具有不同的目标内容）作为额外的正样本，并引入了一种

名为相对对比学习 (RCL) 的新方法用于序列推荐。所提出的 RCL 包含两级正样本选

择模块和相对对比学习模块，前者模块选择相同目标序列作为强正样本，并使用相似

序列作为弱正样本，后者模块采用加权的相对对比损失，确保每个序列与其强正样

本的表示更接近，而不是弱正样本。在公开数据集和点评业务数据集上 RCL 都优

于现有方法，该算法在论文接收前已在大众点评首页信息流推荐场景落地并取得显

著的效果。

https://dl.acm.org/doi/pdf/10.1145/3627673.3679681
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02  论文标题：Aligning Explanations for 

Recommendation with Rating and Feature via 

Maximizing Mutual Information

论 文 作 者： Yurou Zhao（Renmin University of China），Yiding Sun（Renmin 

University of China），Ruidong Han（Meituan），Fei Jiang（Meituan），Lu 

Guan（Meituan），Xiang Li（Meituan），Wei Lin（Meituan），Weizhi Ma（Tsing-

hua University），Jiaxin Mao*（Renmin University of China）

论文类型：Research Track Full Paper

论文下载：PDF

论文简介：为用户提供基于自然语言的解释以证明推荐有助于提高用户满意度并赢得

用户信任。然而，由于当前的解释生成方法通常被训练以模仿现有用户评论为目标，

生成的解释往往与推荐商品的预测评分或是一些重要特征不一致，导致这些解释不能

真正地帮助用户在推荐平台上做出明智的决策。为了解决这个问题，本文提出了名为

MMI（最大化互信息）的优化框架，以增强生成的自然语言解释与推荐商品的预测评

分 / 重要特征之间的一致性。

具体来说，本文使用互信息（Mutual Information, 简称 MI）作为解释与预测评分 / 商

品特征一致性的衡量标准，并训练一个基于 MINE 方法的互信息估计神经网络，将此

https://arxiv.org/pdf/2407.13274
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神经网络作为后续的 MI 估计器。然后，我们将一个训练好的解释生成模型视为主干

模型，基于来自 MI 估计器的奖励对其进行基于强化学习的微调。微调过程会指导原

先的主干生成模型学习会生成与商品的预测评分及重要特征更一致的解释。在三个公

开数据集上的实验表明，MMI 框架可以提升不同的主模型，使它们在与推荐商品的

预测评分和重要特征的一致性方面优于现有的模型。此外，本文通过用户实验验证了

MI 增强的解释确实有助于用户的决策，并且由于它们更好的一致性特点，与其他方

法生成解释相比更能让用户满意。

03  论文标题：Enhancing CTR prediction through 

Sequential Recommendation Pre-training: 

Introducing the SRP4CTR framework

论文作者 Ruidong Han（Meituan），Qianzhong Li（Meituan），He Jiang（Meitu-

an），Rui Li（Meituan），Yurou Zhao（Meituan），Xiang Li（Meituan），Wei Lin

（Meituan）

论文类型：Short Paper

论文下载：PDF

https://arxiv.org/pdf/2407.19658


184　>　2024年美团技术年货

论文简介：理解用户兴趣对于点击率（CTR）预测任务至关重要。在序列推荐中，通

过自监督学习从用户历史行为中进行预训练可以更好地理解用户动态偏好，展现出与

CTR 任务直接集成的潜力。以往的方法将预训练模型集成到下游任务中，仅用于提

取语义信息或单独的用户兴趣编码，然后将这些信息作为特征加入下游模型。然而，

这些方法忽略讨论了下游任务中的额外推理成本，且没有考虑如何将预训练模型中的

信息高效的转移到 CTR 任务预测的特定估计项中。

为了解决这一问题，本文提出了增强 CTR 预测的序列推荐预训练框架（SRP4C-

TR）。首先，我们系统的讨论了引入预训练模型对推理成本的影响。随后，我们引入

了一种新的预训练方法来尽可能保证编码时信息的完整性。在微调过程中，本文还引
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入了一个交叉注意力模块，以较低的成本建立了估计项与预训练模型之间的桥梁。此

外，本文采用了一种新的自查询技术，以促进从预训练模型到工业 CTR 模型间的知

识转移。离线和在线实验表明，本文的方法优于以前的基线模型。

04  论文标题：EXIT: An EXplicit Interest Transfer 

Framework for Cross-Domain Recommendation

论 文 作 者：Lei Huang（Meituan），Weitao Li（Meituan），Chenrui Zhang，

Jinpeng Wang（Meituan），Xianchun Yi（Meituan），Sheng Chen（Meituan），

论文类型：Applied Research Paper

论文下载：PDF

https://arxiv.org/pdf/2407.20121
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论文简介：跨域推荐是指利用其他领域的知识增强推荐系统对用户兴趣的预测精度，

在工业应用中受到了广泛关注。现有的隐式建模跨域推荐方法并未考虑不同域之间服

务功能和商品展现形式的差异，导致在落地过程中产生严重的负迁移问题。例如，用

户在金刚和搜索中大量表达对医药、闪购等紧急需求的兴趣，直接将这些信号用于推

荐系统并大量推送医药和闪购产品显然不合适。为解决这一挑战，本文提出了一种显

式兴趣迁移框架，通过显式建模不同的用户上下文场景下源域信号向目标域迁移的概

率，实现对目标域兴趣信号的筛选。无需复杂的网络结构及繁琐的模型训练过程，本

文提出的显式框架能快速在工业推荐系统落地，为跨域推荐提供了一种简单而有效的

解决方案。该算法已在美团首页推荐系统部署上线。

05  论文标题：VIER: Visual Imagination Enhanced 

Retrieval in Sponsored Search

论文作者：Yadong Zhang（Meituan），Yuqing Song（Meituan），Siyu Lu（Meituan），

Qiang Liu（Meituan），Xingxing Wang（Meituan）

论文类型：Short Paper

论文下载：PDF

https://dl.acm.org/doi/pdf/10.1145/3627673.3680005
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论文简介：向量召回是搜索系统的重要能力之一，通过将搜索词、用户和商品的信息

编码为稠密向量，为用户检索出高质量的候选。然而，在即时零售场景下，搜索词

（Query）存在两类极端问题：1）短 Query 通常为模糊意图，例如鲜花，2）长 Query

包含大量噪声实体，例如巧克力鲜花费列罗。这两类情况导致很难识别用户确切的

搜索意图。实际上，消费者对于搜索的商品有心理图像预期，反映了他们特定的购买

意图，基于此，本文提出了视觉预期增强的多模态检索模型来建模用户的潜在视觉偏

好。具体来说，通过重建 Query 共性和用户个性的图像表征，并且与语义、用户行

为序列等多模态信息相融合，增强了对用户搜索意图的理解，从而提升检索效果。通

过搜索广告系统中的在线 A/B 实验，该方法在相较于基线在收入、点击和点击率等关

键指标上取得了显著提升。此外，审稿人评价本文是多模态增强搜索理解的首批论文

之一。
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06  论文标题：Design Element Aware Poster Layout 

Generation

论 文 作 者：Yinan Li（Meituan），Jia Chen（Meituan），Yin Bai（Meituan），Jia 

Cheng（Meituan），Jun Lei（Meituan）

论文类型：Full Research Paper

论文下载：PDF

论文简介：图像创意在广告系统中起着重要的作用，利用商户素材制作优质的图片创

意能够帮助广告主吸引更多的用户、获得更多的点击。海报布局生成领域虽然在近期

取得了显著进展，但现有的方法多关注于对海报背景的理解，而忽略了设计元素（例

如文字、Logo 和底纹）对布局的影响，这导致生成的布局经常存在明显的视觉瑕疵，

包括（1）尺寸不当，例如将较短的文字放入较大的文本框中或将长文本放入较小的文

本框中，以及（2）图像失真，例如拉伸变形的 logo 图标。 为此，本文定义了一个新

的布局生成任务：感知设计元素的海报布局生成，该任务要求生成的布局不仅适配于

背景图片，还要与给定的设计元素相匹配。

本文提出了一种名为 Design Element aware Transformer (DET) 的编码器 - 解码

器网络，以生成既适合背景图像，又适配设计元素的合理布局。其中，编码器通过可

变形自注意力从背景图像及其显著性图中提取细粒度的多尺度表示，解码器接收背景

特征，通过可变形交叉注意力的方式将给定的设计元素内容特征、期望的宽高比特征

https://dl.acm.org/doi/pdf/10.1145/3627673.3679557
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与背景特征进行关联，生成最适合各个给定的设计元素布局位置。同时，本文提出了

一种新的评估指标 AspDiff，用于衡量生成的布局与给定设计元素的匹配程度。 在三

个公开海报数据集上的定量和定性评估表明，与其他布局生成方法相比，DET 生成

的布局框能更好的适配给定的设计元素，取得更好的视觉效果。该算法在论文接收前

已应用上线，在展示、联盟等站内外主要广告场景中落地。

07  论文标题：Process-Informed Deep Learning for 

Enhanced Order Fulfillment Cycle Time Prediction 

in On-Demand Grocery Retailing

论文作者：Jiawen Wei（Meituan），Ziwen Ye（Meituan），Chuan Yang（Nankai 

University），Chen Chen（Meituan），Guangrui Ma（Meituan）

论文类型：Applied Research Paper

论文下载：PDF

https://dl.acm.org/doi/pdf/10.1145/3627673.3680056
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论文简介：在即时零售（On-demand Grocery Retail, OGR）领域，准确预测订单

履约周期时间（Order Fulfillment Cycle Time, OFCT）对于提高客户满意度和运营

效率至关重要。由于自营前置仓 + 配送的模式，小象这类 OGR 平台有着与即时外卖

配送（On-demand Food Delivery, OFD）平台不一样的运营调度策略和可用数据，

面临着截然不同的时效预测挑战。本文阐述了两种领域下时效预测问题的区别，提出

了一种基于物理世界 OGR 订单履行过程的深度学习模型，用显式建模的方式刻画了

订单量、生产能力、配送能力及调度策略等多种因素对 OGR 履约时效的影响。具体

来说，我们使用多个循环神经网络（RNN）模块来动态评估生产和配送阶段的产能负

载，并结合一系列专门的注意力模块来捕捉订单 - 订单之间以及潜在骑手 - 订单之间

的相互作用对调度系统中订单履约优先级的影响。此外，我们的方法还利用深度贝叶

斯多目标学习（DBMTL）来识别订单履约前序阶段对后续阶段的影响。该方法在小象

数据集上已验证其优越性。我们的研究在 OFCT 预测方面取得了显著进展，为寻求

优化履约流程和提升客户体验的 OGR 平台提供了深刻洞见。

08 论文标题：《Collaborative Scope: Encountering 

the Substitution Effect within the Delivery Scope 

in Online Food Delivery Platform》

论文作者：Yida Zhu（Meituan），Liying Chen（Meituan），Chen Zheng（Meitu-

an），Jia Shi（Meituan），Daping Xiong（Meituan），Zewen Huang（Meituan），

Shihao Ren（Meituan），Shuiping Chen（Meituan），Jinghua Hao（Meituan），

Renqing He（Meituan）

论文类型：Applied Research Paper

论文下载：PDF

https://dl.acm.org/doi/pdf/10.1145/3627673.3680029
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论文简介：商家配送范围定义了为顾客提供服务的地理区域，决定了用户所能看到的

商家集合。在绘制这些范围时，构建准确的订单转化预估模型和合理刻画配送难度，

是平衡平台规模与配送体验及效率的关键。目前的方法忽略了用户在选择商家时商家

之间存在的替代关系这一前提，从单个商家的视角预估转化率。此外，由于大规模商

家组合优化求解的复杂性，也增加了多商家联合决策的难度。

基于此，本论文将问题建模为多商家选品问题，提出了一种基于机器学习 + 组合优化

的决策算法框架，从用户视角预估不同商家集合下的订单变化，确保其符合商家间存

在替代关系的先验假设。为了解决求解效率问题，通过在组合优化中引入一阶泰勒级

数近似的方法进行了优化。该算法框架在美团拼好饭业务上已全量，线上结果显示，

在规模不受影响的情况下，通过降低订单交付距离，显著提高了交付效率。
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ACL	2024	|	美团技术团队精选论文解读

本文精选了美团技术团队被 ACL 2024 收录的 4 篇论文进行解读，论文内容覆盖了

训练成本优化、投机解码、代码生成优化、指令微调（IFT）等技术领域。这些论文是

美团技术团队跟高校、科研机构合作的成果。希望能给从事相关研究工作的同学带来

一些帮助或启发。

ACL 是计算语言学和自然语言处理领域最重要的顶级国际会议，由国际计算语言学

协会组织，每年举办一次。据谷歌学术计算语言学刊物指标显示，ACL 影响力位列

第一，是 CCF-A 类推荐会议。ACL 成立于 1962 年，世界上影响力最大、最具活

力的国际学术组织之一，它每年夏天都会召开大会，供学者发布论文，分享最新成

果，它的会员来自全球 60 多个国家和地区，是 NLP 领域最高级别的国际学术组织，

代表了国际计算语言学的最高水平。

以下内容是 4 篇论文的解读：



算法　<　193

01  Speculative Decoding via Early-exiting for 

Faster LLM Inference with Thompson Sampling 

Control Mechanism

论文类型：Long Paper

论文下载：PDF

论文简介：近期，大型语言模型（LLMs）的发展突飞猛进，随之而来的就是推理成本

上涨，这已经成为实际应用中较大的一个挑战。为了应对这些挑战，我们提出了一种

名为「早期退出投机解码（EESD）」的全新方法，该方法实现了无损加速。

具体而言，EESD 在前 N 层之后加入早期退出的结构，并使用这一部分来生成草稿

令牌（Draft Token）。为了提升这些初步令牌的质量，我们还结合了一种自我蒸馏方

法。这种早期退出的设计不仅降低了部署和训练的成本，还大大提高了令牌（Token）

生成的速度。

除此之外，我们还引入了一种新的采样机制，该机制利用了汤普森采样来调生成过

程，并自动确定每一轮中草稿令牌的数量。然后，我们使用原始的 LLM 来验证这些

草稿令牌，通过一次前向传递来确保最终输出的文本与原始的自回归解码保持一致。

https://arxiv.org/pdf/2406.03853
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在 13B 和 70B 的模型上的实验结果表明，我们的方法在文本生成速度上比以往的方

法有显著的提升，这充分证明了该的方法的有效性。

02  Graph-Structured Speculative Decoding

论文类型：Long Paper

论文下载：PDF

论文简介：投机解码已经崭露头角，它使用小型语言模型创建一种假设序列，然后由

大型语言模型（LLM）进行验证，从而加快了 LLM 的推理速度。这种方法的效果主要

取决于草稿模型的性能和效率如何平衡。在我们的研究中，我们试图通过生成多个假

设，而不仅仅是一个，来增加被接受到最终结果的草稿令牌数量。这样，LLM 就有

了更多的选择，并可以选择最长的、符合其标准的序列。我们的分析发现，由草稿模

型产生的假设中有许多公共的令牌序列，这暗示了我们可以优化计算。

因此，我们引入了一种新的方法，使用有向无环图（DAG）来管理草拟的假设。这

种结构使我们能够有效地预测和合并重复的令牌序列，大大降低了草稿模型的计算

需求。我们将这种方法命名为图结构投机解码（GSD）。我们在多种 LLM 中应用了

https://arxiv.org/pdf/2407.16207
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GSD，包括一个参数达到 700 亿的 LLaMA-2 模型，结果发现文本生成速度提高了

1.73 倍到 1.96 倍，显著超过了标准的投机解码。

03  DolphCoder: Echo-Locating Code Large 

Language Models with Diverse and Multi-

Objective Instruction Tuning

论文类型：Long Paper

论文下载：PDF

论文简介：在代码相关任务中，大型语言模型已经展现出出色的性能。为了提高预训

练的 Code LLMs 的代码生成性能，一些工作已经提出了几种指令调优方法。

在本论文中，我们介绍了一种带有自我评估的多样化指令模型（DolphCoder），用于

代码生成。它学习多样化的指令目标，并将代码评估目标结合起来，以增强其代码生

成能力。我们的模型在 HumanEval 和 MBPP 基准上取得了优越的性能，为未来的

代码指示调优工作提供了新的见解。我们的主要发现是：（1）增加具有不同推理路径

的多样化响应可以提高 LLMs 的代码能力。（2）提高评估代码解决方案的正确性的能

力也同时提高了创建代码的能力。

https://arxiv.org/pdf/2402.09136
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04  Learning or Self-aligning? Rethinking 

Instruction Fine-tuning

论文类型：Long Paper

论文下载：PDF

论文简介：指令微调（IFT）已经成为大型语言模型构建的核心步骤之一，当前主要是

应用于模型行为模式的转换和注入特定领域知识。但指令微调对大模型输出的影响机

制仍缺乏深入分析，对于指令微调给模型带来的增益，是由于指令微调过程带来的额

外领域知识增益，还是其成功对齐了期望的输出空间从而实现了更好的知识表达机制

尚不清楚。为此，本文设计了一个知识扰动的分析框架，来解耦合模型行为模式转换

与额外知识注入的作用，以探索大模型指令微调的底层机制。

https://arxiv.org/pdf/2402.18243
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实验表明，试图通过指令微调学习额外知识往往难以产生积极影响，甚至可能导致明

显的负面影响。而在指令微调前后保持内部知识一致性是实现成功指令微调的关键因

素。研究结果揭示出指令微调的潜在机制，即指令微调的核心作用机制并不是让模型

去「学习」额外知识，而是将模型内部现有的知识进行一种自我对齐，从而给模型带

来增益。
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SIGIR	2024	|	美团技术团队精选论文解读

本文精选了美团技术团队被 SIGIR 2024 收录的 3 篇论文进行解读，第一篇论文围绕

如何利用深度学习，来整合广告拍卖和混排；第二篇论文扩展定义了全用户纵向联邦

推荐范式，并首次提出基于检索增强的纵向联邦推荐框架 ReFer，解决了跨域特征缺

失问题；第三篇论文提出了一种新颖的框架——解耦对比超图学习，并应用于下一个

兴趣点推荐任务中。这些论文有美团技术团队的独立产出，也有跟高校、科研机构合

作的成果。希望能给从事相关研究工作的同学带来一些帮助或启发。

SIGIR 的全称为 ACM Special Interest Group on Information Retrieval（ACM 国

际信息检索大会），是中国计算机学会 CCF 推荐的 A 类国际学术会议，也是人工智

能领域智能信息检索方向最权威的国际会议。根据会议官方统计，这次会议共收到

1148 篇长文投稿，其中有 791 篇有效长文投稿，仅有 159 篇长文被录用，录用率

为 20.1%。
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01  Deep Automated Mechanism Design for 

Integrating Ad Auction and Allocation in Feed

融合信息流广告拍卖与混排的深度自动机制设计

论文作者：Xuejian Li*（Meituan），Ze Wang*（Meituan），Bingqi Zhu（Meituan），

Fei He（Meituan），Yongkang Wang（Meituan），Xingxing Wang（Meituan）

备注：* 为共同一作。

论文类型：Long Paper

论文下载：PDF

论文简介：电子商务平台通常展示一个包含自然结果和广告的有序列表来响应用户的

页面请求。这个列表是广告拍卖和混排的结果，直接影响平台的广告收入和总交易

额（GMV），其中广告拍卖决定展示哪个广告及其计费，混排决定广告和自然结果的

展示顺序。主流做法将广告拍卖和混排分为两个独立阶段，但这存在两个问题导致次

优的结果：1）广告拍卖没有考虑外部性，例如实际展示位置和上下文对广告点击率

（CTR）的影响；2）混排利用拍卖获胜广告的计费动态决定展示位置，未能维持广告

https://arxiv.org/pdf/2401.01656
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机制的激励兼容性（IC）。

因此，本文提出了一个深度自动机制，整合了广告拍卖和混排，确保在考虑外部性的

情况下实现 IC 和个体理性（IR），同时最大化广告收入和 GMV。该机制将候选广告

和自然结果的有序列表作为输入，对于每个候选广告，在自然结果有序列表的不同位

置插入广告，生成所有候选分配。对于每个候选分配，页面级别模型将整个分配作为

输入，输出每个广告和自然结果的预测结果，以建模全局外部性。最后，基于深度神

经网络建模的自动拍卖机制选择最优分配并确定计费。该机制同时决定了广告的排

名、计费和展示位置，在离线实验和在线 A/B 测试中，产生的广告收入和 GMV 高于

最先进的基线。

02  ReFer: Retrieval-Enhanced Vertical Federated 

Recommendation for Full Set User Benefit

ReFer: 一种面向全用户增益的检索增强式纵向联邦推荐框架

论文作者：Wenjie Li（Tsinghua）, Zhongren Wang（Tsinghua），Jinpeng Wang

（Tsinghua）, Shu-Tao Xia（Tsinghua），Jile Zhu（Meituan），Mingjian Chen

（Meituan），Jiangke Fan（Meituan），Jia Cheng（Meituan）， Jun Lei（Meituan）

论文类型：Research Track Full Paper

论文下载：PDF

https://still2009.github.io/pdf/ReFer_SIGIR24_v0624.pdf
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论文简介：随着跨企业数据流通的需求增长、和数据隐私保护监管日益严格，纵向联

邦学习（Vertical Federated Learning，VFL）这一隐私机器学习技术被更多地应用

于推荐系统中。然而传统联邦方案忽略了大量非交叉用户数据，不仅降低了训练过程

中用户兴趣信息的丰富度，还导致模型只能对数量有限的交叉用户进行预测，极大降

低了商业落地的性价比。

为解决这一问题，本论文扩展定义了全用户纵向联邦推荐范式（Fully Vertical 

Federated Recommendation，FullyVFR），并首次提出基于检索增强的纵向联邦

推荐框架 ReFer。该框架提出了一种通用的二阶段分布式检索方案及其配套的分布式

注意力融合机制，解决了跨域特征缺失问题，缓解了跨用户群的兴趣偏差，显著提高

了全体用户在联邦模型上的性能增益。在公共数据集和美团业务数据集上的实验结果

均显示，ReFer 能在多个任务场景下提升全体用户群的推荐性能。

03  Disentangled Contrastive Hypergraph 

Learning for Next POI Recommendation

解耦对比超图学习用于下一兴趣点推荐

论文作者：Yantong Lai （IIE CAS; UCAS），Yijun Su（IIE CAS），Lingwei Wei

（IIE CAS）， Tianqi He（Meituan）， Haitao Wang（Meituan），Gaode Chen（IIE 

CAS; UCAS），Daren Zha（IIE CAS），Qiang Liu（Meituan），Xingxing Wang

（Meituan）

备注：IIE CAS 全称为 Institute of Information Engineering, Chinese Academy 

of Sciences；UCAS 全称为 University of Chinese Academy of Sciences

论文类型：Research Track Full Paper

论文下载：PDF

https://s3plus.meituan.net/v1/mss_e63d09aec75b41879dcb3069234793ac/file/Lai%20%E7%AD%89%20-%202024%20-%20Disentangled%20Contrastive%20Hypergraph%20Learning%20for%20N.pdf
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论文简介：下一个兴趣点（POI）推荐是一项重要且流行的任务，旨在为用户提供下一

个感兴趣的位置建议。现有的大多数基于序列和图神经网络的方法已探索了多种途径

来建模用户的访问行为，并取得了较好的性能。然而，目前仍有两个关键问题尚未得

到充分关注：1) 大多数先前的研究忽视了用户偏好会受不同且不断变化的多方面决策

因子影响，导致学到的用户表征耦合且次优；2) 许多现有方法未能充分建模不同用户

决策因子之间的重要协同关联，阻碍了捕捉因子间互补推荐增强的能力。

为了解决这些挑战，本文提出了一种新颖的框架——解耦对比超图学习（DCHL），并

应用于下一个兴趣点推荐任务中。具体而言，本文设计了一个多视图解耦超图学习组

件，分别从协同、转移和地理视图解耦建模用户 -POI 交互行为，并针对性设计各

视图感知的超图卷积网络学习解耦的 POI 表征。另外，本文提出了一个自适应融合

方法来自动融合多视图用户表征，并采用了跨视图对比学习方法捕捉视图间的协同关

联，实现用户表征和 POI 表征的表示增强。最后，本文在三个真实世界数据集上进

行了充分实验，验证了所提方法相较多类别先进基线方法的优越性。
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CVPR	2024	|	美团技术团队精选论文解读

CVPR 全称为 IEEE Conference on Computer Vision and Pattern Recognition，

国际计算机视觉与模式识别会议。该会议始于 1983 年，与 ICCV 和 ECCV 并称

计算机视觉方向的三大顶级会议。根据谷歌学术公布的 2022 年最新学术期刊和会

议影响力排名，CVPR 在所有学术刊物中位居第 4，仅次于 Nature、NEJM 和

Science。

本文精选了美团技术团队被 CVPR 2024 收录的 7 篇论文进行解读，这些论文既包

括 OCR 预训练、长尾半监督学习等基础学习范式升级，也包括图生视频、数字人驱

动、视听分割（AVS）等视觉 AIGC 技术创新。这些论文有美团视觉智能部的独立产

出，也有跟高校、科研机构合作的成果。希望能给从事相关研究工作的同学带来一些

帮助或启发。
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01  | ODM: A Text-Image Further Alignment Pre-

training Approach for Scene Text Detection and 

Spotting

论文作者：Chen Duan（Meituan），Pei Fu（Meituan），Shan Guo（Meituan），

Qianyi Jiang（Meituan），Xiaoming Wei（Meituan）

论文地址：PDF

论文简介：近年来，文本 - 图像联合预训练技术在多个领域展现出了卓越的性能。然

而，在光学字符识别（OCR）任务中，将文本提示与图像中相应的文本区域对齐是一

个挑战，现有的基于 MIM（Masked Image Modeling）或者基于 MLM（Masked 

Language Modeling）的方法存在一定的局限性。

本文提出了一种创新的预训练方法，称为 OCR-Text Destylization Modeling（ODM），

它可以将图像中不同风格的文本转换为基于文本提示的统一风格文本。通过 ODM，

我们可以更好地对齐文本提示和图像中 OCR 文本，并使预训练模型适应场景文本检

测和端到端任务中复杂多样的字体风格。此外，我们还设计了一种新颖的标签生成方

法，并将其与我们提出的文本控制器模块相结合，有效降低了 OCR 任务中的标注成

https://arxiv.org/pdf/2403.00303
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本，使得更多未经人工标注的数据能够被用于预训练。在多个公共数据集上的实验表

明，我们的方法在场景文本检测和端到端识别任务中显著提高了性能，并超过了现有

的预训练方法。

02  | BEM: Balanced and Entropy-based Mix for 

Long-Tailed Semi-Supervised Learning

论文作者：Hongwei Zheng（Meituan），Linyuan Zhou（Meituan）， Han Li（SJTU）, 

Jinming Su（Meituan）， Xiaoming Wei（Meituan），Xiaoming Xu（Meituan） 备

注：SJTU（Shanghai Jiao Tong University）

论文地址：PDF

论文简介：长尾半监督学习（LTSSL）最近受到了广泛关注。本文探讨了数据混合在 

LTSSL 中的应用。传统的数据混合方法通常采用批量混合，无法解决类不平衡的问

题。此外，类的平衡不仅与数据量有关，还与类的不确定性有关，而类的不确定性与

数据量的分布存在差距。例如，一些有足够样本的类可能拥有无法区分的特征，从而

导致高不确定性。

为此，本论文介绍了基于平衡和熵的混合（BEM），这是一种开创性的混合方法，可

https://arxiv.org/pdf/2404.01179
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重新平衡数据量和不确定性的类别分布。具体来说，利用类平衡混合库来存储类数

据，并根据对数据分布的估计对其进行采样混合，从而重新平衡类数据量。此外，我

们还引入了一种基于熵的学习方法来重新平衡类的不确定性，包括基于熵的采样策

略、基于熵的选择模块和基于熵的类平衡损失。实证结果表明，在多个基准测试中，

BEM 与重新平衡方法相辅相成，显著提高了重新平衡方法的性能。作为首个利用数

据混合来改进 LTSSL 的策略，BEM 证明了其在补充再平衡方法方面的多功能性。

在不同的数据分布、数据集和 SSL 学习者之间，证明了 BEM 在补充再平衡方法方

面的通用性。

03  | Animating General  Image with Large Visual 

Motion Model

论文作者：Dengsheng Chen（Meituan），Xiaoming Wei（Meituan），Xiaolin Wei

论文简介：传统基于光流构建的图像驱动算法往往受限于一些特定的使用场景，例如

人脸表情驱动、手势驱动等，而无法广泛用于预测任意场景的动态特征。我们认为

这主要是由于相关领域缺乏大规模高质量的训练数据和学习能力足够强的模型结构

导致。

鉴于近期扩散模型在文生图上表现出令人惊艳的效果，我们首次尝试构建一个大

规模的网络结构用于预测复杂场景的光流，并称之为大型视觉运动模型（LVMM）。

LVMM 主要由神经渲染网络（R），光流预测网络（P），压缩和重建网络（E 和 D）以

及一个潜在空间的扩散模型 e 构成。整个模型需要经过三个阶段的独立训练。
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首先，LVMM 通过光流预测网络 P 生成给定两张图像之间存在的光流信息，然后通

过神经渲染网络 R 用于将光流信息渲染成逼真的图像运动效果。在这个阶段，我们发

现可以使用两个不同的网络分支分别预测光流中的高频和低频信息（如上图 c 所示）。

其中高频信息则善于捕捉物体边缘的一些细微的运动特征，而低频信息则用于描述物

体整体的运动趋势。两种特征相互补充，从而有效的估计出各种复杂场景下细微的运

动差异。在完成 R 和 P 的联合训练以后，我们固定光流预测网络 P 的参数，将它作

为一个数据预处理的操作，用于训练压缩和重建网络（E 和 D）。在实验过程中发现，

直接使用扩散模型 e 去预测光流训练得到的模型无法取得很好的泛化性能，这是因为

光流特征的推断往往严重依赖物体的视觉特征。如果想要得到足够好的泛化性，我们

需要设计算法更好的将物体的视觉和运动特征解耦。我们发现通过压缩网络 E 可以将

光流信息中的视觉和运动特征分别映射到两个不同的空间，从而保证扩散模型 e 的有

效训练。最后，扩散模型 e 通过在高维特征空间解构物体的视觉特征和运动特征来准

确预测图像中蕴含的动态特征，从而驱动静态图像表现出符合自然规律的动态效果，

大大增加了图像的视觉吸引力。

04  | CustomListener: Text-guided Responsive 

Interaction for User-friendly Listening Head 

Generation

论文作者：Xi Liu* （Meituan）, Ying Guo*（Meituan），Cheng Zhen（Meituan），

Tong Li（Meituan）， Yingying Ao（Meituan），Pengfei Yan（Meituan）

论文地址：PDF

https://customlistener.github.io/
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论文简介：近年来，数字人生成技术逐渐发展并应用于虚拟对话交互场景中，通过模

拟真实 Speaker 和 Listener 的表情和肢体语言，来创造生动和更具沉浸感的交流场

景。然而，现有 Listener 生成中，用户只能通过简单情绪标签去控制 Listener 属性，

可控力有限。本文中，我们提出 CustomListener，用户可以使用任意自由文本自定

义想要的 Listener 属性（身份、性格、行为习惯、社会关系等），模型结合自定义的

文本属性以及交流场景中 Speaker 的讲话内容 / 语音 / 动作，实时生成合理且逼真的

Listener 反应。

具体而言，我们首先基于 ChatGPT，依据用户定义文本和 Speaker 讲话内容，得

到指导 Listener 动作的静态文本先验，从语义层面分析刻画来得到 Listener 的行

为基调。该静态先验只提供了窗口时间内 Listener 的静态基调动作，然而对话中，

Listener 的行为需要配合 Speaker 的实时状态，来确定静态基调动作的完成节奏和

幅度信息。为实现这种 Speaker-Listener 行为的协调性，SDP 模块根据 Speaker

语音 - 静态文本先验的响应式交互来获得基调动作的完成节奏引导，根据 Speaker

动作对交互结果进行精炼来获得基调动作的幅度引导，由此将静态文本先验转换为

包含 Listener 动作完成节奏和幅度信息的动态肖像 Token。为实现长视频生成的片
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段间连贯性，PGG 模块基于片段间动态肖像 tocken 的相似性生成运动先验，以此

保持片段间 Listener 行为的连贯性和属性的一致性，并基于以运动先验和动态肖像

Token 为条件的 diffusion 结构，最终实现听者的可控生成。

05  | Cooperation Does Matter: Exploring Multi-

Order Bilateral Relations for Audio-Visual 

Segmentation

论文作者：Qi Yang（UCAS,CASIA），Xing Nie（UCAS,CASIA），Tong Li（Mei-

tuan），Pengfei Gao（Meituan），Ying Guo（Meituan），Cheng Zhen（Meituan），

Pengfei Yan（Meituan），Shiming Xiang（UCAS,CASIA）

备注：UCAS（School of Artificial Intelligence, University of Chinese Academy 

of Sciences）；CASIA（Institute of Automation, Chinese Academy of Sciences）

论文地址：PDF

论文简介：人类的视觉注意力常受听觉引导，即我们倾向于专注发声目标。基于此，

我们引入了视听分割（AVS）任务，旨在像素级分割视频中的发声目标。该任务需对

场景进行音频驱动的像素级理解，极具挑战性。

本论文提出了一种创新的视听 Transformer 框架，名为 COMBO，即 COoperation 

https://arxiv.org/pdf/2312.06462.pdf
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of Multi-order Bilateral relatiOns。该框架首次探讨了视听分割中三种双边纠缠关

系：像素纠缠、模态纠缠和时间纠缠。针对像素纠缠，图像和发声目标掩码之间存在

像素级关系，图像中的无关背景往往会影响掩码预测的精度，目前大部分方法所依赖

的基础分割模型如 SAM（Segment Anything Model）系列，在通用分割任务中展示

出了很好的鲁棒性和泛化性，但迁移到 AVS 任务中后，无法达到很好的性能，因为

AVS 目的是得到所有发声目标的像素级分割，而 SAM 是在无语音引导条件下的类

别级分割，无法直接进行适配。因此我们采用了孪生编码模块，利用先验知识生成更

精确的视觉特征。针对模态纠缠，两种模态之间存在内在联系，如图像可以用文字描

述，声音可以对应图像中的目标物，已有的方法往往聚焦在音频模态对视觉模态的影

响，而忽略了视觉对音频的影响，相较于以上单边融合方法，我们认为两种模态的相

互融合能带来更优的效果，因此设计了双边融合模块，来实现视觉特征和听觉信号的

双向对齐，该模块使视觉特征更聚焦在发声目标，同时使语音信号更关注视觉目标。

针对时间纠缠，在视频序列中，能够根据过去的帧序列结果来估计当前帧，同时也可

以根据当前帧结果预测未来帧，基于以上时序间内在关系，我们引入了一种自适应帧

间一致性损失算法。综合实验和消融研究表明，COMBO 在 AVSBench-Object 和

AVSBench-Semantic 数据集上均优于现有的最先进方法。

06  | Intelligent Grimm - Open-ended Visual 

Storytelling via Latent Diffusion Models

论 文 作 者：Chang Liu* （SJTU,Shanghai Al Laboratory），Haoning Wu*（SJTU），

Yuj ie Zhong（Meituan），Xiaoyun Zhang（SJTU），Yanfeng Wang

（SJTU,Shanghai Al Laboratory），Weidi Xie（SJTU,Shanghai Al Laboratory）

备注：SJTU（Shanghai Jiao Tong University）
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论文地址：PDF

论文简介：生成模型最近在文本到图像生成方面展示了出色的能力，但在生成连贯的

图像序列方面仍然存在困难。在本研究中，我们专注于根据给定的故事情节生成连贯

图像序列的新颖而具有挑战性的任务，称为开放式视觉叙事。我们的工作有以下三个

贡献：

为了完成视觉叙事的任务，我们提出了一种基于学习的自回归图像生成模型，称为

StoryGen，它具有一个新颖的视觉 - 语言上下文模块，可以在依据相应的文本提示

和之前的图像 - 字幕对的条件下生成当前帧；

为了解决视觉叙事数据的不足，我们通过从在线视频和开源电子书中收集配对的图

像 - 文本序列，建立了处理流水线，构建了一个具有多样化人物、情节和艺术风格的

大规模数据集，命名为 StorySalon；

定量实验证明了我们的 StoryGen 的优越性，我们展示了 StoryGen 可以推广到未见

过的角色而无需任何优化，并生成具有连贯内容和一致人物的图像序列。

07  | InstaGen: Enhancing Object Detection by 

Training on Synthetic Dataset

论 文 作 者：Chengjian Feng（Meituan），Yujie Zhong（Meituan），Zequn Jie

（Meituan），Weidi Xie（SJTU）， Lin Ma（Meituan）

https://arxiv.org/pdf/2306.00973
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备注：SJTU（Shanghai Jiao Tong University）

论文地址：PDF

论文简介：近年来，文本到图像的生成模型在生成高质量图像方面取得了显著的成

功，这为使用合成图像训练视觉系统提供了可能。现有的文本到图像生成模型通常可

以根据某些自由形式的文本提示来生成图像。尽管这些生成的图像看起来很逼真，但

无法满足训练复杂系统的需求，因为这些系统通常需要有实例级的注释，例如目标检

测需要物体边界框。

在本文中，我们探索了一种创新的数据集合成范式，用于训练目标检测器以提高其

性能，例如扩展类别或改进检测能力。具体而言，我们成功地将一个实例级的检测

头（Grounding head）集成到一个预训练的生成模型中，以增强其在生成图像中定

位物体实例的能力。检测头通过使用来自现成目标检测器的监督，以及一种针对目标

检测器未覆盖的类别的新颖自训练方案，将类别名称的文本嵌入与扩散模型的区域

视觉特征进行对齐。我们进行了详细的实验，结果表明这个增强版的生成模型，即

InstaGen，可以作为一个数据合成器，通过使用其生成的样本来增强目标检测器的

性能，无论是在开放词汇（+4.5 AP）还是数据稀缺的情况下（+1.2 - 5.2 AP），都比

现有最先进的方法表现出更好的性能。

https://arxiv.org/pdf/2402.05937


算法　<　213

百亿大规模图在广告场景的应用

1  引言

美团外卖在线服务正成为日常生活中必不可少的服务，其中召回作为外卖广告系统的

第一个环节，主要承担着从海量商品中寻找优质候选的角色。相比于业界召回系统，

外卖场景召回阶段存在 LBS 限制，因此外卖搜索广告 [1] 提出供给分层的自循环召回

体系：无供给区域，实现流量运营联动提升流量召回上限；高供给区域，通过关键词、

向量召回提升召回效率；弱供给区域，通过搜索推荐进行弱供给填充，提高候选效

率。搜索推荐目标是解决用户搜索意图不明确、供给受限制的流量下，从满足用户需

求的角度出发进行的用户 -> 供给匹配，提高弱供给流量变现效率、用户搜索效率。
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1.1	外卖广告搜索推荐业务及挑战介绍

用户进入外卖场景，整体浏览路径为推荐页、搜索页，进入搜索页之后整体浏览路径

为搜索前导购渠道、搜索 SUG 渠道、主动搜索渠道、结果页、详情页，搜索推荐主

要目标是解决搜索意图不明确、供给受限制的候选匹配问题，主要覆盖搜索前导购渠

道（搜索发现）、搜索 SUG 渠道、结果页【POI+SPU】组合推荐、结果页相关填充

等场景。

搜索推荐覆盖如上多个场景，具有场景多且场景输入交互和展现形态异构的特点，第

一个挑战是如何统一建模异构多场景业务，提高弱供给匹配效率（多渠道） 。外卖用

户需求变化多样，从用户行为中可以发现，用户有在不同场景之间比较，需求发生演

化至逐渐收敛的特点，例如用户从推荐转搜索、搜索换 Query、结果页反复对比、最

终成单或者离开，第二个挑战是如何实时、准确捕捉用户需求的演变，完成用户与供

给的高效匹配（即时化）。

针对搜索推荐业务多渠道、即时化特点，业界语义向量召回、个性化向量召回一般解

决方案和问题是：

 ● 针对输入交互和展现形态差异较大的多种异构业务，不同业务样本组织方式差

异较大，由于向量召回以线性方式组织样本，导致异构业务样本难以统一，因
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此一般每个向量模型基于当前场景数据或者多场景数据进行单场景精细化建

模，存在迭代效率低、小场景迁移能力弱的问题；

 ● 通过长短期序列建模，精细化刻画在不同时段内用户需求变化关系。时间段划

分的序列内，存在数据稀疏性高、兴趣圈封闭、兴趣演变刻画粒度粗的问题。

搜索推荐业务的多个场景输入交互和展现形态差异较大，难以应用传统的具有相同目

标、相似特征的多场景个性化向量召回建模方法，图结构作为多维非规则立体结构，

由多种异构类型节点和节点间关系组成，适合通过异构图统一搜索推荐多异构场景。

图技术具有异构节点关系关联能力、高阶关系聚合能力、稀疏节点高阶表征的特点，

通过关系聚合、关联能力缓解小场景难以学好、稀疏节点难以表征好的问题，因此我

们提出多场景异构大图统一建模解决搜索推荐渠道多带来的迭代效率低、异构场景难

以统一、小场景难以学好的问题。用户需求具有不同场景间相互比较，需求演变至逐

渐收敛的特点，这种即时性的变化特点，我们以多场景异构大图为基座提出异构动态

图在线建模刻化需求演变关系，解决兴趣演变刻画粗、数据稀疏性高的问题。

1.2	图技术和引擎介绍

最近几年工业界和学术界在图领域研究取得了不错的进展，我们在这里对图深度学习

的范式演进、主流研究方向、图引擎发展进行梳理 [2][3][4][5][6][7]。

图神经网络范式演进主要由基于图游走的无监督范式 -> 基于聚合的消息传递范式 ->

下一代范式，从浅层无监督深度学习到统一全场景图深度学习发展。在主流的基于聚

合的消息传递范式下，主要研究方向分为消息传递函数设计、构图设计、图预训练、

联合训练、动态图等主流方向。

图神经网络范式演进决定了未来走向图多任务统一方向，我们期望在范式演进路线上

找到搜索推荐业务如何统一建模多场景异构业务；消息聚合范式下动态图、联合训练

方向主要解决图新增节点、新增变化关系如何刻画，我们期望在动态图方向找到建模

用户需求变化关系的方案。
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相比传统深度学习引擎，图学习引擎需要具备图构建、图采样和图运算的能力。随着

图技术发展越来越火热，图技术由学术界逐渐推广到工业界，引擎发展由支持图技术

基本功能向更高效的支持大规模图方向发展。当前已有很多针对不同场景的开源图训

练引擎 [8][9]。图学习业务场景的图模型规模越来越大，训练时间也越来越长，因此训

练引擎 [8][9] 需要同时支持较大的图规模端到端训练和较快的训练速度。

在当前开源的框架中，单机的训练引擎可以发挥 GPU 的计算优势，但是存储有限，

无法支撑业务 TB 级别内存和模型参数的大规模图学习训练任务。分布式的训练引擎

可以通过横向扩展来支持大规模的图学习任务，但是优化多机图采样之间需要进行密

集的通信造成瓶颈，使得各台机器都无法发挥 GPU 的计算能力，导致训练速度难以

满足工业界需求。因此我们联合美团机器学习平台建设了一套图学习训练引擎，能够

同时满足速度和规模两方面的需求。

2  异构大图在搜索推荐业务的演进

我们提出多场景异构大图统一建模解决搜索推荐渠道多带来的迭代效率低、异构场景

难以统一、小场景难以学好的问题。用户需求具有不同场景间相互比较，需求演变至

逐渐收敛的特点，这种即时性的变化特点，我们以多场景异构大图为基座提出异构动

态图在线建模刻化需求演变关系，如下阐述多场景异构大图和异构动态图在线建模的

迭代演进。

2.1	外卖多场景异构大图

从业务逐步扩增、基建逐渐完善、技术逐渐发展的现状，我们多场景异构大图由单场
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景精细化图建模 -> 多场景统一的大图预训练 + 下游任务微调 -> 联合 GPT 增强式

检索的大图预训练 + 下游任务 Prompt 微调进行迭代，最终构建外卖领域 Graph

模型。

随着迭代的发展及数据规模的变化，图引擎的技术能力需要由支持小规模图快速迭

代，到支持百亿边图规模、全参数端到端训练，最终实现支持千亿边规模领域大图

训练能力的跨越。落地于搜索前导购渠道（搜索发现）、结果页【POI+SPU】组合推

荐、结果页相关填充等多个场景，取得了较为明显的业务效果；在学术层面，相关论

文已被 CIKM 2023 收录。

2.1.1	单场景图建模

基于EM（Expectation	Maximization）框架的单意图语言增强降噪图

背景：将之前的图神经网络直接应用于该异构图宽泛检索任务会遇到噪声交互。噪声

交互主要来源于用户的随机误点（例如，在一个查询中共同点击“汉堡”和“沙拉”）

以及全场景行为序列之间 Session（用户在搜索引擎中从开始到结束的连续行为）点

击（例如，“肯德基”和“海底捞”），以及由于消息传递方案更容易受到噪声的影响。
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动作：之前工作主要聚焦于结构相似性或者基于规则的语义相似性降噪，不同层面存

在稀疏表示和节点覆盖问题，因此我们提出基于变分 EM 框架进行 LM 和 GNN 联合

训练，通过联合训练融合结构和语义信息进行图结构降噪。具体而言，在单意图去噪

中，我们基于 LMs（（Language Models）估计每次图交互的可靠性程度，并基于可

靠度为 GNNs(Graph Neural Networks) 设计了硬去噪和软去噪策略，如下公式所

述，此外用变分 EM 框架将语言模型和图神经网络结合起来，以避免联合训练需要不

可承受的计算成本，最终通过联合训练融合结构和语义信息进行降噪。

结果：EM 联合训练和软硬降燥（对比只有硬降燥图）带来离线 Recall +3.7%。
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基于对比学习的多意图差异化建模

背景：将之前的图神经网络直接应用于该异构图宽泛检索任务会遇到意图不可区分性

的问题。用户搜索词表达了多种多样的意图，对于同一个曝光卡片，具有不同意图的

用户可能会关注不同部分（菜品、商家等），但是现有的图神经网络通常忽略意图之间

的差异统一建模。

动作：我们提出多意图差异化建模，通过多意图对比学习方式解决之前忽视意图之间

差异性问题。具体的我们在语言模型（LMs）中引入了意图感知节点，能够为同一个

节点获得不同意图表示。GNNs 中通过设计聚合函数让每个意图节点更多地关注来自

具有相同意图的边的邻居节点（公式如下）。最后提出了一个多意图对比学习目标（公

式如下），以明确而有效地指导图模型显示建模不同意图的差异性。详细信息可以去

阅读我们的论文 LEAD-ID[10]。

结果：多意图对比学习带来离线 Recall + 1.8%，多意图表征带来离线多业务平均

Recall + 3.8%。

其中 w· 是参数，S(u,v) 表示边 (u,v) 的意图；请注意，图神经网络（GNNs）只聚合

相同意图的邻居的表示，即 h (k-1)
u(s)

。
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2.1.2	WM多场景大图预训练

WM大图构建

我们以外卖全场景作为数据源进行异构类型构图，实现一个大图支持多场景多业务。

如下图所示，我们以用户画像、用户全行为序列、搜索点击序列 Session 内序列等

为数据源进行大图构图；商品作为多场景共性连接节点，自定义业 Meta-path 作为

单场景子图构建方法，构建具有实际任务意义的搜索商品子图、搜索商户子图、用户

商品子图等。

其中图节点包 User、Item、POI、搜索词；边包括 User 点击、成 Item，搜索词点

击、成单、加购 item、POI，用户序列 Item、POI 的 Session 内点击、成单等；大

图整体规模亿节点、百亿边。

多场景统一大图预训练

背景：为了实现一个大图支持多场景多业务，提高迭代效率，我们在语义联合增强图

降噪网络基础上进行统一多场景大图预训练。相比于上述单场景语言增强降噪图，大
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图预训练主要挑战为如何进行多场景的语言模型和图模型预训练。

动作：语言模型采用 BERT 为 Base，采用底层多场 Share-bottom 共享，顶层异

构节点差异化建模统一搜索推荐多个场景，获得多种类型节点表征。统一大图预训练

阶段无差异性高阶聚合所有邻居节点必然带来噪声干扰，因此我们通过自定义场景

Meta-path 显示定义场景子图，多场景子图内进行高阶聚合、多场景子图间底层共

享节点表征。模型以无监督链接预测任务作为目标，通过 LMs 和 GNNs 联合训练进

行统一大图预训练任务。

结果：优化多任务样本混合比例离线多任务平均 Recall + 4%。

2.1.3	生成式模型增强的大图预训练、Prompt 微调

背景：上述统一多场景大图预训练 +Finetune 范式主要有几个问题，首先预训练任

务和下游任务之间固有的训练目标有差距，导致预训练无法最大化发挥能力，其次此

范式下每个任务都需要大量样本有监督训练，微调成本高且新任务泛化能力弱，在

Prompt 范式之前，多场景训练方法集中在模型框架结构优化，设计复杂且可迁移性

弱，因此借鉴 GPT 新范式设计图领域统一多场景模型。

动作：生成式模型实现语义理解模型具有统一多场景任务设计简单、可迁移性强等优

点，因此通过生成增强检索（GAR）方式进行搜索推荐多场景语义模型设计，然后

通过 GAR 生成式检索模型和 GNN 联合训练进行统一大图预训练任务。具体而言，

GAR 通过底层共享基于开源模型领域微调后的模型为基座、以对比学习为目标设计

双塔结构、多场景多样 Prompt 设计样本结构，以 SFT 方式进行多场景任务训练实

现搜索推荐多场景语义模型；如上所述，大图预训练阶段通过自定义场 Meta-path

显示定义场景子图，多场景子图内进行高阶聚合、多场景子图间底层共享节点表征，

模型以无监督链接预测任务作为目标，最后 GAR 和 GNN 联合训练实现统一大图预

训练任务。下游设计多场景 Soft-prompt 进行 SFT，具体 Soft-prompt 初始化向量

进行表示，通过融合预训练节点表征 Soft-prompt 表征作为最终节点表征，多场景

以训练少量参数、小样本进行下游任务微调。



222　>　2024年美团技术年货

结果：相比于多任务 BERT，GAR 带来所有任务离线指标上涨，多任务平均 Recall 

+1%；zero-shot 评估下游任务，soft prompt 微调（对比不进行下游任务微调），下

游多任务平均 Recall +10%。

2.2	异构大图在线建模

由于用户需求变化关系有即时性、场景间相互比较逐渐收敛的特点，因此我们基于多

场景异构大图建设图在线引擎，通过图在线建模完成用户与供给的高效匹配，提高流

量使用和用户搜索效率，业务收益取得了较为明显的效果。

用户需求变化的动态图建模

背景：考虑用户需 Session 之间兴趣独立、Session 内部用户在不同场景间相互比

较，需求演化至逐渐收敛的特点，提出基于动态图的用户 Sessionlevel 建模刻化用

户需求的变化关系。

动作：Sessionlevel 建模加剧了序列的稀疏性、加大了表征难的问题，我们利用图的

高阶聚合能力，沿用之前“软硬降噪”聚合函数，通过高阶聚合操作丰富序列中所有

节点的表征能力。Sessionlevel 分为 Session 内部建模和 Session 间建模，Ses-

sion 内部场景拆分为推荐、搜索中、搜索后，通过基于场景的时序 Self-attention

建模需求演化关系，Session 间基于当前实时搜索意图、用户信息双重注意力动态聚

合，整体建模用户需求。用户搜索场景下搜索词表达用户即时意图，因此我们在上述

语言增强降噪预训练图的基础上，基于搜索词和候选商品关系、商品共现关系构建搜

索商品子图，为用户召回精确候选；最终搜索子图表征和动态图表征进行融合，整体

结构如下图所示：
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结果：用户 Sessionlevel 建模离线 Recall + 1%。

3  大规模图引擎GraphET工程建设

3.1	大规模图引擎训练框架建设

图学习业务场景的图模型规模越来越大，业务已经迭代到了几亿节点百亿边的规

模，以 10 亿节点、100 亿条边的图模型为例，图结构本身采用 COO 格式保存在内

存中，要占约 100GB 的内存（10GB*4*2 + 1GB*8）。在采样过程中随机游走会用

CSR、CSC 两种格式保存中间结果，以及训练过程中的内存占用，内存占用已经有

了 300GB。

每个节点中还有用户定义的特征，以一个 256 维的节点特征为例，10 亿个节点总共

需要 256* 4*1GB = 1TB。节点通常不会只有一类特征，边上也会有各种维度的边

特征，这样的图规模常见集群中的 1TB 内存的无法保存。为了保证业务效果，节点

和边的 Sparse、Dense 特征需要和模型参数进行端到端全量更新，TB 级别参数

GPU 训练更新开源图学习框架不支持。

因此我们在开源的图学习训练框架 DGL（Deep Graph Library）v0.7 基础上，研发



224　>　2024年美团技术年货

了一套大规模图神经网络的训练框架 GraphET，服务于公司多个业务线。该框架支

持亿级别节点、百亿级别边离线图训练流程高效 pipline（图构建 / 采样 / 聚合 / 端到

端建模）Pytorch Dgl Serving 在线向量计算，方便实现学术界任意复杂图模型工程

在线化。

GraphET 训练系统的架构如下图所示：

系统由负责模型训练的 Worker 进程和负责 Hashtable 保存的 Parameter Server

进程两部分构成。为了降低内存开销，将 DGL 图结构存到共享内存中，在多个

Worker 进程间共享同一份图结构。图中的节点和边上的特征保存在 Parameter 

Server 中，每次采样后会向 Parameter Server 发送需要查询的节点，将查询到的

Embedding 放入 SHM。Mini-batch 训练前将 Embedding 加载到 GPU 上，训练

过程中用 alltoall 通信来获取节点 / 边特征，训练结束后将 Embedding 写回 PS 完成

更新。系统支持显存 / 内存 /SSD 多级存储，根据特征的访问频次来将特征放置在合

适的位置，在不影响系统吞吐的情况下，提高了 DGL 可以支撑的图的特征规模。

worker 进程

在我们设计的架构下，模型训练过程中涉及 Super-batch 粒度的训练样本采样、样

本特征查询、Mini-batch 粒度的 GPU 训练和特征更新，不同阶段对硬件特点的需
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求是不同的，具体来说对为了充分发挥不同硬件的功能，最大化利用 GPU 的计算优

势，提升模型整体训练速度，我们通过三级流水线来加速模型训练。

 ● 训练样本采样是 CPU 密集型任务；

 ● 样本特征查询是 SSD IO 密集型任务；

 ● GPU 训练是计算密集型任务。

在流水线中，每个 Super-Batch 都包括采样、获取特征、训练三个阶段。样本采样

阶段是独立的，采样结果放入 Queue 中；获取特征阶段由 PS Client 向 PS 发送异

步请求拉取特征参数放入 SHM；训练阶段阶段将特征放到 GPU 上，训练后将新的

Embedding 写回 SHM。多级流水线之间通过消息队列和共享内存通信。

worker 进程对重复查询 Embedding 做了两方面优化：

 ● 采样后，在查询特征前会对多 GPU 采样出的 Key 进行去重。由于 Worker 进

程一个 Super-batch 采样多个 Mini-batch，邻居较多的节点可能会被重复采

样，去重后每个 key 在 PS 端仅查询一次；

 ● 每个 Mini-batch 训练时，所有 Key 按照 Key%Worker_num=i 的方式存储

在 Worker i 对应的显存中，GPU 进程间 alltoall 通信前会对 key 去重以减少

卡间通信。
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PS进程

PS 主要负责 PS 负责存储、查找和更新 Embedding 参数，支持两种存储方式：

Full_memory 和 Ssd_kv_store。在 Full_memory 模式中所有的参数都是存在内

存中，这相当于将参数存储在 SHM 中。在 Ssd_kv_store 模式中，所有的参数都存

在 SSD 中，内存作为 SSD 的 Cache 仅存储部分参数，这种方式可以存储更多的参

数，但需要考虑 Cache 命中率，避免内存中存储的参数太少，导致 SSD 读写速度

成为性能瓶颈。

PS 以 KV 形式存储 Embedding 参数，使得 Embedding 参数在 PS 和 Worker 进

程中的 PS Client 之间共享。为了优化内存使用效率，将所有 Hashtable 的 KV 对

统一存储在一块大的共享内存中，内存中的 Hashtable 中存储指向共享内存中对应

Value 的指针（Offset）。

我们在 SSD 引擎方面做了多方面的优化：

 ● SSD聚合读优化。SSD 上的 Key 查询是以 Group 为单位进行数据读取，而

查询 Key 的分布很随机，导致读到 PageCache 的 Group 数据被频繁换入换

出，影响查询性能。因此，我们将待查询的 Key 集合按照 Group 进行提前聚

合，聚合后再进行 SSD 查询，一方面降低 I/O 读取次数，另一方面也能更好

利用 PageCache 来提升查询性能。

 ● 对象池优化。在 Key 查询过程中，需要频繁创建小对象（Cache 结点、Block

结点等），虽然底层已使用 TCMalloc 优化，但内存分配释放的开销仍不容小

视。因此，我们引入定长对象池，在连续大内存上维护小对象的分配和释放操

作，减少系统调用，提升服务性能。

 ● 文件GC优化。由于 Compaction 操作，SSD 文件可能包含很多无效 Group

数据，但只有文件中 Group 全部为无效状态时才会触发文件删除，导致有效

Group 占比很低的文件迟迟得不到删除，占用磁盘空间，对 SSD 读写性能也

产生影响。因此，我们引入异步 GC 线程，定期合并有效 Group 占比低的文

件，删除无效文件，降低磁盘占用。
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3.2	图引擎在线框架建设

随着图训练引擎支持大规模图落地，图节点和边变化关系更新、实时新增图节点、实

时预测图表征能力成为制约业务效果的瓶颈。因此基于图模型离线训练流程，建设图

在线引擎。图在线引擎建设包括两部分内容：图采样和图推理，如下图所示：

 ● 图采样：将图模型训练过程中用到的多跳图节点，进行整合拼装后写入 KV 

Serving，提供高效图采样（后续会迁移至图数据库，实现实时采样）；

 ● 图推理：将图采样节点以及其它特征输入到图模型中，进行在线前向推理，输

出向量 Embedding 用于后续的向量检索召回。下面也将重点介绍我们在图推

理方面的相关建设工作。

图推理遇到的挑战

Python 在线推理：图模型基于开源 DGL 框架进行训练和导出。虽然 DGL 框架支持

Pytorch 和 Tensorflow 两种 backend，但 Pytorch 相比 Tensorflow，无论是新功

能特性的迭代效率方面，还是公司训练平台的支持方面都更加突出，因此在线推理部

署的图模型是基于 DGL+Pytorch 的模式进行训练和导出。

Pytorch 本身是支持将模型序列化成 TorchScript 格式，进行 C++ 部署和推理加

速，但 DGL 框架是基于 Pytorch 进行二次开发，无法序列化成 TorchScript 格式进

行 C++ 部署，只能通过 Python 部署的方式进行推理，这就需要在现有 C++ 推理
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框架的基础上进行底层能力升级，支持 Python 部署模式的 backend，这对框架的

WorkFlow 推理流程、模型管理模式、进程部署方式等方面都是不小的挑战。

单机显存瓶颈：Python 由于全局解释器锁 GIL 的限制，导致单进程模式无法并行处

理请求，一方面导致多核 CPU/GPU 无法被充分利用，资源被浪费，另一方面请求

被串行积压，导致耗时上涨，这对于在线推理服务是不能接受的。

因此，为了避免 GIL 锁的影响，需要通过部署多进程的方式进行模型推理，支持在线

请求的并发处理。但多进程部署方式，需要每个进程都加载一份模型数据，这无疑会

受到单机显存的约束，模型越大，单机可部署的进程数就越少，进而限制处理请求的

并发度，影响在线推理性能。因此，如何降低单进程可加载的模型数据量，提高并行

部署的进程数量，是我们需要思考的问题和挑战。

图推理框架建设

针对上面梳理的问题和挑战，并结合业务现状和系统现状，我们进行了在线图推理框

架的建设，系统架构如下图所示：
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从上图可以看出，在线图推理框架由 1 个主进程 + N 个子进程组成，主进程负责

WorkFlow 工作流的调度，包括在线请求接收、解析、特征 / 图节点 Embedding 数

据准备以及与子进程间的数据交互，最终返回向量 Embedding 结果；子进程负责以

Python 的方式进行模型的加载和推理，并将推理结果返回给主进程。主进程每次会

从子进程池中选取空闲子进程，并通过管道进行通信。

多进程架构：解决Python	GIL锁造成的单进程CPU/GPU利用率低的问题

将 Python 执行逻辑部署在多个进程中，通过单进程内串行执行请求，可有效避免

Python GIL 锁带来的限制，通过进程间并行处理请求，可充分利用 CPU/GPU 多核

资源，提升服务性能和吞吐。主进程和子进程池之间，交互流程类似于“生产者 - 消

费者”模式，通过引入管道、epoll 等机制，保证进程间通信高效执行。

模型拆分：解决模型过大造成的单机显存对子进程数量限制的问题

图模型包括亿级节点和几十亿条边，模型大小在几十 G 左右，默认全部加载到 GPU

中。考虑到模型加载后会出现膨胀现象，实际占用的 GPU 显存会更大，而 GPU 显存

资源有限，加载单个模型都会存在显存溢出风险，很难支撑多进程加载多模型的模式。

经过分析，我们发现模型结构中存储了大量图节点 Embedding 数据，而图模型网络

Dense 参数只占百兆左右，同时发现单机内存大小要远大于 GPU 显存，且处于空闲

状态。因此，我们在离线侧将图模型进行了拆分，将图节点 Embedding 部分加载到

主进程内存中，且只需加载一次，而将模型 Dense 参数加载到 GPU 显存中，虽然

每个子进程都需加载一份，但 Dense 参数体量较小，单个进程占用显存可控，可大

幅提升子进程部署数量。

统一通信协议：解决不同策略模型的低成本快速迭代问题

不同策略模型对特征 / 采样 Embedding 的处理方式都有所不同，如果放在框架层进

行适配，时间成本和人力成本都很高，影响模型的快速迭代。因此，我们制定了主进

程 -> 子进程 ->Python 逻辑全流程的统一通信协议，通过标准化、规范化的通信数

据格式，将特征 / 采样 Embedding 数据逐层传输到子进程 Python 逻辑中，而子进
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程 Python 逻辑中才会真正执行模型定制化逻辑，算法同学可以按需修改，并作为模

型的一部分被子进程加载，从而保证在服务框架层面稳定不变的情况下，动态支持不

同策略模型的快速迭代。

4  总结和展望

图神经网络作为图结构数据建模方法，在搜推广领域展现出巨大潜力，业界头部公司

均结合各自业务特点自建图引擎和图技术落地应用。

本文主要介绍大规模图框架在外卖广告场景的落地。基于对外卖搜索广告场景分析，

提出搜索推荐业务解决 LBS 场景下弱供给问题。搜索推荐业务面临着多渠道、即时

化的挑战。我们提出多场景异构大图，通过单场景精细化建模 -> 大图预训练 + 下游

任务微调 -> 大图预训练 + 下游任务 Graph Soft Prompt 解决多渠道问题，异构图

在线建模通过基于 Sessionlevel 的动态图建模用户需求变化关系。

为了满足亿节点百亿边大规模图端到端训练、在线实时推理，基于开源 DGL 框架

研发了一套大规模图神经网络的训练、推理框架 GraphET，支持离线图训练流程

Pipline（图构建 / 采样 / 聚合 / 端到端建模）， DGL Serving 在线推理，方便实现学术

界任意复杂图模型工程在线化。

未来我们还将在以下方向继续进行探索：

 ● 借鉴 GPT 思想，搜推广领域通用 Graph 模型建设及落地；

 ● 构建领域大图，引擎需要支撑千亿边、复杂类型构图能力；

 ● 图在线引擎加速及支撑更大规模图在线推理框架建设。
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大众点评内容搜索算法优化的探索与实践

1  现状与挑战

美团在本地生活服务领域深耕多年，在帮助用户完成交易的同时，积累了丰富的图文

视频内容供给。依托于这些内容供给，我们可以满足用户更丰富的需求类型，从交易

环节扩展到交易前的种草、交易后的体验分享环节，将大众点评建设成为本地吃喝玩

乐的社区。

在大众点评的用户中，有相当高比例会通过搜索来查找本地信息，而内容搜索是辅助用

户决策、促进社区氛围的重要工具。例如当用户搜索“火锅”时，除了能看到火锅相

关的商户和团单，还可以看到图文、视频、评价、笔记等多种形态和类型供给呈现；

搜索“圣诞节活动”时，直接以双列内容形式呈现搜索结果，可以更加生动形象。

通过持续优化内容搜索体验，可以带来更多内容消费流量，进而吸引更多的用户转化

为作者，激励创作出更多的内容，而有了更多的内容之后，又可以进一步带动体验提

升，最终形成一个良性循环。从实际效果来看，内容搜索的价值也得到了用户的认
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可，如下图是用户访谈原声，可以看到通过内容搜索结果逐步拓展了用户对搜索功能

的认知。

内容搜索与典型类型的搜索如网页搜索、电商搜索、商户搜索等相比，有如下差异点：

 ● 在优化目标上，网页搜索更强调搜索满意度，电商搜索更看重商品交易总额，

商户搜索更关注用户到店消费意向率，而内容搜索既要考虑搜索满意度，又要

考虑点击和点击内容后的停留时长、点赞 / 收藏 / 转发 / 评论等交互行为。

 ● 在地域约束上，网页搜索和电商搜索没有特别强的地域限制，而商户搜索和内

容搜索却有非常强的 LBS 区域限制，因为用户在美团点评的搜索场景下更希

望查找附近的商户和内容。

 ● 在供给类型上，网页搜索、电商搜索、商户搜索结果类型较为单一，而内容搜

索有非常多的类型，比如笔记、评价、旅游攻略、菜谱等。

 ● 在结构化程度上，电商搜索和商户搜索相对较高，因为有商家和销售维护相应

信息；网页搜索一般结构化程度比较低，可被检索的网页大部分信息是非结构

化的；内容搜索的供给中既包括图片、视频、文本等非结构化信息，也有内容

关联的作者、商户、关联话题等结构化信息，整体呈现半结构化的特点。

 ● 在供给规模上，电商搜索和商户搜索供给量级相对可控，因为商品、商户的生

产维护成本较高；而网页搜索和内容搜索的供给生产成本低，规模会相对更大

一些。
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 ● 在更新频率上，一个商品从上线到下架、一家店从开业到关停，需要相当长的

时间周期，而内容和网页生产和更新频率都更快一些。

从以上对比来看，内容搜索在各个维度上与典型的搜索类型存在很大区别，这就需要

结合自身特点，进行相应的技术选型和方案设计。

我们对面临的困难挑战进行总结，主要包括以下四个方面：

1. 多种类型供给并存，且供给中既有结构化的信息，又有非结构化的信息。

2. 内容供给量级大且更新频繁，导致用户行为分散，单篇内容较难获取到足够

的用户行为数据；在分发过程中又有较强地域限制，形成类似蜂窝状的消费规

律，进一步加剧了用户行为稀疏的问题。

3. 在优化过程中既要拉动内容消费指标，也要兼顾搜索满意度，在推进中需要

综合平衡多个维度。

4. 在最终搜索结果中，内容与商户、团单等以混排形式呈现，需要与其他类型

搜索结果协同发挥价值，共同满足用户需求。
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2  内容搜索优化实践

下面我们会从面临的问题和挑战出发，分享如何通过链路各环节，持续优化内容搜索

的体验。

2.1	供给理解

面对用户持续创作生产的海量内容，我们需要对其进行充分理解，包括显式标签和隐
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式表征两部分工作。显式标签体系主要包括：

 ● 类目标签：通过构建分发前台后台两套标签，可以实现前后台类目灵活映射。

当需要进行前台类目体系调整时，可以通过调整映射层快速支持，减少对后台

打标任务的影响。

 ● 细粒度标签：类目标签个数有限，在推荐搜索等分发场景还需要更细粒度的刻

画，为此构建主题标签、概念标签等，相互之间有一定的关联和组合关系。

 ● 属性标签：前两类标签更多关注内容在讲什么，而属性标签更侧重于刻画内容

本身是什么，比如是否涉政涉黄、是否重复、是否命中生态治理等。

除了显式标签，分发链路很多环节还需要更加泛化的隐式表征。结合实际场景特点，

我们自研了多模态预训练模型，通过引入对比损失把图文表征对齐到统一特征空间，

并结合自监督对比学习训练范式、掩码学习、图文匹配等优化，提升了跨模态交互

效果。
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2.2	召回环节

作为最前置环节，召回决定了一次搜索查询所能拿到的候选总集合，直接影响到后续

环节的效果天花板。搜索场景的召回主要包括：

 ● 语义召回：搜索召回需要首要保证结果相关，为此对语义召回进行了多维度的

设计，包括不同颗粒度的语义单元召回、对用户需求进行细化和泛化处理。

 ● 个性化召回：结合用户地理偏好、特定区域偏好与用户历史消费内容相似度等，

设计召回通路满足个性化需求。

 ● 策略召回：基于用户不同场景的实际需求设计对应策略，包括最新最热内容的

召回、更符合种草需求的高价值攻略召回、定向搜索作者内容或特定类型如菜

谱的召回等。
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其中语义和个性化召回有很大部分通过隐式实现，语义召回更侧重搜索词自身信息的

刻画，而个性化召回还融入了用户偏好、上下文等很多信息。

2.3	排序环节

排序包括粗排、精排、多目标融合排序、异构混排等多个环节，随着逐层筛选，打分

量级依次减小，可以使用结构更复杂、规模更大的模型。

介于召回和精排之间的粗排环节，需要兼顾准确性和全面性、权衡打分能力和时延性

能，发挥承上启下的作用。为此引入用户在全域的行为样本，达到系统层面的纠偏
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作用；我们通过表征蒸馏、分数蒸馏和顺序蒸馏等方法，提升模型表达能力；在常见

Query-Doc 双塔结构基础上，引入交叉塔（如交叉点击率、时长等），提高特征交互

能力。

精排环节着重介绍在输入表征层、多目标建模层和输出层的相关工作。

首先是模型输入表征层，为了准确刻画 Query、用户、Doc、上下文等多种维度、各

种粒度、各种来源的输入信息，我们从以下几个方面进行表征。

 ● Query 语义表征：搜索场景下 Query 是用户需求的直接表达，借鉴向量检索

的工作，对 Query 进行了不同粒度的刻画，通过多粒度语义网络进行搜索词

表征。

 ● 用户序列表征：引入用户全站行为序列，捕捉用户长短期个性化偏好。搜索场

景需要兼顾个性化和相关性，但用户历史行为和当前搜索词不一定存在关联，

为此在主流建模方案 DIN 基础上，引入零向量注意力机制来权衡个性化和相

关性。具体来说，引入了 Query 语义表征，对长尾低频 Item 做过滤，帮助模

型决策哪些历史行为和当次搜索词相关，且在历史行为和搜索词无关时不引入

额外的噪声。

 ● 多模态表征：图像、摘要等创意维度信息，对于用户决策至关重要，也是内容

高效分发的基石。为此引入高维的多模态预训练向量，并结合场景进行端到端
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降维，既引入了丰富的多模态语义信息，又能够兼顾线上时延，对于刻画用户

的多模偏好、提升新内容高效分发至关重要。

 ● 特征重要度建模：通过动态权重的建模范式，捕捉样本粒度的动态表征，可以

有效增强模型的表达能力。通过在 EPNet、MaskNet 等模型结构基础上，

结合场景特点设计域感知的多门控网络、并联结构，实现了特征重要度的动

态建模。

接下来是多目标建模层，由于点击、时长、交互等各个目标行为量级不同，导致优化

过程中很容易出现跷跷板问题，为此在模型结构、优化方式等方面进行相关探索。

 ● 模型结构：我们采用 MMoE 和 PPNet 融合的方案，为了防止 Gate 极化现

象，对门控网络结构上进行 dropout、设计 skip connection 等；在各个任务

上会引入个性化因子，通过个性化网络 PPNet 建模，MMoE 和 PPNet 的输

出会拼接后传到预估输出层。

 ● 优化方式：底层稀疏 Embedding 很容易受到各个多目标梯度反传的影响，造

成梯度冲突，从而引起指标跷跷板问题。为此针对重要的表征增加参数量或新

增任务特定表征，并对重要表征控制梯度反传，时长或交互目标不更新底层部

分 Embedding 或更新时设置较小学习率。
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最后是模型输出层，为促进新内容、长尾内容分发，并保证模型输出的预估分的稳定

性和准确性，我们从探索结构和学习目标上进行了对应优化。

 ● 探索结构：搜索场景消费内容个数比推荐少，马太效应问题也更加严重，对行

为积累不够充足的新内容或长尾内容，预估不够准确。为此设计全链路冷启和

探索通道，并基于不确定性预估范式，在模型中引入基于对抗梯度的探索网

络，基于 CTR 预估的不确定性和对抗梯度在输入侧做扰动和探索。

 ● 学习目标：之前搜索场景采用的学习目标是 Listwise 的 Lambdaloss，在排

序能力上优于 Pointwise，但预估准确性上不足，会造成后续链路无法使用预

估分。业界有不少研究关于 Listwise 损失如何做预估校准，例如 KDD 2023

中阿里巴巴校准工作 JRC、CIKM2023 中 Google 校准工作等。参考相关工

作并结合场景特点，在原有的 LambdaLoss 基础上增加用于校准的 Logloss，

在梯度更新上控制校准 Loss 不影响底层的 Embedding 更新，只更新多目标

建模层和输出塔的参数，提高预估分数的稳定性和准确性，方便后续融合、混

排等环节使用。
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2.4	满意度优化

除了优化内容消费指标如点击、交互、时长等，搜索场景还很重视满意度优化。用户

对搜索结果是否满意，可以从结果是否相关、是否足够新鲜、是否是对应地域、内容

质量高低等显式维度进行刻画。

相关性是搜索满意度中最基本、最重要的维度。大众点评的很多内容有关联商户，可

以比较方便地获取很多明确的结构化信息，比如商户类目、区域等，可用于辅助判断

相关性。但也可能由于内容误关联商户带来噪音，为此需要综合从图片、文本、商户

信息进行关键信息抽取，作为相关性模型的输入。
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除了相关性，搜索结果的时效性也很影响用户体感。比如迪士尼疯狂动物城园区开始

对外开放，属于突发性热点，通过敏锐捕获到突发热点，在搜索“迪士尼”时优先呈

现对应的结果，可以带给用户惊喜。另一类查询词如“平安夜”属于周期性时效性热

点，每年到这个时间段都会有这样的热点。为了更好地对时效性进行建模，从多个来

源挖掘建立了热点事件库，接入商家自己提报的新鲜事，建立独立召回通道进行承

接，并结合线上点击反馈进行误识别纠正。

以上满意度的评测通常较为依赖人工标注，近期开始探索自动化标注，对比分析

如下：
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 ● 在成本和效率上，人工标注需要准确理解搜索诉求，并对结果进行精确评判，

从相关性、地域性、时效性、内容质量等维度进行刻画，成本非常高，通过自

动化标注可以极大降低成本。

 ● 在标注准确率上，虽然还没有完全达到人工标注的水平，但自动化标注也达到

了可用标准。

 ● 在标注维度上，自动化标注可以比较方便地对原有标注维度进行扩充，成本变

化可控，比如在 Prompt 中提供用户的历史行为和偏好，就可以综合判断个性

化需求是否得到了满足。

 ● 在标注稳定性上，人工标注质量可能会受标注人员主观判断甚至心情影响，但

自动化标注不会有这样的问题。

在具体实现上，我们通过分步推理来实现自动化标注，首先分析用户当前意图，再结

合当次搜索 Query、搜索意图、搜索结果等信息，从几个维度对搜索结果进行分析，

最终综合判定当前搜索结果对需求的满足程度。
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2.5	多目标融合

在得到内容点击、交互、时长、满意度等多维度的预估分数后，多目标融合层负责融

合各个维度分数并排序。

 ● 精准预估：多目标融合的前提是保证各个因子的打分稳定性和精准性，这也是

前文提到做排序和校准联合建模的原因。

 ● 融合搜参：通过 AutoML 方式进行自动搜参，寻找帕累托最优解，针对细分流

量进行单独搜参，更加精准地刻画不同场景下对于各个目标之间的不同需求。

 ● 分发调控：将生态或调控导向的因子引入融合公式，进行分发调控，比如对于

新内容的扶持、更老内容的分发治理、近距离和特殊供给扶持等。
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2.6	异构混排

前面各环节动作集中在内容搜索自身链路上，而最终内容是作为搜索结果的一部分和

商户、团单等不同类型结果混排，追求整体搜索收益的最大化，为此需要进行多元

异构混排。业界常见的混排建模方式包括端到端建模、价值融合公式、序列生成和

评估等。

此外，本地生活领域流量分布有独有特点，在用户快决策和慢决策的场景下，对内容

的需求存在差异，午餐和晚餐流量高峰期对内容的点击偏低，下午茶和夜宵等时段内
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容消费意愿更强。结合内容和商户峰谷差异，依托工程能力如流量价值预估、模型

算力和服务稳定性监控等，进行算力动态适配，从而保证整体搜索结果更能满足用

户需求。

3  总结与展望

综上所述，大众点评内容搜索通过优化用户体验持续提升渗透率，进入快速增长阶

段。在商户体系之外构建了基于内容的搜索分发能力，同时针对站内需求和供给特点

进行了专项建设。

在后续工作中，希望建立体验问题的自动发现机制，帮助产运促进供给生产，并推动

大模型在各个环节扎实落地、提升全链路的时效与性能，让内容得到高效准确及时的

分发，进而在本地生活信息领域形成体验优势，助力建设本地吃喝玩乐社区。
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搜索广告召回技术在美团的实践

本文整理自美团技术沙龙第 81 期《美团在广告算法领域的探索及实践》（B 站视频）。

首先介绍了美团搜索广告的三个阶段：多策略关键词挖掘、分层召回体系、生成式召

回；然后重点介绍了生成式关键词召回、多模态生成式向量召回、生成式相关性判断

在美团的实践。最后是一些经验分享及总结，希望能对大家有所帮助或启发。

美团搜索广告介绍

从美团流量场景角度来看，美团搜索广告分为两大类，一是列表推荐广告；二是搜索

广告。推荐广告以展现商家模式为主，通常叫商家流。搜索广告的展现形式比较丰

富，有商家模式，即以商家展现为主，会挂上菜品 / 商品；还有商品模式，即以商品

展现为主，以呈现商品大图、商品标题等核心商品信息为主。

美团搜索广告流量有以下几个典型特点：

 ● 搜商品意图占据绝大多数份额，搜索商家只占较小的一部分；因此检索以商品

为主，看候选规模的话，美团有百万量级的商家和十亿级别的商品，供给规模

较庞大。

 ● 从商家特点来看，它有一个和业界传统电商场景不太一致的特点是很多是中小

商家 / 夫妻店，他们的线上运营能力较弱，导致美团商家的内容质量没有其他

电商平台好，所以在内容质量处理上，花费了很多时间。

 ● 美团的 O2O 场景特点是 LBS 属性，供给相对不那么充分，一个蜂窝内的几百

个、上千个商家，搜索场景里有相关性约束，供给队列更短，有很多位置受限

于供给没有填上。因此，美团搜索广告对召回率的要求更高。

https://www.bilibili.com/video/BV1gM4m1r7DQ/?spm_id_from=333.999.0.0&vd_source=aea2a93491bea0d72f7e5b8a79085d70
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上图展示了美团广告和传统广告之间一些的差异。 下面介绍围绕着召回率提升我们做

的一些工作。美团的搜索广告从 2019 年开始建设，主要经历了三个发展阶段：

第一阶段是美团搜索广告启动阶段，我们叫多策略关键词挖掘阶段。这时的工程基建能

力处于起步阶段，也缺乏线上反馈数据，另外考虑落地节奏，希望尽可能快的把整个系

统从 0 到 1 搭建起来，并希望在数据有限的情况下，快速支持迭代效率。所以这个阶

段的召回方式是 SPU 通过离线方式，挖掘核心关键词，在线与 Query 精确匹配。

 ● 特点：一是只聚焦于通过离线方式覆盖高频流量；二是缺乏线上的行为数据，

以 NLP 的挖词技术为主；三是为了追求更多的覆盖，采用了多策略并行的方

式，不断叠加新的召回策略，以达到更高的流量覆盖。

 ● 缺点：第一，它不是一个正向匹配过程，而是从商品反向挖掘，所以整体挖掘

效率很低，挖出了大量无效关键词，放到线上后，又无法匹配；第二，由于它

是一个离线策略，所以只能覆盖一些高频流量，20%-30% 的长尾流量无法覆

盖；第三个是多策略并行，在后期，新通路会通过不断挤压旧召回通路，最终

形成 10+ 的召回通路，这种模式的维护成本较高，而且如果一个算法同学优

化一个召回通路，策略面覆盖有限，整体的 ROI 在后期较低；第四个是缺乏个

性化技术。
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第二阶段是分层召回体系，它是基于流量和供给特点，按照业务类型，聚焦在几个象

限内，每个象限里采用更聚焦的针对性召回策略，进行优化。

 ● 特点：第一，在一个业务范畴内，通过把技术做深能够取得业务效果的极大提

升；第二是随着基建能力的提升，更多的是把召回由离线切换成在线，以此覆

盖更多的流量；第三是在单通路的召回能力上，我们突破了传统单一 NLP 技

术瓶颈，开始大规模使用个性化 / 图 / 多模态等新的召回技术。在 2022 年底，

整个分层召回体系取得了不少成效。

 ● 缺点：第一是整个召回体系还是以判别式召回模式为主，决策空间不够，倾向

于学习历史数据行为，马太效应现象变得越来越严重，而且整个探索空间在这

种判别式模型下面，局限性也越来越明显；第二是整个模型规模和容量相对不

足，天花板很容易逼近；第三是采用多通道独立优化的方式，每个通道都有自

己的样本特征，很难做到通道之间的融合，难以形成 1+1>2 的效果。

第三个阶段是生成式召回。核心思路是借鉴生成式大模型的思路和能力，改造现有的

召回技术体系，长期上来看，我们会探索 DSI 新召回范式。

大模型在 C 端流量的落地，会遇到很多算力瓶颈。经过一年的探索，我们形成了大模

型落地的方式和原则，分为三类。第一是离线用能力构建领域微调大模型；第二是在

线用大模型技术思想，结合传统模型改造现有模型能力；第三是通过蒸馏方式，在线

尽可能学习离线大模型能力，通过蒸馏方式把大模型通用知识蒸馏到在线规模相对较

小的模型上。

面临的挑战包括三个方面：第一是有算力焦虑；第二是在模型规模变得越来越大的情

况下，如何保证模型迭代效率；第三模型的变化不能发挥模型能力本身的优势，我们

希望构建以大模型核心能力基础为核心的架构，拿到更好的效果，但改造成本较大。
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美团搜索广告召回发展阶段

阶段一：多策略关键词挖掘

对于多策略关键词挖掘阶段，美团搜索广告的特点一是 Query 较短，平均长度也就

两三个字，因为很多人在美团 App 搜索比如烧烤、西餐这种很泛但又很短的 Query；

二是流量分布比较集中，高频、Top 几万的 Query 就占了大约 70% ~ 80% 的流量，

头部效应比较明显；三是区别于业界传统的搜索广告，美团搜索广告商家没有买词能

力，通常以整个店铺的投放模式为主。

基于这三个特点，我们设计了关键词挖掘策略思路。一由于 Query 很短，我们很容

易通过信息抽取，把词或实体核心信息抽取出来；二是因为头部效应比较明显，Top2

万的 Query 覆盖了很多流量，采用这种离线方式能快速拿到大部分收益；三是由于

商家没有买词能力，如果用 Query 直接匹配商品，会涉及到传导文本匹配问题，匹

配难度会更高，所以我们最后采用模型从商家商品里挖掘核心词，在线做短串匹配的

方式。

如左下图所示的召回模式是离线，我们从广告或 SPU 里通过关键词挖掘的方式挖掘

出关键词，在线通过 Query 改写的方式尽可能提升在线匹配效率。
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具体来说，我们的关键词挖掘策略经历过三版迭代，按照技术由浅入深的方式做的。

 ● 早期第一版创建时，我们更多采用基于规则的挖掘式策略，把流量分成了商家

词、商品词和品类词。商品词通过分词和词频贡献的算法，挖掘核心关键词，

由于品类字面没有完全匹配的信息，我们通过互信息，构建词之间的权重去挖

掘。但问题一是规则能力较弱；第二是只能挖掘出连续的短差，比如“炒西红

柿鸡蛋”，它只能挖掘出“炒西红柿”，挖掘不出“炒鸡蛋”。

所以在快速落地了规则式挖掘策略后，我们开始用模型方法自动挖掘关键词。模型通

常有两种，抽取式和生成式。

 ● 从准确性和数据局限考虑，先采用的是抽取式挖掘方式挖掘关键词，这经过了

三个阶段的策略迭代。第一版将规则式升级为了模型挖掘方式，传统上叫序列

标注模型，这种模型只能挖掘出连续短串，好处是挖掘效率比基于规则的挖掘

模式高，但会导致很多关键词受限于连续短串的方式而挖掘不出来；后面做了

两版突破连续短串的挖掘方式，分别是标注组合模型和指针组合模型。标注组

合模型能够跨越连续短串挖掘，但它有一个顺序概念在里面；指针组合模型可

以在原有短串里随机组合词，突破顺序和连续的局限。但抽取式模型的准确率

较高，探索空间不足。
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 ● 在迭代了三版抽取式策略后，我们将策略重心聚焦在生成式挖掘方向上，希望

突破字面极限，探索更大的流量空间，最后做了三个阶段的迭代。第一个阶段

是深度分类模型，它能够突破字面限制，Top2 万的 Query 能够覆盖大部分流

量，那将 SPU 商品文本直接分类到这 2 万个 Query 标签里，做词和 Query

间的匹配，但这种多分类模型较难优化，也不能泛化出更多的 Query，时效性

和更新频率也有限；所以后来我们采用了深度生成模型，实现了相对广阔空间

的挖掘，但受限于模型规模和样本丰富度，准确性不太好，所以我们在后面加

了标注和生成模型，在具备生成泛化性的同时，尽量控制 Query 质量，以上

所有模型都是传统 NLP 里的基础模型，我们只是把模型数据、业务特点做了

适配。

未来，我们期望在关键词挖掘阶段，较好地解决了早期业务落地和基本盘问题，但是

面对美团比较复杂的流量场景，还需要通过新方式强化流量，提高商品匹配效率。

阶段二：分层召回体系

2022 年，我们开始正式规划第二代召回体系即分层召回体系，核心思路是按照流量

和供给特点分类，强意图是直接搜索一个商品；泛意图比如搜索“烧烤”这个品类，
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泛意图用户虽然表达了需求，但满足需求的候选可以很广，甚至可以替代；供给层面

分为有供给、弱供给和没有供给三个象限。我们找到核心象限聚焦优化，最终找到以

下四类场景。

 ● 第一是强意图有供给，通过关键词就能较好满足，因此在这个象限里，我们更

多是在迭代关键词召回技术。一是通过离线统一到生成式的方式。前面介绍离

线关键词挖掘策略可能会有十几个通道，不管迭代哪个通道，策略召回的覆盖

面都是有限的，而且团队也没那么多人迭代，但这种情况下，我们把整个离线

关键词十多路的挖掘策略通过规模较大的生成式模型做了统一，引入了多模态

信息，做到了数据更多、模型更多以及召回目标更多的情况，后期只需要通过

优化模型能力，就能取得线上全流量覆盖的效果；二是通过离线关键词的方式

做到了在线。我们并没有采用业界传统的布尔检索，这种方式有两个局限，一

是 Query 改写以及商品分词基于较浅层的模型，整体效果会受限于模型效果。

二是它没有做到检索和最终目标的匹配。在线系数化检索方式类似于双塔向量

检索，但每个模型出来不是一个稠密的向量，而是一个几万维稀疏的 term 粒

度，通过端到端的建模方式，把 Query 和商品映射到一个稀疏的几万维槽位

的几个槽位里，离线训练时通过槽位端到端的建模，实现目标检索和目标一致

性，在线检索时，基于槽位构建倒排检索，具备一定的可解释性。

 ● 第二个是泛意图有供给，体现了用户的个性化偏好，通过迭代向量召回模型覆

盖这个场景。向量召回经过了三版迭代。第一版是基于传统语义相关性约束的

双塔模型，和业界的做法类似；我们的向量召回目标最终要让建模用户个性化，

第二版将用户个性化提上了日程，但如果只把用户个性化特征和传统语义特征

融合在一起，黑盒式学习很容易被用户个性化信息带偏，最后我们让用户个性

化信息和语义个性化信息分别学习，通过显式叠加的方式做端到端的建模。这

种检索方式能够兼顾个性化和语义相关性信息；第三版是基于平台的多样化目

标，我们需要对齐后链路的精排目标，在召回阶段考虑整体商业价值。

 ● 第三个是泛需求弱供给，比如搜索“汉堡王”，但给 TA 一个“肯德基”，TA

也会下单，通过搜索推荐化的方式覆盖和解决。这个场景比较复杂，从业务来
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看，它需要做引导和推荐，在结果页里也做偏泛结果的推荐，涉及到搜索前和

搜索中，搜索中既有商家也有菜品，既涉及要推荐什么样的菜品，也涉及推荐

什么样的商家；另外推荐本身是一个关系建模。我们最后选择基于图模型的迭

代，因为图模型首先是一个基于关系的建模，而且图模型具备多场景海量信息

的容纳能力，在图建模里，一是构建了异构的多节点百亿规模图，通过图预训

练加微调的方式识别多个场景，我们最近也在尝试做图和大模型训练相结合的

方式；二是我们把整个图检索搬到在线，因为在搜索场景中，用户需求是即时

需求，属性较强，只有把检索搬到在线，通过图在线的实时检索聚合到用户当

前最有可能的潜在兴趣情况下，才能实现收益最大化。

 ● 第四个是没有供给的场景，通过流量结合供给运营化的方式解决。

阶段 2 通过划分象限和场景聚焦迭代的方式，拿到了不错的收益，但很快也遇到了

瓶颈。

阶段三：生成式召回

2023 年，我们开始探索新生成式召回方式，核心思路是结合大模型或生成式技术思

想，提高召回算法的决策空间，提升模型的匹配能力。经过一段时间迭代，我们抽象
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出广告子模块结合 LLM 落地的三类思想及方式，分别是用思想、学能力、用 LLM。

具体和子模块结合的一些探索如下：

 ● 一是离线关键词召回方向。如刚才介绍，我们已经把整个离线关键词召回技术

方式统一到了规模不错的生成式模型方式上。大模型出来后，直接用大模型其

实还存在着算力及效果的 2 个挑战。但我们认为大模型的两个核心技术思想：

Cot（Chain-of-thought，能使大型语言模型能够更好地理解人类的语言请

求）推 理 和 RLHF（Reinforcement Learning from Human Feedback，

一种基于人类偏好的强化学习方法）对齐人类反馈思想，对我们现有模型的

优化也是有帮助的，因此我们使用大模型的这些技术思想来改造离线生成式召

回模型。

 ● 二是在向量召回方向。我们已经将向量表征升级为多模态模型，进一步我们

思考，LLM 语言大模型对于离散 Token 的信息归纳及表征是有比较大的提升

的，但是在稠密表征领域，一个值得借鉴的方法是扩散模型，因为扩散模型也

是通过多步去噪的方式来生成目标，通过扩散多步过程，在其中引入多元信息

多步融合的思路，提升整个向量召回的向量表征能力。

 ● 三是随着我们探索的深入及对应算法能力的提升，我们构建了美团领域广告大

模型，尝试直接把大模型用到美团实际场景里做关键词召回，将离线中等规模

的生成式模型直接替换成大模型，并探索大模型在线化。

 ● 第四个是蒸馏大模型能力，主要在相关性场景落地，目前蒸馏了两块能力，

Cot 推理能力和模型隐层知识能力蒸馏。

下面我主要介绍下结合 LLM 的能力，在召回场景下已经全量的一些技术探索。
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生成式关键词召回

 ● 生成式召回主要借鉴大模型思想，我们已经升级为统一的生成式模型，它的工

作方式是基于 beamsearch 的方式，一次生成多个结果，但结果之间是互相

看不到的，我们认为这种方式会存在问题，另外，从线上和实际生成结果来

看，词之间是有关系的，按照概率方式来看，如果一个关键词能够推理出另一

个关键词，大概率前面这个关键词要比下一个关键词的信息含量多，那能否借

鉴大模型推理思想，按照序列生成方式逐步推理出多个关键词。

 ● 我们通过构建概率贡献图的方式，采样得到关键词之间的导出关系，在一次生

成时，直接生成多个关键词，这多个关键词之间有推理关系，比如要给“花仙

女鲜花店”商家生成关键词，第一个关键词就是相对具象的“鲜花店”，它的

含义和商家的商品描述是确定的，在生成“鲜花店”时，可以推理成“花店”，

进一步可能会生成新关键词，通过这种序列推理方式，能够很好地利用关键词

之间的关系。

 ● 在序列推理生成关键词时，比如生成了 5 个关键词，有一个关键词不相关，剩

下的 4 个关键词是相关的，那如何通过模型识别出这种不一致现象，能否借助

人类反馈方式，实现模型序列好坏端到端的判断。模型生成的关键词序列与人
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工标注是否一致，通过这种反馈对齐的方式喂给模型，提升整个序列生成结果

的一致性。

通过这种方式，召回得到明显提升，而且生成相关性的准确度也得到明显提升。

对于离线关键词，前面是中等规模的模型，我们最近把整个离线关键词替换成大模

型，之前没有替换是因为开源通用大模型能力在领域场景里，挖掘词的准确性和通用

性有限，我们一直在构建美团广告领域的大模型，通过激发大模型知识，生成更全面

准确的模型，我们做了 3 个阶段的优化。

第一是融合领域知识，比如健身和轻食相关，这是领域知识，通过领域全参数训练得

到一个基础的广告领域模型。第二是融入场景知识，美团有很多店铺和商品名，比如

川菜和眉州东坡在店铺里有很多相关数据。通过这种指令微调的方式学习店铺知识，

在实际应用时，再学习偏实际的知识，比如搜索“猪手”时，发现他之前检索过很多

“猪肘切片”，通过这种检索方式增强大模型当前推理知识能力。最后通过构建领域大

模型和检索增强范式，在一些场景里替换传统大模型，这样，我们发现召回效率明显

提升。
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多模态生成式向量召回——结合扩散模型，多阶段生成向量表征

我们改造或优化多模态向量召回，在表征里结合扩散模型做了优化，如下图左边所

示，传统的多模态向量召回更多是在 item 侧表征里，将商品图片和文本模态信息融

合在一起，得到一个表征，那能否通过一些方式在 Query 侧也实现多模态表征。一

个用户在美团场景里搜索一个 Query 时，大概率他的脑海里已经有关于这个 Query

所对应菜品图片的大致印象。那我们如何通过模型建模的方式还原图片的印象，核心

在于还原用户的潜在意识。我们的做法是，一是把 Query 历史点击的图片信息汇集

在一起，表征 Query 所代表的通用视觉信息；二是将用户历史点击图片代表用户个

性化视觉信息，把这两类视觉信息叠加在一起，可以在一定程度上反映用户在当前搜

索框架下，想要得到的流量侧多模态信息，最后通过多模态表征匹配技术，整个离线

召回效率也有提升。

但这种方式也是基于传统的判别式表征，比如现在大家都在做个性化向量召回，相关

性和个性化之间有递进关系，最浅层的需要保证相关性，第二层才需要在相关性里挑

选更个性化、更符合用户偏好的候选集，给到下游链路。但传统的判别式方式一般在

特征阶段叠加不同特征，通过建模、多目标落实反向迁移方式，不能很好的显式学习

到不同目标间的递进关系，但 SD 生成模型比较适合这种稠密向量生成，通过多步还
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原过程，本质上也是一个不断推理的生成式过程。

我们希望向量表征具备不同信息的推理能力，SD 的多步加噪去噪过程类似于推理过

程，可以相结合，在不同步骤中引入不同维度的信息，做到多维信息的显式理解及融

合。在正向编码过程中，先将 item 通过编码器编码成向量后，逐渐加噪还原成白噪

声，在反向去噪还原过程中，在噪声里分阶段添加用户 Query 以及 side info 信息，

通过多步还原的方式，还原出 Query 所代表的信息。并有两个对比的操作，一是传

统的样本 Paiwise 学习，通过对比学习方式拉近 Query 与相似 Item 的表征；二是我

们认为相似 item 有类似的标准过程，通过对比学习拉近相似 item 之间在扩散中间过

程的表征，这是整个建模过程。

在还原阶段，我们会显式还原中间步骤叠加相关性信息、个性化信息，通过对比方式

让模型在还原过程中显式相关性和个性化信息，最后在模型结果里能看到，如下图左

边是传统的判别式模型里最好的一个 Baseline，它能够较好区分 Query 和正样本信

息，但它在个性化样本和相关性样本里基本是混在一起的，通过这种扩散模型方式，

相关性样本和个性化样本就有一定程度区分开来的能力。
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总结

生成式算法相比判别式，能够有效的拓展整个召回的策略空间，2023 年我们基于大

模型的技术思想赋能现有的召回模型拿到了一些效果，但远未达到新技术方式的上

限。看未来，一方面随着算力的逐渐提升，我们可以探索更大规模的生成式模型直接

落地，另一方面可以探索在线的端到端生成式召回，来优化多级漏斗带来的样本偏差

和漏斗效率问题。
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全域用户建模在美团首页推荐的探索与实践

一、背景

1.1	产品形态及业务特点

美团首页推荐展位，如下图 1 所示，是用户打开美团 App 后，触达美团各业务的流

量入口，每天服务数千万用户。首页推荐的核心能力体现在差异化地承载并快速响应

用户个性化需求，需要支持高效分发外卖、餐饮、休闲娱乐、酒店旅游、优选、买

菜、电商、超市闪购等各种业务供给。业务之间在履约特性、供给特点之间存在巨大

的差异性，如外卖业务通常为用户“饭点儿”的即时随性消费，受到配送距离的强限

制；酒店旅游业务需较长周期种草规划，偏好相对稳定，但集中于特定节假日时段；

电商业务随着不同品类不同场景对于履约周期有所取舍。这些特点对个性化推荐建模

提出了较高的要求。

图 1. 首页推荐展位及其业务特点
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1.2	全域用户建模的必要性

全域用户建模是指在多个平台、多个应用或多个领域中，整合用户在不同环境下的行

为数据，构建一个统一的用户画像或模型。这种建模方法旨在更全面地了解用户的兴

趣、偏好和行为模式，增强建模的准确性和多样性，从而提供更加精准的个性化服务

和推荐。

具体到美团首页推荐的业务场景下，全域用户建模旨在将用户的源域兴趣迁移到目标

域，利用其他源域的用户行为数据来增强目标域即首页推荐的召回排序链路，解决目

标域中的数据稀疏问题 [1]，以提高推荐效果。本文中的源域表示美团大搜、金刚区等

除首页推荐外的其他渠道或展位，目标域即指首页推荐。推荐场景下的全域用户建模

也可称为跨域推荐。

过去美团首页推荐各模块建模所用的行为数据过于依赖特定来源（仅首页猜喜），缺乏

来自其他重要渠道的用户交互数据，这限制了首页猜喜推荐系统在全面理解用户行为

模式上的能力。

美团 App 展位众多，相比于金刚区、首页搜索等展位，首页推荐展位用户行为较为

稀疏。较多用户养成了通过频道区内页、主动搜索等方式来获取感兴趣供给的心智习

惯，不利于猜喜展位释放更多的引流潜力。这一现状对猜喜侧用户兴趣预估、CTR/

CVR 排序预估等模型类建模方式造成挑战，主要体现在两方面：1）用户行为稀疏导

致训练不充分；2）用户行为有偏导致分布预估不准。为解决这一挑战，本文通过引入

全美团多源数据信号（包括多展位、多应用渠道），对猜喜各链路算法建模进行数据增

广、纠偏、领域迁移等优化，旨在提升用户兴趣建模能力与人货匹配能力，实现召回

排序技术升级，以带动核心业务目标提升、改善用户体验。

1.3	落地难点

由于展位之间显著的数据分布差异、多业务间的可迁移性差异以及本地生活业务时空

场景的强相关性三个方面的原因，使得将外域信号引入推荐各链路中存在严重的负迁

移挑战。其中，展位差异是行业内落地全域建模的共有挑战，时空场景强相关性是美
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团本地生活业务特点带来的特有挑战，而业务间差异则是美团首页推荐展位分发多业

务供给带来的展位特有挑战。

1.3.1	展位之间显著的数据分布差异

由于不同展位承载差异化的需求表达，美团搜索和业务金刚区较多承载用户意图更明

确的主动需求，而首页推荐更多是用户有模糊性需求时的自然浏览，且不同展位的物

料展示形式也不同，使得不同展位流量在用户分布、行为习惯等方面存在显著差异。

美团 App 不同展位之间的业务占比具有显著差异，体现用户心智在不同渠道存在一

定差异，在扩展用户信号覆盖时，需要考虑不同展位间用户行为的差异性。

例如，在美团的首页猜喜，向用户推荐药品可能会显得不合时宜，因为用户可能没有

明确的购药意图。相反，在美团医药频道，用户的行为预示着他们有明确的相关意

图，因此在该频道内搜索和推荐药品是用户预期之内的行为。如果直接将其他数据源

应用于猜喜模型，不考虑上下文的差异，可能导致负迁移现象，即模型性能由于数据

整合不当而降低。应对这一挑战的有效方法是采取精细化的数据集成方法和周到的模

型训练策略，以确保数据的适当应用并优化模型性能。

1.3.2	多业务间的可迁移性差异

美团本地生活服务业务类型众多，与以内容、商品为主体的推荐场景下业务相比，特

性显著。

 ● 行业内，服务电商相比实物电商具有更大的业务差异性。比如餐饮外卖、酒店

预订、到店桌游、生鲜自提之间的差异相较于实体电商的服饰、书籍、3C 等

品类有更大的差异性，后者可通过用户网络下单、商家发货、快递到手的统一

流程满足用户需求；而美团的“外卖”、“KTV”等业务涉及实时配送和到店消

费， 业务逻辑间有所不同。

 ● 美团内部，首页推荐业务交杂情况更为显著。典型推荐场景还有美团外卖推荐

和大众点评内容推荐等。美团外卖推荐更聚焦于外卖的不同品类，需平衡商户

的复购和用户尝鲜探索，目标层面更关注短期的用户体验和转化效率；大众点
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评推荐是内容的分发，更多关注“点击”、“停留时长”、“收藏”等信息消费目

标，不同类型内容之间的差异相比服务之间较小。

首页推荐承接的外卖、餐饮、休闲娱乐、酒店旅游、优选、小象、电商、超市闪购等

多个业务之间的履约特性、供给特点之间巨大的差异性导致全域建模时不同业务的可

迁移性具有显著差异。如医药、闪购等大部分是在用户有明确需求时的即时需要；优

选、小象超市等则表现为用户下单时会包含多件商品，其中可能包含用户为凑单而购

买的商品，而并非用户对这些商品真正地感兴趣。这类业务往往在全域用户建模过程

中更容易导致负迁移问题，而到店餐饮、休闲娱乐等业务的下单行为更能体现用户常

态化的兴趣，因此负迁移问题相对较弱。

1.3.3	时空场景的强相关性

与纯电商推荐不同，美团推荐中的生活服务对时空限制非常敏感，所以时空场景信息

对推荐结果十分重要。举几个时空相关的例子，用户在午间 11 点前后想订外卖吃饭，

节假日前可能订酒店去旅游；用户在家需要零售买菜类商品，用户在商场需要到店

餐饮类卡券。下图 2 展示了外卖和门票业务在首页推荐的点击量级随星期和小时的

变化，可以发现用户对外卖的兴趣往往集中在饭点，而对门票的兴趣集中在周末，

和大众的认知相一致。时空场景决定了用户的行为动机，用户与业务的交互依赖所处

场景。

图 2. 外卖和门票业务在首页推荐的点击量级随星期和小时的变化
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正如场景信息对首页推荐的模型提效非常重要，全域用户建模考虑其他展位信号向推

荐展位迁移时也需要强调时空场景信息，以实现在不同的时空场景下对各业务信号的

差异化迁移。例如在饭点，我们希望其他展位的外卖兴趣能够迁移到推荐展位，而在

周末则希望用户过往在其他展位表达的对门票业务的兴趣更多地迁移到推荐展位。而

如果在非饭点将大量餐饮外卖的兴趣迁移到推荐域，使得推荐系统在非饭点大量曝光

餐饮外卖，反而会降低推荐系统效率。

基于上述几个方面的原因，为解决负迁移问题，应对不同展位之间显著的数据分布差

异，需要对即时需求类的兴趣进行筛选而仅迁移常态化的用户兴趣；而生活服务供给

的时空场景强相关性，则要求基于场景信息差异化地迁移适合当前场景的兴趣信号，

给予其他展位不同类型的兴趣信号以不同的迁移权重，从而实现仅将对推荐域有益的

其他域兴趣信号迁移到推荐域，排除干扰信号及噪声信号。

二、全域用户建模的探索与落地

综上所述，全域用户建模有助于扩展用户理解和个性化服务的空间，但由于不同展

位、不同业务之间用户行为和需求的显著差异，存在较大挑战。业界现有跨域推荐

方法按照知识跨域迁移方式可以划分为基于 Content 的迁移 [2][3]、基于 Rating Pat-

terns 的迁移 [4][5] 和基于 Embedding 的迁移 [6][7][8]，其中基于 Embedding 的方式应

用最为广泛，即利用机器学习方法首先学习出不同域的 User 或 Item 的 Embedding

表征，然后将 Embedding 作为知识载体进行域间的信息迁移。

业界现有方法尽管已经取得了不错的进展，但当应用于展位和业务之间都存在显著差

异的美团场景下，均效果不佳。原因在于现有方法往往研究在多个相似领域之间进行

知识转移（大多为不同场景下的多个推荐域 [5][6][8][9][10][11]），相似域间的负迁移问题往往

比较小，但在美团场景下不同展位和不同业务带来跨领域之间显著的差异性。

另外，现有的跨域推荐方法主要关注隐式建模范式，学习目标是去拟合目标域或源域

兴趣的 Ground Truth，而没有对兴趣信号的跨领域迁移进行直接监督。因此，从源

域到目标域的兴趣迁移是隐式的和不可控的。这种隐式建模范式使得区分源域的有用
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信号和噪声信号变成一大挑战，很可能将不适当或干扰的兴趣迁移到目标域，从而导

致负转移问题。

因此，基于多展位、多业务及时空场景强相关性带来的落地挑战，我们计划对不同域

的数据在细粒度时空场景下的可迁移性进行精准建模，强调时空场景信息的重要性，

仅迁移其他域中对推荐域有用的兴趣信号，以实现兴趣信号的有效迁移并优化模型

效果。

全域用户建模的落地过程中，我们采取递进式的迭代策略，在首页推荐召排模块分阶

段逐步摸索与落地。全域用户建模召排升级的整体思路及落地路径如下：

图 3. 全域用户建模召排升级的落地路径

 ● 第一阶段：优化全域行为召回策略。首先将全域信号引入召回阶段，将行为触
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发的 i2i 类、热单类等多路召回子策略中的数据源由猜喜行为扩展到多展位行

为，并进一步扩展到多渠道行为，快速验证全域用户建模在首页推荐落地的可

行性。

 ● 第二阶段：模型训练样本引入全域信号，并缓解负迁移问题。在首页推荐召回

和排序模型引入金刚区、首页搜索中的支付行为数据，作为训练点击、支付目

标的正样本，对猜喜原训练样本 Label 进行改写，以融入全域兴趣信号。然而

由于不同域数据分布的显著差异，在实验过程中，我们发现大量引入优选、医

药等业务的外域正样本导致模型在这些业务上猜喜离在线 AUC 大幅下降，导

致模型“学偏”。为此本文根据不同业务导致负迁移的严重程度设置了阶梯式

的训练权重，来缓解负迁移问题。

 ● 第三阶段：提出显式兴趣迁移框架解决负迁移问题。上一阶段我们对不同类型

（本域与外域）监督信号分业务赋予阶梯式权重来缓解跨域负迁移问题。此种方

案虽然取得了较好的业务效果，但对训练权重的区分仅限于业务粒度，且阶梯

式权重是由人工拍定的硬参数，仍难以精准地建模细粒度场景（如 < 工作日、

中午、雨天、青年、白领 > 构成用户上下文场景）下源域兴趣向目标域的迁

移。为了实现仅对适合推荐域的兴趣信号进行迁移，本文创新性地提出了一种

显式兴趣迁移跨域推荐框架，解决现有方法面临的跨展位、多业务、强时空相

关性场景下的负迁移挑战。无需复杂的网络结构及繁琐的模型训练过程，本文

提出的显式框架能快速在工业推荐系统落地，为跨域推荐提供了一种简单而有

效的解决方案。

 ● 第四阶段：全域全链路统一建模及感知增强。前述阶段通过召回策略、样本数

据及模型结构方面的升级，在召回及排序模块初步构建起了全域感知能力，但

召排全域体系建设在扩展全域样本空间、构建全域特征、统一召排全域样本等

方面尚存优化空间。为全方面增强全域感知能力，我们进行了全域、全链路、

全供给统一样本建设，在全域信号更完备的新样本基础上实现全域全链路统一

建模。

 ● 第五阶段（理想态）：基于用户全域行为的生成式范式统一召排。前面 4 个阶
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段已经基本完成并全量上线，取得了预期成果及业务收益。现今，随着大模型

与推荐系统结合的日益深入，生成式推荐范式展现出了巨大的应用潜力。生成

式模型的序列化 Token 输入形式与全域信号构建的用户全域行为序列可以完

美结合。我们计划基于生成式推荐范式进一步统一召排全域建模方案，构建样

本、特征和模型范式统一且可复用的召排全域体系。

2.1	优化全域行为召回策略

美团拥有众多场景展位和消费渠道以满足用户不同类型的需求，同一用户在不同展位

/ 渠道上都可能有行为反馈，体现了用户细分的、多样的兴趣。为提升召回层对用户

全域兴趣的感知能力，我们按照【首页猜喜 -> 多展位 -> 全渠道】的路径逐步扩展

召回行为数据源，对行为触发的多路召回子策略进行了升级改造。

我们将重定向、热单、i2i 类的多路召回子策略计算逻辑及召回 trigger 的行为数据源

由仅首页猜喜行为扩展为全渠道行为（包括搜索、点击、支付行为等），在召回阶段补

齐首页推荐系统对本展位外行为信号的建模及兴趣感知能力。通过在召回模块引入全

渠道的多源（多展位、多应用渠道）兴趣信号，提升用户兴趣建模能力与人货匹配能

力，带动大盘点击、支付等核心业务指标增长。

作为全域信号引入美团首页猜喜的初步尝试，优化全域行为召回策略的快速落地，并

取得了较好的核心业务指标收益，验证了“全域用户建模”在首页猜喜的可行性，为

后续我们围绕全域建模的更多模型侧的深入探索提供了基础验证和强大信心。

2.2	召排模型训练引入全域信号

全域行为召回策略优化取得业务收益后，我们认识到了全域信号具有较大的应用潜

力。因此我们进一步在模型训练中引入全域信号，通过在召回 u2i 模型和排序模型训

练样本中引入金刚区、首页搜索中的支付行为数据，作为训练点击、支付目标的正样

本，对原训练样本 Label 进行改写，Label 改写方式如下图 4 所示。通过引入全域正

向用户兴趣信号大幅扩充了模型训练所使用的正样本，克服了推荐域用户行为稀疏导

致的训练不充分问题。
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图 4. 引入外域支付数据扩充模型训练正样本示意图

尽管通过 Label 改写方式大幅扩充了模型训练的正样本，在一定程度上缓解了数据稀

疏问题，但囿于不同域数据分布和用户习惯上的较大差异，跨域迁移建模中存在的外

域信号干扰本域信号的负迁移成为一大挑战。针对这种跨域信号引入过程中部分业务

存在的“水土不服”问题，本文采用分业务赋予不同类型（本域与外域）监督信号阶

梯式权重的方式，有效缓解了全域用户建模中的负迁移问题。

在实践过程中，针对首页推荐源域信号，赋予正常权重；针对金刚区、首页搜索的外

域监督信号，赋予较低训练权重；针对易导致严重负迁移问题的场景强相关性业务
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（如优选、医药等），赋予极低训练权重。具体权重可根据模型训练时离线指标的变化

调整。此外，扩充的正样本 Label 源于首页推荐原始负样本的改写，故不会明显增加

离线存储与模型大小。

2.3	显式兴趣迁移框架解决负迁移问题

为缓解外域信号干扰本域信号的负迁移问题，我们最初的解决方案是对不同类型（本

域与外域）监督信号分业务赋予阶梯式权重。此种方案虽然取得了较好的业务效果，

但对训练权重的区分仅限于业务粒度，且阶梯式权重是由人工拍定的硬参数，仍难以

精准地建模细粒度场景（如 < 工作日、中午、雨天、青年、白领 > 构成用户上下文场

景）下源域兴趣向目标域的迁移。

我们希望将业务粒度的硬参数权重升级为精细时空场景粒度的自适应软权重，以实现

在美团首页推荐场景下更精准地建模源域兴趣向目标域的迁移，即在不同的时空场景

下精确地排除他域的噪声兴趣，保留适合推荐域的有用兴趣。为此，本文创新性地提

出了一种显式兴趣迁移跨域推荐框架，解决现有方法面临的跨展位、多业务、强时

空相关性场景下的负迁移挑战。无需复杂的网络结构及繁琐的模型训练过程，我们

提出的显式框架能快速在工业推荐系统落地，为跨域推荐提供了一种简单而有效的

解决方案。

我们也将这一创新思路整理并投稿顶会论文《EXIT: An EXplicit Interest Transfer 

Framework for Cross-Domain Recommendation》， 文 章 已 被 CIKM 2024 接

受，arXiv 下载链接为 : PDF。

2.3.1	显式建模范式

基于对业界方案的充分调研，我们认为当前业界跨域推荐方案无法应对美团首页推荐

场景下全域用户建模突出的负迁移问题。在无业界适用方案的情况下，我们基于对

业务的深刻理解，创新性地提出显式兴趣迁移跨域推荐框架 EXIT（EXplicit Interest 

Transfer framework），来显式建模其他域适合向推荐域迁移的兴趣，解决传统隐式

跨域推荐方法用于美团这类跨展位、多业务场景下广泛存在的负迁移问题。EXIT 方

https://arxiv.org/pdf/2407.20121
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案与传统跨域推荐方案的区别如下图 5 所示，和传统跨域推荐方法不同的是，EXIT

框架能够基于用户所处的时空场景仅从源域迁移那些对目标域有益的兴趣信号，从而

防止负迁移。

图 5. EXIT 框架与传统跨域推荐方案的区别

EXIT 框架由协同训练的 multi-task 兴趣建模网络、兴趣组合标签和场景选择网络

（SSN Net）组成，框架图如下图 6 所示。Multi-task 兴趣建模网络分别构建了目标

域 tower 建模用户的目标域（推荐域）兴趣、源域聚合 tower 统一建模推荐域之外的

其他源域兴趣（搜索、金刚区等外域），避免多域兴趣单独建模导致模型参数和在线

推理耗时增加，便于模型在线部署。兴趣组合标签作为兴趣迁移过程中监督学习的标

签，代表了全域空间下用户在目标域中完整兴趣的 ground truth，显式提供了跨域兴

趣迁移的监督信号。场景选择门控网络（SSN Net）建模了细粒度场景下外域兴趣向

推荐域的迁移力度，从众多的外域兴趣信号中筛选出适合推荐域的有用兴趣信号。以
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上三个模块协同建模了适合推荐域的用户完整兴趣信号。

图 6. EXIT 框架图
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2.3.2	兴趣组合标签

举例来说，用户在推荐域的场景 A 中购买了一件商品，而在场景 B 中曝光了这件商

品但用户没有购买（如用户在中午饭点购买了餐饮外卖，但下午对餐饮外卖曝光未

点），兴趣组合标签表达的含义是只有场景 A 的情况下用户在源域表达的对该商品的

兴趣可以迁移到目标域，使得模型可以学习到源域兴趣在不同的时空场景下具有不同

可迁移性，并泛化到相似用户或相似商品。
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2.3.3	场景选择网络

根据前述的落地难点分析，用户在美团的兴趣偏好与特定的时空场景具有强相关

性，因此场景信息在用户兴趣预估过程中发挥着重要作用，也是影响跨域兴趣迁移

的重要因素。我们在 EXIT 框架中提出了场景选择网络（Scene Selector Network，

SSN），来与兴趣组合标签相配合，使模型学习到在不同的细粒度场景下对不同业务

输出差异化的兴趣转移强度，以确保兴趣迁移概率与用户兴趣的实际变化相匹配。例

如，在 < 工作日，中午，写字楼，白领 > 的场景下，我们期望模型预估的外卖业务

的兴趣迁移概率较高，而该场景下到店服务的迁移概率则应相对较低。相反，在 < 周

末，下午，购物中心，白领 > 的场景下，模型预估的到店服务的兴趣迁移概率则应该

较高。

2.3.4	离在线实验结果

为了验证所提出的显式兴趣迁移框架的效果，我们选取了多个基准模型进行了大量的

离在线对比实验。基准模型包括经典推荐方法和跨域推荐方法两类。对比实验结果

如下表所示，结果表明我们所提出的显式框架不仅能更好地建模用户兴趣偏好（离线

AUC 和在线 CTCVR 均有提升），也能防止负迁移问题（负反馈率 NFR 下降，负反

馈率表示负反馈 PV/ 总曝光 PV，衡量用户对推荐结果的满意度）。EXIT 框架在美团

首页推荐系统的全量上线取得了全域用户建模单次迭代的最大线上收益。
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我们对 EXIT 框架中的主要模块进行了消融实验，如下表 3 所示，实验结果表明框架

中的各个模块都是有效的。兴趣组合标签 ICL 发挥了最显著的作用，不仅有助于更精

准地建模用户兴趣，而且在防止负迁移方面起着关键作用。

我们也通过 ICL 的两种变体研究了群体一致性兴趣的作用：（1）ICL(η=0) 表示 ICL 完

全基于用户的个性化兴趣构建，而不考虑群体一致性兴趣；（2）ICL(yt+η) 表示在所有

场景下直接使用群体一致性兴趣来代表跨域兴趣的可迁移性。表 3 的实验结果表明，

忽视群体一致性兴趣或仅依赖于群体一致性兴趣来建模跨域兴趣迁移都会导致模型性

能下降。实验结果证实了 ICL 构建方法的合理性，为了准确表示跨域兴趣的可迁移

性，在用户的源域和目标域兴趣不一致时使用群体一致性兴趣；而当两个领域的兴趣

相一致时，基于用户的个性化兴趣来决定是否进行跨越兴趣迁移。
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为了更好地理解兴趣迁移概率的作用，我们可视化了模型在线 Serving 时外卖业务的

平均兴趣迁移概率在一天 24 小时内的变化，如下图 7 所示。可以发现外卖业务的兴

趣迁移概率在早餐、午餐和晚餐时间出现了三个峰值，这表明模型已经学会在不同的

场景中自适应地调节跨领域兴趣迁移的强度。我们的显式建模框架能够基于细粒度的

场景选择性地筛选出适当的源域兴趣信号，从而实现我们的建模目标。

图 7. 外卖业务的兴趣迁移概率在一天 24 小时内的变化情况

2.4	全域全链路统一建模及感知增强

召回和排序模型虽已通过「样本 Label 改写」及「显式兴趣迁移框架」等多期全域建

模升级具备了全域感知能力，但召排全域体系建设仍然具有外域信号不全、全域特征

缺乏、链路一致性不足的问题：

 ● 外域信号不全：一方面，全域建模仅在推荐曝光样本空间中进行，对于未在推

荐域曝光而在其他域有点击或支付的用户行为无法感知；另一方面，过往全域

建模遵循业界做法均仅引入了外域正向信号，但负向信号也能反映用户的兴趣

偏好。这在一定程度上造成了部分有效外域信号的丢失。

 ● 全域特征缺乏：召排模型已从样本、模型结构方面增强了全域感知能力，但作

为模型迭代三件套之一的特征工程未有全域角度的建设和迭代。
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 ● 链路一致性不足：当前召回和排序的全域样本割裂，在外域信号引入、全域特

征建设等方面难以同步及统一，这种链路不一致性可能会成为单模块效果的掣

肘（如根据全域兴趣召回的 item 不能在排序阶段透出），难以完全发挥全域建

模的作用。

为全方面增强推荐整体链路的全域感知能力，构建统一的召排全域体系，我们进行了

全域、全链路、全供给统一样本建设，并基于新的全域样本继续升级召排模型，通过

更全面信号和链路一致性进一步发挥全域建模的效果。

2.4.1	全域、全链路、全供给统一样本建设

基于当前召回全域体系在样本层面存在的不足，我们对召回及排序模型样本进行统一

升级，具体动作如下：

 ● 正样本扩充：过往全域信号引入对于不在曝光样本空间但在源域有支付的行为

数据未进行考虑。为引入更充分的源域兴趣信号，对于与猜喜曝光样本空间无

法关联的全域支付行为数据，通过限制一定范围的时间窗口（-δ_time=< 用

户其他展位的下单时间 - 猜喜请求时间 <=δ_time）方式与用户在猜喜的请求

相关联，从而扩充对应的支付正样本，并且该样本的 User 侧特征与用户下单

时的真实特征相差不大，有助于进一步抑制全域建模中的负迁移问题。

 ● 负样本扩充：业界在全域建模领域的通常做法是只引入用户正向行为数据，但

负向信号也能反映用户的兴趣偏好，知道用户不喜欢买什么可以帮助模型做排

除选项，因此我们对其他展位负样本做随机采样添加到粗排模型训练样本中。

增加其他展位的随机负样本也可以帮助解决粗排模型训练和预测样本空间不一

致的样本选择偏差（Sample Selection Bias，SSB）问题。实践中为解决 SSB

问题，我们一方面继续增加未加载样本（粗排出口 Item）作为负样本，另一方面

在全体样本空间下通过城市下带降热的随机负采样方式进一步扩充负样本。
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图 8. 粗排样本选择偏差 SSB 问题

 ● 全域特征体系建设：在特征工程方面进行全域升级，构建搜索、频道区等其他

展位相关特征，基于全域行为的 UI 统计特征等，在特征侧增强模型的全域感

知能力。例如从全域行为数据中提取用户交互特征，如点击率、下单率、停留

时间等，基于全域行为构造 UI 统计特征如频次统计、时序特征等。

 ● 召排样本统一：统一召回及排序样本，使得召排模型在外域信号引入、全域特

征建设等方面保持同步，召排全域体系的链路一致性更高，更好发挥全域建模

的效果。

全域、全链路、全供给统一样本的示意图如下：
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图 9. 全域、全链路、全供给统一样本

2.4.2	全域感知增强建模

升级后的召排统一样本具有更完备的全域正负信号及全域特征体系，为适配新样本增

强链路全域感知能力，同时增强链路一致性以更大程度发挥全域建模效果，我们基于

新样本对粗排模型进行了重构，以统筹兼顾全域兴趣预估与链路一致性任务。我们通

过对全域兴趣预估与一致性联合建模，在模型中同时建模曝光、点击、支付、时长、

互动和一致性（Pointwise+Pairwise）等目标，使模型同时具有校准能力和排序能

力，且两类能力能互相补充。全域兴趣预估与一致性联合建模的多目标逻辑示意图

如下：
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图 10. 全域兴趣预估与一致性联合建模的粗排多目标逻辑

粗排全域兴趣预估与一致性联合建模升级保证了全域信号在推荐系统各链路透出的一

致性，起到了承“召回”启“精排”的作用，进一步增强了推荐系统各链路的全域感

知能力。基于构建好的全域、全链路、全供给统一样本，我们也在同步升级召回模型

及召回全域体系。

三、总结与展望

3.1	总结

总的来说，我们通过多阶段递进式探索验证的方式，在美团首页推荐召排模块引入多

展位、多应用渠道的多源用户交互数据，并在落地过程中解决美团多展位、多业务、

时空场景强相关性的特点导致的严重跨域信号负迁移挑战。全域用户建模经过多期算

法落地已经取得显著业务收益，缓解了首页推荐用户行为稀疏导致的模型训练不充分

及用户兴趣预估有偏问题，大幅提升了首页猜喜推荐系统在全面理解用户行为模式上

的能力。此外，我们在排序模块的部分创新成果也已在 CIKM2024 会议上发表。

全域用户建模在美团首页推荐的成功，验证了全域感知的重要性，增强推荐系统的全

域感知能力是一条可行的路径。我们将进一步结合美团业务特点与业界先进技术，探

索并创新更多全域用户建模在推荐系统落地的有效方案。

3.2	后续计划

 ● 引入外域点击信号。当前我们主要引入外域支付信号到首页猜喜来进行算法建
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模，这是由于支付信号相比点击信号来说兴趣表达更强烈，且平台的目标以支

付为主。后续我们进一步考虑引入外域点击信号，点击信号相比支付信号更为

丰富，但噪声也更大，对数据清洗的要求更高，也更容易导致负迁移问题。这

对我们的算法建模提出了更高的要求，团队也会持续在解决跨域负迁移问题上

进行更多的探索和创新。

 ● 升级显式兴趣迁移范式。我们提出的用于 CTCVR 预测的显式兴趣迁移框架，

在 Item 粒度考虑兴趣的跨域迁移，要求源域和目标域具有重叠的 Item。我们

计划对这一范式进行升级以支持源域和目标域不具有重叠 Item 的场景，扩大

显式兴趣迁移框架的应用范围，并继续发表创新性成果。

 ● 探索基于全域行为的生成式推荐范式。受 LLM 取得巨大成功的启发，最近

Meta 的相关同行重新审视了现代推荐系统中的基本设计选择，将整个推荐问

题建模成类似 GPT 的生成式问题，并拥有和 LLM 一样的 Scaling Law 规律。

我们也在基于用户全域行为数据构造用户超长行为序列，进行生成式推荐范式

的探索与落地。

四、招聘信息

团队招聘火热进行中，以上讨论的全域用户建模和生成式推荐都在进一步升级迭代

中，诚邀各路英才加入。简历请发送至：wangjinpeng04@meituan.com。
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信息流广告预估技术在美团外卖的实践

1  信息流广告业务及预估技术现状

1.1	信息流广告业务特点

目前，美团外卖的广告主要包括信息流广告、搜索广告、营销广告、展示广告等等。

外卖业务都有着典型的业务特点：

 ● 用户行为连贯性强：用户用餐意图明确，一般在 10 分钟内完成，UV 成单率

较高。

 ● 展示信息丰富：卡片信息覆盖了评分、评价、优惠、配送等多种信息，对用户

的决策影响较强。

 ● 文本信息多：在电商场景中，商品作为候选图片往往占据很大的决定因素，而

在外卖场景下，商家作为候选更加复杂，商户名称、评价、热销菜品等文本信

息能够影响用户做出决策。

1.2	技术概况及演进阶段

这里先来介绍一下预估技术的现状。从技术层面，下图展示了广告投放系统的整体的

流程：
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总的来说，外卖广告系统跟我们在业界的搜推广系统是比较相似的，召回、粗排、精

排以及各种机制。但外卖广告和业界场景区别较大的地方在于召回，因为它是基于位

置服务（LBS）的，这个过程本身带有一定的约束。因此，我们会在精排和机制层面

投入更多的算力和资源，以期给整体链路带来最大化的提升。

在过去六七年中，到家广告预估算法历经了三个发展阶段，第一个阶段就是树模型，

包括连续特征、交叉统计等等，当时的模型拟合能力是比较受限的。第二个阶段是

从 2017 年开始到 2020 年，在这个阶段 DNN 模型开始爆发，我们进行了特征升级，

也开始紧随业界步伐，引入更加复杂的模型，不断提升业务效果。第三个阶段就是

2021 年至今，我们主要方向是稀疏大模型 + 超长序列，进一步实现业务效果的提升。

1.3	预估技术现状

在信息流广告预估技术层面，主要探索方向为用户方向、链路方向以及 NLP 方向

（如下图所示）。当然，如果这张图更全面一些，还会包括交叉方向，还有多场景多目

标等等。而没有选择其他方向，主要是因为就交叉方向而言，我们发现随着互联网行

业的不断发展，用户的行为会越来越多且更加复杂，而交叉方向仅仅能带来 Context

级别的深度学习能力，也就无法持续的成为效果的来源。另一个方面，虽然交叉技术

也在发展，但发展方向上也是从 ID matching 到 Sequence Matching，单纯平铺类
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类别特征的交叉模型能力发展有限。综合多方面的因素，我们并没有将交叉作为一个

长期的方向进行迭代。

还有一个是多场景方向，其实此前我们在这个方向也做过一些迭代带来了一波效果，

但是后来我们发现，这种技术更加适合多个小场景的链接。如果你所服务的业务仅仅

只有 1~2 个比较大的场景，这些场景本身的用户需求差异性、展示形态、候选供给

差别又不大，就不太能发挥这个方向的技术能力及作用。

我们整体的思路是从用户的元素匹配、页面匹配，到路径匹配，最后到长期的兴趣匹

配。本质上都是在做不同层面的用户匹配相关的工作。其中，元素匹配、页面匹配归

到了链路方向。原因是链路方向更多的都是在解决“看不见的问题”，然后再通过这

些“被看见”的信息去做相应建模，所以我们将链路方向单独列了出来。

 ● 在用户方向，我们也大概经历了三个阶段，第一个阶段，要从原始单点、单

入口的行为，向全行为、全入口进行扩张；第二个阶段，是在已有的输入的情

况下，去探索更多的行为模式；第三个阶段，我们主要是做一些自动化模式提

取，或者说网络自动拟合行为的能力做到更强。

 ● 在链路方向，主要关注两件事，一个是页面还原，一个是卡片还原，通过算法

和工程能力来还原用户“所见”到模型决策中。

 ● 在 NLP 方向，过去我们还有一个方向叫多模态，但是客观来讲，随着 LLM 的
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火爆，外界的技术也给我们更多的输入，因此我们将 LLM IN CTR 单独列出

来作为一个主要的技术方向。

2  信息流广告在美团的实践

2.1	用户建模思路概览

用户方向整体又拆解为三个反向，第一个是时间线，第二个是空间线，第三个是时间

和空间共同作用下的行为模式。当时我们在拆解的时候，也参考了业界学界主要迭代的

方法，包括 Session 建模、超长行为建模、多行为建模、长短期建模等。以学界和业

界为基础，结合业务问题、特点，将技术和业务结合的更好，有了以下的技术拆解。

在时间线上，我们认为长短期的多 Level 融合更加重要。一方面是用户兴趣在不同

级别“片段” 上关注点有显著差异，比如页面倾向比较、路径上的兴趣更连续、用户

会连续吃一段时间轻食等，我们需要将这种在不同级别片段上的用户行为模式提取出

来。因此，一方面我们通过更多页面和路径的方式将短期和长期进行联合；同时，我

们通过增加日、周级别的中期兴趣，将短中、短长进行交互，增强时间线行为上的连

接。另一方面，在模型上增加一些端到端的方式，自动化的将行为规律挖掘出来。这

是时间线要解决的关键问题。
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在空间线上，真实物理空间维度下，我们面对的问题比较明确，在不同的位置下，比

如上班的时候和在家的时候，人的兴趣其实是不完全一样的，我们根据空间的位置为

大家进行推荐。在虚拟空间下，比如用户在使用美团 App 和大众点评 App 等不同入

口，人的兴趣和意图也会发生较大变化。一个显著的例子是，用户在首页和会员入口

上对优惠的关注区别较大。空间线解决的问题是结合真实空间、虚拟空间，去判断用

户的真实的意图或者行为模式。

第三条线，就是跟业务进行结合，比如用户在 App 上进行了一些操作（领取了红包），

那么这个行为会对点餐有什么影响。本质上是模型在理解用户进行了一些操作行为

后，会对接下来的行为产生哪些影响，进而模型能学习到不同的用户行为模式、更好

的预测用户的行为。以上就是我们用户建模的整体思路。

2.1.1	决策路径建模

本部分会介绍一下决策路径建模，第一个核心的问题就是，DIN 单点匹配忽略了什

么？单点匹配，我们认为是忽略了前序行为对用户后续行为的一个影响。对绝大多数

电商业务来说，用户在一段时间内的行为是具备一定的连贯性的，我们可以根据用户

的历史行为数据，对接下来的行为做出预测。这里有两个挑战，第一，如何构建核心路

径；第二，如何解决路径本身的噪声、稀疏性、匹配等问题。我们的解法主要有三点：

第一，Path Enhance Module（PEM）提取核心路径。

 ● 判断前置路径和候选（历史路径为点击）的相关性，建模路径置信度。

 ● 对原始进行全连接的 MLP 激活 +Softmax Top K 结合原始表示作为核心路径

表达。

第二，Path Augment Module（PAM）扩充路径。

 ● 使用用户的增广路径作为正样本、其他用户的路径作为负样本，引入对比学习

Loss，提升路径表示学习能力。

第三，Path Matching Module（PMM）路径 + 点双层匹配。
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 ● 基于 PEM 表示，构建路径匹配 Attention，进一步对历史路径取 Top K，去

除掉无关路径影响提升候选点匹配精度。

 ● 进一步引入点（item）匹配，完成双层匹配。

2.1.2	用户行为超长超宽建模

相信很多同学都知道超长建模，基本上是通过聚类、局部 hash 等近似技术来进行实

现。要引入超宽建模，本质上是因为我们需要将所有的输入都放到一起，所以需要一

个更大更复杂的模型去把事情给处理了。不过，在实际中我们没有完全实现，因为目

前的算力还是无法支持的。我们做了一个折中，长度是 1000（Length）的级别，宽

度我们目前做到 10+ 这个级别，离线可以支持到更大的规模、到万级别效果也有较

大提升，但是迭代效率、线上压力都会有较大限制。

这里也面临 2 个问题：第一个问题就是 SIM/ETA 为什么没有带来效果？这个方向，

最早是电商平台提出来的，SIM 主要是 Hard 过滤，比如通过用户在网站浏览鞋相关

的行为时，他们也会看其他各种各样的东西，它通过硬过滤，能够把跟「鞋」相关的

产品能过滤出来，过滤掉和鞋无关的噪音，学习到用户在鞋上的偏好。点外卖相对不

太一样，对一个候选汉堡来讲，通过汉堡品类过滤掉和汉堡无关的行为，这会损失较

多用户口味信息。这是业务差异性带来的。
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第二个问题是，拟合 DIN Score 是否是长序列的终局？之前业界有一篇文章认为

DIN Score 是基准，把它线性扩展就能带来效果，进一步扩展到万级别或者十万级别

把效果推到最大化。但是通过实验，我们的 CTR 场景线性扩展到超长级别并没有持

续带来效果，反而到一定长度有所下降。我们认为 DIN 网络本身的去噪能力不是很

强，或者说它去提取出 Label 结果的结构能力并不够强。如果它不是一个特别强的网

络，做更大的扩展的时候，它所能容纳的信息是比较有限的。

我们可以把 CTR 理解成一个去噪任务，本质上是根据用户历史和当前场景 Match 用

户和候选的过程。我们发现，如果能预测出精准或者去除掉所有噪声，比如拿穿越信

息 Label POI 与 Target 进行匹配，使用简单的网络也可以有很高的 AUC。因此，

我们认为完美的 CTR 网络应该是一个强预测网络 + 弱匹配网络的组合。预测网络应

该是一个能力非常强的网络，能够进行多层的叠加，把信息进行萃取得到一个预测更

加精准的结果，来与 Target 进行匹配。所以我们设计了一个多层的 Decoder，每一

层的 Decoder 都能做信息的整合。通过不断的选取有效矩阵、反复叠加有效信息，

来使得信息更加精准。这里我们做了一组 Scaling Law 实验，通过叠加多轮网络来

验证结果的有效性。可以看到随着轮数的增加，网络学习用户行为的能力（AUC 逐

层提升）也有所增加。
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2.2	全还原建模

首先，什么是全还原建模？我们给的一个定义是还原用户所见所得。CTR 任务是根

据用户看到的信息来判断用户是否点击，最重要的一点是将看见的信息全部纳入到模

型之中，过往简单的通过 ID 表示建模忽略了上下文及展示的信息，带来了较大的信

息 GAP。
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第一个视角，上下文卡片无法获得。上下文信息对当前候选、当前卡片的 CTR 相当

重要。有的同学可能会认为重排可以搞定这个事情，但我们始终认为，上下文信息属

于链路信息，我们认为每个模块都需要去学习上下文信息，当然每个模块可能学习的

重点不一样，而且实际上都能带来一定的效果。第二个视角，我们从算力的角度，因

为预估侧的算力比较高，其影响的范围会更大，实际上也能够带来更多的效果空间。

再看左下角的图，从链路视角来说，对于预估模块、广告模块模块存在两个无法获

取。第一个是广告的后链路信息无法获取，这里包括了展示的配送信息、配送费、准

确的优惠信息等；第二个是自然的信息无法获取，这里包括了自然的上下文。因此，

还原从另一个角度说是，如何打破链路的束缚来使用穿越信息。

这就是全还原建模所面临的一些问题，实际上可以概括成两个方向，一个是卡片还

原，一个是页面还原。在早期我们做了个空间判断，我们把卡片、页面信息完完整整

的放进来，观测 AUC 的提升来判断整体空间，结果表明页面信息有百分点级别、卡

片信息有大几个千分点。

整体解决思路

这里把页面还原和卡片还原展开。首先，从思路上讲，我们主要从算法、工程两个维
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度去解。在算法层面，第一个就是去猜页面，最大化利用前链路信息猜页面；第二个

是猜元素，创意链路前置，创意优选结果输出给精排。在工程层面，第一个是存页

面，引入近线系统，基于旁路系统的 Side Model 端到端预测最终展现信息，最大化

利用后链路视野。第二个是存元素，引入近线系统 + 高维 KV，提升元素获取覆盖率

至 +100%、准确率 70%+。

前文也提到，上下文信息对最终的点击有较大影响，因 CTR 模块无法拿到上下文过

去的解决方式是引入重排对小范围队列进行建模，这样降低了上下文链路信息的影

响。接下来，我们面临的挑战就是：

 ● 上下文包括了集合和序两个部分，如何构建上下文预测模块 ?

 ● Simulated 上下文与候选如何进行交互 ?

 ● 如何进一步通过蒸馏提升 Simulated Page 的准确性 ?
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我们的解法是：

Context	Simulation	Center（CSC）

 ● 曝光网络学习集合：通过曝光概率预估网络来建模哪些 -item 最可能曝光给用

户，输入为千级别自然队列。

 ● 排序网络学习序：对曝光网络输出的结果进行排序，目标位最终展现的位置，

通过 NDCG 来衡量。

Context	Modeling	Transformer	（CMT）

 ● Context Encoder/Decoder：使用 Transformer 对带位置编码的上下文进行

编码。引入候选通过 MLP 网络与 Encoder 输出作为 Decoder 输入，得到最

终的 Context 表达。

 ● 真实曝光蒸馏：引入 Simulated Page 是一个强信号，但是依然存在与真实曝

光 page 的差距。因此构建 Simauted Page 作为输入的 Student 网络来蒸馏

学习基于 Real Page 的 Teacher 网络进一步去除噪音。（注：直接蒸馏无信

号无法学习）

我们引入了缓存的和预测配置策略，加上真实的蒸馏，就帮助我们进一步地去提升效

果，这属于页面还原的部分。
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卡片还原这部分整体的思路分为三部分：第一个部分，能够拿到卡片信息；第二部分，

组成用户看到的卡片；第三部分，通过卡片来做历史兴趣匹配。

卡片方案思考：由于搜推广系统的模块串并行原因，有一部分数据我们是无法获取

的，前期我们一直在思考有没有“终极方案”。早期我们就是纯平铺（纯 ID）的方式

来还原用户所看到的信息，但是有没有更好的方式呢？比如直接将用户看到的图片引

入进来。但是，当前的技术能力不太支持将整个图片完成的记录下来、更不支持图片

信息完整准确的建模表达。最终，我们选择了通过矩阵的方式来组成卡片，模拟用户

看到的信息。

矩阵化表达、Patch 级别建模：首先，我们使用了矩阵化的表达来组成卡片的形状，

并构建和用户所见所得的上下元素关系。表示层面，不同的矩阵构建方式对结果会有

一定的影响，具体不在这里展开。第二个方面，我们也借鉴了图像领域的一些思想，

引入了 Patch 的概念，来帮助我们将图片化作 Token 进一步学好不同展示元素之间

的相互影响。在实践的过程中，我们也需要调整一些参数，比如 Patch 到底是 2*2

的，还是 3*3。包括 stride，我们发现 stride 设置的越短，确实能够带来更好的效

果。我们在整个 patch 级别匹配的过程中，也做了很多次的实验，初步的结论是，单

位置 Patch 和全局 Patch 的匹配，最终的效果比较好。

关注顺序建模：顺序建模是在用户关注哪些元素基础上，进一步模拟用户浏览顺序。

按道理说，我们没有眼部监测实际上是拿不到这部分数据的。这里，我们做了一个小

Trick，将这 4 个 Patch 的矩阵进行了全排列，将用户的所有 Patch 级别的路径都列

了出来，让模型自己来学习不同排列组合的隐式分数。激活分数最高的的 Patch 顺序

组合，通过 Encoder 聚合成关注顺序表达来进一步和 Target 的 POI 的关注顺序组

合来进行匹配。
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2.3	LLM	in	CTR

最后分享一下大模型在 CTR 的应用。我们做了一些初步的调研，发现目前很多技术

团队整体的思路是差不多的。下图展示了 CTR 任务跟 NLP 任务的对比，可以看到

从输入到模型架构，再到学习模式和任务模式，都有较大区别。NLP 任务是自然语

言做 Token + 大规模 Transformer + 理解及推理能力，CTR 任务是 ID 输入 + 人工

设计网络 + 强记忆能力。同时对于 CTR，大部分业务只用了自身业务数据，是缺乏

外部知识和全任务的理解能力的。
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所以基于以上几个方面，我们做了三方面的工作：

 ● 第一层，知识注入，就是要把外部的、真实的、当前 CTR 缺乏哪些知识放到

模型中，这部分工作很多公司都在做，这块主要要求的是 Prompt 工程能力。

因为生成的结果，不一定是 CTR 需要的，我们就需要做好适配工作。根据

CTR 的特点，就可以将高频词和低频词区分出来，同时也需要做一些 Prompt

融合相关的后处理工作来提升和 CTR 任务的匹配度。

 ● 第二层，思维注入，就是要把大模型的结构能力给引入进来，或者说将大模型

判断过程的引入进来。

 ● 第三层，范式迭代，最近，Meta 似乎给生成式推荐指出了一条路。我们去年

在探索这个方向的时候，主要的思路是把输入的形式进行变化，换成了更小规

模的 Token，大概可能只有几万的规模，来解决大规模 Softmax 问题。然后

通过 Transform 叠加的方式，结合聚合语义，从模型融合到端到端自回归，

让数据能够跑通。我们发现如果噪音特别高的输入，Transformer 并不能处理

得很好，但一个相对来讲语义比较明确的信息，Transformer 对上下文理解

的性能还不错，因此我们先做了一层语义聚合来降低输入 Token 序列的噪音。

总的来说，我们通过小规模 Token，加上语义聚合，结合 Transformer 的架

构，给业务效果带来了一波提升。
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总结一下，本质上是要把 CTR 不具备的能力通过大模型进行补齐。我们将 CTR 目

前不具备的能力，划分成了知识能力、泛化能力和推理能力。对应的，我们也列举了

一些我们尝试的结果如下图所示：

03  总结和展望

总的来说，预估的本质上还是要发掘用户的真实需求，我们一方面参考业界，另一方

面深入业务，去挖掘更多的用户行为模式，也在探索有没有更自动化的方式将各种用

户问题解决掉。还原建模是算法和工程的联合聚力带来的提升，归根结底算法工程的

相互结合才能带来更大的改变。

大模型与推荐的结合越来越得到大家的关注，但是客观地讲，这依然是属于一个偏长

期的工作，这个时候还是要找到一条可行的路径，不断去优化和提升，如果完全指望

用一个“大招”去解决掉所有的问题，会非常困难。端到端推荐大模型是大家共同的

期望，但是在这个基础上，我们认为输入规模是效果的保障，算力是以上两者的保

障。只有软件和硬件的强强联合，才能赢得未来。
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基于多模态信息抽取的菜品知识图谱构建

1. 背景

中国有句古话：“民以食为天”。对食物的分析和理解，特别是识别菜肴的食材，在健

康管理、卡路里计算、烹饪艺术、食物搜索等领域具有重要意义。但是，算法技术尽

管在目标检测 [1]-[3]、通用场景理解 [4][5] 和跨模态检索 [6]-[8] 方面取得了很大进展，却没

有在食物相关的场景中取得好的表现，尤其是对烹饪菜肴的相关场景。其核心原因是

缺乏细粒度食材的基准，这已经成为该领域发展的瓶颈。

以往的研究主要集中在食物层面的表征学习，如 Food2K 上的食物识别 [9]-[12]，

UNIMIB2016 上的食物检测 [13]-[15]。然而，这些方法忽视了菜肴中的食材组成，也

不理解食材之间的上下文关系。相比之下，一系列的方法 [16]-[18] 运用 Recipe1M 的

“食谱 - 图像”对，实现了跨模态的食谱检索 [16]。

然而，由于缺乏食材边界框的标注，这种类型的研究只能通过三元组建模出整个食物

图像和食谱文本之间的关联 [16],[19],[20]。这种限制导致图像区域与食物的一系列食材之

间存在模糊的匹配关系，产生虚假相关性 [21]。综上，目前迫切需要一个细粒度的食材

级基准，促进复杂的食品场景理解算法的发展，并支持细粒度的任务，如食材检测和

跨模态食材检索。

在本研究中提出对于中餐进行理解这一新任务，旨在捕捉中餐图像中食材之间的语义

关系，并建立了有关中国菜品理解的新基准。我们大致设定了中餐理解的两个任务：

食材检测和食材检索。对于食材检测，目标是确定图像中特定食材的存在并提供精确

的定位。对于食材检索，目标是探索不同食材组合与食品图像之间的细粒度对应关系。

对中餐的理解扩展了食品相关任务的范围，在食品领域开辟了更广泛的应用。同时，食

材的多样外观和它们错综复杂的语境关系，对中餐的理解提出了一个更大的难题。
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为了进行中餐理解这一新任务，我们需要构建一个包含食材粒度标注的数据集。然

而，由于中餐种类繁多、风格独特，因此在食材标注上面临着巨大的挑战。构建含中

餐食材的细粒度跨模态数据集主要有三个难点。

 ● 首先，相同的食材有不同的名称。图 1.1(a) 说明了这种情况：“圣女果”和

“小番茄”都是广泛使用的食材名称，它们是同一食材的不同名称，这样的情

况使得我们需要花费更多的精力来清除数据集中的模糊标签以及其他噪声。

 ● 其次，同一植物类食材之间的图像存在细微差异，如“青菜”和“油菜”，“香

菇”和“冬菇”，如图 1.1(b) 所示。这些情况对标注人员来说是相当具有挑战

性的，他们需要从文本部分获得一些提示。此外，对于下游任务来说，基于视

觉特征来区分它们也是相当具有挑战性的。

 ● 第三，由于烹饪方法的原因，中国菜肴的食材通常分散在图像中。如图 1.1©

所示，碎片化食材通常缺乏清晰的轮廓边界。此外，从图 1.1(d) 中可以看出，

食品图像中的主要食材往往占据显著区域，这不可避免地削弱了辅助食材的语

义信息。这使得在提取食材特征的同时，对辅助食材之间的上下文关系进行建

模成为一个关键问题。

为 了 应 对 上 述 挑 战 并 促 进 对 中 餐 理 解 的 研 究， 我 们 开 发 了 一 个 名 为 CMIngre 

(Cross-Modal Ingredient-level Dataset) 的跨模态食材级数据集。该数据集旨在

通过提供对食材及其关系的有价值的见解来增强对中国烹饪的理解。该数据集由来自

三个不同来源的 8,001 张图像组成，即菜肴，食谱和用户生成内容（UGC）。该数据

集包含 429 种不同的中国食材和 95,290 种食材边界框。

为了对广泛的食材进行全面的语义分类，我们根据中华人民共和国健康行业标准对食

品食材数据表达的规定 [23]，将其划分为更高级的层次。这些层次关系也可以作为先验

信息，以促进在后续研究中探索不同食材之间的上下文关系。此外，我们评估了传统

的基于 CNN 的检测算法和基于 Transformer 的预训练模型在 CMIngre 上食材检测

任务的性能。我们还提出了食材检索任务的基线方法，该方法捕获单个食材的语义信

息以及各种食材组合之间的关系，并进一步采用 pooling 策略来研究跨模态图像 - 食
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材之间的匹配关系。在 CMIngre 数据集上进行的深入实验评估证实了我们提出的方

法在提高食材检测和检索性能方面的有效性。

图 1.1   菜品中不同尺寸的食材

本文的贡献可以概括为以下几点：
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 ● 本文提出了一种新的基于“图像 - 文本”对的中餐理解任务，该任务扩展了细

粒度对象检测和检索的范围，对中餐烹饪领域的理解提供进一步的帮助。

 ● 为了支持对中餐理解的研究，我们建立了一个名为 CMIngre 的跨模态食材级

别的数据集，该数据集由来自三个不同来源的 8,001 组图像食材组成，涵盖了

429 种不同的中国食材和 95,290 个边界框。

 ● 我们评估了不同的目标检测算法在 CMIngre 数据集上的性能，并提出了跨模

态食材检索任务的基线方法。

 ● 我们在 CMIngre 上对两个食材级的食品理解任务进行了广泛的实验，以评估

我们提出的方法的有效性。

2. 数据集

在本节中，我们将讨论如何构造 CMIngre 数据集。我们将在第一部分中介绍我们如

何收集和标注数据。在第二部分中，我们对数据进行了后处理，提升原始数据的质

量。在第三部分中进行了 CMIngre 数据集的统计和分析。

2.1	数据收集和标注

数据收集：为了收集全面的食物图像，我们探索了三种类型的图像 - 文本对：

 ● 菜肴图片：如图 2.1 第二行所示，这一类别包括与其名称配对的菜肴图像。与

其他类型相比，这种类型的文本提供了最简洁的描述。

 ● 菜谱图片：如图 2.1 第三行所示，这些数据由菜谱图像和详细的食谱文本组成。

这些图像的质量更高，并且比其他两个类别的图像描述的信息更丰富。

 ● 用户UGC图片：如图 2.1 的最后一行所示，这种类型数据主要包含用户拍摄

的图像及其附带的评论。由于用户生成的内容缺乏约束限制，图像和文本描述

经常包含与食物无关的元素，例如餐厅氛围或餐具。为了将该数据集细化为专

注于食物，我们使用菜肴名称识别算法 [45] 来识别带有菜肴名称的文本。具体

来说，我们会选择评论中包含三个以上菜名的照片，减少与食物无关的内容。

这三种类型的数据在线上平台很流行，并且提供了食品相关数据的多样化表示。我们
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总共收集了 11,300 个图像 - 文本对用于标注。

图 2.1   不同数据来源的图像 - 文本对，其中 UGC 表示用户生成的内容

数据标注：这里将详细介绍收集到的“图像 - 文本”对的标注过程。我们首先雇佣了

8 名母语为中文的工作人员，分别对文字描述和图片进行标注。然后，使用另外两名

工作人员进行双重检查过程。

1.	文字描述标注：标注人员的任务是识别文本描述中提到的所有食材。该标注的

结果如图 2.1 第三列所示。

2.	图片标注：如图 2.1 最后一列所示，图像标注遵循两个关键原则：1）要求标

注人员标注文本中提到的和图像中可见的食材。2) 文本中没有提及但在图像

中可以识别的食材也需要标注。在这个过程中，标注人员遇到了几个挑战：1）

一个图像包含相同食材的多个实例。在这种情况下，标注人员需要用多个边

界框标注所有实例。但是，如果同一食材的多个实例紧密聚集在一起，则可

以将它们分组在一个边界框中。2) 多种食材被其他食材覆盖。在这种情况下，
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标注人员需要标注出所有可识别的部分。本质上，食材中任何可以被辨别和

识别的部分都应该被标注。

经过标注过程后，最终的数据集包含 11,300 个图像 - 文本对，用 4,492 个不同的食

材标签和 199,853 个边界框进行了标注。

2.2	标注数据后处理

由于缺乏对标注人员关于每个图像的边界框的大小和数量的限制，最终的标注结果中

存在边界框大小的显著变化和相当多的冗余边界框。为了解决这个问题，我们分别对

图像和文本进行了进一步的后处理。

 ● 图像标注清洗：为了提高数据集中边界框的质量，我们基于两个关键策略实现

了清理过程：1) 边界框融合：我们通过将相同标签（重叠，相互包含或临近）合

并到单个边界框中来解决冗余边界框的问题。具体来说，融合是基于边界框的

面积，计算每个边界框内的像素数。如果融合前后的面积比大于一个特定的阈

值，我们将这些边界框整合成一个新的边界框。这个阈值的设置是一个关键问

题。我们注意到，过高的阈值将使融合策略无效，而过低的阈值将导致可能包

含多种食材的过大的边界框。因此，我们根据经验将其设置为 0.6 作为平衡。

2) 较小边界框移除：我们通过两个过程来移除数据集中的小边界框。首先，为

了去除只有小框的图像，我们去除所有框的总面积小于整个图像面积 3% 的图

像 - 文本对。其次，如果图像中有超过三个相同类别的边界框，我们只保留面

积至少为该类别中最大边界框面积 0.8 倍的边界框。在这些清理步骤之后，我

们的精细化数据集包含 8,001 个图像 - 文本对，共有 95,290 个边界框。

 ● 文本标注清洗：为了改进数据集中的食材标注，我们实现了两个步骤：1) 为了

保留足够的数据用于训练和测试，我们删除出现在少于五张图像中的食材。由

于原始数据集中存在显著的长尾问题，这一步使得食材标签总数减少到 510。

2) 在这 510 种食材中，我们发现了不同名称指代同一种食材的情况，例如

“松花蛋 - 皮蛋”。为了解决这个问题，我们利用中华人民共和国健康行业标准
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[23] 中的食物成分数据表达规范，对目前 510 种食材进行比较和组合。具体

而言，两个标注人员最初将 510 个食材中的每一个分类到分层本体的适当叶

节点中。随后，另一个标注人员在同一父节点下审查并合并具有相同语义的食

材。合并操作进一步将食材标签减少到 429 个。

综上所述，清理后的数据集包括 8,001 张图像，95,290 个边界框和 429 个食材标签。

2.3	数据统计和分析

在 CMIngre 中，有 1,719 对来自菜肴的图像 - 文本，2,330 对来自食谱，3,952 对

来自 UGC。如 2.1 所述，UGC 的图像质量比菜肴和食谱的图像质量差，这给我们

在接下来的食物理解任务中处理低质量数据带来了更多的工作量，因为 UGC 覆盖了

近一半的数据集。

数据集中每个食材上的图像数量如图 2.2 所示，少量食材在我们的数据集中出现了

很多次。例如，“葱 –scallion”在 1,961 张图片中出现次数最多，约占图片总数的

24.51%。此外，有 138 种食材出现在不到 10 张图片中。例如，只有 5 张图片包

含“西柚 –grapefruit”，8 张图片包含“桃 –Peach”。图 2.3 显示了我们数据集中

每个食材的边界框数量。如图 2.3 所示，每种食材对应的边界框数量分布与图 2.2 中

包含该食材的图像数量分布大致相似，均为长尾。为了说明边界框尺寸的差异，图

2.4 给出了不同尺寸边界框的比例。我们观察到小尺寸的边界框（面积比在 0.0025 ~ 

0.01 之间）的比例最大。同时，有超过 50% 的边界框的面积比小于 0.01，说明数据

集中有很多小物体。

表 2.1 显示了与食品相关数据集的统计比较。我们可以看到，现有的食品相关数据集

主要集中在食品识别任务上，其目的是识别图像内的食品类别。很少有数据集为食物

边界框提供标注，这是由于它们的目标是定位整个菜肴，而不是各种类型的食材。相

比之下，Recipe 1M 为每个食物图像提供食材标注。然而，由于缺乏对这些细粒度

食材的位置标注，它们只能隐式地建模整个食物图像与相应食材之间的关联，从而限

制了模型的性能。因此，我们引入了 CMIngre，旨在通过食材检测和检索任务增强
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对中餐的理解。

表 2.1   现有食品相关数据集之间的统计比较

最后，我们将 CMIngre 数据集与广泛使用的目标检测数据集 COCO 进行了比较分

析。在图 2.5 中，横轴表示每张图像中标签种类的数量（在 CMIngre 中标签为食材，

在 COCO 中标签为物体）纵轴表示每种图像的比例。很明显，CMIngre 图像通常包

含更多的对象 ( 在我们的例子中是食材 )。具体来说，CMIngre 中包含三个以上标签

的图像的占比高于 MS COCO 数据集。这一趋势在边界框的数量上也很明显。如图

2.6 所示，与 MS COCO 相比，我们的数据集中超过 5 个边界框的图像比例更大。

综上所述，CMIngre 中的图像比其他现有数据集具有更丰富的语义和更密集的边界

框，这对图像理解提出了更艰巨的挑战。
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3. 方法

在本研究中，我们引入了两项从食材层面理解中国菜食材的任务，即食材检测（任务

1）和跨模态食材检索（任务 2）。任务 1 的重点是识别食材并在图像中标注准确的位

置信息，任务 2 旨在研究图像与食材组成之间的复杂关系。对于任务 1，我们使用现

有目标检测模型在 CMIngre 数据集上进行微调，构建有关中国菜品理解的新基准；

对于任务 2，我们在现有跨模态检索方法的基础上，提出了一些创新性的做法，填补

了有关中国菜品食材粒度理解的空白。

3.1	食材检测

与传统的目标检测数据集相比，CMIngre 数据集具有极其详细的食材分类和密集的

边界框注释，因此直接利用现存的目标检测算法进行拟合是一件非常具有挑战的事

情。直接对现有的大规模目标检测模型 [1] 在原始边界框注释上进行微调的效果并不让

人满意，因此我们采用融合和过滤策略来缓解边界框密集和尺寸较小带来的问题。

具体而言，我们首先按照融合前后的边界框面积百分比 不低于阈值 τ 的规则，对同

一类别的多个边界框进行融合，在实验中这个阈值被设置为 0.6。接下来，我们对融

合后的边界框进行排序，并将边界框的三个最大区域保留为真值。此外，我们将食材

树层级结构的最低级标签都转换为第三级标签，例如“紫菜”和“海带”都融合为

“藻类”，“冬笋”和“酸笋”都融合为“笋”，这样可以避免模型无法识别同一分支中

高度相似的类别的问题。根据这种转换，类别总数从 429 减少到 67 个。在这种设置

下，我们使用如下的两种不同的基线方法进行实验。

3.1.1	基于CNN的方法：Faster	R-CNN[47] 和 YOLO	v5[48]

Faster R-CNN 是一种经典的基于卷积神经网络（CNN）的两阶段目标检测框架。在

第一阶段，Faster R-CNN 利用 CNN 提取输入图像的特征映射，然后利用区域提

名网络（RPN）生成候选目标区域。在第二阶段，基于候选目标区域，利用图像区域

边界框回归以及区域食材识别两个约束进行网络参数的整体更新。相比之下，YOLO

（You Only Look Once）是一种单阶段目标检测算法，以其速度和效率而闻名。与
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Faster R-CNN 不同，YOLO 在一次评估中处理整个图像，同时预测多个对象的分

类概率和边界框。

3.1.2	DINO[1]

DINO（DETR with Improved deNoising anchOr boxes）是一个融合对比降噪训

练（contrastive way for denoising training），混合查询选择锚点初始化（mixed 

query selection method for anchr initialization）， 前 向 两 次 预 测（look forward 

twice scheme for box prediction）的端到端 Transformer 框架。相比于 Faster 

R-CNN，DINO 是一个参数量更大且更高效的目标检测模型。

评估方案：使用平均精度（AP）来评估基线模型的检测性能。对于 Faster R-CNN，

YOLO 和 DINO，分别评估了不同 IoU 阈值（0.5、0.75 和 0.5:0.95）下的标准平均

精度结果。

3.2	跨模态食材检索

图 3.1   中餐理解框架
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如图所示，使用两个独立的特征提取器提取图像特征和食材特征。然后，应用对比约

束以端到端的方式来缩小匹配的图像和食材之间的嵌入距离。考虑到食材检测能够学

习不同图像区域中食材的语义嵌入，我们进一步研究了两阶段的检索模型的有效性，

该模型首先使用食材检测算法提取区域特征，然后使用区域特征和食材来训练一个联

合嵌入模型。

3.2.1	方法 1-端到端训练

在端到端设置中，我们首先将食品图像和食材组合投影到公共的嵌入空间中，然后使

用对比损失来约束跨模态特征对齐。对于图像编码器，受视觉 - 语言 Transformer

在各种下游任务中取得成功的启发，我们采用预训练的 [49]-[51]CLIP ViT B/16 作为图

像特征提取器对图像特征进行编码，然后利用线性全连接层将原始图像特征投影到公

共的嵌入空间中：
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3.2.2	方法 2-二阶段训练

与图像编码器直接提取的全局图像特征相比，从食材检测模型中提取的局部特征包含

了特定的食材语义信息，为跨模态食材检索提供了更有利的初始化状态。为了利用这

一优势，我们首先使用食材检测模型提取 Z 个区域特征。然后，我们提出了一个自适

应式池化策略来自动融合多区域特征和多食材特征。

4. 实验

4.1	算法实现细节

CMIngre 数据集在本次实验中被随机划分为 6,001 个训练样本，1,000 个验证样本

和 1,000 个测试样本。所有的实验都使用了 PyTorch 框架，在 2 张 NVIDIA GTX 

3090 GPU 上进行实验。
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 ● 食材检测： 对 于 Faster R-CNN 框 架， 与 方 法 [47],[54] 保 持 一 致， 利 用

ResNet-101 作为特征提取器，设置 batch size 为 2，学习率为 0.001，并

利用 SGD 优化器进行端到端检测优化。对于 YOLO 算法，遵循官方报告

[48] 使用 yolov5x6 进行检测实验。对于 DINO 框架，与官方设置 [1] 保持一

致，然后选用 Vision Transformer 作为特征提取器 fine-tune 整个模型。

 ● 跨模态食材检索：选用 Adam 优化器训练整个模型并且设置 batch size 为

128，最终映射层维度为 1024。对于双层自注意力编码机制，选用包含有 2

层、4 个头部的 Transformer 作为每层编码器，并且设置隐藏层维度为 512。

对于图像食材区域特征预提取，在 Faster R-CNN 框架中提取 36 个维度为

2048 的区域特征，在 DINO 框架中提取 128 个维度为 256 的区域特征。为

了增加模型泛化能力，随机消去 20% 的图像区域，并且设置位置编码向量维

度 d2 为 32。

4.2	实验结果

4.2.1	食材检测

为了验证现有的检测框架在 CMIngre 食材数据集上的有效性，我们利用基于 CNN

以及基于 Transformer 的端到端框架。实验结果如表 4.1 所示，可以发现 YOLO 

v5，Faster R-CNN 和 DINO 在 CMIngre 数据集上性能一般。这一结果表明，目

前的目标检测方法为明确的目标边界而设计，很难直接检测到自由形式的食材。这也

表明，在食品相关领域开发更多细粒度食材理解算法仍有很大的性能提升空间。与

Faster R-CNN 相比，DINO 在不同的 IoU 阈值下的检测性能更好，这说明大规模

预训练模型在食物领域依然存在着较强的理解能力。

此外，为了验证微调目标检测模型实验的有效性，我们找到了 CMIngre 数据集和

MS COCO 数据集中的七个公共类别：蛋糕、西兰花、苹果、胡萝卜、橙子、香蕉、

甜甜圈。接下来，我们选取 CMIngre 数据集中包含这七类食材的数据，对预训练

模型和使用 CMIngre 中数据微调后的模型进行了对比验证。表 4.2 展示了 Faster 
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R-CNN 和 DINO 在 CMIngre 数据集中公共 7 类食材上的检测结果。与 Faster 

R-CNN 相比，预训练的 DINO 和微调后的 DINO 都表现出了更优的性能，突出了

大规模预训练模型的泛化能力。此外，在 CMIngre 数据集上对 DINO 进行微调后，

模型对常见类别的检测性能有了很大的提高。具体而言，微调后的 DINO 在 7 个公

共类别上 AP50:95、AP50 和 AP75 方面分别比预训练的 DINO 提高了 18.3%、

25.2% 和 21%，这证明了在 CMIngre 数据集上进行模型调优的有效性。

表 4.1  CMIngre 和 MS COCO 的检测结果 (%)，“()”表示检测方法在 MS COCO 和 CMIngre

上的性能差异

表 4.2   Faster R-CNN 和 DINO 在 MS COCO 和 CMIngre 的共有类别上的检测性能

4.2.2	跨模态食材检索

在这一节中，我们重新实现了几个图像 backbone（ResNet-50, ViT B/16 和 CLIP 

ViT B/16）和食材 backbone（分层 Transformer 和分层 LSTM）进行性能对比。此

外，还进行了两阶段实验设置，验证了食材对象和跨模态食材检索相结合的有效性。

实验结果如表 4.3 所示，其中 APS 表示自适应池化策略。最后，在表 4.4 中，我们
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重新实现了两种最先进的跨模式食谱检索方法（TFood[19] 和 VLPCook[56]），来比较

我们提出的 CMIngre 和 Recipe 1M[32]。

表 4.3   CMIngre 中跨模态食材检索性能

结果表明，ResNet+H-LSTM 的性能并不令人满意。我们认为这是因为卷积神经

网络的接受域有限，ResNet-50 只能捕获整体图像的粗粒度语义，而忽略了细粒度

的食材特征。这个结果突出了在跨模态食材检索中对于图像进行细粒度分析的重要

性。通过利用 Transformer 中的自注意力机制对不同食材之间的语义关联进行建模，

ResNet+H-Transformer 增强了食材组合的表现力，从而提高了检索性能。

具 体 来 说， 在 图 像 到 食 材 的 设 置 中，medR 从 62.0 降 低 到 40.0。 当 使 用 视

觉 Transformer[58] 作 为 图 像 backbone 时， 检 索 性 能 显 著 提 升。 这 证 明 了 视 觉

Transformer 通过利用不同图像区域之间的关系来提取细粒度食材表示的能力。受

视觉 - 语言基础模型在各种下游任务中获得成功的启发，我们采用 CLIP[49] 作为图像

backbone 进行实验，与其他端到端设置相比，CLIP 具有最佳的检索性能。这些实

验结果表明，当采用更深和更先进的 backbone 时，检索性能得到了一致的改善。

除此之外，我们还探索了结合食材检测和跨模态食材检索的两阶段模型的检索性能。

首先，我们使用 Faster R-CNN 和 DINO 提取固定长度的区域特征。然后，引入自

适应池化策略（APS）来融合多区域特征。如表 4.3 所示，在所有的评估指标中，两

阶段的方法明显优于端到端的方法，这表明当前的图像编码器很难直接从图像中提取

细粒度食材的判别特征。
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在这种情况下，更有效的方法是下训练一个专门针对食材图像的检测模型，然后使用

经过训练的检测模型提取的细粒度食材特征进行检索任务。此外，可以观察到，与

Faster R-CNN 相比，使用 DINO 的区域特征可以进一步提高检索性能。这表明食

材检索模型的性能提升可以同步体现在跨模态食材检索中。

表 4.4   CMIngre 和 Recipe 1M 的跨模态检索性能

为了进一步将所提出数据集与其他跨模态食品检索数据集的复杂性进行对比，我们在

Recipe 1M 中重新实现了两种最先进的方法 [32]，并对比了这些方法在 CMIngre 数

据集上的检索性能。根据表 4.4 所示，CMIngre 数据集上的检索效率大约是 Recipe 

1M 上的一半，这一显著差异凸显了中国食材面临的更大挑战。具体来说，Recipe 

1M 提供了一套全面的食谱细节（包括配料、标题和说明），它丰富了图像和食谱之间

的上下文关系，从而促进了跨模态检索。相比之下，CMIngre 数据集仅局限于食材

信息，这对有效的跨模态检索提出了更大的挑战。值得注意的是，我们的两阶段方法

明显优于这些对比方法，这进一步凸显了两阶段方法的优势，即训练食材检测方法提

取细粒度食材特征可以显著增强图像的表示能力。

4.3	可视化

我们从三种类型的数据（菜名，菜谱，用户生成内容）中随机采样一个查询样本，执

行跨模态检索任务，并可视化该查询样本的 Top-5 检索结果。如图 4.1 所示，查询

图像所对应的正确食材组合成功的以最高相似度出现在第一个检索结果中，验证了我

们图像搜索食材的有效性。此外，我们观察到查询样本和 Top-5 检索结果有着一定
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程度上的关联，例如在菜谱（recipe）查询图像的检索结果中，Top-5 的食材组合都

包含有鸡蛋和蔬菜（油菜、蔬菜、西兰花），并且第一个检索结果和第二个检索结果仅

仅是“蔬菜”和“油菜”的细微区别，这说明我们的方法可以有效挖掘到图像和食材

间的匹配关系。

如图 4.2 所示，上述相同的现象也出现在三类查询食材的 Top-5 检索结果中。我们

也在图 4.3 中可视化了一些最佳匹配失败的案例，发现当图像中所包含的食材不能被

清晰认知时，模型会倾向于给出一个相似的具体食材。例如在菜品名称查询图像中，其

中的一个绿色食材由于无法被清晰的辨识所以被标注为更高级的“蔬菜”标签。然而当

模型执行跨模态检索时，会更倾向于将其认知为更细粒度“芥菜”和“秋葵”而不是

“蔬菜”。另外一个观察是相比于最佳匹配案例，错误案例中 Top-5 检索结果的相似度

往往倾向于更低且更平均，表示出了模型很难分辨菜品图像中模糊食材的具体分类。

图 4.1   使用图像检索食材组合，三种不同来源查询图的 top-5 检索结果
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图 4.2   使用食材组合检索图像，三种不同来源查询食材组合的 top-5 检索结果

图 4.3   三种不同来源查询图像最佳匹配失败示例

此外，按照 [59] 中描述的方法，我们可视化了单个食材的匹配下降分数（MDS）。具体
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来说，我们将单个食材的 MDS 定义为当从食材组合中删除特定食材时，图像与其相

应食材组合之间的相似性变化。如图 4.4 所示，具有明显视觉特征的食材往往具有更

高的 MDS。例如，在第一张图像中，删除“米”导致了 0.1216 的相似度显著下降，

这个下降明显高于土豆、胡萝卜、肉。另一个值得注意的是，具有模糊视觉外观的食

材会对跨模态检索产生负面影响。例如，在第三张图中，由于煮熟的青菜缺乏鲜明的

视觉特征，导致图像与缺乏青菜的食材组合匹配相似度增加。

图 4.4   单个食材在 CMIngre 上的 MDS。MDS 最高的食材用红色表示，MDS 为负的食材用蓝色表示

5. 业务应用

菜品作为餐饮业务的最基本单元，在供给策略运营、用户需求洞察、业务经营分析等

场景都必要依赖。2020 年至 2021 年，到餐研发团队基于业务菜品数据，进行了标

准统一和知识融合，整体菜品知识准确率达到 94.51%、覆盖率达到 87.01%。但在

局部视角，部分菜品知识属性受限于获取信源单一、挖掘技术难度大等原因导致知识

覆盖不足，例如烧烤 / 火锅品类准确率仅 63.6%，食材属性覆盖率 67.5%，口味属

性覆盖率 11.9%，影响支持业务精细化、智能化的运营需求。

为了提升菜品知识的覆盖，我们提出一套构建多模态知识图谱的流程，分别从文本和

图像两个模态获取菜品知识。
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图 5.1   多模态知识图谱构建流程

对于文本模态，使用命名实体识别提取文本中的食材、口味、口感、菜系、烹饪方

法；对于图像模态，使用目标检测提取图像中的食材信息和对应区域对文本信息进行

补充。在对单个图像 - 文本对构建多模态知识图谱对基础上，通过相同食材、口味等

信息对不同的图像 - 文本对进行关联，进而构建完整的菜品多模态知识图谱，从而提

升菜品知识覆盖率。

6. 结论

在本研究中，我们将重点放在中餐食材理解上，它扩展了细粒度对象检测和检索的范

围，在中餐领域提供了更广泛的应用。为了支持新任务的研究，我们设计了第一个跨

模态食材级数据集 CMIngre，该数据集由来自菜肴、食谱和 UGC 三种不同来源的

8,001 对图像食材组成，涵盖了 429 种不同的中国食材和超过 95,290 个边界框。我

们在 CMIngre 数据集上评估了不同目标检测算法的有效性，表明开发更高级的细粒

度食材检测算法仍然有足够的性能提升空间。此外，在 CMIngre 上进行的广泛的跨

模态食材检索实验验证了我们提出的基线的有效性。此外，我们希望这个基准可以激

发更多新颖的细粒度食材理解算法的发展，从而促进食品相关领域的进步。

利用以上技术能力，在多模态数据集上建设菜品知识图谱。对比文本单模态 ( 知识准

确率 95%、覆盖率达到 80%)，通过在评测数据上进行验证，该项目提升菜品知识图

谱的属性知识的质量，知识准确率 96.52%、覆盖率达到 87.01%。将菜品知识图谱
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的能力应用于相同商品识别的业务场景，通过提供商品理解的关键信息，识别的错误

率从 20.38% 降低至 2.3%，提升美团精细化运营的效率。
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美团外卖基于GPU的向量检索系统实践

1  背景

随着大数据和人工智能时代的到来，向量检索的应用场景越来越广泛。在信息检索领

域，向量检索可以用于检索系统、推荐系统、问答系统等，通过计算文档和查询向量

之间的相似度，快速地找到与用户需求相关的信息。此外，在大语言模型和生成式 AI

场景，向量索引做为向量数据的底层存储，也得到了广泛的应用。

如下图所示，向量检索主要分为三个步骤：（1）将文本、图像、语音等原始数据经过

特征抽取，模型预估，最终表征为向量集合；（2）对输入 Query 采用类似的方式表征

为向量；（3）在向量索引中找到与查询向量最相似的 K 个结果。一种简单直接的检索

方式是与向量集合进行逐一比较，找到与查询向量最相似的向量。这种方法也被称为

暴力检索。在大数据量或者高维度场景中，暴力检索的耗时和计算资源消耗巨大，无

法在现实场景中直接使用。

为了解决上述问题，业界提出 ANN（Approximate Nearest Neighbor）近邻检索方

案：通过构建有效索引，减少向量计算量，牺牲一定的召回精度以换取更高的检索速
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率。另一方面，研究如何通过 GPU 的并行计算能力，加速向量相似计算，也是一个

比较热门的发展方向之一。Facebook 开源的向量检索库 Faiss 在 GPU 上实现了多

种索引方式，与 CPU 版性能相比，检索速率提升 5 到 10 倍。开源的向量检索引擎

Milvus 基于 GPU 加速的方案使得检索提高 10+ 倍。

目前，向量检索已经广泛应用在美团外卖搜推业务各场景中。相较于其他业务场景，

美团外卖业务特点具有较强的 Location Based Service（LBS）依赖，即商家的配送

范围，决定了用户所能点餐的商家列表。以商品向量检索场景为例：向量检索结果集

需要经过“可配送商家列表”过滤。

此外，在不同的业务场景使用过程中，还需要根据商家商品的品类、标签等标量属性

进行过滤。当前，美团外卖向量检索基于 Elasticsearch+FAISS 进行搭建，实现了

10 亿级别 + 高维向量集的标量 + 向量混合检索的能力。为了在保证业务高召回率的

同时进一步减少检索时间，我们探索基于 GPU 的向量检索，并实现了一套通用的检

索系统。

2  美团外卖向量索引的发展历程

在美团外卖向量检索系统的建设过程中，我们相继使用了 HNSW（Hierarchical 

Navigable Small World），IVF（Inverted File），IVF-PQ（Inverted File with 

Product Quantization）以及 IVF-PQ+Refine 等算法，基于 CPU 实现了向量检索

能力。在过去的几年间，我们对 Elasticsearch 进行定制，实现了相关的向量检索算

法，在复用 Elasticsearch 检索能力的情况下支持了标量 - 向量混合检索。下面是这

四种技术的简介及演进历程。

2.1	HNSW（Hierarchical	Navigable	Small	World）

HNSW 是一种用于大规模高维数据近似最近邻搜索的算法，它的基本思想是使用一

种层次化的图结构，每一层都是一个导航小世界图，从而实现了在高维空间中的高效

搜索。导航小世界图是一种有着特殊拓扑结构的图，它的特点是任意两点之间的路径

https://github.com/facebookresearch/faiss/wiki/Faiss-on-the-GPU
https://zilliz.com/blog/milvus-2-3-beta-new-features-and-updates
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长度都很短，而且可以快速找到。

在 HNSW 算法中，这种导航小世界图的层次结构使得搜索过程可以从图的高层开

始，快速定位到目标点的大致位置，然后逐层向下精细化搜索，最终在底层找到最近

邻，在通用检索场景上有显著的优势。然而该算法在高过滤比下性能会有折损，从

而导致在到家搜推这种强 LBS 过滤场景下会暴露其性能的劣势。业界有较多相关的

benchmark 可以参考，以 Yahoo 的向量检索系统 Vespa 相关博客为例，性能与召

回率的趋势如下：

2.2	IVF	（Inverted	File）

IVF 是一种基于倒排索引的方法，它将高维向量空间分为多个簇（Cluster），每个簇

对应一个倒排列表，存储了属于该簇的向量索引。这种方法大大减少了搜索时需要比

较的向量数量，从而提高了检索速度。它的缺点是需要存储原始的向量数据，同时为

了保证检索性能需要将其全量加载到内存中，从而占用了大量的内存空间，容易造成

内存资源瓶颈。

https://blog.vespa.ai/approximate-nearest-neighbor-search-in-vespa-part-1/
https://blog.vespa.ai/approximate-nearest-neighbor-search-in-vespa-part-1/
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2.3	IVF-PQ（Inverted	File	with	Product	Quantization）

在候选集数量巨大的场景下，比如商品向量检索场景下，IVF 带来的内存空间大的问

题很快就显现出来，为了解决内存空间的问题，开始尝试使用了 IVF-PQ 方法。该

方法在 IVF 的基础上，使用了乘积量化（Product Quantization，PQ）的方法来压

缩向量数据。PQ 将高维向量分为多个子向量，然后对每个子向量进行量化，从而大

大减少了对内存空间的需求。

然而，由于量化过程会引入误差，因此 IVF-PQ 的检索精度会低于 IVF，从而导致

召回率无法满足线上要求，对召回率要求相对较低的场景可以使用 IVF-PQ，对召回

率有一定要求的场景需要其他解决方案。

2.4	IVF-PQ+Refine

为了提高 IVF-PQ 的检索精度，进一步采用了 IVF-PQ+Refine 的方案，在 IVF-

PQ 的基础上，在 SSD 磁盘上保存了未经压缩的原始向量数据。检索时，通过 IVF-

PQ 召回数量更大的候选向量集合，然后获取对应的原始向量数据进行精确计算，从

而提高检索精度。这种方法既保留了 IVF-PQ 的存储优势，解决了内存资源瓶颈，

又保证了召回率，因此在实际应用中得到了广泛的使用。

2.5	基于地理位置的向量检索

美团外卖业务有一个区别于普通电商的明显特征——LBS 特征，用户和商家的距离在

很大程度上影响着用户的最终选择。因此可以考虑在向量检索过程中增加地理位置因

素，使距离用户更近的商品可以优先被检索到。通过将经纬度编码为向量，优化具体

做法是将用户或商家的经纬度以加权的方式加入查询 Query 和候选向量中，在计算

Query 和候选向量的相似度时，距离因素就可以在不同程度上影响最终的检索结果，

从而达到让向量索引具备 LBS 属性的目标。在加入地理位置信息后，向量检索的召

回率有较大提升。

除了以上几种检索方式，常见的向量检索方式还有 Flat（即暴力计算），可以实现

100% 的召回率，但是由于计算量大，其性能较差，一般仅用于小规模的数据场景。
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3  目标与挑战

3.1	目标

在以上几个方案落地后，向量 + 标量混合检索、前置过滤、支持海量数据检索几个挑

战都得到了解决，但是检索性能及召回率与理想目标仍有一定差距，需要探索其他可

能的解决方案。考虑到美团外卖的业务场景，目标方案应该满足以下要求：

 ● 支持向量+标量混合检索：在向量检索的基础上，支持复杂的标量过滤条件。

 ● 高过滤比：标量作为过滤条件，有较高的过滤比（大于 99%），过滤后候选集

大（以外卖商品为例，符合 LBS 过滤的商品向量候选集仍然超过百万）。

 ● 高召回率：召回率需要在 95%+ 水平。

 ● 高性能：在满足高召回率的前提下，检索耗时 Tp99 控制在 20ms 以内。

 ● 数据量：需要支持上亿级别的候选集规模。

在调研业界向量检索方案后，我们考虑利用 GPU 的强大算力来实现高性能检索的目

标。当前业界大部分基于 GPU 的向量检索方案的目标都是为了追求极致的性能，使

用 GPU 来加速向量检索，如 Faiss、Raft、Milvus 等，然而它们都是面向全库检

索，不直接提供向量 + 标量混合检索的能力，需要在已有方案的基础上进行改造。

3.2	解决方案探索

实现向量 + 标量混合检索，一般有两种方式：前置过滤（pre-filter）和后置过滤

（post-filter）。前置过滤指先对全体数据进行标量过滤，得到候选结果集，然后在

候选结果集中进行向量检索，得到 TopK 结果。后置过滤指先进行向量检索，得到

TopK*N 个检索结果，再对这些结果进行标量过滤，得到最终的 TopK 结果。其中 N

为扩召回倍数，主要是为了缓解向量检索结果被标量检索条件过滤，导致最终结果数

不足 K 个的问题。

业界已有较多的成熟的全库检索的方案，后置过滤方案可以尽量复用现有框架，开发

量小、风险低，因此我们优先考虑后置过滤方案。我们基于 GPU 的后置过滤方案快

速实现了一版向量检索引擎，并验证其召回率与检索性能。GPU 中成熟的检索算法
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有 Flat、IVFFlat 和 IVFPQ 等，在不做扩召回的情况下，召回率偏低，因此我们在

benchmark 上选择了较大的扩召回倍数以提高召回率。

测试数据集选取了线上真实的商品数据，据统计，符合标量过滤条件的候选向量数量

平均为 250 万，在单 GPU 上验证后置过滤检索性能与召回率如下：

测试结果表面，以上三种算法均无法同时满足我们对检索性能和召回率的需求。其中

IVF 与 IVFPQ 召回率较低，Flat 算法虽然召回率较高，但是与全体候选集计算向量

相似度导致其性能较差。

举个例子，候选向量数据规模为 1000 万，向量维度为 D。

（1）Flat 是纯暴力计算的算法，精度最高，但需要在全体候选集上计算相似度，单条

查询向量的计算量为 1000 万 *D 次浮点运算。

（2）IVF 在 Flat 的基础上通过 IVF 倒排索引，将候选集划分成多个簇（Cluster），然

后选取部分离查询向量较近的簇计算相似度，这样可以按比例降低计算量，如果将候

选集分成 n_list=1024 个簇，每次查询只选取 n_probe=64 个簇，则单条向量的计

算量为 Flat 的 1/16，即 62.5 万 *D 次浮点运算。
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（3）IVFPQ 对比 IVF 算法，使用了乘积量化，将 D 维向量切分成 M 组子向量，每组

子向量训练出 K 个聚类中心，如果 M=8，K=256，则单条查询的计算量为 8*256*D

次浮点计算 +1000 万 *8 次查表 +1000 万 *8 次加法运算。

在 Flat 算法的基础上，我们考虑通过向量子空间划分的方式，将全量候选集划分为

多个向量子空间，每次检索时选取其中的一部分向量子空间，从而减少不必要的计算

量，提高检索性能。

考虑到外卖搜索的强 LBS 属性，可以基于 GeoHash 来进行向量子空间划分。构建

索引时，根据商家的地理位置（经纬度）计算 GeoHash 值，将全量商品数据划分为

多个向量子空间。检索时，根据用户的地理位置信息计算其 GeoHash 值，并扩展至

附近 9 个或 25 个 GeoHash 块，在这些 GeoHash 块内采用 Flat 算法进行向量检

索，可以有效减少计算量。这种向量子空间划分方式有效地提高了检索性能，但是存

在某些距离稍远的商家无法被召回的情况，最终测得的召回率只有 80% 左右，无法

满足要求。

综上，后置过滤方案无法同时满足检索性能和召回率的需求，而 GPU 版本的 Faiss

无法实现前置过滤功能，考虑到美团外卖的业务场景，向量 + 标量混合检索能力是最

基本的要求，因此我们决定自研 GPU 向量检索引擎。

4  GPU向量检索系统

4.1	前置过滤实现方案选择

基于 GPU 的向量检索，要想实现前置过滤，一般有三种实现方案：

1. 所有原始数据都保存在 GPU 显存中，由 GPU 完成前置过滤，再进行向量

计算。

2. 所有原始数据都保存在 CPU 内存中，在 CPU 内存中完成前置过滤，将过滤

后的原始向量数据传给 GPU 进行向量计算。

3. 原始向量数据保存在 GPU 显存中，其他标量数据保存在 CPU 内存中，在
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CPU 内存完成标量过滤后，将过滤结果的下标传给 GPU，GPU 根据下标从

显存中获取向量数据进行计算。

由于 GPU 与 CPU 结构与功能上的差异性，使用 GPU 完成前置过滤，显存资源占用

量更大，过滤性能较差，且无法充分利用过滤比大的业务特点，因此不考虑方案 1。

方案 2 与方案 3 性能对比与各自的优点如下所示：

实验结果表明，方案 2 在数据拷贝阶段耗时严重，时延无法达到要求。因为在美团

外卖的场景下，过滤后的数据集仍然很大，这对 CPU 到 GPU 之间的数据传输带宽

（A30 显卡带宽数据如下 CPU-GPU：PCIe Gen4: 64GB/s；GPU-GPU：933GB/

s）提出了很高的要求，因此我们最终选择了方案 3。

4.2	GPU向量检索引擎

4.2.1	数据结构

考虑到显存的价格远高于内存，因此我们在设计方案的过程中，尽可能将数据存储在

内存当中，仅将需要 GPU 计算的数据存储在显存当中。

内存中保存了所有的标量数据，数据按列存储，通过位置索引可以快速找到某条数据

的所有字段信息，数据按列存储具备较高的灵活性和可扩展性，同时也更容易进行数

据压缩和计算加速。针对需要用于过滤的标量字段，在内存中构造了倒排索引，倒排

链中保存了对应的原始数据位置索引信息，内存数据结构如下图所示：
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显存中保存了所有的向量数据，数据位置索引与内存中的数据一一对应，可以通过位

置索引快速获取某条数据的向量信息，如下图所示：
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4.2.2	检索流程

Flat 暴力检索

初始化阶段，在内存中构建用于标量过滤的倒排索引，同时，将向量数据从 CPU 内

存拷贝到 GPU 显存，通过位置索引进行关联。

1.	标量过滤

标量过滤过程在 CPU 内存中进行，通过内存中的倒排索引，可以快速得到符合某个

标量过滤条件的原始数据位置索引列表，通过倒排索引的求交、求并等逻辑，可以支

持多个标量过滤条件的与、或关系组合，最终，得到所有符合条件的位置索引列表。

2.	相似度计算

相似度计算在 GPU 中进行，通过上一步标量过滤得到的位置索引列表，从 GPU

显存中读取符合条件的候选向量数据，然后使用常见的向量距离算法计算最相似的

TopK 个向量，将检索结果下表列表回传给 CPU。

3.	检索结果生成

通过上一步的检索结果下表列表，在 CPU 内存中获取对应 record 记录并返回。

整体检索流程如下：



算法　<　337

IVF 近似检索

在某些场景下，我们对检索性能有更高的要求，同时对召回率的要求可以适当放宽，

因此我们在 GPU 向量检索引擎上支持了 IVF 近似检索。

在初始化阶段，使用向量数据训练出 P 个聚类中心，并针对每个聚类中心构建局部的

倒排索引，倒排索引结构与 Flat 方案类似，区别在于位置索引信息只保存在最近的聚

类中心下。

1.	标量过滤

标量过滤过程在 CPU 内存中进行，先找到与 query 向量最近的 N 个聚类中心点，

在这些聚类中心点下进行标量过滤，得到 N 个候选位置索引列表，再 merge 成最终

的候选位置索引列表。与 Flat 方案相比，IVF 近似检索减少了计算量，因此能获得更

好的检索性能。
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2.	相似度计算

相似度计算阶段与 Flat 方案相同。

3.	检索结果生成

检索结果生成阶段也与 Flat 方案相同。

整体检索流程如下：

在单 GPU 上验证检索性能与召回率如下（测试数据集同后置过滤）：
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可见，无论是 Flat 还是 IVF，在相同的召回率下，使用前置过滤的性能都要明显好于

后置过滤。

4.2.3	性能优化

完成前置过滤的向量检索功能之后，我们对向量检索引擎做了一系列优化。

1.	单 GPU性能优化

 ● 高并发支持，通过 Cuda Stream，GPU 可以并行处理多个查询请求，高并发

压测下，GPU 利用率可以达到 100%。

 ● 通过 GPU 实现部分标量过滤功能，支持在 GPU 上实现部分标量过滤功能，

向量计算与标量过滤同处一个 Kernel，充分利用 GPU 并行计算能力（标量过

滤本身是一个无状态操作，天然支持并行处理，CPU 并发能力受限于 CPU

核数，但 GPU 可以支持上千个线程的并发，所以在性能上体现出明显优势）。

 ● 资源管理优化，支持句柄机制，资源预先分配，重复利用。每个句柄持有一部

分私有资源，包含保存向量检索中间计算结果的可读写内存、显存，以及单独

的 Cuda Stream 执行流；共享一份全局只读公有资源。在初始化阶段，创建

句柄对象池，可以通过控制句柄数量，来调整服务端并发能力，避免服务被打

爆。在检索阶段，每次向量检索需从句柄对象池中申请一个空闲的句柄，然后

进行后续的计算流程，并在执行完后释放响应的句柄，达到资源回收和重复利

用的目的。
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在单 GPU 上性能优化后的检索性能与召回率如下（测试数据集同后置过滤）：

2.	多 GPU并行检索

除了以上优化方案，还可以考虑将数据分片，通过多 GPU 并行检索，减少单卡计算

量来提升检索性能；同时，多卡架构也能支持更大规模的向量数据检索。

相比多机多卡的分 shard 架构，单机多卡可以有效减少网络传输开销，并且具有较低

的索引加载复杂度，因此我们最终选择了单机多卡的数据分片方案，单台服务器部署

多张 GPU，检索时并行从本地多张 GPU 中检索数据，在 CPU 内存中进行数据合并。

3.	FP16 精度支持

为了支持更大规模的向量数据检索，我们还在 GPU 检索引擎上支持了半精度计算，

使用 FP16 替换原来的 FP32 进行计算，可以节省一半的 GPU 显存占用，经验证

Flat 召回率由 100% 下降到 99.4%，依然满足需求。使用半精度之后，单机可以加

载近 10 亿数据，足够支撑较长时间的业务数据增长。

4.3	向量检索系统工程实现

向量检索系统的工程化实现包括在线服务和离线数据流两部分，总体架构图如下：
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GPU 检索系统上线后实际性能数据如下（数据量 1 亿 +）：

5  收益

到家搜索团队面向在线服务场景实现的 GPU 向量检索系统，目前已经应用于外卖商

品向量检索，向量召回链路的检索性能、召回率均有显著的提升，满足策略对召回扩

量和策略迭代的需求，具体提升如下：

1. 向量索引召回率由 85% 提升至 99.4%。

2. 向量索引检索时延 TP99 降低 89%，TP999 降低 88%。
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6  展望
 ● GPU 向量检索系统目前只支持 T+1 全量构建索引，后续计划支持实时索引。

 ● GPU 向量检索当前支持 FLAT 和 IVF 检索算法，后续计划支持 HNSW 算法，

在过滤比较低的场景下可提供更高的检索性能。

 ● 除了 GPU，后续还会在 NPU 等新硬件上做更多的尝试。
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分布式因果推断在美团履约平台的探索与实践

1. 业务背景

近年来，因果推断在商品定价、补贴、营销等领域得到广泛应用并取得了显著的业务

效果提升，例如用户增长、活动营销等业务场景。这些领域的共性是需要“反事实推

断能力”，传统机器学习算法更关注预测问题，而因果推断提供了更佳的反事实推断

能力。以营销活动为例，我们不仅需要知道当前优惠券金额下，订单数是多少（预测

问题），还要知道在改变金额的情况下，订单数会发生怎样的变化（反事实问题）。

常见的因果建模方法主要包含 Meta-Learner、深度表征学习和 Tree-Base 算法三

大类。其中以因果树为代表的 Tree-Base 算法泛化性强，适用于多种业务场景。相

较于 Meta-Learner，树模型建模流程简单；相较于深度表征学习，树模型特征处理

和调参过程简单并且具备极强的可解释性。

开源社区涌现出了微软的 EconML 和 DoWhy，Uber 的 CausalML，以及因果森林

作者的 grf-lab 等等众多优秀开源项目，但这些项目均为单机实现，不能满足工业场

景下亿级样本的模型训练、评估、解释分析。Meta-Learner 和深度表征学习可以轻

松借助 XGBoost、LGBM、Spark MLlib、Tensorflow 等开源工具支持海量数据，

但是这些项目都不支持因果树相关的 Tree-Base 算法的分布式训练。

具体来说，XGBoost、LGBM、Spark Random Forest 等树模型是为解决预测问

题而提出的经典算法实现，而因果树算法引入了新的训练理论以及因果理论独有的干

预变量、工具变量等概念。这意味着我们并不能通过对现有分布式树模型的简单改

造，来实现因果理论下树模型的分布式训练，而是需要充分理解各类单机因果树算法

的原理之后，选择合适的分布式编程范式高效地实现出来。

为了解决上述问题，美团履约平台技术部对开源项目进行了精细梳理，集各家之所长
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实现了一套高性能的分布式因果森林框架，在半小时内即可完成亿级样本 100 棵树

的训练，突破了单机开源项目仅支持百万级样本的瓶颈。并经过复杂的抽象设计，最

终实现通过自定义损失函数即可支持各类因果森林算法的能力，极大提升了框架的扩

展性。

除此之外，美团履约平台技术部还在因果效应评估、观测数据去偏等方面建设了大量

高效实用的分布式工具。本文将重点为大家分享如何设计实现一个分布式的因果森林

算法，以及因果效应评估方面的经验技巧，将我们在分布式因果推断领域的一些探索

和内部的实践经验分享给大家。

图 1   美团履约因果推断工具包

2. 分布式因果森林框架

因果森林算法的提出引发了 Tree-Base 算法应用于因果建模的研究热潮，众多学者

相继在因果森林的基础上提出了多种多样的改进算法。监督学习领域的树模型有众

多优秀的开源分布式实现，例如 Xgboost、LightGBM、Spark Random Forest

等等。

但是开源的因果树模型分布式实现基本处于空白状态。因果树算法引入了新的训练理

论（比如 Honesty Tree）并且因果树的分裂还依赖于干预变量、工具变量，这导致我

们无法通过对现有分布式树实现做简单来更改来实现。因此，我们立足于论文，充分

调研并借鉴业内优秀的开源实现，最终设计实现了一套高性能的分布式框架，并能提



算法　<　345

供统一的 Serving 方案。

借助这套框架，新增因果森林类算法只需要专注于损失函数设计即可，完全不必考虑

分布式的工程实现。截止到目前，我们已经实现了四种因果森林算法，能够灵活支

持多维连续 treatment 和及工具变量，半小时内即可完成亿级样本 100 棵树的训练。

下面我们将从技术选型与框架设计、性能优化、Serving 实现这几个方面为大家介绍

这套框架。

2.1	技术选型与框架设计

单机树模型的工程实现可以概括为：遍历所有潜在的切分点并计算分裂指标（损失函

数），取指标指标最佳的分裂点分裂，不断分裂树节点直到满足退出条件。而分布式

环境下每台机器只包含部分样本，分布式环境下任何全局指标计算都会带来极大的通

讯成本，因此需要选择合适的分布式架构帮助我们计算分裂指标。

因此，对于分布式因果森林框架，我们关心三个问题：第一，如何计算因果树的分裂

指标（损失函数）；第二，如何求潜在分裂点；第三，选用何种分布式编程架构。在此

基础上进一步抽象整合，就可以实现不同树模型共用一套分布式框架的目标。

从论文出发

为了深入了解因果森林类算法，我们仔细阅读了因果森林论文以及其作者 Susan 

Athey 的另一篇在因果领域有重要影响力的《Generalized Random Forests》论

文。Susan Athey 认为随机森林本质上是一种自适应的最近邻算法（KNN），也就是

通过对样本空间的递归划分从而找到距离该样本点最近的 K 个点（落入同一个叶子节

点）来表示该点的值。而因果森林算法本质上是随机森林算法在因果推断领域的一种

特殊应用。

因果森林和传统分类、回归森林一样采用了二叉的 CART 树（Classification And 

Regression Tree）作为基模型。与分类和归回问题相同，特征值仅用于样本划分而

不参与分裂指标的计算。不同之处在于，分类和回归问题仅研究预测观测值 Y，而因

果建模需要研究 treatment、instrumental variable 等变量与观测值 Y 之间的关联。

https://arxiv.org/abs/1610.01271
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此外，多维连续 treatment 是学界的热门研究方向。因此，相较于分类和回归问题，

因果推断需要在样本表示上做出相应调整。

因果森林论文提出 honestyTree 的概念：将样本分成 growSet 和 predictionSet 两

个部分，growSet 用于树的生长，predictionSet 用于 prediction 值的计算。在论

文《Generalized Random Forests》中证明了最小化子节点评估值与真实值之间

的误差等价于最大化左右节点间的异质性，并对 CART 树的生长过程做了更加广义

的抽象，将其分解成 labeling step 和 regression step 两步。Susan Athey 的单机

C++ 开源项目 grf-lab 中将这两种观点融合在一起，把树的生长定义为 relabeling/

splitting/prediction 三个步骤。

综上，我们可以得出一些指导方案设计的结论：

1. 因果森林本质上是 CART 树 Bagging 算法在因果建模领域的特殊应用。因

此 CART 树相关的论文和开源项目都可以广泛借鉴。

2. 不同于 CART 树，因果树的样本表示需要做相应抽象，根据不同算法灵活支

持单维 treatment 多维 treatment 和工具变量。

3. 因果树的支持 honestyTree，可以将树的生长拆分为 relabeling/splitting/

prediction 三个步骤，根据不同算法灵活实现。

Pre-sorted	Algorithm	Or	Histogram-based	Algorithm	？

主流 CART 树模型求分裂点的实现有两种方式，以早期 XGBoost 为代表的预排序

算法，以 LightGBM 和 SparkRandomForest 为代表的直方图算法（目前 XGBoost

也提供了直方图算法的实现）。

1.	预排序算法：对每一个特征的所有取值排序，依次遍历这些值计算分裂指标，

取指标最佳的分裂点将节点分裂为左右子节点。

2.	直方图算法：直方图的主要思想是将连续特征离散化到最大 k 个桶中，同时构

造一个宽度为 k 的直方图。在遍历样本时，以离散化值为索引在直方图中累

积统计量。遍历每个特征的每个分桶计算分裂指标，取指标最佳的分裂点将
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节点分裂为左右子节点。

图 2   离散化分桶

图 3 直方图作差

相较于预排序的实现，直方图算法的时间复杂度由 O(data*features) 降低为 O(bin*features)，

同时离散化后的特征内存占用更低，并且可以通过直方图作差的方式（父节点直方图

减去左节点直方图）进一步降低计算量。受限于篇幅，预排序算法与直方图算法的差

异这里不再赘述。最终我们选择了直方图算法方案，这也意味着需要在框架中采样计

算直方图和特征离散化的环节。

AllReduce	Or	MapReduce	？

工业界主流的分布式机器学习架构有 AllReduce、ParameterServer、MapReduce

三种，其中 AllReduce 性能最高（ParameterServer 架构也可以和 AllReduce 结

合，为了方便讨论，这里不再细究）。
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架构 实现 性能 代表框架

AllReduce C++ 最优 XGBoost、微软 LightGBM、谷歌 Tensorflow

Parameter-

Server
C++ 居中

谷歌 Tensorflow (PS 模式 )、Tencent Angel，主要应用在

深度学习领域

MapReduce
Java/

Scala
一般 Spark MLlib、H2O （Uplift Random Forest）

因为 XGBoost 内建了一个 AllReduce 框架 RABIT 可以直接复用，因此我们迅

速 拟 定 了 两 个 调 研 方 向 —— 复 用 XGBoost 的 AllReduce 高 性 能 实 现 和 Spark 

MapReduce 实现。

方案 架构 明细 性能 技术栈 开发难度 测试难度
支持的样

本量级

方案 1 AllReduce
XGB RABIT + 

Spark
高 C++ 和 Scala 高 高 百亿

方案 2 MapReduce Spark 一般 Scala/Java 较高 较高 十亿

由于履约使用的样本量在几千万级别，综合考虑开发测试成本和训练性能后，我们最

终选择了 MapReduce 方案。

框架设计

综合上文的分析，我们为分布式因果森林框架设计了 4 个模块：

图 4   分布式因果森林框架

1.	训练入口与参数模块：抽象出 Abstract CFEstimator 用来整合树模型的通用

参数，新增算法继承此类后添加专属参数即可作为对应算法的训练入口。

2.	样本转换模块：负责采样构建直方图与特征离散化，上文中单维 treatment
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多维 treatment、工具变量、观测值 y 的转换也封装在此模块中。

3.	森林生长模块：框架的核心模块，使用 MapReduce 实现。包含随机森林需

要的树采样、特征采样，同时实现 honesty。抽象出 relabeling/splitting/

predcition 这几个接口，不同的算法按需实现树的生长逻辑，并以此为基石

抽象损失函数接口。

4.	模型保存和 serving 模块：抽象出统一的树模型保存和加载方案。

2.2	性能优化

在选定 MapReduce+ 直方图的方案后，我们迅速将目光锁定在同样使用直方图算法

的 Spark RandomForest 算法上（以下简称 SparkRF）。我们在 SparkRF 上快速

实现了一版分布式因果森林框架，并进一步实现了 Generalized Causal Forests

算法。

但是测试过程中我们发现，随着总节点数的增加，跨节点通信量（也就是 Shuffle）剧

增，同时还非常容易溢出。为了支持更大规模的模型训练，我们从跨节点通信、内存

占用、计算复杂度、剪枝以及 CPU 缓存命中优化等多个方面优化了整个框架。为了

讲清楚我们优化逻辑，大家先来看看 SparkRF 是如何实现的。

SparkRF的实现

SparkRF 整个实现过程可以概括为如下几个步骤：

（1）将全量样本离散化并 cache 到内存，这一步包含三部分：

 ● 采样 collect 到 driver 为每个特征等距分桶，得到潜在切分点 split。

 ● 使用潜在切分点 split，将每个样本的特征离散化，此时特征值从 double 被转

换成 int。

 ● 根据树采样比例，为每条样本生成标记数组（由 int 数组实现），标记这条样本

用于哪棵树的生长。

https://arxiv.org/abs/2203.10975
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（2）树的生长

 ● 将整个森林看做一张图，采用深度优先搜索待分裂的节点，一次迭代一组节

点，由 maxMemoryInMB 参数控制节点数。

 ● 根据样本的标记数组，计算每个样本在每个节点的每个 split 下的直方图（统计

信息）。

 ● 通过 reduceByKey 算子，将同一个待分裂节点的所有 split 下的直方图汇总

到同一个 worker 中。

 ● 将待分裂节点的每个切分点直方图积分，例如 feature0 有 3 个切分点 [a,b,c]，

积分后为 [a, a+b, a+b+c]，使用直方图作差，计算左右子节点增益，获取最

佳切分点。

 ● 将待分裂节点的最佳切分点 collect 回 driver，完成森林的生长。

 ● 使用 rdd cache 记录样本所属节点 id（由 useNodeIdCache 参数控制）或广

播模型。

 ● 持续迭代直到达成退出条件。

可以看到，Spark 的实现除了直方图，还有不少精妙的地方。例如在每次可训练的总

结点数有限的情况下，深度优先搜索相较于广度优先搜索更倾向于快速完成单棵树的

训练，从而减少后续训练需要广播的树模型。篇幅所限，下面将主要为大家介绍分布

式因果森林框架在内存占用方面的优化。

减少Cache体积

从上文可以看出，SparkRF 使用 int 来表示最大分桶个数，而 lightGBM 使用无符号

byte 来存储，支持最多 256 个分桶。我们认为 128 个分桶足以支撑因果森林的业务

需要，所以使用了有符号 byte 来表示分桶，相比 int 内存占用减少至 1/4。

前文中提到，SparkRF 为每个样本创建了一个标记数组。例如训练一个 2 棵树的森

林，这个标记数组为 [4,0]，这表示此样本在 tree0 有放回采样 4 次，在 tree1 未被

使用。此外，框架需要支持 honestyTree，也就意味着需要另一个标记数组记录样
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本在 growSet 还是 predictionSet。考虑到无放回采样足以覆盖绝大部分场景，并

且为了不引入第二个标记数组，我们最终选择了 BitSet 实现。每棵树最多使用 2 个

bit，1 个 bit 表示是否是该树的样本，1 个 bit 表示是否是 honesty 样本。当关闭

honesty 或者不使用下采样时，每棵树只需要 1 个 bit，内存占用最多减少至 1/32。

支持更大模型广播

上文中提到，SparkRF 每一轮迭代调用 reduceByKey 之前都需要计算出哪些样本

属于待分裂的节点，Spark 通过 useNodeIdCache 参数提供了两种策略：

 ● 策略一：每次迭代将树模型跟随闭包广播到各个 worker 节点通过 predict 获

取节点 id。

 ● 策略二：使用 RDD[Array[Int]] 类型来缓存当前样本隶属于每棵树的哪个节点

（例如训练 100 棵树，则创建长度为 100 的 int 数组，每一个元素记录了此条

样本在对应下标的树模型中的叶节点编号）。

从源代码中我们发现，策略二每一轮迭代都会卸载上一轮持久化的 nodeIdCache，

再创建一个新的 nodeIdCache 持久化到内存。以 1 亿条样本 100 棵树的森林举例，

每一轮迭代就是 1 亿个长度为 100 的 int 数组的创建与垃圾回收。实际测试中我们也

发现策略二的效率不如方案一高。那么策略一又如何呢？

SparkRF 在每一轮迭代中能够训练的最大节点数由 maxMemoryInMB 控制，我们

希望通过增大这个参数来减少迭代次数。但随着树或树深的增加，往往陷入增大该参

数就导致树模型广播到 worker 溢出的尴尬境地。经过对 SparkRF 源码分析，我们

发现每个 LearningNode 都会存储当前节点、左子节点、右子节点的直方图，最终

实现在一套通用框架下计算出每个节点的增益、纯度、预测值等等属性，但这导致了

3 倍的内存占用。

考 虑 到 因 果 森 林 honestyTree 原 则， 叶 节 点 prediction 值 的 计 算 使 用 predic-

tionSet，因此生长过程中每个节点全都带着 growSet 的直方图是完全没有意义的。

因此我们优化了树的生长逻辑，每个节点仅保留自身的直方图，对于已分裂的节点则
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清除直方图。以二叉满树为例，叶节点约占整棵树节点的 1/2，结合直方图从 3 倍冗

余到 1 倍存储，这一优化使树模型直方图的内存占用下降到原本的 1/6，极大降低了

模型体积。

BenchMark

经过一系列优化，最终实现了百棵树亿级样本小时级训练的目标。

样本量
特征

数量
树棵树

最大

树深
资源配置

Generalized	

Causal	Forest算法

Continuous	Causal	

Forest算法

1 亿 127 100 8 400*(7core16g) 29min 17min

备注：不同森林算法的复杂度不同，跨节点通讯量不同，总耗时会存在明显的差异。

2.3	Serving 实现

因果森林本质上是随机森林算法的变种，由一棵棵彼此独立的二叉因果树构成，每棵

树由 innerNode 和 leafNode 构成。其 prediction 的逻辑非常简单，每棵因果树单

独 predict 获取 leafOutput 向量，森林中所有树预估的 leafOutput 向量求均值即可

得到森林的输出值。因此，整个树模型的结构其实非常清晰，innerNode 存储特征

split 信息，leafNode 存储输出向量。除此之外还包含 gain、impurity、count 等属

性用于计算特征重要性。

模型 serving 除了性能还需要考虑模型离线存储体积、模型的内存占用、模型字

段的扩展性。结合因果树的特点，就需要特别注意 leafOutput 向量的实现。以下

表中的场景为例，使用 float 数组大约就需要 500*409640 4 byte / 1024/ 1024 

= 312.5mb，而 List 则需要约 4 倍内存，正因如此我们快速放弃了简单快捷的

Protobuff 方案。

树 树深 满树节点数 满树叶节点数 叶节点统计指标长度

500 12 8191 4096 40（例如 ccf 算法 20 维 treatment 下的输出）

为什么要重视模型字段的扩展性呢？这是因为离线模型训练追求快速迭代而在线
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Serving 追求稳定性。模型的扩展性好，不仅可以轻松做到新版本服务向下兼容老

模型，还可以做到在不使用新特性的情况下，老版本服务向上兼容新模型，从而减

少在线服务更新发版的次数。综合考虑以上因素以及对 Spark 的兼容性和对 java 

serving 生态的兼容性，我们设计了如下方案。

1. 使用 parquet 文件格式存储模型文件。

 ○ 字段扩展性：好，读取类似 KV，模型文件可以随意扩展而不影响线上服务

 ○ 模型内存体积：好，相较于 protobuf，可以逐行读取转换为 float 数组而非

Float List

 ○ 模型存储体积：好，采用 snappy 算法压缩

2. 字段平铺的方式存储树模型。相较于 SparkRF 的采用 tree-node 嵌套的方

式，更利于字段扩展。虽然会带 treeId 等个别字段的冗余存储，但是列存储

的压缩效率非常高，影响很小。

3. 提供独立 jar 包 cos-serving 实现模型加载和 prediction 的功能，实现了离

线模型训练升级而在线服务可以不升级的目标。

我们将离线模型的保存和加载逻辑抽象封装到了因果森林框架中，进一步增强了因果

森林框架的扩展性，开发新森林算法时专注于将论文中树的生长逻辑实现即可。

3. 分布式因果效应评估

业内常见的因果效应评估手段主要评估 ITE 的序关系，例如 qini score 和 auuc。但

是存在如下三方面不足：

1. 缺乏对数据和模型无偏性的校验

2. 缺乏因果效应量级关系的评估，qini-score 和 auuc 只能反应弹性的序关系

3. 开源因果评估工具都是单机实现，仅支持百万级样本的计算

下文将为大家一一进行说明。
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3.1	无偏性校验

无偏性校验分为数据无偏性和模型无偏性。

数据无偏性校验可以通过 X ⊥ T 验证。首先可以训练一个 X->T 的倾向性得分模型，

如果倾向性得分模型的 auc 在 0.5 附近则说明 X 无法正确地预测 T，也就是说

X ⊥ T，此时数据无偏。例如，使用了 post-treatmen 特征会导致特征穿越，最

终导致数据是有偏的，这时候使用 X ⊥ T 的校验工具可以快速帮我们排查出这一

类问题。

模型无偏性校验使用 ITE ⊥ T 验证。首先用训练好的弹性模型在随机实验数据上预

测 ITE，接着对样本按照 ITE 升序排列后等频分桶，计算每个 ITE 分桶下实验组样本

占比（下图的 trtRatio 曲线）。理想情况下，每个 ITE 分桶中实验组样本占比应该和

随机试验中实验组样本占比一致，此时 ITE 正交于 treatment。比如，随机实验中实

验组比对照组为 1 比 1，那么 trtRatio 就应该在 1/2 附近浮动。如果 trtRatio 比例不

符合预期，我们就可以进一步去排查模型结构的问题。这项工具更是作为标准测试组

件融入到分布式因果森林早期的开发过程中。

图 5   模型偏差大
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图 6   模型偏差小

3.2	因果效应量级关系评估

因果效应的序关系和量级关系同样重要，只是将弹性的序关系学习准确而没有将弹性

的量级关系学习准确，决策者无法预估该 treatment 对用户的影响程度。例如，将量

级错误的弹性应用到运筹优化决策中，可能会导致无法满足重要约束从而无法求得可

行解。针对弹性量级无法评估的问题，我们在原有的 qini_curve 基础上增加了 qini_

pred_curve_counterfactual 和 qini_pred_curve。

qini_curve 及其扩展

qini_pred_curve_counterfactual：将每个样本按照模型预测的 ITE 降序排列，按

照如下公式依次计算前 t 个样本的反事实 qini_pred 即可得到曲线。

 ● preditet 代表前 t 个的样本 ITE 累加。
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 ● NT
t 代表前 t 个样本中 treatment 组样本数量。

 ● NC
t 代表前 t 个样本中 control 组样本数量。

通过比较 qini_pred_curve_counterfactual 和 qini_curve 这两条曲线的重合程度

和右端点纵坐标，我们可以观察出 ITE 的预估量级和真实量级是否一致。

qini_pred_curve：每个样本按照模型预测的 ITE 降序排列，按照如下公式依次计

算前 t 个样本的 qini_pred 即可得到曲线。

 ● pred T
t 代表前 t 个的样本中 treatment 组样本预估 outcome 的累加。

 ● pred C
t  代表前 t 个样本中 control 组样本预估 outcome 的累加。

qini_pred_curve 和 qini_pred_curve_counterfactual 差异越大，模型偏差越大，

也就是 ITE 与 T 不正交。我们以下图的案例来说明这三条曲线。

图 7   模型偏差大
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图 8   模型偏差小

根据这些曲线的形状、覆盖面积、重合程度，我们可以得到如下的判断：

1. 如 果 数 据 无 偏， 那 么 qini_pred_curve_counterfactual 会 和 qini_pred_

curve 重合，反之则表示数据有偏，即 ITE 不独立于 T。

2. qini_pred_curve_counterfactual 和 qini_curve 的右端点纵轴的差距，代

表了弹性预估的量级和弹性真实的量级存的差距。

3. label 曲线的 qini score>0.5，也就是 label 曲线有明显向下的趋势时，存在

过拟合现象，即学到了负弹性。

4. 如果弹性模型对于弹性序关系和弹性量级关系学习得非常准确，那么三条曲

线会几乎重合在一起。

avgITE和 ATE的对比

上文中提到的三项指标都是累计因果效应的评估，我们还想更有针对性地观察每个弹

性分桶下预估因果效应和真实因果效应量级的差异，所以开发了 avgITE 和 CATE

的对比工具。

同样将样本按照模型预测的 ITE 降序排列，然后等频分桶，统计每个分桶内预估 ITE
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的均值（下图的 avgITE 曲线）和 CATE 值（下图的 cate 曲线）。对比 avgITE 和

CATE，可以评估出真实因果效应和预估因果效应量级的差异。

图 9   预测与真实 ITE 量级偏差大

3.3	分布式评估体系

早期我们也使用了 pandas 实现的单机评估算法，当样本量增加到 400w 条以上时遇

到了严重的单机瓶颈。为此，我们对上述评估指标全部做了分布式改造。排序类指标

的实现有分桶积分和逐条积分两种实现思路。考虑到逐条积分会有更高的精度，最终

选择了分布式环境下逐条积分的方案。

不仅如此，我们还使用 Spark 实现了带权重的分布式的因果效应评估，能够支持十

亿样本的评估。此外我们还融入了评估预估 y 与观测值 Y 之间的差异的指标，包括

mae/mse/rmse，并将这些指标封装到二元因果效应评估组件中。由于我们实现的部

分因果森林算法能够输出多元 treatment 下预估的 y，因此我们还进一步封装了多元

因果效应（拆分成多个二元因果效应）评估功能。
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图 10   Causal On Spark

4. 总结

经过两年持续迭代，我们实现的分布式因果推断工具包已经发展成集模型训练、评

估、去偏、Serving 于一身的综合型因果工具包。我们内部为这个项目命名为

Causal On Spark，简称 COS。目前这个项目也已经全部集成到图灵机器学习平台

中。将来有机会我们会再次为大家分享美团履约技术团队在分布式因果推断领域的探

索和实践经验。

5. 参考资料
[1] Wager S, Athey S. Estimation and inference of heterogeneous treatment effects 

using random forests[J]. Journal of the American Statistical Association, 2018, 

113(523): 1228-1242.

[2] Athey S, Tibshirani J, Wager S. Generalized random forests[J]. The Annals of 

Statistics, 2019, 47(2): 1148-1178.

[3] Li, G., Chen, Q., & Usunier, N. (2017). LightGBM: A Highly Efficient Gradient 

Boosting Decision Tree. Proceedings of the 31st International Conference on 

Neural Information Processing Systems (NIPS 2017), 3146-3154.

[4] Chen, T., & Guestrin, C. (2016). XGBoost: A Scalable Tree Boosting System. 
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Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge 

Discovery and Data Mining (KDD ‘16), 785-794.

[5] 微软亚洲研究院：《开源 | LightGBM：三天内收获 GitHub 1000 星》.

[6] https://grf-labs.github.io/grf/index.html.

[7] https://github.com/uber/causalml.

[8] https://github.com/apache/spark.

https://grf-labs.github.io/grf/index.html
https://grf-labs.github.io/grf/index.html
https://grf-labs.github.io/grf/index.html
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AutoConsis	|	UI 内容一致性智能检测

美团到店研发平台质量工程部与复旦大学计算机学院周扬帆教授团队展开了大前端智

能化测试领域的科研合作，从 UI 界面内容一致性校验入手，并实现了一套自动化智

能检测流程，相关论文被软件工程领域具有国际影响力的会议 ICSE 2024（CCF-A

类会议）的 Software In Practice Track（软件工程实践应用）收录。

1. 背景

目前，移动 App 上的业务页面愈发复杂，技术团队常会以页面为单位来拆解团队开

发分工，同一类业务元素信息分散在不同团队负责的页面内。在具体的实践中，存在

一类不易检出但又影响用户体验的异常：页面中的 UI 信息相互矛盾（如下图中同一个

商品在多个页面上的实际价格不一致）。此类 UI 内容不一致的异常，没有固定的出现

位置和表现规律，长期以来主要依赖测试人员对于 UI 的熟悉度，主要靠手工测试执

行时来随机进行发现。
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图：界面间 UI 内容不一致举例（示意图）

美团 App 中的众多业务具备内容繁多的多种页面布局，以及多技术栈共存，如何低

成本地在多类业务、多样化布局、多技术栈的 UI 页面间检测内容一致性，是终端测

试领域中的一项重要挑战。

图：UI 和 API 服务对应关系（以价格计算为例）
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为解决该问题，美团到店研发平台质量工程部与复旦大学计算机学院周扬帆教授团队

展开了大前端智能化测试领域的科研合作，在 UI 认知与校验方面积累了多项智能技

术。在应用方面，我们选择从 UI 界面内容一致性校验入手，对多个页面状态信息的

合理性与一致性进行自动化检查，并在美团 App 中的多类营销业务场景中进行落地。

在方法上，我们针对 UI 层面设计并实现了一套自动化智能检测流程，取名为

AutoConsis，在 UI 内容一致性检测上做到了低成本、高泛化性、高置信度。该工

作对于大前端 UI 的质量保障多个领域都具有可借鉴意义，并产出了一篇学术论文

《AutoConsis: Automatic GUI-driven Data Inconsistency Detection of Mobile 

Apps》，该论文被软件工程领域具有国际影响力的会议 ICSE 2024（CCF-A 类会

议）的 Software In Practice Track（软件工程实践应用）收录。

2. 实现原理与项目实践

本文以特价商品营销业务为例，来介绍智能化 UI 内容一致性检测所需要的能力。特

价商品营销是一种大型促销应用，与之相关的一致性测试涉及数百个城市，单个城市

内的多个商品品类，每个商品的多个所涉及页面，其状态空间非常复杂。传统的自动

化测试方法需要对各个状态逐一适配，成本极高。理想情况下，我们需要提供一种低

成本、易适配、可以覆盖所有状态的能力，同时还需要较强的泛化迁移能力，在不同

页面模板、技术栈、App 上自动进行适配。

具体到特价商品营销的一致性校验，其包含营销会场页、详情页、提单页等多个页

面，不同页面之间价格的一致性是检查的重点。对于每一件商品，我们希望从上述三

个页面中识别出商品的价格，并判断其是否一致。需要注意的是，由于商品的价格受

优惠活动的影响，而优惠活动有多种形式，因此如何准确分析出各页面中商品的价格

是主要难点。

2.1	总体流程

AutoConsis 的核心优势在于其在泛化性、准确性上的良好效果。电商平台中的内容

https://conf.researchr.org/details/icse-2024/icse-2024-software-engineering-in-practice/37/AutoConsis-Automatic-GUI-driven-Data-Inconsistency-Detection-of-Mobile-Apps
https://conf.researchr.org/details/icse-2024/icse-2024-software-engineering-in-practice/37/AutoConsis-Automatic-GUI-driven-Data-Inconsistency-Detection-of-Mobile-Apps
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一致性校验，包括商品名称、描述、价格、库存方面的校验，本质是对 UI 页面的特

定信息提取，价格一致性采用的也是信息提取流程。我们将 UI 页面分析任务转化为

目标检测和内容理解的组合，利用了大语言模型的能力，实现对不同技术栈页面的适

应能力。以下介绍工具的设计过程。

AutoConsis 有三个关键处理流程：

 ● 目标区域识别：AutoConsis 首先识别 UI 界面中与检测相关的关键区域。通过

图像处理和模式识别，工具能够准确地定位到包含重要信息的 UI 部分。

 ● 目标信息抽取：在目标区域确认后，经过 OCR 和 UI 组件分析工具（使用自建

的开源系统能力 Vision-UI）提取目标区域的文本和元素，填入预先设置好的

CoT Prompt（CoT, Chain of Thought），通过大模型推理提取一致性校验所

需要的关键信息。

 ● 一致性判断：AutoConsis 对提取出的信息进行一致性校验，确保 UI 信息的准

确性和一致性。

下面我们会以「购买特价商品」场景为例来介绍 AutoConsis 的工作流程。如下图所

示：AutoConsis 首先从一个营销会场页开始分析，其主要包含一个商品列表，经过

目标区域识别模块识别出各个商品卡片，再从各个商品卡片的截图中识别出原价和折

扣等金额相关的信息。之后继续提取每个页面的相关价格信息，最后由一致性判断模

块检查页面间的价格一致性。

https://github.com/Meituan-Dianping/vision-ui
https://en.wikipedia.org/wiki/Chain-of-thought_prompting
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图：AutoConsis 的工作流程（以购买特价商品为例）

2.2	目标区域识别

为了提取关键的一致性信息，在实践中我们发现：将页面上所有的文字 OCR 识别后

直接交给 LLM 分析，得到的分析结果并不准确。我们分析后认为，UI 界面包含大

量的与当前检测需求无关的文字，噪声过大干扰了 LLM 的判断。因此，我们考虑

对 UI 界面进行裁切，即通过目标区域识别的方式将无用的文字信息去掉，从而使

LLM 聚焦。

图像的目标识别是 CV 领域的传统方向，基于传统深度学习的目标检测模型对适

配复杂多变的 UI 界面成本很高，需要进行大量的数据标注和训练工作才能够使

用，同时泛化性也一般。为了使方法具备良好的泛化性，同时能够以较低的成本使
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用，我们采用了基于视觉语义的识别模型 CLIP（Contrastive Language-Image 

Pre-training， 由 OpenAI 提出的图像 - 文本语义匹配模型）。CLIP 可以将图像和文

字的语义映射在同一个高维向量空间，且由于经过海量数据的训练其具备良好的通用

性。针对 UI 的目标区域识别场景，我们对其原有设计进行了改进。具体来说，我们

提供图像和文本两种检索词并设置权重进行多模态的匹配。

图：目标 UI 区域识别流程

为了验证上述多模态 UI 区域识别流程的有效性，我们设计了检索词仅包含图像和仅

包含文本两个单模态的目标区域识别算法作为 CLIP 多模态算法的对照组。考虑到商

品信息在线上购物应用中的核心作用，以及其用户界面通常较为复杂，我们决定选用

商品信息界面作为 UI 区域识别算法的测试场景。具体来说，我们收集了 100 个商品

列表页，测试多模态 UI 区域识别算法和两个对照方法从中识别商品卡片的效果。实

验收集到了如下数据：

https://openai.com/index/clip/
https://openai.com/index/clip/
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由该实验数据可见，经图像和文本两种信息相互补充（Multi-Modal），AutoConsis

采用的识别算法能有效识别出目标 UI 区域。

对于营销会场页而言，如 UI 区域识别流程图所示：我们将一个会场页的 UI 截图送入

识别模型，并提供一个商品卡片和对应的文本描述作为检索词，该多模态模型会根据

检索词从经 UI 组件分析处理过的会场页中筛选出近似的商品卡片。

图：营销会场页商品卡片识别示例

2.3	目标信息提取

目标区域的识别可以减少 UI 中大部分无关信息，但判断 UI 内容是否一致还需要关键

的校验点信息（例如商品价格一致性的关键信息是价格和折扣），因此还需要对提取到

的 UI 目标区域做关键信息提取。由于 UI 的样式多样，同类业务上的关键信息（如商

品详情卡片上的折扣）往往有多种表达形式，难以通过通用性规则准确提取。对此，

AutoConsis 借助了大语言模型的理解能力对页面进行理解分析，同时针对大语言模

型常见的“幻觉”问题，我们按照上下文学习（即 In-Context Learning，指一种让

LLM 在提示词中进行类比学习的增强手段。）的思路参考“思维链 CoT”的范式设计
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了信息提取 Prompt。

在流程上，对于每一个 UI 目标区域，AutoConsis 利用 OCR 提取所有可识别的字

符，随后将分词的结果与 CoT 示例进行拼合构成 Prompt，最后从 LLM（AutoCon-

sis 的实验部分调用 GPT-3.5-Turbo 完成）的输出中获取一致性检验所需的关键信

息。同样，为了定量地探究 AutoConsis 所采用 Prompt 的有效性，我们设计了两种

Prompt 进行了消融实验：去除了推理过程的 Standard ICL（Standard In-Context 

Learning）和直接去除示例的 Zero-shot。

图：两种对照 Prompt 示例

选取的实验场景为从商品卡片中提取价态信息，实验数据见下表：
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在特价营销的价格一致性检查场景下，我们希望从商品卡片中识别出与价格相关的所

有信息，并分析出原价、优惠和现价。AutoConsis 首先利用 OCR 从前述商品卡片

中获取所有文本信息，再利用包含商品价格推理例子的 Prompt 从中解析出上述三个

价态信息。对于其他营销模式如满减，可以对应修改 Prompt 中的示例和回答指令。

图：从营销会场页商品卡片中提取价态信息示例
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2.4	一致性校验

一致性问题的校验设计简单直接，AutoConsis 会依据预先定义的校验规则判断前述

提取出的 UI 内容的一致性。具体来说，从校验的规则有两种类型：数值逻辑类型和

语义类型。对于数值逻辑类型的一致性问题（如检查商品价格在不同页面的一致性）

AutoConsis 使用规则直接检查其一致性；对于相对复杂的语义规则（如校验商品与

所属类别是否一致），则设计 CoT Prompt、借助 LLM 对自然语言的理解能力实现最

终校验（见下图所示）。

图：利用 LLM 实现的品类一致性校验示例
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对于营销场景的价态检查，AutoConsis 会对于每个商品检查会场页、详情页和订单

页的现价是否一致（如下图所示）。

图：对营销场景价态的一致性校验示例

2.5	MLLM相关方案讨论

在探索过程中，随着多模态大语言模型（MLLM）的发展，我们也尝试了用 GPT-4V

解决 UI 一致性检查的问题的可行性和效果。我们选取营销会场的商品列表页作为测

试场景，对比两种方法在提取商品价格上的效果和成本。验证时，我们将营销会场的

完整 UI 界面截图作为输入，让 GPT-4V 返回每种商品的原价、优惠 / 折扣以及现

价，如果三个信息都与截图一致，则认为识别正确。

AutoConsis 作为一整套一致性检测流程，相比于直接应用 MLLM 作为整体 UI 图像

输入来判断，适配的复杂度会更高一些。但从结果看，AutoConsis 在执行效率、检

测结果的可靠性、执行成本三个方面均更具优势。当前业务一次巡检需在几千量级的
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页面规模上使用，所以我们选择 AutoConsis 来批量进行业务应用落地。

3. 应用效果

目前，该能力在美团特价团购营销会场场景上覆盖了 700 城市、4000 多页面，在项目

开城与后续迭代过程中，持续以巡检形式执行，期间共发现几十个有效的业务问题。

图：业务缺陷示例 - 左侧为详情页，右侧为提单页，总价不一致

同时我们通过在营销会场上的落地应用形成了一套标准化工程流程，在其他有类似校

验需求的业务场景快速完成了落地。下面是我们基于这套标准流程已经实现并应用的

另一些项目：

门票运营活动巡检：分析页面所有可能有运营的位置，点击后判断内容和活动是否一

致。目前已在 12 个城市的 200 个页面上进行使用，共计发现了 8 个有效问题。

优选品类巡检：分析优选业务中的各个商品与所属类别是否一致。

4. 认知与展望

将一个问题拆解为一连串的步骤，在每个步骤更加针对性地应用智能化能力，在现阶

段往往能取得更好的效果。AutoConsis 所具备的 UI 分析和数据检查能力并不局限

于内容一致性检测，目标领域识别 -> 目标信息抽取 -> 检测判断，这实际上是一个

大前端通用的校验流程，相比传统的自动化方案有低成本、泛化性强等优势，相信未

来可以在更多前端测试场景中进行推广。



测试 & 数据 & 安全　<　373

图：Agent 学习人类偏好经验流程

目前，我们正在尝试将 AutoConsis 的校验流程和 Agent 能力相融合，让 Agent 能

根据人类反馈指令自我迭代，以更接近人的水平去操作和校验 UI，智能化的帮助节

省人工时间，相关能力已经在美团的直播视频化等业务领域进行落地。后续，我们将

结合更多业务需求对 AutoConsis 进行持续改进与维护，也欢迎业界同行们的反馈与

交流。
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小程序可测性能力建设与实践

1. 引言

测试活动从本质上可以视为被测系统因为某个激励产生相应的响应，并对这些响应进

行全面检测的过程。这个过程（激励 -> 响应 -> 检查）涉及到两个角色：测试者以及测

试对象，测试者执行激励与检查响应，由机器（程序）或者人来完成；被测对象接受激

励，产生响应。从这个过程来看：激励可控，响应可观，称之为可测。以实际业务测试

为例，修改缓存、网络请求 MCOK、页面跳转、用户登录态设置等都属于可测性能力。

在未经过任何可测性改进的终端产品中，测试人员只能通过 UI 交互，从 UI 界面观察

来完成最基本的质量保障。然而应用内部存在各种各样复杂的逻辑、状态，要进行更

加深入的测试则需要对这些信息进行介入与观测。例如，在进行打点测试时，操作页

面后，需确认打点信息是否被正常上报，这一过程通常依赖网络代理调试工具来完成校

验。同样，在用户登录测试环节中，登录完成后，需要检查缓存是否已正确记录登录信

息，这要求具备缓存查看的能力，这些体现了实际业务测试场景对可测性能力的需求。

整体而言，完备地构造出目标场景进行测试涉及到多个复杂的方面，同时观测它是否

符合预期也比较困难，如下图所示。终端测试长期面临着挑战。为应对这些挑战，我

们以增强可测性为基础，将其贯穿测试活动的始终，使得测试能更细粒度地检查系

统，提高测试深度和效率。
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作为终端产品的一种形态，小程序是运行在宿主应用（如微信、快手、百度等）之上的

“轻应用”，在 2017 年由微信推出后发展迅速。由于小程序非常依赖于宿主应用环境，

因此在测试过程中，除了面临终端测试固有的难点外，它还存在一些特殊的影响因素。

从运行机制的角度来看，小程序的代码逻辑运行在宿主应用提供的容器环境内，它无法

直接控制宿主应用本身和手机系统，这在一定程度上增大了测试与可测性改进的难度。
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在目前的实践中，针对小程序的测试主要存在以下几种工具和策略：

1. 采用如 Charles、Fiddler 等网络代理工具进行 HTTP/HTTPS 请求和响应的

代理分析与校验。虽然这类工具适合进行数据包的抓取和分析，但它们通常

无法深入小程序的内部架构，因此无法全方位控制或感知应用的内部状态。

2. 运用图像处理技术的自动化测试工具如 Airtest 进行测试，它们主要关注于界

面层面的操作，未能触及应用程序背后的逻辑处理，因此仍属于“黑盒测试”

的范畴。

3. 利用微信官方提供的 Minium 小程序测试工具来执行更为精细的测试操作，

能够进行诸如 API Mocking 等内部控制。然而，该方法操作复杂，并依赖于

微信开发者工具，而后者与真机环境之间存在一定差异，可能影响测试结果

的准确性。

4. 开发专用的自研调试面板用以验证程序逻辑和测试特定场景，但这些工具设

计时常常专注于特定小程序，不易迁移至其他应用，而且它们通常不支持自

动化测试流程。

综上所述，尽管存在多种测试工具和方法，但目前尚缺乏一套综合性的、易于使用的

测试工具集，能够全面提升小程序的可测性。
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2. 小程序可测性介绍

终端可测性能力全景图

小程序可测性的目标在于构建一套全方位的通用小程序可测性能力集合。该体系无缝

支持真机和模拟器环境，兼容多端、多平台，并允许不同应用以低成本轻松接入。它

能深入核心，为小程序提供全面而多元的可观测性与可控性，覆盖应用界面、内部状

态、存储等关键领域。这一体系旨在赋能测试者更便捷地应对复杂测试场景，显著提
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高测试的效率与深入度。

经过了长期的建设积累，目前我们已经构建了一套比较全面的终端可测性能力集，包

含 Android、iOS、小程序、Web 等技术栈。其中小程序由于系统的结构特殊性，可

测性能力相对其它端会有一些不同。小程序可测性主要包括业务逻辑可测性、应用可

测性、系统&设备可测性三个层级，在每个层级中包含多个垂直的细分方向，除了

支持多技术栈的公共可测性能力，还提供了如 AppData、宿主应用信息可观可控等

特有能力。下面以几个典型能力说明小程序可测性使用方式与效果。

2.1	使用方式与效果

在实际的手工以及自动化测试工作中，小程序可测性能力能够很方便的使用，并在多

个场景下发挥了重要的作用。

2.1.1	手工测试

下面将以缓存管理、页面跳转功能为例介绍小程序在手工测试中的使用方式以及

效果。

在实际的测试工作中，会结合 Lyrebird 使用小程序可测性，Lyrebird 是美团到店研

发平台自研的终端测试工作台，包含终端状态数据管理、网络请求代理与 Mock、缺

陷记录、自定义插件扩展等能力。同时它还提供了图形化操作界面，是手工与自动化

测试中使用可测性能力的入口。

在小程序接入可测性能力 SDK 之后，可以通过可测性 SDK 提供的扫码功能与

Lyrebird 建立连接，后续就可以通过 Lyrebird 在 PC 端利用可测性对小程序进行控

制以及观测。

https://github.com/Meituan-Dianping/lyrebird
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缓存管理

我们可以通过缓存管理功能验证依赖缓存的业务逻辑正确性，如表单信息 \ 用户信息

暂存到缓存功能等。

 ● 如下图所示，1 处为缓存编辑框，展示当前选择设备上的小程序所有的缓存信

息，并对这些缓存进行管理，支持批量的增删改。

 ● 2 处展示目标小程序的缓存变更事件信息，包括在该页面对缓存的编辑以及小

程序自身内部对缓存的增删改操作事件，会随着事件的触发实时更新。
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页面跳转

页面跳转是小程序业务测试中重度使用的能力，可以利用该功能跳转到如表单页，商

品详情页等中间页面，不再需要从首页一步一步操作进入目标被测页面，减少测试前

置准备工作，具体可以在该 Lyrebird 页面中输入页面路径进行跳转。

2.1.2	自动化测试

将可测性能力结合 Lyrebird 应用于自动化测试。如通过页面跳转能力直达测试场景，

然后利用通过可测性录制的页面状态数据进行场景状态还原后进行页面渲染，获取页

面上的数据 / 布局展示，最后将实际运行图和预先设置好的页面基准图进行对比，提

供渲染的差异结果，进行视觉 DIFF 测试。

这类“视觉测试”以页面为单位，通过深度链接跳转技术配合一系列终端应用本身的

可测性改进，直达测试场景，并通过图像处理技术如长图融合、图像增量对比和文本

识别能力进行视觉 DIFF 测试。
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可测性建设的是对应用内部状态的可观可控能力，对于任何测试方法，只要涉及应用

内部，可测性都能发挥重要作用。比如在健壮性测试中通过可测性构造破坏性异常场

景，或者在功能测试中模拟小程序不同的进入方式（如二维码、视频号、搜索等）来

测试所有可能的使用场景下小程序的运行情况。

2.2	接入方式

小程序可测性能力 SDK 被封装为一个 NPM 包，在小程序源代码或者编译产物项目

中引入此 NPM 包，便可实现可测性能力的接入，无需进行额外适配工作。
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跨平台运行

除了对微信小程序的支持之外，小程序可测性能力 SDK 通过集成一个适配器

（Adapter）将能力扩展到多个宿主应用，包括美团、支付宝、快手、百度等平台的支

持。这些平台的基础库 API 与微信类似，适配器会根据不同平台的特点，对代码进行

相应的调整，包括基础库 API、前端语法或文件类型等，以保证在各个平台上的兼容

性和一致性，实现跨平台运行。

2.3	实现原理

小程序可测性实现的核心思路是通过 JavaScript Hook 的方式，在小程序 JavaS-

cript Runtime 中对如微信小程序 JS 基础库、业务公共基础组件等目标模块进行透

明化介入，实现对其内部的可观可控。在此之后，通过可测性 SDK 内的中控与外部

建立网络链接，从而实现在远端对小程序内部状态与功能的可观可控。

JavaScript	Hook 介绍

JavaScript Hook 基于 JavaScript 的动态特性，有以下方法：

函数Hook：直接覆盖或修改原函数：

let _originAlert = alert;  // 保存原函数
alert = function () {
  console.log('alert执行开始 ');
  _originAlert.apply(this, arguments); //执行原函数
  console.log('alert执行结束 ');
}

对象属性Hook：通过 Object defineProperty 定义新的或直接修改某个对象的属

性，如修改 Getter/Setter 方法，控制对某个对象的获取 / 设置流程。

Object.defineProperty(document, 'cookie', {
  set: function(val) {  // 控制 cookie的设置流程
    console.log('获得 cookie: ', val);
    currentCookie = val;
    return val;
  },
  get: function() {  // 控制 cookie的获取流程

https://developer.mozilla.org/en-US/docs/Web/JavaScript/Reference/Global_Objects/Object/defineProperties
https://developer.mozilla.org/en-US/docs/Web/JavaScript/Reference/Global_Objects/Object/defineProperties
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    return null;
  }
});

原型链Hook：修改原型链上的数据，如 String、Date。

let _originalGetTime = Date.prototype.getTime;  // 保存原型链原方法
Date.prototype.getTime = function() {
  console.log('getTime has been called'); 
  return originalGetTime.apply(this, arguments); //执行原方法
};

Proxy 对象：创建代理模式替代原始对象，可以重新定义获取、设置和定义属性等基

本对象操作。

// 创建 Proxy有两个参数：
// target：要代理的原始对象
// handler：定义哪些操作将被拦截以及如何重新定义被拦截操作的对象
let handler = {
  get: function(target, prop) {
    console.log(`获取 ${prop}`);
    return target[prop];
  },
  set: function(target, prop, val) {
    console.log(`设置 ${prop} 值为 ${val}`);
    target[prop] = val;
    return true;
  }
};

let proxy = new Proxy(window, handler);

proxy.test = 'test';     // 输出 : Setting test to test
console.log(proxy.test); // 输出 : Getting test
                         //      test   
                         

静态Hook：小程序构建时在特定文件中直接修改其 JavaScript 源代码。

其他方式这里就不详细展开了。

可测性 SDK 的大体可分为四层：

https://developer.mozilla.org/en-US/docs/Web/JavaScript/Reference/Global_Objects/String
https://developer.mozilla.org/en-US/docs/Web/JavaScript/Reference/Global_Objects/Date
https://developer.mozilla.org/en-US/docs/Web/JavaScript/Reference/Global_Objects/Proxy
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 ● 通信层：与外部进行通信，负责指令和数据与远端（如 Lyrebird）的双向流动。

 ● 指令分发层：对通信层接收到的参数指令进行解析，依次调用控制小程序相关

状态的功能层模块。

 ● 功能层：实现小程序特定功能可观可控的业务逻辑，包括 UI、网络请求、存

储、应用状态等模块，实现如请求代理与修改、切换登录态或者控制缓存可测

性功能。

 ● Hook 层：实现对实际逻辑模块状态和方法的透明化介入。由于小程序应用内

部的状态 / 数据与开发者代码相关联，Hook 层通过 JavaScript Hook 对宿主

应用基础库、公共组件、业务特定逻辑三种类型的功能模块进行拦截介入，使

得其状态 / 数据可观和可控，为功能层提供实现基础。Hook 层一般需要先于

业务代码加载，保证拦截的有效性。

 ○ 宿主应用基础库。通用性改造，对小程序容器提供的系统级接口进行介入，

如网络请求、地理信息等。

 ○ 公共组件。组件级通用，如美团的公共登录组件，对其进行改造后，接入登

录组件的小程序都能够使用相应的可测性能力，比如切换登录态 / 模拟登出

等能力。

 ○ 业务特定逻辑。某个小程序特有的业务逻辑，通过可测性 SDK 提供的 API

对这些逻辑进行改造后以插件形式集成定制化能力。

下面将以网络请求可观可控为例介绍小程序可测性的实现原理。

网络请求代理

当外部希望控制小程序设置网络代理时，整体流程如下：
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1. 外部（人 / 机器）首先通过 HTTP/WebSocket 方式传递包含设置小程序请求代

理的指令，如图即拦截小程序发送的请求转发到 127.0.0.1:1234 代理服务器；

2. 可测性 SDK 在通信层接收相应的指令后。将其传递给指令分发层。在指令分

发层中，收到指令后进行解析，并按预定规则对指令执行进行编排，确定执

行顺序；
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3. 指令分发层按编排顺序调用功能层设置网络代理并传入开启状态和代理服务

器地址参数，功能层通过修改这两个变量，控制 Hook 层对请求 API 的拦截，

从而改变请求代理的状态；

4. Hook 层拦截微信基础库里 wx 对象的 request 方法，如下图代码所示，分为

以下流程：

 a. 保存 wx.request 原始方法的引用（3 行），并通过 Object.defineProperty

将 wx 对象设置为可写状态（4-8 行）；

 b. 将 wx.request 修改为 Hook 的新方法。新方法的入参与原始 wx.request

一致，包括请求头、请求地址、响应体等，因此可以对这些参数进行修改（12

行），比如替换请求域名、增加请求头、修改响应体数据等；

 c. 最后用修改后的参数使用原始方法进行执行（13 行）。

Hook 层通过 mockStatus 和 mockUrl 两个变量控制到小程序是否被代理以及代理

服务器地址（19-22 行），当开发者代码中使用 wx.request 发起请求时，会先经过

Hook 指向的新方法。如果被设置代理，请求地址将会根据代理服务器协议进行修改，

从而使得请求被代理。
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3. 美团门票业务小程序测试实践

在到店众多应用了小程序可测性能力的业务中，美团门票业务从 2021 年开始即参与

了小程序可测性建设，目前在门票质量保障工作中，可测性相关能力均深度应用在新

需求测试、回归测试、线上巡检等各种类型的测试活动中。

3.1	可测性落地

下面通过门票业务一个具体的新需求测试例子来介绍可测性如何在测试活动中进行

落地。

需求背景

用户从商品详情页进入到填单页，在选择日期、数量或填写游玩人等信息后，为了减

少用户的操作路径，再次进入该填单页需要保持之前填写的这些信息不变。

操作路径划分

该过程需要经过以下步骤：进入填单页 —> 打开价格日历弹层，选择相应的日期 —

> 添加数量 —> 填写或者选择游玩人 —> 点击返回退出填单页 —> 再次进入填单页，

查看它当前的状态。我们选择对缓存进行可测性改进，依靠指令数据驱动 + 内部方法

调用来达到同等 UI 操作的效果，保障此类场景测试的稳定性并提高执行效率。
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技术实现

整体通过缓存实现。在进入填单页时，首先会读取小程序上的缓存并渲染；在选择日

期、数量和游玩人时，分别对相关信息进行暂存；在退出填单页时，将这些暂存的数

据写入缓存。

测试分析

由于进入填单页需要读取缓存进行渲染，因此测试过程中首先应从 UI 上进行验证，

判断第二次进入的日期、数量和游玩人是否与上一次进入时选择的状态一致；其次还

应从数据上进行验证，即进入填单页有“读”缓存的动作；在退出填单页时，需要将

暂存的数据写入缓存，因此测试过程中应验证数据能正确地写入缓存，而且缓存里有

正确的值。
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可测性能力实践落地

 ● 通过可观校验“写”的正确性。对于“写”，验证缓存的写入动作，并且写入

缓存的数据是正确的。缓存的可观性改造能够将“写”的动作、“写”的当前

值以及当前缓存具体信息，进行上报，这样就可以自动化校验当前操作后是否

缓存值是否发生了正确的变化，以此完成对缓存“写”的校验。

 ● 通过可控校验“读”的正确性。对于“读”，首先验证 UI 能够正确展示，其次

从数据上验证有缓存的“读”动作。由于测试缓存必须经历选择日期、选择数

量、选择游玩人，返回退出填单页等多个步骤。测试路径较为繁琐，因此，对

缓存的可控性改造后，传入相应的配置指令（如 2.2 部分介绍），控制缓存中的

数据，直达被测页面和状态，并通过自动化测试比对当前运行的页面和页面基
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准图，判断它是否正确被渲染，以此分别从数据和 UI 上完成对缓存“读”的

校验。

门票业务在小程序测试上目前已经落地多种可测性能力，如下图所示，包括控制页面

跳转、请求代理、控制登录、日志上报、隐私治理、前后端环境、录制回放、自动化

交互控制等都在门票测试活动中有相应的落地，发挥着非常重要的作用。



测试 & 数据 & 安全　<　391

3.2	业务实践总结

门票业务借助可测性改进使得测试的覆盖更加全面，目前 30%+ 的测试场景依赖于可

测性能力进行构建。在美团小程序和点评小程序的门票频道以及门票独立小程序上均

有上百个自动化测试用例，页面覆盖率已经达到 100%，场景覆盖程度达到 80%+。

这些测试用例在门票新需求测试、回归测试等各个阶段都会触发自动执行，累计已辅

助发现上百个有效问题。

4. 总结与展望

美团核心本地商业 / 到店研发平台从 2021 年开始系统化建设小程序可测性，到目前

融入到店终端测试工具链以及质量保证体系之中，通过具备扩展性的通用能力框架，

融合手工和自动化测试，贯穿测试活动始终。未来我们还将持续关注于基础可测性能

力的稳定性，聚焦具备更多业务特性的可测性能力建设。

Q&A

Q：代理逻辑如果有 Bug 会不会影响比较大

A：代理逻辑本身很简单，出错概率不大。进行 Hook 时，会有异常监控能力以及相

应的兜底策略，即使出问题，也尽量降低对业务实际使用的影响。

Q：可测性 SDK 需要对业务代码进行改造吗？

A：不需要，可测性 SDK 对于业务应用是透明的。

Q：Lyrebird 项目和小程序可测性 SDK 的关系是什么？

A：Lyrebird 与小程序可测性是两个独立的项目。小程序可测性 SDK 是以一个 NPM

包的形式实现的，在小程序里安装 NPM 包，即可使小程序具有可测性。Lyrebird 可

以与小程序可测性 SDK 的通信接口进行连接，然后用户可通过 Lyrebird 中小程序可

测性页面使用小程序可测性能力。

Q：针对小程序可测试性能力建设与实践，我想问下，如果我们要用你们的测试工具，
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需要做什么适配吗？

A：不需要进行额外适配，最终的呈现会是 NPM 包形式，在产物里安装就可以接入

我们的可测性能力，可以对它进行控制。

Q：生产环境会接入可观测 SDK 吗？如果接入对性能有多大影响？

A：首先是对它的性能的影响，我们实际上是对小程序里的基础库的 API 或者一些状

态数据进行了拦截，会对性能产生一定的影响，但目前这个影响范围对业务来说比较

小，是可接受的。生产环境的不会引入可测性 SDK，因此不会对线上质量造成影响。

Q：小程序可测性有不适合使用的场景？

小程序可测性主要针对小程序前端手工与自动化场景进行能力提升，它是具备一套通

用可扩展框架，可以按照业务需求低成本进行可测性能力扩展，然而，存在特定情况

下其适用性受限：首先，由于运行环境的约束，针对宿主应用如微信或支付宝自身的

可测性需求，小程序的可测性无法支持。此外，小程序可测性专注于终端测试，因此

对于那些需求后端服务链路验证的场景，并不适用，需配合针对性工具使用。
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基于接口数据变异的App健壮性测试实践

01  什么是客户端健壮性

在维基百科的定义中，健壮性（Robustness）是指一个计算机系统在执行过程中处

理错误，以及算法在遭遇输入、运算等异常时继续正常运行的能力。IEEE 中将健壮

性定义为系统或组件在存在无效输入或压力环境条件下可以正常运行的程度。早在

1989 年，Barton Miller 首次提出了模糊测试的概念，通过向目标应用抛出随机字符

串的方式来测试 UNIX 应用程序的健壮性；而在 1996 年的 Ballista 项目中，研究人

员探索根据 API 定义的数据类型，对操作系统或软件接口进行自动化测试方法。两个

项目均以“无应用程序崩溃或挂起”作为测试验证通过的标准。

在移动端 App 领域，健壮性可以理解为 App 运行时遭遇环境异常或者输入异常时客

户端能够继续正常运行的能力。

其中，环境异常主要分为操作系统异常、外部环境异常、硬件环境异常三大类。比如

内存不足、CPU 负载过高、线程池满载、内存分配失败、网络连接失败等。输入异

常主要分为系统输入和用户输入。比如网络接口返回的数据异常、应用内缓存、数据

库文件读写异常，这类的异常属于在系统输入异常；在电话号码输入框场景，用户输

入的空格、富文本则属于用户输入异常。
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对于这些风险，如果 App 没有处理，理论上都可能会产生展示异常、交互异常、性

能、安全等问题，导致用户无法继续使用或在使用过程中产生不好的体验。比如用户

操作 App 下单过程中，API 请求出现故障未返回状态码为 200 的响应，App 由于没

有获取到预期接口响应的信息而发生崩溃，就会中断用户的使用流程。

02  基于接口数据变异的App健壮性测试方案设计

在实际的客户端测试执行过程中，测试人员会考虑测试异常输入的场景，但由于成本

无法做到无穷尽的测试，同时还存在人工执行遗漏的风险。
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从美团 App 平台业务的历史故障分析中，我们发现：网络请求返回的数据与实现预期

不符引发的 Crash 或核心功能缺失问题导致的故障占比最高，且影响面较广。比如

接口返回非预期数据时，客户端处理数据类型转换异常导致闪退，即使 5 分钟内操作

降级仍影响了百万量级的用户。因此美团平台业务 App 的健壮性测试探索优先从发

现网络请求返回数据导致的异常开始。

针对于发现请求接口返回客户端非预期数据导致的 Crash，或者核心模块缺失问题这

个诉求，我们调研后发现方案的基本原理都是相似的，即以网络请求的原始响应为基

础，根据规则进行变异构造，使用代理工具改写响应体返回给客户端，在端上设备做

异常检测。但是都存在一些问题不能满足诉求，比如测试变异数据是根据预置或者自

定义规则随机生成组合，随机性过大，不能有效拦截健壮性问题；但如果不做随机，

产生的用例组合量过大，测试不能在合理时间范围内结束；另外在检测能力方面，不

具备发现业务异常或功能模块异常的能力。

因此，我们结合通用方案做了一些自定义改造，整体检测方案包含静态检测和动态检

测两部分。

 ● 静态检测，主要是指静态代码扫描，将典型代码编写规范问题转化为自定义

静态代码扫描规则，管控增量代码，同时长期治理存量风险。比如自定义了

PrimitiveParseDetector、ColorParseDetector，管控业务必须使用健壮性

测试通过的工具类。

 ● 动态检测是指结合触发时机，构造并注入变异数据后，识别 App 运行时是否

出现崩溃、挂起或业务功能模块异常。比如在集成事件 / 回归事件触发自动化

测试运行，构造触发异常的数据进行动态测试，然后监测是否出现了异常。核

心动作包含构造变异数据和完成检测两部分。比如将接口响应体中表示颜色含

义的 Key 对应的 Value 值构造成非色值，然后检测客户端请求处理接口数据

时是否出现崩溃或挂起。

下文重点介绍端到端的动态检测方案。
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03  变异数据的构造和异常检测

对于美团 App 来说，首页有多种形态，对于某种特定形态，除了控制请求数据外还

需要控制实验、策略等一系列因素，才能保证测试对象的唯一性。一个页面中包含多

个异步请求，因此请求的构造也需要和页面路径关联。这些都是采集变异所需的基础

数据时需要关注和控制的。

响应体由基本类型数据和复合类型数据组成，相同基本类型的数据可能具备不同的业

务语义，需要根据语义的类型做变异规则的区分对待，才能保障业务场景覆盖。

因此，如何保障变异数据构造的全面性和准确性，是我们面临的首要挑战。

要解决数据构造全面性问题，首先要解决页面描述方案，这样才能控制获取基础数据

的唯一性。在解决方案中，我们构建了页面描述的特征规则，解决用户视角的页面标

识问题。需要的信息包含端信息、页面路由信息、实验策略账号信息、页面标识模块

合集等。通过页面请求数据自动录制的方式，自动更新迭代请求数据和页面之间的绑

定关系，使得基础数据能够随需求迭代更新，从而通过变异规则构造生成的用例也能

够自动更新。
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在用例变异生成构造上，对于响应体里的 Value 设置了语义匹配规则，比如字符串

的语义可能代表颜色、页面跳转路由、动静态资源链接（即图片资源数据 / 视频文件 /

GIF 文件），需要区分特征分别按语义构造异常数据。比如在图片的变异数据构造里，

除了需要构造非图片链接情况外，还要考虑不同图片格式、非图片格式以及非合法的

图片剪裁格式拼接等场景。

我们对接口返回数据使用脚本做了初步的语义分析，人工二次校正后建立了基本数据

类型和语义的映射集合，结合基本数据类型边界值和语义定义了初始的变异规则。然

后对历史的线上健壮性问题和线下测试发现的健壮性 Bug 的变异数据进行整理，作

为增补的变异规则。

在自动化测试执行过程中，我们基于 App 可测性改造提供的能力，对测试场景进行

了控制，同时基于布局视图的解析 SDK、App 异常上报 SDK 提供的能力，完成了

对 App 异常的通用检测。
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04  变异数据的精简方案

伴随着变异规则的丰富，自动生成的数据量级是巨大的，数据的变异组合如果按照全

覆盖方式来生成组合数量就是指数级增长。比如对于 1 种有 7 种变异取值的变量，如

果存在 n 个此类型变量，就会产生 7^n 种数据组合，并且在实际业务场景中很多组

合情况是没有意义的。

如何在保障用例构造全面性的情况下精简变异构造的用例数，是我们面临的第二个挑

战。解决方案包含 2 个策略：1）数组元素结构一致时，删减构造的用例数；2）结构不

完全一致的数组元素，引入编辑距离和并查集算法判断节点相似性，节点不相似，可

以在一次数据生成里做合并构造。

我们可以把请求响应的 JSON 理解成树，第一个解决思路是判断树中节点、路径的

相似度，相似节点删减构造。

如果路径、节点相似，可以推测路径即业务逻辑也是一致的，比如页面上的一些列表

元素，可能是数据结构对象完全一致数组，如果对每个数组对象中的每个元素进行全

用例构造，生成的变异数据量极大，且对业务场景或代码逻辑的增量覆盖有限，因此

我们决定将构造逻辑优化，进行删减构造。即假如数组中元素的结构完全一致，那么

同含义的字段可以为他们分配不同的变异构造值，然后删减掉无效的构造情况。应用

这种方法可以有效降低 28% 左右的用例构造数量。

如图数组的 3 个元素中均存在“resourceName”键值对，假如每个键值对有 3 种

变异取值，按照全排列方式进行用例构造将会生成有 9 份变异数据，在删减构造情

况下，可以分别为它们构造一个特定的变异值，这样变异生成用例数量可以从 9 减

少为 1。
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在对业务接口返回数据的数据结构进行分析后，我们发现在层级越深的场景下，距离

根节点越近的两个节点，业务逻辑耦合和结构相似程度越低，它可以进行合并构造，

相互逻辑之间不会产生影响，比如有两个键值对，每个键值对的 Value 有 3 种变异

取值，在合并构造情况下，可以从排列组合的 6 份数据减少到 3 份数据。

基于这个个思路，我们在实践中引入了编辑距离和并查集算法，以节点路径为参照，

对树的每一层的每两个节点计算编辑距离，生成一个 n*n 矩阵；同时以树的高度减去节

点位于的层数作为权重，修正编辑距离。基于这样的计算，会产生多个编辑距离矩阵。



400　>　2024年美团技术年货

为了尝试最大化合并构造用例效果，我们把编辑距离做了 0,1 矩阵转化。其中，由于

编辑距离为 1 的两个节点可能存在业务逻辑耦合关系，必须放在同一个组里分别构

造，所以我们把编辑距离大于 1 的情况转化成了 0，最后得到了一个 0,1 的编辑距离

矩阵。

在 0,1 矩阵情况下，我们使用了图的连通性概念，如果 A 和 B 连通，B 和 C 连通，

那我们认为 A 和 C 连通，转化到这里的概念就是 A 和 B 相似，B 和 C 相似，那么 A

和 C 相似，它们应该被放在同一个组里分开进行构造，那么在同层元素构造时，我们

会从每个分组里取到一个节点，对这些规则进行变异组合构造。
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基于以上两个策略进行精简后生成的变异数据量较精简前降低了 40%，同时代码覆

盖率没有明显变化，并且保持不变的健壮性问题发现能力。

美团 App 和优选 App 都接入了这个工具，在新需求阶段可以人工触发运行，还可以

结合客户端组件集成事件和回归事件做自动触发。至今应用一年时间内，发现了几十

个问题。



402　>　2024年美团技术年货

05  总结及展望

在健壮性工具建设一期里，我们实现了 App 页面加载展示场景的健壮性问题检测，

支持崩溃、卡死和部分功能异常这三类异常检测。另外，基于节点相似性优化变异数

据生成策略能够在保持效果不变的情况下有效控制测试时长，但是否有更优的合并算

法和推荐算法，还需要更多的尝试。



测试 & 数据 & 安全　<　403

在后续工具的迭代还会继续围绕异常构造和异常检测这两个方向，支持更丰富的构造

能力和检测能力，以及更高效的构造效率。短期建设上，我们将会从业务视角出发丰

富自动化变异数据生成建模，完善客户端异常通用异常检测能力，完成通用前后端交

互的数据构造类型（比如：长连接消息）的覆盖；长期建设上，需要支持更丰富的数据

和环境构造能力，通过智能化用例生成，提升测试效率。
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06  Q&A

Q1：节点相似的判断依据是什么？

A：从实际的 response 分析来说，两个节点的路径完全相似就是从根节点到最终的

叶子节点上，它们的路径命名完全相似，数组里两个对象的结构完全一样。

Q2：用例的生成能举个例子吗？

A：比如颜色色值的格式是 #+6 位字符，通常运营配置会出现的情况是忘记添加 #，

或色值复制中少了一位。在这种情况下，我们会构造一个色值，比如没有返回 #、色

值位数不对、色值添加透明度，把这种场景作为构造情况，在配置里添加上，最后用

代码生成。

Q3：健壮性平时执行的频率是什么样的？

A：第一个基于需求维度，需求维度需要人工触发；第二个基于变更维度，当组件发

生变更时，可以关联到这段代码或者组件变更的页面，然后触发页面对应的健壮性测

试，执行频率会受到组件变更频率的影响；第三个在回归测试时，App 的回归测试两

周一次，我们会把所有页面以及它关联的所有的用例都执行一次。

Q4：对于暴露给前端开发的接口，大部分是人为调用参数的变化，随机性相对比较

高，对于必填和非必填参数如何确认用例的范围？

A：目前我们在实现的方案里，没有区分参数是必填参数还是非必填参数，所以对于

整个数据接口返回里的所有结果都会进行构造，产生的问题是对于非必返回的参数可

能产生的问题，到底是否是需要解决的问题，这部分目前通过运营手段做确认。

Q5：首页可能调用 10 个接口，然后针对每个字段都进行异常验证吗？

A：对于首页关联的接口，我们在接口请求、录制过程中和录制完数据后，会对接口

进行确认到底有哪些接口是我们需要验证的，这是一次性的成本，录制完成后，会对

每个字段都进行异常验证，当然会有一些黑白名单的设置。



测试 & 数据 & 安全　<　405

Q6：对色号这种情况有一种生成规则嘛，这个规则是怎么制定？

A：刚刚我只是举了一个色号的例子，其实对于图片、请求的资源文件、配置文件、

跳转链接，每一个对应到的业务语义，我们都有对应的用例生成规则，我们会根据参

考依据，比如第一个是本身我们在通用的基础库里怎么处理这些问题，这里有一个基

础的规则；第二个是我们积累了线上问题情况实际可能会产生的错误或者变异情况，

生成第一版基础规则，在第一期工具里找相关研发达成共识，这样的话，数据变异是

处于合理范围。

Q7：执行的时候，如何知道页面对应哪些规则提前配置？

A：执行时，在测试接入过程中有一个配置过程，它不是配置这个页面和接口的关联

关系，而是配置我们要测试哪些页面，自动触发自动化录制过程，就是到这个页面

时，会触发哪些接口请求，生成这个页面和这个接口请求的对应关系，给到对应的配

置人做确认，保证哪些接口是真正可能想要构造的，哪些接口不需要构造，最后以这

个为基准测试，基于录制过程，比如业务迭代里面产生了新接口，我们在录制中能够

感知到它关联的接口发生了变化，在发生变化时发消息给对应的测试提交人 / 负责人，

TA 确认这条规则放到黑名单里还是更新到需要构造的接口里。

Q8：是否有做页面显示的一个校验？怎么做的？

A：目前我们在页面里的模块做了“是否展示”校验，基于当前集成到美团的可测性

SDK，这个 SDK 会获取到当前页面是否渲染里是否展示了对应模块的信息，通过请

求把对应模块描述传给 SDK，通过返回来校验是否展示。
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[4] 基于布局视图的解析 SDK：美团 App 页面视图可测性改造实践 -XraySDK

https://en.wikipedia.org/wiki/Robustness
https://ieeexplore.ieee.org/document/7438745
https://users.ece.cmu.edu/~koopman/ballista/
https://tech.meituan.com/2021/07/28/app-xraysdk.html
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新一代实验分析引擎	|	驱动履约平台的数据决策

本文介绍了美团履约技术平台的新一代实验分析引擎，该引擎对核心实验框架进行了

标准化，并融合了众多先进解决方案，有效解决小样本挑战。同时，提供了多样化的

溢出效应应对策略，并针对不同业务场景提供了精准的方差和 P 值计算方法，以规避

统计误差。希望对大家有所帮助或启发 ~~

1. 引言

自谷歌于 2000 年引入 AB 实验以来，这一方法已成为互联网公司优化产品的核心手

段，使得基于数据的快速决策成为可能。但随着 O2O 平台经济的崛起，AB 实验需

面对更复杂的多边市场和强 LBS 属性带来的挑战。在这些平台中，消费者、服务提

供者和商家的互动极大增加了实验的复杂性，传统的实验平台在小样本和溢出效应面

前显得力不从心。其根本原因在于用于接收实验数据和实验配置信息并输出实验报告

的实验分析引擎，仅能正确支持非常有限的一组实验设计，难以满足不同用例的实验

分析需求。我们的故事便从此开始，这是我们的故事，也可能是你的解答。

图 1. 实验分析引擎：接收实验配置与实验数据，输出实验报告

1.1	AB实验的发展：从单边场景到单边与多边场景的共存

互联网经济的进步催生了商业模式的创新。我们看到了谷歌、阿里巴巴这样的公司通
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过向消费者直接提供内容和商品而取得成功，同时，美团、滴滴这样的平台型经济

（即时服务平台）代表了一种全新的商业模式，它们通过整合线上线下资源，创新性地

提供即时配送和出行服务。在这一变革的背景下，AB 实验的应用已经超越了单一用

户行为分析，扩展到包含多方市场参与者互动的更为复杂的多边场景中。这种从单边

场景到多边场景的共存，使得多边实验相比于单边实验展现出新的特点：多方参与带

来的相互依赖性和溢出效应，LBS特性引起的小样本挑战，以及更加复杂和多元化

的指标体系。

1.2	传统实验分析引擎面临的不足：难以解决多边场景中的小样本与

溢出效应挑战

单边场景实验，由于较少出现溢出效应和具有大样本的特性，基于用户的随机对照实

验足以满足需求，从而简化实验设计。在分析方面，大样本的优势消除了因正态性假

设不成立而导致的 P 值计算问题，而随机分组方式也避免了非随机分组情况下复杂的

方差计算问题。多边场景实验面临小样本和溢出效应的挑战，导致实验设计和分析的

复杂化。传统的随机分组和以用户为单位的实验方式往往不适应这些场景，需要采用

多元分组方法和不同实验单位以提高准确性。分析时，必须谨慎处理小样本带来的统

计误差和溢出效应解决策略可能引入的携带效应及方差计算误差。

传统实验分析引擎以单一实验单元、普通随机分组、大样本和个体独立性为基本设

定，尽管在单边场景实验中表现出色，但在多边场景实验中则显得不足。这主要体现

在大样本假设不再成立时，正态性假设失效引发 P 值计算的问题；小样本和溢出效应

的存在使得单一实验单元和普通随机分组不再合适。这不仅需要配备相应的分析方法

来处理方差计算，并防止新方法可能引入的携带效应与大实验单位聚合所致的方差误
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差，还需要具备未来扩展的灵活性，以免在扩展时需要重新构建整体架构，确保能够

快速迭代并满足交付时效。在这样的背景下，传统实验引擎在多边场景下由于方法单

一、鲁棒性不足以及缺乏灵活性，往往难以胜任。

1.3	实现可信与高效：新一代AB实验分析引擎构建的动力

我们曾经有过这样的实验历程，实验者面临着效率低下和结论可信度不断受到质疑的

双重困境，导致挫败感和无助，平台建设者，因实验平台的迭代效率和可信度，正在

失去用户信任。

 ● 当手动调查和分析、重复实验和无休止的质疑成为了日常，这不仅影响实验的

效率，更让每一次得出的结论都充满争议。

 ● 实验平台的功能限制和不可信导致了用户信任危机。①功能局限和可信度问题

频发，用户对平台失去信心。用户不得不线下手动设计和分析实验，实验平台

的角色退化为提供基本的实验运行支持，而所有的设计和分析工作则需要用户

自己承担；②该平台无法支持实验者遇到的各种用例和潜在的未来扩展。为支

持新的实验用例，平台需要频繁进行迭代更新，不仅耗费时间和精力，甚至多

次推迟了项目进度。
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1.4	新一代实验引擎：对内实验分析的中心方法库，对外实验实践的

有用指南

分流框架和实验方法是实验效率和可信度的关键，其中分流框架一经选定，其广泛适

用性和稳定性意味着它很少需要变动。然而，为了适应不断演变和多样化的业务需

求，实验方法必须不断完善和更新，这对于确保实验的可信度至关重要，同时也影响

着实验效率。为此，我们构建了新一代实验分析引擎以标准化实验分析流程。并通过

解耦和模块化集成，将引擎与实验操作流程的基础设施分离，以提高迭代的灵活性并

保持平台的稳定性。也可能是你的解答：

1. 该实验分析引擎集成了先进的实验技术（如协变量自适应分组来解决小样本问

题、轮转实验和双重差分实验来应对溢出效应问题，以及降低方差的技术来

增强实验功效），并作为核心方法库，面向司内全体成员开放，方便实验者按

需取用。

2. 它应当是一个有用的指南，帮助您思考开发过程中面临的挑战，以及为了确

保实验可信且高效所需采用的不同方法。

2. 实验者困境成因

2.1	在物流领域的多边实验场景下，构建一个正确和可靠的A/B测试

平台依然是挑战

尽管单边场景实验（消费者实验）得益于其大样本量和单一业务流向，大多数情况下，

除了个别场景的溢出效应外，基本的随机对照实验足以满足分组一致性、个体独立性

的假设以及减少随机误差的理论标准，使得整个过程看起来相对简单。然而，在分析

阶段，仍然潜伏着异常值、多重比较和方差估计盲点等陷阱。如果忽视这些问题，很

容易导致分析偏差，使实验结果不可信性。多边场景实验，因其多边特点和 LBS 属

性极大提升了实验的复杂性。除了需要应对单边场景实验中常见的统计问题，还面临

由溢出效应和小样本引发的叠加挑战。溢出效应的解决策略不但可能遭遇方差计算和

携带效应陷阱，有时还会因应对策略而产生小样本问题，小样本限制本身又增加了这
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些问题的复杂度。为了解决小样本和溢出效应的问题，可能需要引入多种分组方法和

不同的实验单位，这些都要求有相应的分析方法相匹配。一旦处理不当，很容易落入

统计误区，造成分析上的偏差，进一步加剧了实验设计的复杂性。

2.2	实验服务团队构成与专业技能需求不匹配

获得高质量实验结果需要对实验和统计有专家级的理解，但许多实验服务团队主要由

工程师组成，缺乏数学和统计学背景。尽管有些团队涉及数学、统计学人员，他们更

多是以提出需求的方式参与平台建设，工程师在开发核心分析方法时面临专业知识限

制，这影响了分析方法的质量和鲁棒性。实验服务团队缺乏数学科学背景，面对特定

场景时难以有效应对。特别是在履约业务中，某些团队需采用更复杂、更高级的实验

方法来解决场景限制。但受限于经验和平台功能，缺少能够确保高度可信性的先进实

验方法，导致他们不得不选择信度较低的准实验或观察性研究。这些方法基于的假设

易受外部因素影响，一旦环境发生变化，假设失效，实验就可能失败，需多次重做。
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2.3	实验分析引擎仅支持非常狭窄的一组实验设计，引发鲁棒性和扩

展性挑战

实验分析引擎应确保提供准确无误的分析结论：无论用户选择何种实验设计，任何人

都应能够信赖实验结果，无需进行定制验证、深入理解统计学，或详细了解平台。在

评估了一些失败案例和其它平台的建设现状后，我们得出结论，建立在“单一实验单

元、普通随机分组、大样本和个体独立性”基本设定下的传统实验引擎，只能正确支持

非常狭窄的实验设计集合。面对复杂多变的实验需求，这种设计往往产生大量可疑数

据，不仅威胁到实验结果的准确性，还导致了大量不必要的重复工作和劳动力浪费。
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3. 我们的方法：新一代实验分析引擎，在单边与多边实验场景

中实现高效与可信

问题、失败和行不通的方案，这就是推动事情向前发展的意义所在。易出错的分析结

果、问题域覆盖不足、数据科学家重复发明轮子的努力浪费、学习缓慢是驱动我们构

建新一代实验分析引擎的动力，与传统实验分析引擎比，它应该具备一下显著特点：

3.1	标准化实验分析，确保结论可信：自适应实验上下文，通过标准

化和自动化分析流程，消除低效率和结论争议

为确保任何实验结果的质量，它具有合理的准确性（一致性）、对模型误设的鲁棒性

（鲁棒性），以及对业务或产品变化的敏感度（实验灵敏度）。实验分析缺乏标准化和自

动化，使用 SQL 查询或临时脚本在本地环境中分析实验，这个过程既耗时又容易出

错。由于每个人使用不同的分析方法，缺乏标准化，这可能会影响结果的质量和准确

性（一致性）；统计陷阱防不胜防，因统计陷阱导致实验结果不可信，那么工程和分

析的努力将会被浪费，减缓策略迭代速度。需要实验引擎对错误的模型假设要有鲁棒

性，能够自动适配不同的场景和意外 case；在方差和 P 值计算方面，集成更多前沿

功能以提高实验的灵敏度。

实验分析引擎无需预设，全面依据实验上下文自动选择分析方法，并通过标准化与自

动化流程确保效率和一致性。每当一个新实验被输入到我们的实验平台时，它将经历

一下流水线过程：数据可靠性验证、数据预处理、策略效应估计、方差计算（包括降

低方差）、P 值计算（假设检验），最终得出分析结论，以实现流程的标准化。在这一

固定流程下，我们设计了相应的方法选择器，并集成了一系列丰富的分析方法，以便

分析引擎根据输入的数据和实验设计信息选择最合适的方法，从而得出可靠的结论，

确保分析过程的鲁棒性。
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1.	数据可靠性验证：通过分组同质性检验、系统性偏差检验（SRM）和样本量检

验来确保所依赖的数据质量。

2.	数据预处理：通过异常值检测识别异常数据，在不改变数据分布的情况下剔除

异常数据，提前探测数据分布，为后续流程选择合适方法提供关键输入。

3.	策略效应估计：依据实验类型，选择恰当的策略效应估计方法，如差分法、双

重差分法或回归分析，以估计策略效应。

4.	方差估计：根据实验设计信息，选择合适的降方差和计算方差方法，进行方差

估计。

5.	P 值计算：根据实验设计和数据分布，选择合适的检验方法，如参数检验或非

参数检验，计算 p 值。

6.	输出实验报告：整合以上各阶段信息，输出详尽的实验报告。

实验分析引擎，标准化实验分析流程

3.2	中心方法库：整合优秀实践并加速共享；全面覆盖单边、多边实

验场景实验问题域

实验引擎作为核心方法库，整合了覆盖单边和多边场景实验的最佳实践，尤其包括填

补行业和学术界空白的先进方法：①针对比率型指标减少方差的“二元降方差方法”；

②针对小样本分组同质性的“协变量自适应分组技术”；还有医学界常用于应对小样

本和数据隐私问题的统合分析方法；以及适应特殊场景的异常值处理和多样化的溢出

效应解决方案。

作为一个开放的中心方法库，它不仅消除了重复开发相同解决方案的资源浪费和对业

务响应的延迟，而且促进了跨团队的知识共享和能力提升，极大加速了实验学习过

程，推动了实验能力的整体提升。
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3.3	解耦实验基础设施：专业人员专注专业领域，打破实验平台能力

和迭代的限制

在审视失败的实验案例和传统实验分析引擎后，我们认识到核心抽象只能正确支持有

限的实验设计，微小的偏差就可能导致结果的不准确。实验和统计方法的选择取决于

多种因素，而复杂实验的进行则需专家级的理解。因此，构建能支持广泛用例的实验

平台不仅需要工程师，还需数据科学家和数据仓库专家的集体努力。新一代实验引擎

在实验设计、配置、流量分配和数据处理等方面实现了与基础设施的解耦，使各专业

团队能在各自领域内发挥专长，提高平台的迭代效率。工程团队负责构建实验平台的

管道，提供配置管理和流量分配工具；数据科学家负责集成统计方法，确保方法的鲁

棒性和问题域的全面覆盖；数据仓库专家则确保指标的一致性。通过角色分工，我们

避免了单一专业造成的迭代瓶颈和平台鲁棒性不足。

实验分析引擎与实验设计、配置、分流和数据生产流水线的基础架构解耦。实验日志

和流水线生成包含实验单位、分组方法、分析方法、实验周期等元数据信息的统一数

据集，以及详细的指标元数据。所有分析均在这些通用数据上完成，以产出最终的实

验报告。这种流水线的通用设计极大地简化了新方法的引入，仅通过简单的配置更改

和在固定接口下的集成，就能够灵活适应不同的实验场景，并确保新能力的集成速度

与业务的快速迭代保持同步。这种设计允许它像积木一样无缝集成到其他实验平台

中，无需改变现有架构，从而帮助这些平台轻松应对各种实验场景的挑战。

实验分析引擎：解耦实验基础设施
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4. 实验分析引擎揭秘

在履约，运行着大量实验，我们希望赋能所有团队以速度、严谨和信心进行改进。为

此，秉承着可信、开放、敏捷、易用的原则，打造了新一代实验引擎。该引擎不仅覆

盖单边、多边实验场景多样实验用例，还提供了业界领先的小样本解决方案，并作为

中心方法库向外界开放，加速实验能力共享和整体实验水平提升。

实验分析引擎揭秘

4.1	多元化方法适配多样实验用例

实验引擎集成了适用于随机对照实验、随机轮转实验、准实验的 7 种分组和 16 种分

析方法，包括降方差（2 种）、效应估计（5 种）、P 值（3 种）和方差计算（4 种）、统

合分析（2 种），以克服小样本和溢出效应带来的挑战，确保各种业务场景下统计结果

的准确性和实验结论的可靠性。采纳业界先进的协变量自适应分组及二元 CUPED

技术，我们成功突破了小样本实验的约束，提高了结论的精确度。针对溢出效应，我

们提供多元化的实验选择，包括分层随机轮转和多种双重差分模型，增强实验的适应

性。系统的自动离群值排除能力和灵活的实验周期延长机制，进一步提升了实验结果

的稳健性，降低了异常数据的干扰。

1.	自动化处理离群值和实验周期调整：保证策略效果评估稳健性。自动排除离群

值与调整实验周期增强了结果的稳健性。因素如天气、节假日可能引发离群

值，大的离群值可能会使实验结果从显著变为不显著，影响统计显著性。尽

管 AA 测试可预推实验周期，但实验前数据并不总能预见实际情况，故需灵

活修正周期，以降低假阴性风险。
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2.	精准实验分析：业务适配与统计误差防范。实验引擎提供多元计算方法，满足

不同实验和指标需求，确保分析的灵活性与准确性。针对以城市、区域、站

点为实验单位的实验，自动调整标准误差以防数据聚集误差。方差计算根据

样本独立性与规模，区分独立与非独立样本，大样本采用 Delta 法，小样本

适用 Bootstrap。策略效应估计覆盖差值法至回归分析，适应多变实验环境。

结合参数与非参数检验，适配样本量与分布差异，计算 P 值以确保实验结果

的稳健性，避免统计误判。

实验分析引擎多元化分析方法适配多样用例

4.2	协变量自适应分组：小样本实验新解，实现从低可信准试验、观

察性研究到高信度随机对照实验的进阶

协变量自适应分组技术，起源于医学研究领域，能够在样本数量受限的情况下确保分

组的同质性。经过数据验证，此技术在至少 10 个样本的条件下也能实现有效的分组

同质性。这一方法已在物流、营销、应用程序测试等场景中得到应用，适应了小样本

和资源受限的实验环境，满足了实验设计的同质性要求。通过这种技术，可以避免因

缺乏高级方法而不得不依赖低可信度的准实验或观察性研究，从而解决了结果量化不

准确、实验失败率高和重复实验等问题，有效地降低了实验成本。以我们的实际场景

为例，针对区域分组，数据显示：随着样本量的减少，协变量自适应分组方法相比于

业界常用的完全随机分组方法，能够稳定有效地将不同质比例控制在 5% 以下（这是

大样本情况下的理想比例）。而在样本量少于 40 的情况下，完全随机分组方法的不同

质比例已超过 6%，实际模拟如下图所示：
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协变量自适应分组效果模拟验证

4.3	统合分析：突破单次实验样本量限制，可以利用历史实验结果得

出更可信的结论

统合分析不仅是在小流量场景下提高统计功效的有效工具，还可以利用历史实验结果

得出更可信的结论。它能整合对同一假设的多次实验结果，有助于在小流量场景下检

测策略效果，且无需单个实验有大量样本就能获得可信结果。在小流量场景下，即使

采用了各种提高统计功效的方法，实验的统计功效可能仍然不足。对此，可以运行两

个或更多的重复实验，并通过统合分析整合结果以提高统计功效。对于意外的结果，

可以通过运行重复实验并通过统合分析整合多个实验结果来进一步确认实验结论。

统合分析举例
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4.4	零成本集成与自助分析

模块化设计：实现实验平台的零成本集成，推动实验平台发展的催化剂。实验引擎采

用了一种通用流水线设计，能够通过识别实验单位、类型、分组方法、周期以及所需

的指标数据和元数据，自动地进行实验分析并生成报告。这一设计摒弃了与具体实验

操作流程的耦合，使得任何实验平台都能通过遵循标准协议与实验引擎交互，从而无

缝复用分析引擎的功能，达到零成本集成。实验引擎内部，它通过分布式计算节点，

引擎负责执行实验的分析工作。每日定时任务在各计算节点上启动，轮询待分析实验

并激活分析流程。分析任务激活后，生成的分析 worker 会调用数据服务组件，提取

所需的指标元数据和数据集。数据获取后，分析 worker 根据既定流程进行任务排程，

随后启动统计引擎进行计算，最终整合分析结果，形成详尽的实验报告。

实验分析引擎的模块化设计

用户界面 (UI) 提供：自定义分析的得力助手。实验者和数据科学家在使用现有实验

平台进行实验探索时，经常会因为指标覆盖不全、当前分析方法不适用以及需要即兴

进行个性化分析而遇到难题。由于平台不能及时提供所需支持，他们不得不回到使用

SQL 查询或临时脚本在本地环境中分析实验。在这种情况下，实验引擎将成为您的

得力助手，助您高效完成实验分析。实验者仅需在实验引擎提供的用户界面中完成实

验分析配置，一键点击“实验分析”，即可立即生成实验报告。实验分析配置内容包

括实验定义和指标定义：实验定义主要涵盖实验单位、实验类型、分组方式、分析方

法（可选）等；而指标定义则囊括了指标名称、计算口径、类型等元数据定义以及数
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据获取逻辑。

5. 总结与展望

问题、失败和行不通的方案，这就是推动事情向前发展的意义所在。基于固定设定 [4]

的传统实验分析引擎仅支持非常有限的实验设计集合，即便是微小的偏离也难以得出

可信的实验结果，无法满足履约这种多样业务场景的实验诉求。基于此，我们打造了

新一代实验分析引擎，该引擎对核心实验框架进行了标准化，并融合了众多先进解决

方案，例如行业领先的协变量自适应分组、二元 CUPED 降低方差技术以及统合分

析方法，有效解决小样本挑战。同时，提供了多样化的溢出效应应对策略，包括轮转

实验、双重差分实验和半城随机配对实验等。此外，引擎还针对不同业务场景提供了

精准的方差和 P 值计算方法，以规避统计误差。作为一个集成了履约数据科学团队所

有最佳实践的中心方法库，它不仅强化了实验的标准化理念，还促进了知识共享。

将实验分析引擎作为中心方法库与基础设施解耦，对于自动化与新功能快速迭代至关

重要。按照 Fabijan 等人（2017）对实验平台四个阶段 [5] 的描述，基础设施（如实验

配置与管理组件、分流 SDK）一旦建立，迭代较少，而指标和实验方法则随业务演进

持续增强。从用户角度看，常规计算流水线无法满足的高级实验分析功能需随业务场

景不断演化。这种解耦，在保持基础架构稳定的同时，通过配置和统一接口集成实验

方法，快速适应需求变化；新一代实验引擎通过与实验平台解耦，以实验分析平台的模

式对外提供服务，不仅满足实验者和数据科学家的灵活探索需求，而且避免了重复造轮

子带来的工作浪费，加速了实验能力的共享和提升。这一方案应能作为一个有用的指

南，指导如何思考开发中的挑战，以及实验为了可靠和高效所需采用的不同方法。

未来，随着观察性研究方法和针对溢出效应的先进解决方案（如随机饱和实验、基于

地理位置的溢出效应刻画、精确捕捉携带效应的小时级轮转方案）在履约场景的成功

落地与实践，我们将进一步开放这些实践，促进更广泛的能力和知识共享。
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注释
[1] 多边场景实验：多边场景实验同样存在单边场景实验的陷阱。

[2] 实验地理单元以及时间片长度：轮转实验通过地理单元和时间的随机化来减少 SUTVA 违

规。较大地理单元可减少溢出，但会加剧小样本问题，增加方差；而短时间窗口可能带来携

带效应，增加偏差。

[3] 非常有限：实验单位是用户，分流方式是随机分流。

[4] 固定设定：单一实验单元、普通随机分组、大样本和个体独立性。

[5] 四个阶段：

    （1）爬行阶段：完成运行实验所必须的基础设施建设，包括：实验配置与管理组件、分流

SDK。

     （2）步行阶段：定义更多标准指标，包括量化平台可信能力的指标和评估所需的业务指标。

     （3）跑步阶段：更加丰富和完善的指标体系。

     （4）飞行阶段：丰富的实验用例，满足更多实验域诉求。
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美团RASP大规模研发部署实践总结

背景

RASP 是 Runtime Application Self-Protection（运行时应用自我保护）的缩写，是

一种应用程序安全技术。RASP 技术能够在应用程序运行时检测并阻止应用级别的攻

击。随着云计算和大数据的发展，应用程序安全越来越受到重视。RASP 技术作为一

种新型的安全防护手段，正在逐渐被业界接受并广泛应用。其中 Java RASP 是一种

针对 Java 应用程序的 RASP 技术。通过在 Java 虚拟机（JVM）级别进行监控和防

护，能够有效防止对 Java 应用程序的攻击。

RASP建设挑战

在业界，RASP 的部署形式一般有 agentmain、premain 两种方式，二者各有优

劣。适合不同的业务场景，以及安全需求。

1. agentmain：业务无需改动，无需重启，热插拔，动态升级。有性能抖动，

业务有感知。

2. premain：需要改动，需要重启，前置注入，升级需要重启。无性能抖动，

业务无感知。

美团的 RASP 建设时，大部分业务都已经在线上运营，而且有多个发布平台，没有

提供一个统一的方式来更改启动参数，也就是说无法通过 premain 方式是实现快

速部署。为了抓住主要矛盾，快速解决大部分风险问题，我们选择了 agentmain

方式。

业务场景复杂

技术方案的设计，依赖于业务形态。美团内部的业务服务中，Java 语言占比 80% 以
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上，是主要的风险所在。2010 年至今，有特别复杂的业务部署形态、业务依赖环境、

繁多的 JDK 等等，这些都是 RASP 技术方案的挑战。

1. 业务部署方式：物理机、宿主机、富容器、轻容器等；

2. 发布环境：由于历史原因公司已知的发布系统至少有 3 个；

3. Web 中间件：Spring Boot、Jetty、Tomcat、WebLogic、自研框架等；

4. JDK 版本：Oracle、OpenJDK、 MJDK、Kona、Dragonwell、毕昇等；

5. 进程数量：单个主机上进程数量和生命周期差异大，有的几千个进程，生命周

期有分钟级、年级等；

问题的拆解思路依旧是抓住主要矛盾，以 JDK 版本为例，各个版本 JDK 的主机占比

如下图 1 所示：

图 1   公司 JDK 版本分布占比

业务目标确定后，解决方案同样具体到某一类的 JDK 上。同样，在发布环境、Web

中间件的差异上，对 RASP 也有了更多的兼容要求。
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对业务性能影响大

agentmain 的动态注入机制，对 JVM 的影响是不可规避的。影响大小可以从与其

他安全防护产品的部署位置看出，下图 2 是常见的基础安全防护产品：WAF、HIDS

和 RASP，他们与业务的隔离方式有以下几类：

1. 主机隔离

2. 进程（容器）隔离

3. 无隔离（或者类加载器隔离）

图 2   主机安全防护产品与业务的隔离等级

与其他的安全产品相比，如网络应用防火墙（WAF）和主机入侵检测系统（HIDS），

RASP 与业务部署在同一 Java 虚拟机（JVM），其隔离级别是最低的。这就意味着，

当 RASP 自身出现 BUG 或者与业务不兼容时，对业务造成直接影响。RASP 一旦

出现故障那至少是 S4 级别（核心功能受影如资损、客诉，且预判 5 分钟无法恢复）。

从业务指标上分为 cpu 和执行耗时，执行耗时方面主要是对服务的 TP9999 影响

较大，而 CPU 方面出现 cpu.busy 指标抖动情况。对于业务的指标影响，有以下

几种。
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运行时注入 cpu.busy 指标突增

下图 3 为特殊情况下运行时注入 cpu.busy 指标抖动情况，在 RASP 注入时间内

（CPU 分钟级别采样），Java 进程的 CPU 从 0% 飙升到 50%，然后又恢复。如果

RASP 注入之前 Java 进程的 CPU 已经很高了，注入时 CPU 会直接打满（注入前

后 10 分钟）。

图 3   运行时注入 cpu.busy 指标抖动情况

运行时注入TP9999指标

下图 4 为运行时注入 TP9999 指标抖动情况。单机维度，注入时 TP9999 从 5ms飙

升到 1000ms，大幅度增加，TP9999 出现明显的尖刺，对响应时间敏感的服务影响

特别大。
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图 4   运行时注入 TP9999 指标抖动情况

启动时性能差与检测逻辑执行耗时长

在 RASP 启动时，大量请求进入到检测流程中，此时 RASP 检测代码没有完成预

热，检测方法处于字节码解释运行模式，执行效率低，从而导致启动时 TP 线高。如

果正常的请求检测耗时过长，将严重影响业务的 TP 线，甚至导致请求超时。 在

RASP 运行过程中，因为检测引擎执行耗时长也会导致业务超时。

升级变更难

由于原生 Java Agent 的限制问题，JVM 一旦加载了 Agent，就无法进行更新，只

能等待 JVM 重启。
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图 5   运行时 Java Agent 的实现原理与升级过程

图 5 左边的图展示了一个典型的运行时 Java	Agent 的实现原理。在这个过程中，

守护进程（这里指主动发起 Attach 的进程 RASP Daemon）会 attach 到目标 JVM

上，然后 RASP Agent 的 jar 包会被 JVM 的 AppClassLoader 加载，接着 Agent

就会初始化并开始运行。然而，由于 JVM 类加载机制的限制，同一个类（Agent

入口类）无法被 AppClassLoader 加载器加载两次。使用新的 Agent jar 包重新

attach，即使 attach 成功，也不会加载新的类。因此想要增加新的功能或者进行

bug 修复，就必须等待业务进程重启后才能实现。

这也就是说，RASP 功能的升级完全依赖于业务进程的重启时机。然而，我们发现线

上有些业务，如大数据服务的核心节点，其重启时间可能长达半年甚至更长时间，这

就使得 RASP 的功能升级过程变得异常漫长。由于服务长期未重启，RASP 版本无

法进行更新。影响主要有 2 个方面，一方面长期未重启服务的 RASP 版本低于最新

版本，RASP Daemon 需要兼容多种 RASP Agent 版本，这无疑提升了代码工程向

下兼容的工作量和稳定性；另一方面，未重启的服务最新的 hook 点无法生效，也带

来一定的安全风险。

热更新是强诉求

在美团内部，安全部门需要不对业务有过多打扰的前提下保障业务安全运行。大规模

重启服务风险高，不具备可实施性。如果遇到紧急漏洞或者重大 bug 时，这种升级难

的问题尤为突出。升级难的问题是 RASP 在部署中遇到的第一个重大问题。
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监控难

当 JVM 加载 Java Agent 后，由于其运行在业务的同一层面，必然会对业务产生一

定的影响。这些影响可能包括 CPU 使用率飙高、TP9999 线的波动，甚至可能出现

故障如内存泄漏、磁盘打满、核心转储（Core Dump）、触发 JDK Bug、线程死锁、

GC 时间变长等等各种问题。业务反馈的线上各类问题的占比如下图 6 所示：

图 6   RASP 各类故障占比

由于 RASP 接入对用户无感知，一旦出现这些问题，业务方定位问题的源头往往耗

费大量时间。业务需要对业务状态日志、GC 日志、系统变更日志等进行详细的排

查，以确定问题的根因。在实际的运行过程中，往往是业务最先反馈 RASP 影响，

而 RASP 不能做到对故障及时感知与处理。

RASP架构介绍

美团 RASP 利用 Java agent 和 instrumentation 技术，通过 ASM 修改类字节

码，实时分析检测命令执行、文件访问、反序列化、JNDI、SQL 注入等入侵行为。

它最初是从开源项目 btrace 演化而来，后使用 Golang 重写了 btrace 的进程注入的

https://github.com/btraceio/btrace
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功能，即架构中的 RASP Daemon 部分，在 Java Agent 端也参考了一些开源项目

和公司内部的性能诊断工具。经过多年的迭代，RASP 逐渐形成目前的架构。

通 过 RASP 管 理 端 进 行 主 机 维 度 的 配 置 下 发， 将 最 新 配 置 更 新 应 用 到 RASP 

Daemon。日志收集和 jar 包下载使用公司基础组件，通过这些组件的协同工作，实

现对 RASP 部署过程的管理，包括支持灰度发布、配置回滚、降级和一键关闭操作。

下图 7 为 RASP 的配置分发流程。

图 7   RASP 的配置分发流程

解决方案

灰度部署方式和复杂场景的兼容

RASP	启动方式

传统的 RASP 直接修改 JVM 启动参数增加 RASP 的 Java Agent 参数，即 premain

方式。而美团的 RASP 在最初只支持运行注入 agentmain 方式，不支持 premain。

原因主要是下面的 2 个方面：

1. 在 RASP 项目建立时，公司的机器节点数量已经有几十万规模了，业务先

行，安全补位。已经面临风险，需要尽快实现安全能力覆盖。

2. 早期公司内部服务发布平台不完善，有多个发布系统，并且每个业务线的发

布脚本不统一，统一控制的力度弱。
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综合业务现状与安全诉求，比较符合技术选型的是 agentmain 机制。无需业务改

动，也不依赖统一的代码发布平台，做到安全部门可控的能力覆盖。

经过多年部署，RASP 已经覆盖大部分业务，具备相应安全能力。但也逐步遇到业务

抱怨 RASP 注入带来的性能抖动问题。随着公司基础组件建设，也逐步统一了代码

发布系统，在 JAVA 类服务的管控上有了统一的控制入口。同时，IDC 内服务形态

逐渐从 VM 虚拟机演化到容器，RASP 的服务环境也与以往不一样。

当下主要矛盾发生变化，业务形态发生变化，支持 premain 的技术方案迫在眉睫。

RASP 联合服务发布与镜像团队在拉起服务之前将 RASP 的 Java Agent 以环境变

量的方式设置到服务启动脚本的上下文中。下面为部署脚本中关于 RASP 环境变量

的设置片段。

// 前置检查 ...

// 增加环境变量
if [[ $RASP_SWITCH==”ON” ]];then 
 JAVA_TOOL_OPTIONS=”$JAVA_TOOL_OPTIONS -javaagent:rasp-premain.jar” 
&& export JAVA_TOOL_OPTIONS
fi

// 启动 Java进程 ...

配置分发方案

在 RASP 升级新版本时，为尽可能地提高稳定性，需要按照一定策略进行灰度升级。

1. 公司内部分为测试和生产等多种环境，并且测试环境服务器数量为万级别，

RASP 需先在线下环境稳定运行足够时候后再开始线上环境灰度；

2. 服务按照重要性（或者环境复杂性）从低到高划分为普通服务、重要服务、高

优服务 3 个类别，依次进行。

3. 每一个服务需要再按照主机数量的百分比进行灰度，一个服务下的主机不能

同时进行 RASP 的升级，需按照 10%、30%、50%、100% 的比例灰度。
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Web/JDK版本识别与准入

RASP Daemon（golang 语言）通过内核进程事件，感知新进程。再识别进程的

cmdLine、JDK、Tomcat、Jetty、Spring Boot 等的关键 jar 包，解析出 JDK 版

本、Web 类型和版本。对于已经兼容的服务可以开启注入，对于无法识别或者与

RASP 不兼容的服务关闭注入（ES、Jetty 等个别版本），最大程度的减少对业务的

影响。

组件的兼容性

JDK兼容性：美团 RASP 除了使用 ASM 包之外基本上不使用第三方组件，降低供

应链攻击，同时减少对不同版本 JDK 的专有特性依赖，对于 JDK 的代码也尽可能的

本地化到 RASP 工程中，屏蔽 JDK 的版本差异性。

Java	Agent 兼容性： 公 司 有 多 种 Java Agent 包 括 性 能 诊 断， 安 全 扫 描、 动

态调试、流量录制、热部署、链路追踪等约十多种，这些工具实现原理都是基于

Instrument。 冲突主要在还是在字节码修改上，例如 RASP 与 jdwp 的兼容上，最

初版本的 RASP 在业务类中增加方法数量，当用户开启远程 debug 时，本地代码的

方法数量与远程不一样，导致 JVM 崩溃。Java Agent 应该遵循的规范：

字节码的修改应该遵循下面的基本原则：不允许新增、修改和删除成员变量 ；不允许

新增和删除方法 ；不允许修改方法签名（来源于：Java 字节码规范）；

Java Agent 的 jar 包应该采用自定义类加载加载，依赖包名称前缀替换等方式，避

免与其他 Java Agent 和业务依赖的冲突；

与其他 Java Agent 约定，在类查找遍历修改时排除其他的 Java Agent 的包名称，

避免相互引用；

对于热部署等 Java Agent，由于它不遵循字节码修改的基本规范，很遗憾，目前无

法兼容，只能排除关闭注入；

https://docs.oracle.com/en/java/javase/17/docs/api/java.instrument/java/lang/instrument/Instrumentation.html
https://tech.meituan.com/2024/01/19/jdwp
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RASP的运行时注入与更新

运行时注入方式解决了 RASP 的首次注入不依赖业务重启服务的问题，但是随着部

署场景的增加，不可避免的要对 RASP 进行更新迭代，如何升级成为一个让人头疼

的问题。于是更新也不依赖业务重启，成为一个需要解决的最大问题。

插件热更新是一项具有挑战性的技术，也是 RASP 建设初期要求具备的核心特征之

一。由于美团拥有上百万个 Java 服务节点，一般的 Java Agent 安装和升级都需要

重启 Java 进程，对于如此庞大规模的服务来说，这并非易事。在超大规模下，如果

依赖业务重新发布的方式来使 RASP 生效，需要等待所有的服务重启一遍。RASP

项目没有权限重启业务。因此，对于 RASP 来说，插件热更新是至关重要的。

在最初的版本中，当 RASP 注入到业务中后，如果需要更新功能（如修改策略或

hook 点），仍然需要重新启动 Java 进程。如果业务不重启，之前版本的 RASP 会残

留在进程中无法卸载，而新版本需要兼容这些无法卸载的部分。这导致线上存在多个

不同版本的 RASP，不同版本之间的兼容性几乎无法实现，这种方式是行不通的。

因此，RASP 借鉴了 Tomcat 的类加载器架构，将功能分为两类：第一类是需要频繁

迭代的功能，如 hook 点、资源监控、检测引擎、通信等；第二类是几乎不需要改动

的部分，如插件加载和初始化部分。将第一类功能抽取出来，形成一个单独的插件包

（RASP Plugin），插件包由自定义类加载器加载，使得这部分具备运行时更新的能

力。而 RASP Agent 引导包仅保留几个类，负责初始化插件 jar 包。下图 8 展示了

拆分前后的对比：
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图 8   mt-rasp jar 包拆分前后对比

对于拆分后的架构，首次注入 RASP Agent 加载 V1.0 的插件，在需要对插件进行

更新时，清除 RASP PluginV1.0 对象的引用和 PluginClassLoader 对象，然后

创建新的 PluginClassLoader 实例重新加载并初始化 V1.1 版本插件，从而实现

插件的卸载与热更新。上面拆分方案实现依靠自定义 RASP 类加载器，RASP 的类

加载器层次结构（agentmain）如下图 9 所示：

图 9   RASP 的类加载器层次结构
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从顶层类加载器开始依次说明 RASP 包的功能和所属的类加载器。

 ● rasp-boot.jar：定义全局变量，能够被所有类访问到，使用 Bootstrap-

ClasLoader 加载；

 ● rasp-agent.jar ：标准的 Java Agent 入口类，定义了 agentmain/premain 

等 Agent 初始方法、加载 plugin 并初始化，使用 AppClassLoader 加载；

 ● rasp-plugin.jar ：RASP 核心实现，包括 hook 点、检测逻辑、资源监控等功

能，使用自定义类加载器 RaspClassLoader 加载；

 ● Script.class ：定义检测逻辑，父加载器为 RaspClassLoader，使得脚本

类能够访问 rasp-plugin.jar 中的类，使用自定义类加载器 ScriptClass-

Loader 加载，并且脚本在磁盘加密在运行时解密。

premain	&	agentmain	两种方式兼顾

agentmain 和 premain 方是 Java Agent 的两种启动方式，agentmain 在 Java

进程启动后加载，而 premain 在 Java 进程启动前加载。由于启动时机不一样，带

来的差异主要有 agentmain 更新加载更加灵活，但是字节码修改时存在性能问题，

特别是对性能比较敏感的服务；而 premain 需要将 javaagent 参数加入到 JVM 启

动命令行中，完全依赖业务启动，不太灵活，但是性能上比较稳定。美团 RASP 采

用 agentmain 与 premain 结合方式，平衡灵活性与性能。原则上 premain 逻辑尽

可能的简单，避免频繁的迭代与升级。

premain	一期方案

RASP 在加载时，Java 进程的 CPU 会短暂的升高甚至打满，并且 CPU 核数越少，

升高越明显持续时间越长。根因是 Java	Agent 首次加载时会触发 JVM中的 code	

cache 区域清零机制（可以认为是 JDK 的 bug），大量热点代码的编译导致 JIT 编译

线程将 CPU 打满，并且这种现象在 CPU 核数低于 4 核时表现尤为明显。

Manifest-Version: 1.0
Premain-Class: com.meituan.rasp.agent.RaspAgent
Agent-Class: com.meituan.rasp.agent.RaspAgent
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Can-Redefine-Classes: true
Can-Retransform-Classes: true
Can-Set-Native-Method-Prefix: true

为了解决运行时 CPU 飙高问题，我们引入空的 premain 包（premain v1.0）（仅开

启上面的字节码转换的开关 Can-Redefine-Classes，无任何逻辑，也不修改字节

码），在应用启动前加载，该方案取得较大优化效果。因为无任何代码，代码兼容性

风险极小（并不是没有），因此能快速上线解决 CPU 飙高问题。以某个业务的主机为

例子，在优化前后的 cpu.busy 指标如下图 10 所示（注入前后 10 分钟）。

图 10   cpu.busy 指标优化前后对比

图 10 中红色为优化前的 cpu.busy 指标，优化前即使注入前系统负载很低（4 核

8G，cpu.busy <2%）， 注 入 瞬 间 CPU 依 然 飙 升 很 高（50%）； 蓝 色 为 优 化 后 的

cpu.busy 指标，优化后 cpu.busy 曲线较平滑，无明显尖刺。

premain	二期方案

采用 premain 一期方案的原因是代码足够简单，几乎没有兼容性问题，因此能够快

速大规模部署解决棘手的 cpu 抖动问题，上线效果较好。但是大部分服务虽然 CPU
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不飙高了，但是还有少部分的服务 TP9999 指标依然影响较大。

修改字节码TP9999线升高分析

premain 一期方案主要用来快速解决 cpu.busy 抖动问题，但是对于性能比较敏感

（如 tp9999 < 50ms）的业务，运行时字节码修改不可避免的造成 STW，从而导致

TP9999 线升高。因为字节码修改时需要进入 JVM 的 safepoint，执行字节码转换

的方法 VM_RedefineClasses::doit 会导致应用短暂地暂停响应，这部分代码执行

慢就会影响应用 TP9999 。大批量修改字节码测得火焰图如下图 11 所示：

图 11   批量字节码转换时的 Java 进程火焰图

从火焰图 11 看出，RedefineClasses 耗时主要在 VM_RedefineClasses::Ad-

justCpoolCacheAndVtable::do_klass ，hotspot JDK 官方也有类似的 issue 。

转换一个类的主要耗时在 redefine_single_class 方法，初步测试耗时占比在

https://github.com/openjdk/jdk/blob/jdk-11%2B28/src/hotspot/share/prims/jvmtiRedefineClasses.cpp
https://bugs.openjdk.org/browse/JDK-8046246
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40% ～ 80% 之间，并且一次转换类越多，占 STW 总耗时越大。

类转换STW时间与服务负载（QPS）关系

在同一服务（硬件配置 8 核 8G）测试了修改类的个数、服务负载和 STW 时间的关系

如下图 12 所示：

图 12   类转换 STW 时间与服务 QPS、转换类数量的关系

从上面数据可以对比看出：

1. 业务请求 QPS 为 0 时，STW 时间并不为 0；

2. QPS 为 20 时，一次转换的类越多，单个类的 STW 耗时越长；

3. 转换相同数量的类，随着 QPS 的增加，STW 时间有增加，但是不明显；

从上面的分析可以看出，修改字节码无法避免的产生 STW( 当然，优化这部分 JDK

代码理论上是可以实现的，但是技术难度较高，短期内无法解决），因此只能从规避

的角度出发来解决。原则上只要保证字节码修改时没有请求即可。

一种可行的方案是将字节码转换的逻辑前移到 JVM 启动前（即业务没有流量或者主
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动摘除流量），并且尽量避免有请求时大批量的回滚 / 修改字节码，能够在一定程度上

避开或者缓解 STW 影响业务请求响应时间。

premain 修改字节码

对于高频率调用的方法如 http body 参数读取、sql.execute 等，使用 premain

修改字节码插入 RASP 检测逻辑，premain agent 做到轻量级。对 RASP 的架构

做出相应修改，新增 rasp-premain.jar，让服务启动前进行加载并初始化，将字

节码的转换逻辑前置到启动时，如下图 13 所示，蓝色 jar 包为新增的 rasp-pre-

main.jar。

图 13   RASP 类加载器增加 premain agent

为了最大程度复用之前的系统架构，premain 加载后虽然字节码已经被转换，但 

RASP 的功能在逻辑上是关闭的，需要等到 agentmain 注入之后打开检测开关。
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premain 只做字节码转换，没有日志和通信等功能，不能单独工作。如图 14 所示，

优化前后 TP9999 指标有较明显改善。

图 14   优化前后注入时 TP9999 指标

运行时性能优化与整体指标

	● rasp 加载之后的流量预热

 在 RASP 的流量控制层增加对流量的计数，RASP 初次接入流量时控制接入流量的

比例（如 1%），使得业务业务流量能够预热 RASP 检测逻辑，预热时间或者次数达

到设定的阈值后，再开启 100% 的流量检测。

	● 软降级与逻辑开关

业务负载较高的场景（CPU 飙高、hook 逻辑执行严重超时等），为了避免 RASP 检

测逻辑加剧性能恶化，RASP 采样软降级措施，关闭对应 hook 类的逻辑开关，使得

部分流量不执行检测逻辑。如果性能进一步恶化，RASP 运行模式降级为观察上报模

式，待系统资源检恢复正常过后，资源监测通过后自动恢复到检测阻断模式。
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	● 延时回滚字节码

RASP 更新插件代码时，需要将 plugin 的全部对象置空，否则会有内存泄漏问题，

特别是元空间的内存泄漏，将导致业务将运行越来越慢，直到停止运行。从前面的

STW 时间结论来看，运行时的字节码回滚（和修改机制相同）也会产生 STW，因此

RASP 将 hook 代码的逻辑开关关闭后，字节码依然留在业务类中，在清理完各种对

象引用关系后，依然能够卸载 plugin 插件。

监控体系建设

全局维度的监控指标：

 ● 主机注入覆盖率大盘；

 ● coredump 总数；

 ● 高峰期字节码的修改数量；

 ● 熔断超时数量和比例；

单机维度指标：从业务层面到系统层面如下（列举部分）

 ● 业务层面：检测引擎执行耗时、TP9999、请求出错率等

 ● JVM 层面： 堆内存、元空间 / 永久代、线程死锁、插件加载次数限制、GC、

STW 耗时、字节码转换等

 ● 进程层面：Java 进程 CPU、内存、coredump、守护进程状态等

 ● 系统维度：系统 CPU、系统内存、系统磁盘空间、网络等
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图 15   RASP 监控的指标分布

系统指标和进程指标对于 Golang 来说很容易获取，相关 api 较多。这里仅以 JVM

指标元空间使用率（MetaSpace）的检测为例子说明。RASP Daemon 执行 attach

获 取 目 前 JVM 的 最 大 元 空 间（MaxMetaSpaceSize）指 标， 然 后 读 取 /tmp/

hsperfdata_${user}/pid 文件解析元空间的占用（usedMetaspaceSize 参数

在 jvm 里面是 sun.gc.metaspace.used），计算出元空间的占用比例和剩余空间，

当剩余空间不足时，禁止 RASP Agent 注入，防止 RASP 成为压垮业务的最后一根

稻草。

性能影响

测试配置 : 8 核 /8G/150G

压力：QPS 梯度 100，持续 120s，稳定施压 120s
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	● cpu.busy

表 1   注入前后的 cpu.busy 指标

基准数据（不加载RASP） 注入数据（加载RASP）
CPU指标

增量值

QPS=20 3.47% 4.18% 0.71%

QPS=100 11.70% 11.76% 0.06%

QPS=200 20.95% 21.05% 0.15%

QPS=300 32.12% 32.78% 0.66%

QPS=400 41.23% 44.2% 2.97%

QPS=500 52.78% 56.5% 3.73%

最大 QPS 620 587.8 -

拟合方程
拟合方程：y = 0.103x + 1.203 

拟合度：0.999

拟合方程：y = 0.109x + 0.827 拟合

度：0.998

cpu.busy 绝对值增加： 0.06% ～ 3.73%，整体性能与开源的 RASP 相当

	● 堆内存增加

QPS 超过 350 时系统 cpu 达到 35%，触发弹性扩容，QPS 压测到 350 可以测出

最大内存损耗。

表 2   注入前后的内存增加值

最小值 平均值 最大值

基准 (QPS=350) 422.38MB 638.34MB 3.10GB

注入 (QPS=350) 457.69MB 821.59MB 3.30GB

差值 32MB 183MB 0.2GB

注入前后对比，压测到系统弹性扩容的最大 QPS，最大堆内存增加约 200M，整体

性能与开源的 RASP 相当

	● 元空间增加

元空间 / 永久代增加 2MB，优于开源 RASP 产品
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	● 请求耗时

当前请求耗时控制在 5ms 内，优于开源 RASP 产品

漏洞检测

支持的漏洞类型

经过近多年的研发迭代，目前具备的漏洞检测类型如下，基本覆盖常见漏洞（部分）：

命令执行 ( 支持 Native 方法 )、SQL 注入、文件访问、反序列化攻击、JNDI、表达

式等等。

实时检测与阻断

不同语言实现的脚本性能比较

开源方案中采用了 JavaScript 引擎作为实现方式，JS 脚本可以被 Java、PHP 和

C++ 等各种语言兼容，具备较强的通用性。但是经过测试，与原生 Java 相比，这

些方案在性能上存在较大的差距。尽管 JavaScript 引擎具有不同语言通用性的大优

势，但在执行性能方面并不满足高性能场景下 RASP 的需求。在美团，相比于性能，

检测引擎的语言通用性并不是最重要的考虑因素。下面简单对比一下 JavaScript 和

Java 实现的检测引擎的性能。因为检测脚本主要涉及字符串的各种操作，我们选择

了字符串累加的 for 循环作为测试场景。

// java
c+='c'
// javascript
c=c+'c'

经过测试，我们发现 Java 在执行这种字符串操作的性能方面表现更好。Java 作为一

种编译型语言，具有较高的执行效率和优化能力。它可以通过使用 StringBuilder

等高效的字符串操作类来提高性能。相比之下，JavaScript 作为一种解释型语言，

执行效率相对较低。因此，在高性能场景下，使用 Java 实现的检测引擎往往能够更

好地满足需求。尽管 JavaScript 引擎具有通用性，但在性能要求较高的场景下，选
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择使用 Java实现的原生检测引擎更为合适。

表 3   10 万量级的 for 循环中跑出结果如下（单位 ms）

JavaScript Java

平均执行耗时 585 6.5

可以看出 Java 语言实现的检测引擎，性能上具备优越性。美团 RASP 使用 Java 语

言构建检测引擎，能够满足性能上的需求。

检测脚本的实现

在 RASP Plugin 中 定 义 了 检 测 脚 本 需 要 实 现 的 接 口， 脚 本 的 实 现 类 由 RASP 

Daemon 下载到磁盘上；RASP Agent 定时检测脚本文件是否更新，如果脚本更新，

使用新的类加载器加载磁盘上的 class 文件，并创建实例。

阻断与热修复

在 RASP 中，通常会在 hook 方法的执行之前（before）、返回（return）和抛出异常

处（throw）增加检测逻辑。RASP 通过使用 ASM 字节码框架，在方法的 before、

return 和 throw 处织入检测逻辑的字节码（下图 16 黄色框）。
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图 16   RASP 阻断热修复控制流程

这里以在方法返回之前增加 hook 逻辑为例子说明阻断 / 热修复的流程：
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1. 字节码插桩：使用 ASM 工具识别方法中的返回指令如（return、areturn

等），在返回指令之前插入 RASP 的检测方法的字节码，使用 instrument

的 restransform api 将修改后的字节码替换原来的字节码。

2. 运行时检测：当检测引擎返回阻断异常对象时，方法的异常处理抛出阻断异

常，终止方法的执行（上图 16 红色箭头的流程）；当检测引擎返回对象时，提

前返回指定的对象，修改返回的返回值（上图 16 中蓝色箭头的流程）；返回

Null，表示既不阻断也不返回对象（上图 16 绿色箭头的流程），不改变当前方

法的执行流程和返回对象。

热修复与阻断的区别在于热修复返回的是一个对象，这个对象是修复后的正确的

对象。

成果

美团 RASP 经过多年的建设，在覆盖对象、部署方式、性能优化、兼容性和安全策

略等多个方面逐步迭代，现在已覆盖绝大多数 Java 服务，支持众多 web 容器部署，

基本覆盖常见的安全漏洞，整体覆盖率上达到了较高水位，并且多次检测出海量的漏

洞攻击，成为美团 IDC 基础安全纵深防御体系中最重要的安全能力。

总结

本文主要介绍了美团 RASP 在研发过程中遇到的问题和解决方案。首先介绍了

RASP 的痛点问题，包括业务场景复杂、升级变更难、对业务性能影响大和缺少监控

等。对于 RASP 的升级问题，引入了插件热更新的技术，可以在不重启 Java 进程的

情况下，即时地更新 RASP 的功能。

为了降低对业务性能的影响，介绍了采取的优化措施，包括低峰期注入、启动时流

量预热、软降级与逻辑开关以及插件卸载时不回滚字节码等关键技术。然后介绍了

RASP 的监控体系建设，包括监控指标的定义和收集。最后介绍了 RASP 的性能与

灰度策略，通过对性能损耗的测试和分析，可以看出 RASP 对 CPU 和 QPS 的影响
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较小。在灰度策略方面，RASP 结合了业务形态，特性影响等，选择合适的验证机制

和测试方法。

后续规划
 ● 新型容器形态支持：美团 IDC 形态中，逐步从 VM、富容器过度到轻容器，未

来轻容器会越来越多，RASP 的管控机制、容器隔离机制，都是未来 RASP

的挑战；

 ● 低打扰无感接入：宿主业务的低打扰，注入性能影响，小众场景的覆盖，依旧

是 RASP 的核心重点，让业务无感、自动、默认接入 RASP，提升整体 IDC

防御水位；

 ● 管控、监控自动化：管控端的配置下发依赖链路较多、流程较长，配置变更成

本风险高，优化为更高效、更实时、更准确的机制；
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(a) Consistent class distribution (b) Uniform class distribution (c) Reversed class distribution (d) Test accuracy gain

Figure 1. Experimental results on CIFAR10-LT [35]. (a)-(c): Class distribution of unlabeled data quantity and entropy for three typical
settings, which have the same labeled data quantity distribution but differ in unlabeled ones. Both the data quantity and entropy are the
statistical averages within one epoch after model convergence. Unexpected discrepancies are observed across all settings between the
distribution of data quantity and entropy, particularly for head and tail classes. Notably, classes 3-6 exhibit the highest entropy, indicating
greater uncertainty. (d): Test accuracy gain brought by BEM for various LTSSL frameworks in consistent setting.

Abstract

Data mixing methods play a crucial role in semi-
supervised learning (SSL), but their application is unex-
plored in long-tailed semi-supervised learning (LTSSL). The
primary reason is that the in-batch mixing manner fails to
address class imbalance. Furthermore, existing LTSSL meth-
ods mainly focus on re-balancing data quantity but ignore
class-wise uncertainty, which is also vital for class balance.
For instance, some classes with sufficient samples might
still exhibit high uncertainty due to indistinguishable fea-
tures. To this end, this paper introduces the Balanced and
Entropy-based Mix (BEM), a pioneering mixing approach
to re-balance the class distribution of both data quantity
and uncertainty. Specifically, we first propose a class bal-
anced mix bank to store data of each class for mixing. This
bank samples data based on the estimated quantity distri-
bution, thus re-balancing data quantity. Then, we present
an entropy-based learning approach to re-balance class-
wise uncertainty, including entropy-based sampling strategy,
entropy-based selection module, and entropy-based class
balanced loss. Our BEM first leverages data mixing for im-
proving LTSSL, and it can also serve as a complement to the
existing re-balancing methods. Experimental results show
that BEM significantly enhances various LTSSL frameworks

and achieves state-of-the-art performances across multiple
benchmarks.

1. Introduction
Semi-supervised learning (SSL) capitalizes on unlabeled
data to reduce the cost of data labeling and boost the perfor-
mance of models [22, 36, 47, 54, 61]. The general paradigm
of most approaches is to randomly generate two views
of an image with various augmentation methods and then
use the output of one as the pseudo label to supervise the
other [12, 55, 72]. As a simple and effective augmentation
technique introduced in supervised learning [7, 26, 30, 62],
data mixing is widely used in SSL algorithms [8, 9, 63],
further enhancing model generalization and performance.

However, most existing SSL algorithms assume a bal-
anced dataset, ignoring the real-world prevalence of long-
tailed class distributions [6, 16, 27, 28, 74, 75]. To deal
with this class imbalance scenario, various long-tailed semi-
supervised learning (LTSSL) methods have been proposed,
such as re-sampling [65], logit alignment [45, 66], and
pseudo label alignment [39, 46]. Nevertheless, data mix-
ing is rarely explored in LTSSL. The primary reason is that
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existing data mixing methods (e.g. MixUp [73], CutMix [69],
and SaliencyMix [58]) often perform random mixing within
a batch. Consequently, the infrequent tail classes may not
be adequately sampled when the batch size is small. This
hinders a balanced class distribution, which is crucial for
LTSSL.

To make data mixing suitable for LTSSL, let us consider
two key questions: i) How can we apply data mixing to
effectively re-balance the data quantity for each class?
ii) Is it sufficient to solely focus on re-balancing data
quantity to achieve class balance? For the second question,
we notice that previous LTSSL methods mainly focus on
addressing the issue of long-tailed class distribution in terms
of data quantity. These methods ignore the fact that class
performance also depends on class-wise uncertainty [40, 42,
43, 52], which is associated with the training difficulty for
each class. For instance, some classes with sufficient samples
may still encounter high training difficulty due to the high
uncertainty induced by indistinguishable features. As shown
in Fig. 1 (a)-(c), we quantify the uncertainty by entropy [43]
and compare this class-wise entropy with data quantity under
three typical settings [66]. The results reveal a significant
disparity between the class distribution of entropy and data
quantity across all settings. This finding emphasizes the
limitation of solely re-balancing data quantity, as it does not
consider classes with high uncertainty, ultimately limiting
performance improvement. Thus, it is crucial to also address
the re-balancing of class-wise uncertainty, i.e. entropy.

To tackle the above problems, this paper presents a novel
data mixing paradigm, called Balanced and Entropy-based
Mix (BEM), for LTSSL. Specifically, we first introduce
a simple mixing strategy, named as CamMix, which has
a strong localization capability to avoid redundant areas
for mixing. Then, we establish a class balanced mix bank
(CBMB) to store and sample class-wise data for mixing. The
sampling function follows the estimated class distribution of
data quantity and we adopt the effective number [16] to repre-
sent the realistic data quantity of each class. Our CamMix in-
corporated CBMB can effectively re-balance the class-wise
data quantity in an end-to-end optimized manner, which can
not be achieved by the re-sampling methods [10, 32, 65, 80]
with the complex training procedures.

Further, we present a novel entropy-based learning ap-
proach to re-balance class-wise uncertainty. Entropy-based
sampling strategy (ESS) integrates class-wise entropy into
the quantity-based sampling function. In addition, entropy-
based selection module (ESM) adaptively determines the
sampled data ratio between labeled and unlabeled data dur-
ing mixing to manage the trade-off between guiding high-
uncertainty unlabeled data [5, 64] with confident labeled data
and maximizing the utilization of unlabeled data. Finally,
we incorporate the class balanced loss [16] with class-wise
entropy to form entropy-based class balanced (ECB) loss.

We highlight that our BEM is the first method that lever-
ages data mixing to enhance LTSSL. Our results demonstrate
that BEM can effectively complement existing re-balancing
methods by boosting their performance across several bench-
marks. As shown in Fig. 1 (d), our method enhances Fix-
Match [55], FixMatch+LA [45], FixMatch+ABC [39], Fix-
Match+ACR [66], achieving to 11.8%, 4.4%, 1.4% and 2.5%
average gains on test accuracy, respectively. Additionally,
BEM proves to be a versatile framework, performing well
across different data distributions, diverse datasets, and vari-
ous SSL learners.

2. Related Work
Data mixing. MixUp [73] and CutMix [69] are typical
data mixing methods used in various computer vision tasks.
While performing mixing at element-wise and region-wise
levels respectively, they share a common limitation of ne-
glecting class content, thus introducing substantial redundant
context irrelevant to class content [19, 48]. To achieve class
balance in LTSSL, it is essential to ensure that the selected
region for mixing contains related class content and avoids
redundancy. SaliencyMix [58] alleviates this issue by using
a saliency map to ensure that selected regions contain class
content, but the resulting region is still too coarse to avoid
numerous redundant areas. In our paper, CamMix achieves
tighter localization of class regions to minimize redundant
areas, which is particularly well-suited for LTSSL.
Data mixing in semi-supervised learning. Data mixing is
crucial in SSL, enhancing model performance by creating
diverse training samples. For instance, MixMatch [9] uti-
lizes MixUp [73] as the data mixing technique to learn a
robust model. ReMixMatch [8] adds distribution alignment
and augmentation anchoring to the MixMatch framework.
ICT [63] employs the mean teacher model and implements
MixUp on unsupervised samples. Despite widely used in
SSL algorithms, almost no methods in LTSSL apply data
mixing. This is mainly due to the limitation of employing
in-batch mixing, which fails to address the class imbalance
problem. Our method stands out as the first to incorporate
data mixing in LTSSL.
Long-tailed semi-supervised learning. LTSSL is gaining
attention due to its real-world applicability. For example,
CReST [65] refines the model by iteratively enriching the la-
beled set with high-quality pseudo labels in multiple rounds.
ABC [39] uses an auxiliary balanced classifier, trained by
down-sampling majority classes. DASO [46] mitigates class
bias by adaptively blending linear and semantic pseudo la-
bels. ACR [66], the current state-of-the-art method, pro-
poses a dual-branch network and dynamic logit adjustment.
However, none of these methods utilizes data mixing to fur-
ther enhance their performance as in SSL. CoSSL [20] uses
MixUp at the feature level for minority classes and decou-
ples representation learning and classifier learning. However,

2
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Figure 2. Left: The overview of Balanced and Entropy-based Mixing (BEM), incorporating with FixMatch [55] as an example in this
figure. BEM consists of two sub-modules: class balanced mix bank (CBMB) and entropy-based learning (EL). CBMB re-balances data
quantity through the proposed CamMix, guided by a class-balanced sampling function. EL further re-balances class-wise uncertainty using
three techniques: entropy-based sampling strategy (ESS), entropy-based selection module (ESM) and entropy-based class balanced loss
(Lecb). Right: The sampling and CamMix process of BEM. The sampling process considers both the class distribution of data quantity and
uncertainty, which are estimated on the fly. CamMix extracts the bounding box from the high response area of the CAM to form mixed data.
(The lock icon denotes the unknown distribution that needs estimation, and the ⊕ icon denotes the process of CamMix.).

this feature mixing method assumes identical class distribu-
tions for labeled and unlabeled data and requires a complex
training approach. Our study considers non-ideal class distri-
butions and designs a simple image-level mixing method in
an end-to-end training framework.

3. Preliminaries
Semi-supervised learning. In SSL, the training data consists
of labeled data X = {(xn, yn)}Nn=1 and unlabeled data U =
{um}Mm=1. Here, xn and um are training samples, yn is the
ground truth, N and M denote the quantity of labeled data
and unlabeled data, respectively. A representative framework
of SSL is FixMatch [55], which utilizes unlabeled data with
the Weak and Strong Augmentation. For an unlabeled sample
um, it first takes a weakly-augmented version of um as the
input of the model f(·) to compute the prediction. Then, it
uses qm = argmax(f(Aw(um))) as one-hot pseudo label,
while applying the prediction from a strongly-augmented of
um to calculate the cross entropy loss Lu:

Lu =
B∑

m=1

I(max(f(Aw(um))) > τ)H(f(As(um)), qm)︸ ︷︷ ︸
Lcls

,

(1)
where B denotes the batch size, H(·) is cross entropy and
Lcls denotes original classification loss term. I(max(qm) >

τ) is the mask to filter low-confidence pseudo label with
a threshold of τ , abbreviated as Mu(·) in the following
part. Aw and As denotes the weak augmentation (e.g., ran-
dom crop and flip) and strong augmentation (e.g., RandAug-
ment [15] and Cutout [18]), respectively.
Long-tailed semi-supervised learning. In LTSSL, a dataset
with a long-tailed distribution is characterized by the minor-
ity of classes possessing a large number of samples, while
the majority of classes contain only a few samples. Given
C classes across the dataset, Nc represents the quantity of
labeled data for class c. Without loss of generality, we as-
sume that N1 ≥ N2 ≥ ·· · ≥ NC and the imbalanced ratio is
denoted by γl = N1/NC . Similarly, we can denote the quan-
tity of unlabeled data as Mc for class c and the imbalanced
ratio as γu = maxc Mc/minc Mc.

4. Balanced and Entropy-based Mix (BEM)
The Balanced and Entropy-based Mix (BEM) is a plug-and-
play method based on the existing SSL framework. Fig. 2
shows the overview of BEM, incorporating FixMatch [55]
as an example. Specifically, our entropy-based learning (EL)
takes the prediction of the weakly augmented samples as
input to perform entropy-based sampling and selection. Then,
strongly augmented samples are mixed with data from class
balanced mix bank (CBMB) using our CamMix. Based on
the estimated distribution of data quantity and uncertainty,

3
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we employ the entropy-based class balance (ECB) loss Lecb

to train the overall framework. Please refer to Appendix C
for the pseudo-code of BEM.

4.1. CamMix

Most data mixing methods, such as MixUp [73] and Cut-
Mix [69], lack the localization ability for class re-balancing.
Although SaliencyMix [58] has initial localization ability, it
still tends to extract excessive redundant context. To this end,
we propose CamMix to replace the saliency map of Salien-
cyMix with Class Activation Map (CAM) [79] to achieve
more accurate localization. Specifically, we feed images into
the prediction model (i.e. ResNet50 [23]) to generate the
CAM, where the last layer of the third block of ResNet50 is
used as the CAM layer. The resulting CAM is used to extract
the largest connected region using a threshold of τc. Finally,
we obtain the bounding box of this region and paste the cor-
responding patch onto the original image. The pseudo-code
of CamMix can be found in the Appendix C.

4.2. Class Balanced Mix Bank (CBMB)

Previous in-batch data mixing methods used in SSL are
limited to increasing the data quantity of tail classes, thus
failing to re-balance the class distribution. To address this
issue, we further propose a class balanced mix bank (CBMB)
that stores samples for each class and adequately selects
samples to be mixed based on a prior-based class-balancing
rule. In essence, the more frequent a class, the more samples
are used in the data mixing process. As noted in [16], there
is overlap in the data, necessitating the use of the effective
number Ec to measure the realistic class distribution of data
quantity:

Ec =
1− βNc

1− β
, (2)

where Nc represents the data quantity of class c, while the
hyper-parameter β is set to 0.999 in our experiments.

The effective number of labeled data, denoted as Ex
c , can

be obtained directly using Eq. 2. As the class distribution of
unlabeled data is unknown, we estimate it using a simple yet
effective approach. Specifically, at each iteration t, we obtain
the class distribution of the pseudo label dutc and update the
class distribution of the entire unlabeled dataset duc , using
an Exponential Moving Average (EMA) approach once the
training status stabilizes.

duc ← λdd
u
c + (1− λd)d

ut
c , (3)

where λd denotes the EMA weight. To obtain the effective
number of unlabeled data for each class Eu

c , we substitute
the class-wise data quantity Nu

c = Mduc into Eq. 2, where
M is the quantity of entire unlabeled dataset. Then, we
obtain the effective number of total data for each class by

Ec = Ex
c + Eu

c and perform our CamMix using the initial
sampling function as follows:

sc =
Fc∑C
c=1 Fc

, (4)

where Fc = 1/Ec and sc denotes the sampling probability
for class c. By accurately estimating the class distribution
of the dataset, we can enhance the precision of mixed data
sampling. Our data mixing achieves class balance among
training samples, equivalent to re-sampling during training.

4.3. Entropy-based Learning (EL)

In the previous section, we re-balance training samples to
initially alleviate the long-tail distribution problem. How-
ever, class balance does not only depend on data quantity.
Class-wise uncertainty, which can be quantified by entropy,
is also vital for class performance as it reflects training diffi-
culty. Thus, we propose an entropy-based learning approach
to re-balance class-wise entropy, including entropy-based
sampling strategy (ESS), entropy-based selection module
(ESM) and entropy-based class balanced (ECB) loss.
Entropy-based Sampling Strategy. To consider class-wise
uncertainty in the sampling process, we define the class-
wise entropy exc and euc for the entire labeled and unlabeled
dataset, and update them in EMA manner by using the aver-
age entropy extc and eutc at each training iteration t as follows:

extc =
1

N t
c

Nt
c∑

n=1

C∑

c=1

−fc(Aw(xn)) log(fc(Aw(xn)))

eutc =
1

M t
c

Mt
c∑

m=1

C∑

c=1

−fc(Aw(um)) log(fc(Aw(um))),

(5)

exc ← λee
x
c + (1− λe)e

xt
c

euc ← λee
u
c + (1− λe)e

ut
c ,

(6)

where N t
c and M t

c represent the data quantity within one
batch belonging to class c according to the ground truth and
pseudo label respectively, and λe denotes the EMA weight.
It’s worth noting that we start estimating the entropy of data
once the training status stabilizes. Then, we obtain the total
class-wise entropy, i.e. ec = euc + exc , and subsequently
compute the final sampling probability ŝc:

ŝc = δ(αsc + (1− α)s′c), (7)

where s′c is the normalization of ec, denoted as s′c =

ec/
∑C

c=1 ec, the hyper-parameter α is used to balance be-
tween the effective number and entropy. The convex function
δ(·) is utilized to map the sampling function better according
to FlexMatch [72]. Finally, we can obtain a more compre-
hensive sampling function ŝc for CamMix.
Entropy-based Selection Module. Previous work [8, 9, 63]
in SSL primarily uses unlabeled samples for data mixing.

4
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Yet, some pseudo labels possess high uncertainty [5, 64],
especially for challenging samples or in early training stages,
causing confirmation bias [5]. Our data mixing approach
allows the selection of both labeled and unlabeled data. We
suggest augmenting high-uncertainty unlabeled data with
confident labeled data. However, this beneficial mixing may
under-utilize unlabeled data when the regions of labeled data
cover unlabeled ones, leaving them unexploited in training.
This trade-off is a crucial consideration in data mixing. Thus,
we utilize sample-wise entropy em as the selection indicator
between labeled and unlabeled samples in data mixing as:

em =

C∑

c=1

−fc(Aw(um)) log(fc(Aw(um))). (8)

We then define Mh(·) and Ml(·) as the masks of high
and low entropy for selecting labeled and unlabeled samples
respectively. They are also used to mask the unsupervised
loss as in the Appendix A. These masks can be expressed as:

Mh(um) = I(em > τe)

Ml(um) = I(em < τe),
(9)

where τe is the selection threshold of the entropy mask,
updated in EMA manner:

τe ← λτ τe + (1− λτ )e
t, (10)

where λτ denotes the EMA weight, et is the average en-
tropy of unlabeled data at each training iteration t, i.e.
et = 1

B

∑B
m=1 em. In the early training stages, we select

more labeled samples for mixing due to the uncertainty of
model prediction on some unlabeled data. As training pro-
gresses and predictions become more reliable, the utilization
of unlabeled data increases.
Entropy-based class balanced loss. We further apply the
class balanced loss, which is first introduced in [16] to re-
balance the class distribution by utilizing the weighted loss
based on the class-wise effective number as Lcb = Lcls/Ec.
By normalizing 1/Ec as Eq. 4, we can obtain Lcb = scLcls.

Moreover, to tackle the class-wise uncertainty problem
in LTSSL, we propose entropy-based class balanced loss
Lecb on the unlabeled data. Lecb uses ŝc to measure both the
effective number and uncertainty as:

Lecb = ŝucLcls, (11)

where ŝuc is calculated by Eq. 7, but only based on unlabeled
data. Finally, Lecb can be weighted towards both tail classes
and high uncertainty classes, further re-balancing the train-
ing process. Unlike previous entropy-based losses [22, 51],
our loss focuses on class-wise uncertainty instead of sample-
wise, making it ideally suited for the LTSSL problem char-
acterized by large category gaps. A detailed description of
the loss functions can be found in the Appendix A.

5. Experiments
5.1. Experimental setup

Datasets. We perform evaluation experiments of our pro-
posed method on widely used long-tailed datasets, including
CIFAR10-LT [35], CIFAR100-LT [35], STL10-LT [14] and
ImageNet-127 [20]. To create imbalanced versions of the
datasets, we randomly discard training samples to main-
tain the pre-defined imbalance ratio. With the imbalance
ratio γl and maximum number N1 of labeled samples, we
can calculate the number of labeled samples for class c as

Nc = N1 × γ
− c−1

C−1

l . Similarly, using the parameters γu and
M1, we can determine the class distribution of unlabeled
data quantity as in the labeled samples. For a detailed intro-
duction to the datasets, please refer to the Appendix B.
Implementation Details. Following DASO [46], we apply
our method to various baseline frameworks, including Fix-
Match [55], FixMatch + LA [45], FixMatch + ABC [39] and
FixMatch + ACR [66]. We compare our method with recent
re-balancing methods like DARP [33], CReST/CReST+ [65]
and DASO [46]. For a fair comparison, our code is developed
based on DASO and ACR, implemented with Pytorch [49].
We conduct our experiments on CIFAR10-LT, CIFAR100-LT
and STL-10 using Wide ResNet-28-2 [70], and on ImageNet-
127 using ResNet-50 [23]. The top-1 accuracy on the test
set is used as the evaluation metric. The mean and standard
deviation of three independent runs are reported. Due to the
page limitation, detailed training settings are provided in the
Appendix B.

5.2. Results on CIFAR10/100-LT and STL10-LT.

We first consider the γl = γu situation which is the most
common scenario in SSL. Then, we investigate the perfor-
mance of the methods by setting γl �= γu, including uniform
(γu = 1) and reversed (γu = 1/100) scenarios.
In case of γl = γu. As shown in Tab. 1, we compare our
method with existing re-balancing methods under various
baseline settings. When setting FixMatch as the baseline,
our BEM shows superior performance improvement in most
scenarios. When further adding LA to FixMatch for label
re-balancing, our BEM outperforms all other configurations.
When integrating ABC into FixMatch for pseudo label re-
balancing, our BEM can benefit the baseline more than the
DASO. Finally, we also demonstrate that our methods can
complement ACR, achieving the SOTA performance with an
average gain of 18.35% over FixMatch for CIFAR10-LT. In
summary, our BEM achieves consistent and significant gain
under all baseline settings, showing its great adaptability.
The main reason is that, unlike most previous methods with
pseudo label or logit adjustment, we directly re-balance the
class distribution through data mixing, a vital technique
missing in them, thus complementing these methods.
In case of γl �= γu. In real-world datasets, the class dis-
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Table 1. Comparison of test accuracy with combinations of different baseline frameworks under γl = γu setup on CIFAR10-LT and
CIFAR100-LT. The best results for each diversion are in bold.

CIFAR10-LT CIFAR100-LT
γ = γl = γu = 100 γ = γl = γu = 150 γ = γl = γu = 10 γ = γl = γu = 20

N1 = 500 N1 = 1500 N1 = 500 N1 = 1500 N1 = 50 N1 = 150 N1 = 50 N1 = 150
Algorithm M1 = 4000 M1 = 3000 M1 = 4000 M1 = 3000 M1 = 400 M1 = 300 M1 = 400 M1 = 300

Supervised 47.3±0.95 61.9±0.41 44.2±0.33 58.2±0.29 29.6±0.57 46.9±0.22 25.1±1.14 41.2±0.15
w/LA [45] 53.3±0.44 70.6±0.21 49.5±0.40 67.1±0.78 30.2±0.44 48.7±0.89 26.5±1.31 44.1±0.42

FixMatch [55] 67.8±1.13 77.5±1.32 62.9±0.36 72.4±1.03 45.2±0.55 56.5±0.06 40.0±0.96 50.7±0.25
w/DARP [33] 74.5±0.78 77.8±0.63 67.2±0.32 73.6±0.73 49.4±0.20 58.1±0.44 43.4±0.87 52.2±0.66
w/CReST+ [65] 76.3±0.86 78.1±0.42 67.5±0.45 73.7±0.34 44.5±0.94 57.4±0.18 40.1±1.28 52.1±0.21
w/DASO [46] 76.0±0.37 79.1±0.75 70.1±1.81 75.1±0.77 49.8±0.24 59.2±0.35 43.6±0.09 52.9±0.42
w/BEM (ours) 75.8±1.13 80.3±0.62 69.7±0.91 75.7±0.22 50.4±0.34 59.0±0.23 44.1±0.18 54.3±0.36

FixMatch+LA [45] 75.3±2.45 82.0±0.36 67.0±2.49 78.0±0.91 47.3±0.42 58.6±0.36 41.4±0.93 53.4±0.32
w/DARP [33] 76.6±0.92 80.8±0.62 68.3±0.94 76.7±1.13 50.5±0.78 59.9±0.32 44.4±0.65 53.8±0.43
w/CReST [65] 76.7±1.13 81.1±0.57 70.9±1.18 77.9±0.71 44.0±0.21 57.1±0.55 40.6±0.55 52.3±0.20
w/DASO [46] 77.9±0.88 82.5±0.08 70.1±1.68 79.0±2.23 50.7±0.51 60.6±0.71 44.1±0.61 55.1±0.72
w/BEM (ours) 78.6±0.97 83.1±0.13 72.5±1.13 79.9±1.02 51.3±0.26 61.9±0.57 44.8±0.21 56.1±0.54

FixMatch+ABC [39] 78.9±0.82 83.8±0.36 66.5±0.78 80.1±0.45 47.5±0.18 59.1±0.21 41.6±0.83 53.7±0.55
w/DASO [46] 80.1±1.16 83.4±0.31 70.6±0.80 80.4±0.56 50.2±0.62 60.0±0.32 44.5±0.25 55.3±0.53
w/BEM (ours) 79.8±0.82 83.9±0.34 70.7±0.78 80.8±0.67 50.0±0.15 60.9±0.42 44.4±0.18 55.5±0.84

FixMatch+ACR [66] 81.6±0.19 84.1±0.39 77.0±1.19 80.9±0.22 55.7±0.12 65.6±0.16 48.0±0.75 58.9±0.36
w/BEM (ours) 83.5±0.33 85.5±0.28 78.1±0.99 83.8±1.12 55.8±0.32 66.3±0.24 48.6±0.45 59.8±0.37

Table 2. Comparison of test accuracy with combinations of different baseline frameworks under γl �= γu setup on CIFAR10-LT and
STL10-LT. The γl is fixed to 100 for CIFAR10-LT, and the γl is set to 10 and 20 for STL10-LT. The N/A denotes the class distribution of
data quantity is unknown. The best results for each diversion are in bold.

CIFAR10-LT(γl �= γu) STL10-LT(γu = N/A)
γu = 1(uniform) γu = 1/100(reversed) γl = 10 γl = 20

N1 = 500 N1 = 1500 N1 = 500 N1 = 1500 N1 = 150 N1 = 450 N1 = 150 N1 = 450
Algorithm M1 = 4000 M1 = 3000 M1 = 4000 M1 = 3000 M = 100k M = 100k M = 100k M = 100k

FixMatch [55] 73.0±3.81 81.5±1.15 62.5±0.94 71.8±1.70 56.1±2.32 72.4±0.71 47.6±4.87 64.0±2.27
w/DARP [33] 82.5±0.75 84.6±0.34 70.1±0.22 80.0±0.93 66.9±1.66 75.6±0.45 59.9±2.17 72.3±0.60
w/CReST [65] 83.2±1.67 87.1±0.28 70.7±2.02 80.8±0.39 61.7±2.51 71.6±1.17 57.1±3.67 68.6±0.88
w/CReST+ [65] 82.2±1.53 86.4±0.42 62.9±1.39 72.9±2.00 61.2±1.27 71.5±0.96 56.0±3.19 68.5±1.88
w/DASO [46] 86.6±0.84 88.8±0.59 71.0±0.95 80.3±0.65 70.0±1.19 78.4±0.80 65.7±1.78 75.3±0.44
w/BEM(ours) 86.8±0.47 89.1±0.75 70.0±1.72 79.1±0.77 68.3±1.15 81.2±1.42 61.6±0.98 76.0±1.51

FixMatch+ACR [66] 92.1±0.18 93.5±0.11 85.0±0.09 89.5±0.17 77.1±0.24 83.0±0.32 75.1±0.70 81.5±0.25
w/BEM(ours) 94.3±0.14 95.1±0.56 85.5±0.21 89.8±0.12 79.3±0.34 84.2±0.56 75.9±0.15 82.3±0.23

tribution of unlabeled data remains unknown or inconsis-
tent with labeled data. For CIFAR10-LT, we consider two
extreme scenarios: uniform and reversed. For STL10-LT,
where the class distribution of unlabeled data is unknown,
we set γl ∈ {10, 20} and N1 ∈ {150, 450}.

As shown in Tab. 2, our methods yield an average im-
provement of 14.1% and 11.1% over FixMatch in two scenar-
ios for CIFAR10-LT. However, our method is less effective
than DASO under the reversed setting. We speculate that
data mixing methods cannot achieve thorough re-balancing

in challenging scenarios, unlike approaches from the pre-
diction perspective. However, integrating ACR results in
the best performance on CIFAR10-LT, even under the re-
versed setting, with an average gain of 22.9% and 30.9%
over FixMatch. Similarly, for STL-10, our method enhances
the performance of FixMatch and achieves the best perfor-
mance when combined with ACR. This highlights the value
of our BEM for re-balancing methods. Further comparisons
of our method with more re-balancing methods can be found
in the Appendix D.
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Table 3. Comparison of test accuracy with combinations of different
SSL learners, including MeanTeacher, FlexMatch and SoftMatch.

C10-LT C100-LT STL10-LT

N1 = 1500 N1 = 150 N1 = 450
M1 = 3000 M1 = 300 M = 100k

Algorithm γu = 100 γu = 1 γu = 10 γu = N/A

MeanTeacher[57] 68.6±0.88 46.4±0.98 52.1±0.09 54.6±0.17
w/BEM(Ours) 73.5±0.56 81.3±1.67 60.1±0.43 75.3±0.59

FlexMatch [72] 79.2±0.92 82.2±0.23 62.1±0.86 74.9±0.42
w/BEM(Ours) 81.2±0.50 88.0±0.17 68.4±0.79 81.2±0.92

SoftMatch [12] 79.6±0.46 78.3±0.86 62.8±0.33 75.5±0.74
w/BEM(Ours) 82.0±0.38 84.5±0.25 68.9±1.08 82.8±0.49

BEM on the SSL learner. We further validate the adapt-
ability of BEM with various SSL learners, including Mean-
Teacher [57], FlexMatch [72] and SoftMatch [12]. Notably,
FlexMatch and SoftMatch outperform FixMatch on balanced
datasets. For SoftMatch, we only apply Lcb considering its
training process already re-weights the loss based on class-
wise confidence. Following DASO, we set γl = 100 for
CIFAR10-LT and γl = 10 for CIFAR100-LT and STL10-
LT. As depicted in Tab. 3, our method enhances the per-
formance of all SSL learners under each setting. Specially,
MeanTeacher initially underperforms on the Long-Tailed
dataset but achieves gains of 41.1%, 15.4%, and 37.9% on
three datasets by applying BEM. SoftMatch, the state-of-the-
art SSL method, also gains an additional 5.5%, 9.7% and
9.7% improvement with our BEM.

5.3. Results on ImageNet-127.

ImageNet127, initially introduced in [31] and later employed
by CReST [65] for imbalanced SSL, is a naturally imbal-
anced dataset with an imbalance ratio γ ≈ 286. It groups
the 1000 classes of ImageNet [17] into 127 classes, based
on the WordNet hierarchy. Due to resource constraints, we
down-sample the origin ImageNet127 images to 32 × 32
or 64 × 64 pixel images [20] and randomly select 10% of
training samples as the labeled set. Given the long-tailed
test set, we set α = 0.2 to reduce sampling and loss weight
bias towards tail classes, favoring high uncertainty classes
instead. Tab. 4 demonstrates the superiority of our method
over FixMatch, even without other re-balancing techniques.
When combined with ACR, our method achieves the best re-
sults for both image sizes (95.3% and 51.1% absolute gains
over FixMatch). This shows the applicability of our BEM to
long-tailed test datasets and its ability to enhance previous
re-balancing methods.

5.4. Comprehensive analysis of the method.

We perform comprehensive ablation studies to further under-
stand how our method enhances baseline frameworks. Fol-
lowing DASO, we use CIFAR10-LT (C10) with N1 = 500,

Table 4. Comparison of test accuracy with combinations of different
baseline frameworks on ImageNet-127.

Algorithm 32× 32 64× 64

FixMatch [55] 29.7 42.3
w/DARP [33] 30.5 42.5
w/DARP+cRT [33] 39.7 51.0
w/CReST+ [65] 32.5 44.7
w/CReST++LA [45] 40.9 55.9
w/CoSSL [20] 43.7 53.9
w/TRAS [67] 46.2 54.1
w/BEM(Ours) 53.3 58.2
w/ACR [66] 57.2 63.6
w/ACR+BEM(Ours) 58.0 63.9

Table 5. Ablation study on different mixing strategies. Apart from
BEM, all other methods perform mixing within the same batch.

Algorithm C10 STL10
FixMatch [55] 67.8 56.1

w/MixUp [73] 69.9 63.2
w/CutMix [69] 70.2 62.5
w/SaliencyMix [58] 70.8 64.0
w/CamMix(Ours) 71.9 64.8
w/BEM(Ours) 75.7 68.3

γ = 100 and STL10-LT (STL10) with N1 = 150, γl = 10
to cover both γl = γu and γl �= γu cases. Our baseline
framework is FixMatch. More results are provided in the
Appendix D.
Ablation study on different mixing strategies. We com-
pare our mixing method with existing techniques including
MixUp [73], CutMix [69] and SaliencyMix [58] to demon-
strate its effectiveness in Tab. 5. First, we mix data within the
same batch. SaliencyMix outperforms CutMix and MixUp
on both datasets, and our CamMix surpasses SaliencyMix,
indicating better localization ability. By further optimizing
the in-batch mixing method, BEM achieves the best results.
Ablation study on each component of BEM. We verify
each component in BEM by either removal or standard com-
ponent replacement in Tab. 6. The accuracy on both datasets
reduces sharply when replacing CamMix with CutMix. It
highlights the importance of semantic region selection. We
then remove CBMB and implement random sampling, result-
ing in a maximum performance decrease of 5.1% and 4.9%,
respectively. This suggests our CBMB effectively tackles the
long-tail problem. Removing ESS, denoted as setting α = 1,
also leads to a decline in the model’s performance. When
we remove ESM and merely use unlabeled data mixing, it
results in a 4.4% performance decrease on STL10. This im-
plies initial training phase guidance from confident labeled
data resolves the problem of pseudo label errors especially
when γl �= γu. Finally, the removal of the ECB loss also

7
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Table 6. Ablation study on each component of BEM.

C10 STL10
BEM(Ours) 75.7 68.3

w/o CamMix 74.0 66.6
w/o CBMB 72.1 65.0
w/o ESS 74.7 67.0
w/o ESM 75.3 65.3
w/o ECB Loss 74.9 67.2

��������������������� �������������������� ��������������� ��������������

(a) Consistent (b) Uniform (c) Reversed

Figure 3. Class distribution of data quantity and entropy in three
settings. Each mixed data is calculated as containing two classes.

causes a performance drop on both datasets.
Furthermore, we conduct a qualitative analysis of the

performance enhancement achieved by BEM on CIFAR10-
LT, setting γl = γu = 100, N1 = 500 and M1 = 4000.
More visualization analysis can be seen in the Appendix E.
Visualization of the class distribution of unlabeled data
quantity and entropy. To verify the effect of BEM on the
re-balancing training process, we visualize the class distribu-
tion of data quantity and entropy. Fig. 3 reveals our method’s
effect on re-balancing data quantity across all settings. More-
over, our approach notably diminishes uncertainty via en-
tropy and re-balances class-wise entropy, particularly in uni-
form settings where higher entropy classes engage more
training samples, thus lowering uncertainty.
Visualization of T-SNE. Additionally, we visualize the learn-
ing representation on the balanced test set using t-distributed
stochastic neighbor embedding (t-SNE) [59]. We apply our
method to FixMatch and ACR respectively. The results in
Fig. 4 suggest that our method generates clearer classifica-
tion boundaries for representations.
Visualization of data mixing. As shown in Fig. 5, we com-
pare intermediate images from various data mixing methods
on STL10 due to the high-resolution input. Five images with
different target sizes are selected to visualize. CutMix shows
strong randomness and tends to miss the class content, espe-
cially when the target is small (see in (e)). Although Salien-
cyMix has initial target localization ability, it often fails to
accurately locate key areas and tends to include numerous

Classification boundaries

(a) FixMatch (b) FixMatch w/BEM

(c) ACR (d) ACR w/BEM

Figure 4. Comparison of t-SNE visualization with combinations of
FixMatch and ACR.

���
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������ �
�	��

Figure 5. The visualization of data mixing process for CutMix,
SaliencyMix, and CamMix on STL10-LT. The red box indicates
the image area selected by data mixing.

redundant contexts (see in (c) and (e)). CamMix shows the
best localization ability, accurately locating the class con-
tent based on CAM. As τc increases, localization accuracy
improves and inclusion of redundant context decreases.

6. Conclusion
In this work, we introduce a novel approach, Balanced and
Entropy-based Mix (BEM), to enhance long-tailed semi-
supervised learning by re-balancing the training process. Spe-
cially, we re-balance data quantity using the class balanced
mix bank and re-balance class-wise uncertainty through the
entropy-based learning approach. As the first method to
leverage data mixing in LTSSL, BEM significantly boosts
the accuracy of various LTSSL frameworks across multiple
benchmarks, offering a complementary technique for other
re-balancing methods.
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BEM: Balanced and Entropy-based Mix
for Long-Tailed Semi-Supervised Learning

Supplementary Material

A. Detailed Loss Functions
We detail the loss functions for the training in this sec-
tion. For the labeled data, we directly adopt the cross en-
tropy H(·) to calculate the supervised loss Ls. For the unla-
beled data, we first follow FixMatch [55] to filter samples
with low-confidence pseudo label by a mask Mu(um) =
I(max(f(Aw(um))) > τ). Then, we can obtain Mh and
Ml, the masks of high and low entropy for selecting labeled
samples (xs

m, ysm) and unlabeled samples us
m in data mixing.

Given the mixed samples u′
m from CAMmix, we can obtain

four types of unsupervised loss (i.e. Lh
u, Ll

u, L
h
us , and Ll

us),
in which Lh

u, Ll
u and Ll

us are weighted by the entropy-based
class balanced weight ŝu to form the Lecb. Specifically, Lh

u

and Ll
u are supervised by the pseudo label of the original

unlabeled data qm, while Lh
us and Ll

us are supervised by the
ground truth of the sampled labeled data ysm and the pseudo
label of the sampled unlabeled data qsm, respectively. The
final loss function L is weighted by λ reflecting the propor-
tion of area occupied by original and sampled data as in
CutMix [69]. Detailed loss functions are as follows:

Ls =

B∑

n=1

H(f(Aw(xn)), yn)

Lh
u = ŝu

B∑

m=1

Mu(um)Mh(um)H(f(u′
m), qm)

Ll
u = ŝu

B∑

m=1

Mu(um)Ml(um)H(f(u′
m), qm)

Lh
us =

B∑

m=1

Mh(um)H(f(u′
m), ysm)

Ll
us = ŝu

B∑

m=1

Mu(u
s
m)Ml(um)H(f(u′

m), qsm)

L = Ls + λ(Lh
u + Ll

u) + (1− λ)(Lh
us + Ll

us)

(12)

B. Detailed Experimental Setup
In this section, we provide additional information about the
datasets and implementation details.
Datasets. We evaluate our method in three scenarios, i.e., 1)
the class distribution of labeled data is consistent with the
unlabeled data (γl = γu). 2) the labeled and unlabeled data
fail to share the same distribution (γl �= γu). 3) The test data
possesses an imbalanced class distribution.
• CIFAR10/100-LT CIFAR-10/100 [35] are originally class-

balanced datasets, each containing 500/5000 samples

Algorithm 1 Balanced and Entropy-based Mix (BEM)

Input: Labeled dataset X , unlabeled dataset U , model f ,
effective number of labeled data Ex

c , CAM threshold
τc, area threshold τa, balanced parameter α, number of
iterations T .

Require: Weak augmentation Aw, strong augmentation As.
1: for t = 1 to T do
2: {(xn, yn)}Bn=1 ← X , {um}Bm=1 ← U
3: Pseudo label qm ← argmax f(Aw(um))
4: {Update training status}
5: Update CBMB according to (xn, yn), (um, qm)
6: Update class-wise data quantity Ec via Eq. 2, 3
7: Update class-wise entropy ec via Eq. 5, 6
8: Update sampling probability ŝ, ŝu via Eq. 7
9: Update sample-wise entropy em, entropy masks Mh,

Ml and entropy selection threshold τe via Eq. 8, 9, 10
10: {Sampling}
11: {(xs

m, ysm)}Bm=1, {us
m}Bm=1 ← Sample labeled and

unlabeled data from CBMB following ŝ
12: {Selection and CamMix}
13: {u′

m}Bm=1, λ ← CamMix(As(um), Aw(x
s
m), ysm,

Aw(u
s
m), f ) get mixed data and loss weight following

Mh, Ml, τc and τa
14: {Compute losses}
15: Generate the mask of pseudo label Mu

16: Ls ←
∑B

n=1 H(f(Aw(xn)), yn)

17: Lh
u ← ŝu

∑B
m=1 Mu(um)Mh(um)H(f(u′

m), qm)

18: Ll
u ← ŝu

∑B
m=1 Mu(um)Ml(um)H(f(u′

m), qm)

19: Lh
us ←

∑B
m=1 Mh(um)H(f(u′

m), ysm)

20: Ll
us ← ŝu

∑B
m=1 Mu(u

s
m)Ml(um)H(f(u′

m), qsm)
21: L = Ls + λ(Lh

u + Ll
u) + (1− λ)(Lh

us + Ll
us)

22: Update f based on ∇L using SGD
23: end for
24: return

across 10 and 100 classes respectively. All images are
32 × 32 in size. Following previous work [46], we sam-
ple the training data to create imbalanced versions of
the datasets. We employ different sampling ratios for la-
beled and unlabeled data to achieve various data distri-
butions, including γl = γu and γl �= γu scenarios. The
test set contains 10k samples with a balanced class dis-
tribution. The CIFAR dataset can be downloaded from
https://www.cs.toronto.edu/ kriz/cifar.html.

• STL10-LT The STL-10 [14] dataset consists of 5000

12
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Algorithm 2 CamMix

Input: Strong augmentation of unlabeled data As(um),
weak augmentation of sampled labeled data Aw(x

s
m),

the label of sampled labeled data ysm, weak augmenta-
tion of sampled unlabeled data Aw(u

s
m), model f , high

entropy mask Mh, low entropy mask Ml, CAM thresh-
old τc, area threshold τa, functions in skimage label(·)
and regionprops(·), the function of CutMix Mix(·).

Output: Mixed data {u′
m}Bm=1, loss weight λ.

1: for m = 1 to B do
2: qsm ← argmax f(Aw(u

s
m))

3: CAMu
m ← GradCAM(Aw(u

s
m), qsm)

4: Su
m ← int(CAMu

m > τc)
5: Pu

m ← max(regionprops(label(Su
m))) get

largest connected region
6: if the area ratio of Pu

m < τa then
7: bboxu

m ← Random crop of Aw(u
s
m)

8: else
9: bboxu

m ← The bounding box of Pu
m

10: end if
11: bboxx

m ← Calculate the bounding box for
(Aw(x

s
m), ysm) using a similar method in steps 3-10.

12: u′
m ← Mix(As(um), Aw(x

s
m) or Aw(u

s
m)) follow-

ing bboxx
m, Mh(um), bboxu

m, Ml(um)
13: (1− λm) ← The area ratio of bboxx

m or bboxu
m

14: end for
15: λ ← The average of λm

16: return Mixed data {u′
m}Bm=1, loss weight λ

class-balanced labeled data and 1000k unlabeled data
with an unknown distribution. To make an imbalanced
version of the dataset, we only sample the labeled data,
while the distribution of unlabeled data naturally differs
from that of labeled data, i.e.,γl �= γu. All images are
96× 96 in size and the dataset can be downloaded from
https://cs.stanford.edu/ acoates/stl10/.

• ImageNet-127 ImageNet-127 [20] is naturally an imbal-
anced dataset, thus it doesn’t require any further process-
ing. Moreover, it has an imbalanced test set, which can
validate scenario 3). To conserve computation resources,
all images are down-sampled to 32 × 32 or 64 × 64 in
size and the dataset can be downloaded from https://image-
net.org/download-images.

Implementation details. Following previous training pro-
tocol [46], we conduct our experiments on CIFAR10-LT,
CIFAR100-LT and STL10-LT using Wide ResNet-28-2 [70],
and on ImageNet-127 using ResNet-50 [23]. We train the
model with a batch size of 64 for 250k iterations, with an
evaluation every 500 iterations. We use SGD with momen-
tum as our optimizer and adopt a cosine learning rate decay
strategy by setting the learning rate to ηcos( 7πt

16T ), where η
is the initial learning rate, t is the current iteration number

and T is the total number of iterations. We set the balance
parameter α = 0.5 on CIFAR10-LT, CIFAR100-LT and
STL10-LT, and set it to 0.2 on ImageNet-127. We set all
EMA update weights as λ = λd = λe = λτ = 0.999. The
CAM threshold τc and area threshold τa are set to 0.8 and
0.1, respectively. The epoch number for starting to estimate
the data quantity and entropy of unlabeled data is set to 5.
We designate the final block as the CAM layer. We adopt
Softmax(·) as the mapping function δ(·). Our experiments
are conducted on one NVIDIA Tesla V100 with the CentOS
7 system, using PyTorch 1.11.0 and Torchvision 0.12.0.

C. Pseudo-code for Our BEM Algorithm
We define the pseudo-code for our BEM and CamMix algo-
rithm in Alg. 1 and 2, respectively.

D. Additional Experiment Results
In this section, we conduct a series of additional experiments
to further demonstrate the effectiveness of our BEM.
More results with re-balancing methods when γl �= γu.
We present the results of combining with FixMatch and ACR
under γl �= γu setup in Tab. 2. As shown in Tab. 7, we further
combine our BEM with more re-balancing methods, includ-
ing LA and ABC. Without incorporating any re-balancing
method, BEM’s performance is weaker than DASO in some
settings, particularly in the reversed setting. After combining
two re-balancing methods, BEM outperforms DASO in al-
most all settings. Further integration with ACR achieves the
state-of-the-art results in all scenarios with an average 31.5%
performance gain. In summary, our method needs to com-
bine with re-balancing methods to enhance the re-balancing
ability in challenging scenarios, and it in turn complements
these methods.
More results on CIFAR100-LT. We also conduct exper-
iments on CIFAR100-LT under γl �= γu setup in Tab. 8.
Results show that our BEM outperforms DASO in almost
all settings. By integrating with ACR, we can achieve the
best results in all scenarios (32.7% accuracy gain). It further
demonstrates that the complementation of BEM can boost
the performance of most re-balancing methods.
Fine-grained results. In this experiment, we present the fine-
grained results in Tab. 9. We compare our BEM with DASO
and ACR in three settings. Our method surpasses DASO in
all scenarios and further enhances the state-of-the-art method
(ACR). In particular, our method significantly improves the
performance of few-shot classes at the cost of negligible drop
on head classes in the consistent setting. Moreover, in all
settings, our method shows a large improvement in medium
classes, which is brought by entropy-based learning.
BEM on balanced datasets. To verify the effect of our BEM
on balanced datasets, we conduct experiments on balanced
datasets with combinations of different SSL methods, in-
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Table 7. Comparison of test accuracy with combinations of different baseline models under γl �= γu setup on CIFAR10-LT and STL10-LT.
The γl is fixed to 100 for CIFAR10-LT, and the γl is set to 10 and 20 for STL10-LT. The best results for each diversion are in bold.

CIFAR10-LT(γl �= γu) STL10-LT(γu = N/A)
γu = 1(uniform) γu = 1/100(reversed) γl = 10 γl = 20

N1 = 500 N1 = 1500 N1 = 500 N1 = 1500 N1 = 150 N1 = 450 N1 = 150 N1 = 450
Algorithm M1 = 4000 M1 = 3000 M1 = 4000 M1 = 3000 M = 100k M = 100k M = 100k M = 100k

FixMatch [55] 73.0±3.81 81.5±1.15 62.5±0.94 71.8±1.70 56.1±2.32 72.4±0.71 47.6±4.87 64.0±2.27
w/DASO [46] 86.6±0.84 88.8±0.59 71.0 ±0.95 80.3±0.65 70.0±1.19 78.4±0.80 65.7±1.78 75.3±0.44
w/BEM(Ours) 86.8±0.47 89.1±0.75 70.0±1.72 79.1±0.77 68.3±1.15 81.2±1.42 61.6±0.98 76.0±1.51

w/LA [45]+DASO [46] 84.6±2.04 86.8±0.76 72.6 ±0.38 78.5±1.31 72.7±1.45 79.7±0.44 66.8±0.62 75.7±0.50
w/LA [45]+BEM(Ours) 85.3±0.31 88.5±0.65 70.9±1.69 79.8±1.37 72.9±0.38 81.8±0.76 65.7±0.25 76.8±1.87

w/ABC [39]+DASO [46] 85.2±1.56 88.4±0.82 70.1±1.25 79.8±0.21 71.8±1.17 78.4±0.58 67.3±2.06 75.9±0.43
w/ABC [39]+BEM(Ours) 85.9±0.33 89.0±0.67 71.2±0.58 80.1±0.96 73.1±1.68 81.4±1.29 66.4±1.93 76.7±1.12

w/ACR [66] 92.1±0.18 93.5±0.11 85.0±0.09 89.5±0.17 77.1±0.24 83.0±0.32 75.1±0.70 81.5±0.25
w/ACR [66]+w/BEM(Ours) 94.3±0.14 95.1±0.56 85.5±0.21 89.8±0.12 79.3±0.34 84.2±0.56 75.9±0.15 82.3±0.23

Table 8. Comparison of test accuracy with combinations of different
baseline models under γl �= γu setup on CIFAR100-LT. The γl is
fixed to 10. The best results for each diversion are in bold.

CIFAR100-LT(γl �= γu)
γu = 1(uniform) γu = 1/10(reversed)

N1 = 50 N1 = 150 N1 = 50 N1 = 150
Algorithm M1 = 400 M1 = 300 M1 = 400 M1 = 300

FixMatch [55] 45.5±0.71 58.1±0.72 44.2±0.43 57.3±0.19
w/DASO [46] 53.9±0.66 61.8±0.98 51.0±0.19 60.0±0.31
w/BEM(Ours) 54.8±0.55 63.6±0.91 50.8±0.25 60.7±0.12

w/LA [45]+DASO [46] 54.7±0.40 62.4±1.06 51.1±0.12 60.5±0.23
w/LA [45]+BEM(Ours) 56.5±0.43 64.1±0.87 51.7±0.20 61.3±0.17

w/ABC [39]+DASO [46] 53.4±0.53 62.4±0.61 51.2±0.19 60.8±0.39
w/ABC [39]+BEM(Ours) 55.2±0.35 64.7±0.87 51.1±0.10 61.4±0.29

w/ACR [66] 66.0±0.25 73.4±0.22 57.0±0.46 67.6±0.12
w/ACR [66]+BEM(Ours) 68.1±0.34 75.9±0.49 58.0±0.28 68.4±0.13

Table 9. Fine-grained results on CIFAR10-LT with N1 =
1500,M1 = 3000, γl = 100.

Consistent(γu = 100) Uniform(γu = 1) Reversed(γu = 1/100)

Algorithm Many Medium Few All Many Medium Few All Many Medium Few All

DASO 95.1 78.6 60.4 78.1 89.6 84.4 85.7 86.3 84.0 71.6 68.2 74.3
BEM 94.7 78.0 67.0 79.8 91.7 88.1 90.7 89.4 82.3 80.2 73.3 78.7
ACR 93.9 81.6 75.3 83.4 92.8 90.6 97.9 93.5 90.7 83.8 96.4 89.7
ACR+BEM 92.3 83.3 81.9 85.4 95.4 93.1 98.0 95.3 90.9 84.9 95.8 89.9

cluding MeanTeacher, FixMatch, FlexMatch and SoftMatch.
Specifically, we set α = 0, meaning that we only consider
the differences in class-wise uncertainty distribution. As
shown in Tab. 12, our BEM enhances the performance of all
baseline models, particularly the MeanTeacher, where our
method gains an average of 21.4%, 26.9% and 25.0% im-
provement for three datasets. This demonstrates the potential
of class-wise uncertainty re-balancing in enhancing model
performance for balanced datasets.

Table 10. Ablation study on different sampling strategies. EFF.
denotes the effective number.

CBMB ESS EFF. C10 STL10
Random 72.1 65.0
Quantity-based � � 74.9 66.5
Entropy-based � 74.4 65.9
w/o effective number � � 75.2 67.3
Ours � � � 75.7 68.3

Table 11. Ablation study on updating strategies of entropy selection
threshold τe.

C10 STL10
Baseline 67.8 56.1
τe = 0.1 74.7 66.6
τe = 0.2 75.2 67.2
τe = 0.4 75.1 66.9
τe = 0.6 74.4 66.4
w/ ours 75.7 68.3

Ablation study on sampling strategies. To evaluate the
effect of our sampling strategy, we conduct a series of ex-
periments by replacing the sampling function. Results are
summarized in Tab. 10. Random sampling only improves per-
formance slightly. Then, we split the class-balanced entropy-
based sampling function and find that the results drop on
both datasets. Further, we replace the effective number with
the common number. Results indicate the effective number
more accurately measures the class distribution of datasets.
Ablation on the updating strategy of entropy threshold
τe. As shown in Tab. 11, we perform experiments to vali-
date the effect of the entropy threshold τe updating strategy.
When we filter the entropy mask with fixed thresholds, the
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Table 12. Comparison of test accuracy on balanced datasets with combinations of different SSL methods, including MeanTeacher, FixMatch,
FlexMatch and SoftMatch.

CIFAR-10 CIFAR-100 STL-10

Algorithm 40 250 4000 400 2500 10000 40 1000

MeanTeacher[57] 29.81±1.60 62.54±3.30 91.90±0.21 18.89±1.44 54.83±1.06 68.25±0.23 28.28±1.45 66.10±1.37
w/BEM(Ours) 43.13±2.55 74.31±1.79 92.65±0.23 30.92±3.69 60.73±2.14 72.54±0.19 37.31±2.59 78.74±1.38

FixMatch [55] 92.53±0.28 95.14±0.05 95.79±0.08 53.58±0.82 72.97±0.16 77.80±0.12 64.03±4.14 93.75±0.33
w/BEM(Ours) 93.96±0.37 95.37±0.03 95.93±0.11 55.24±0.93 73.12±0.14 77.95±0.11 66.45±3.29 93.98±0.65

FlexMatch [72] 95.03±0.06 95.03±0.09 95.81±0.01 60.06±1.62 73.51±0.20 78.10±0.09 70.85±0.01 94.23±1.62
w/BEM(Ours) 95.08±0.09 95.21±0.04 95.98±0.01 60.83±0.98 73.94±0.18 78.72±0.11 72.11±0.03 94.39±1.54

SoftMatch [12] 95.09±0.12 95.18±0.09 95.96±0.02 62.90±0.77 73.34±0.25 77.97±0.03 78.58±3.48 94.27±0.24
w/BEM(Ours) 95.11±0.08 95.37±0.06 96.12±0.07 63.13±0.92 73.56±0.08 78.14±0.08 79.09±3.87 94.43±0.38

Table 13. Ablation study on α.

C10 STL10
1.0 74.7 67.0
0.7 75.5 67.3
0.5 75.7 68.3
0.3 74.4 68.5
0 73.8 67.5

Table 14. Ablation study on τc.

C10 STL10
0.9 73.0 65.8
0.8 75.7 68.3
0.6 74.4 67.3
0.4 71.5 64.6
0.2 69.3 61.3

performance decreases and becomes unstable. Our EMA
updating strategy achieves the best result, indicating that it
adaptively adjusts the threshold following the training status
of the model.
Ablation study on parameter α. As shown in Tab. 13, we
verify the effect of α to balance the effective number and en-
tropy in Eq. 7. Results show the best α on CIFAR10-LT and
STL10-LT are 0.5 and 0.3, respectively. The visualization of
sampling rate and class accuracy can be seen in Appendix E.
Ablation study on CAM threshold τc. In Tab. 14, we study
the effect of CAM threshold τc on selected region. Results
show that 0.8 is the best threshold on both datasets. It indi-
cates that the precise selection of relevant regions is more
advantageous for re-balancing long-tailed datasets.
Ablation study on the adding weight β. We conduct ex-
periments to test the impact of the adding weight β in the
equation ec = βeuc + (1− β)exc . The results in Tab. 15 indi-
cate that weight addition has minimal impact. So we remove

Table 15. Ablation study on the adding weight β.

β C10 STL10
0.7 75.1 67.7
0.5 75.7 68.3
0.3 75.8 68.1
0.1 74.9 67.9

Table 16. More comparison with class-wise data mixing methods.

C10 STL10
FixMatch 67.8 56.1

w/UniMix [68] 72.9 66.0
w/MiSLAS [78] 73.4 66.2
w/Ours 75.7 68.3

Table 17. Comparison with AREA on supervised learning.

C10-LT C100-LT

γ 200 50 200 50
CE 65.7 74.8 34.8 43.9
AREA [13] 75.0 82.7 43.9 51.8
Ours 74.7 83.0 40.3 49.7

this parameter to simplify the number of hyperparameters.
More comparison with class-wise data mixing methods.
We conduct additional experiments to compare our BEM
with other class-wise data mixing methods [68, 78]. The
results in Tab. 16 show that BEM outperforms them. We
infer that these class-wise mixup methods are limited in not
considering the uncertainty issue in LTSSL.
Comparison with AREA. We compare our BEM with
AREA [13], which is a fully supervised learning method
in long-tailed learning. Our BEM is different from AREA
in three aspects: 1) Motivation: AREA does not consider
class-wise uncertainty. It optimizes the re-weighting strat-
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egy, which only focuses on data quantity, by exploring the
spanned space of each class and relations between samples.
While we propose to re-balance the class distribution of both
data quantity and uncertainty, which is more suitable for
LTSSL. 2) Task: AREA focuses only on the class imbalance
issue in the supervised learning diagram. While our method
is specifically designed for LTSSL to further address the
issue of uncertainty in unlabeled sample predictions, which
can not be achieved by AREA. We also apply our BEM to
supervised learning. Tab. 17 shows that BEM is competitive
with AREA, demonstrating its flexibility and superiority. 3)
Design: AREA is based on the re-weighting strategy, using
the effective area as class-wise weights in cross-entropy loss.
While BEM is primarily based on re-sampling, where we use
class-wise data quantity and uncertainty as sampling criteria
for CamMix.

E. Additional Visualization Analysis
In this section, we provide additional visualization analysis
to better understand our approach.
Visualization of confusion matrices on test set. We com-
pare the confusion matrices of the prediction from the test
set. We conduct experiments on CIFAR10-LT in the con-
sistent scenario and apply our BEM to FixMatch and ACR,
respectively. As shown in Fig. 6, the prediction of FixMatch
is significantly biased towards the head classes, resulting
in poor performance of the tail classes. Our method greatly
alleviates this bias, improving both the tail performance and
overall performance. ACR achieves good results in various
classes, and our method further improves the performance of
the tail classes, demonstrating the superiority and versatility
of our method.
Visualization of precision and recall on the test set. We
analyze the precision and recall on the test set to further
verify the effect of our BEM. As shown in Fig. 7, we apply
our method to FixMatch and ACR. The results show that the
recall of tail classes achieves significant gains by combining
our BEM with both models.
Visualization of train curves and test accuracy class dis-
tribution. We further assess the effect of BEM on FixMatch
and ACR by plotting training curves and class-wise test accu-
racy. As shown in Fig. 8(a), the low entropy ratio increases,
suggesting a large fraction of unlabeled data is used in the
mixing as the training state becomes stable. As shown in
Fig. 8(b), our method greatly improves the tail class perfor-
mance of FixMatch and ACR.
Visualization of the class distribution of sampling rate
and accuracy under different α. We present the ablation
study on α in Tab. 13. In addition, we further visualize the
class distribution of sampling rate and accuracy under vari-
ous α. Fig. 9 (a) shows that as α increases, the sampling rate
of tail classes improves. When α is small, the sampling func-
tion pays attention not only to tail classes but also to middle
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Figure 6. The confusion matrices of the test set on CIFAR10-LT
under γl = γu setup.

���������

(a) FixMatch

������

(b) FixMatch w/BEM

(c) ACR (d) ACR w/BEM

Figure 7. The precision and recall of the test set on CIFAR10-LT
under γl = γu setup.

classes with high uncertainty. In Fig. 9 (b), we can see that
when α = 0.5, both the tail class and the middle class with
high uncertainty have relatively high accuracy, indicating it
achieves the balance of data quantity and uncertainty.
More visualization of data mixing. We provide the in-
termediate images of the data mixing on STL10 in Fig. 5.
To further illustrate the effectiveness of our CamMix, we
also present additional visualization results on CIFAR10 in
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(a) Train curves (b) Class-wise test accuracy

Figure 8. (a): Train curves for tail low entropy ratio and tail class
accuracy. (b): Class distribution of test accuracy over different
methods. C0 and C9 are the head and tail classes, respectively.

(a) Class-wise sampling rate (b) Class-wise test accuracy

Figure 9. Class distribution of sampling rate and test accuracy under
various α on CIFAR10-LT (γl = γu = 100) using FixMatch.
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Figure 10. The visualization of data mixing process for CutMix,
SaliencyMix, and CamMix on CIFAR10-LT. The red box indicates
the image area selected by data mixing.

Classification boundaries

(a) FixMatch

Classification boundaries

(b) FixMatch w/BEM

Classification boundaries

(c) ACR

Classification boundaries

(d) ACR w/BEM

Figure 11. Comparison of t-SNE visualization with combinations
of FixMatch and ACR on the test set of STL10-LT when γl �= γu.

Fig. 10. We select three images for each target size. Based on
the results from the two datasets, we can draw the following
conclusions: 1) CutMix has a high degree of randomness and
often selects the context region. 2) The localization ability of
SaliencyMix needs to be optimized. The selection region is
not precise and tends to choose numerous redundant areas. 3)
CamMix greatly improves the localization ability due to the
accuracy of CAM and excludes irrelevant redundant areas
as τc value decreases.
More visualization of t-SNE As displayed in Fig. 4, we
show the t-SNE of learning representations from the test
data on CIFAR10-LT. We further conduct experiments on
STL10-LT to visualize the learning representations when
γl �= γu. Results in Fig. 11 show that our method generates
clearer classification boundaries for representations when
γl �= γu. Specially, the classification ability of FixMatch is
relatively poor, with most clusters gathered together. Our
method greatly enhances its classification ability.

F. Limitation and Future Work
A potential limitation is that the proposed BEM is restricted
by only exploring the data mixing for the LTSSL classifi-
cation task, while ignoring its further application for other
vision tasks, such as object detection [11, 21, 81], semantic
segmentation [24, 53, 56, 77] and others [41, 42, 76]. It is
worth noting that the application of semi-supervised learn-
ing for long-tailed objection detection [44, 71] and semantic
segmentation [25, 29] is not trivial but much harder than the
pure classification task, as it requires further predict object
location or semantic mask. In the future, we will extend our
BEM to more complex vision tasks to further demonstrate
its effectiveness and adaptability.
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Abstract

Recently, an audio-visual segmentation (AVS) task has
been introduced, aiming to group pixels with sounding ob-
jects within a given video. This task necessitates a first-
ever audio-driven pixel-level understanding of the scene,
posing significant challenges. In this paper, we propose
an innovative audio-visual transformer framework, termed
COMBO, an acronym for COoperation of Multi-order Bi-
lateral relatiOns. For the first time, our framework ex-
plores three types of bilateral entanglements within AVS:
pixel entanglement, modality entanglement, and temporal
entanglement. Regarding pixel entanglement, we employ
a Siam-Encoder Module (SEM) that leverages prior knowl-
edge to generate more precise visual features from the foun-
dational model. For modality entanglement, we design a
Bilateral-Fusion Module (BFM), enabling COMBO to align
corresponding visual and auditory signals bi-directionally.
As for temporal entanglement, we introduce an innovative
adaptive inter-frame consistency loss according to the in-
herent rules of temporal. Comprehensive experiments and
ablation studies on AVSBench-object (84.7 mIoU on S4,
59.2 mIou on MS3) and AVSBench-semantic (42.1 mIoU on
AVSS) datasets demonstrate that COMBO surpasses previ-
ous state-of-the-art methods. Project page is available at
https://yannqi.github.io/AVS-COMBO.

1. Introduction

Human visual attention is often hear-guided, i.e., we
tend to focus on the object with sounds [4]. For example,
when we hear a cat meow, we pay more attention to the
cat than other objects due to the strong association between
the meow and the cat. Inspired by this potential interac-
tion of auditory and visual signals, the cross-modal studies
of vision and hearing have attracted numerous researchers,
such as the audio-visual correspondence [1, 2], which only
aims to match visual images and audio signals to the same

Modality Entanglement

Temporal Entanglement

Pixel Entanglement

CATR [ACM MM'23]

BAVS [Arxiv'23]

AVS-BiGen [Arxiv'23]

AVSBench [ECCV'22]

AV-SAM [Arxiv'23]

AVSegFormer [Arxiv'23]

ECMVAE [ICCV'23]

Hear2Seg [Arxiv'23]

CSMF [Arxiv'23]

Ours: COMBO

Figure 1. Comparison between the proposed COMBO and ex-
isting state-of-the-art methods. Our COMBO is the first work to
simultaneously explore multi-order bilateral relations in modality,
temporal and pixel levels.

scene, and sound source localization [5, 18, 34] which fur-
ther seeks to locate the vocal visible regions. However,
they have only focused on audio-visual tasks at the image
or region levels, lacking pixel-level annotations. Recently,
AVSBench [45, 46] integrates audio signals into video seg-
mentation, called Audio-Visual Segmentation (AVS), which
comprises two benchmarks: 1) AVSBench-object, which
includes single source sound segmentation (S4) and mul-
tiple sound sources segmentation (MS3); 2) AVSBench-
semantic, which further extends audio-visual semantic seg-
mentation (AVSS) based on AVSBench-object.

Given that audio-visual segmentation is a burgeoning
field that spans both audio and visual modalities, it presents
a non-trivial task. Generally, when performing AVS, a
cross-modal segmentation task involving video, there are
mainly three challenges: (1) AVS contains audio and visual
modalities, thus demanding explicit alignment of sequential
audio features to spatial pixel-level activations; (2) AVS in-
volves temporal information where the state of the current
frame is dynamically affected by historical frames, there-
fore, exploring the correlation between adjacent frames is
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essential; (3) AVS includes an image segmentation task;
compared to 1D audio signals, 2D image signals have more
redundant information, which is prone to be affected by
background noise, thus requiring precise extraction of fea-
tures from the image. To resolve the issue (1), the prevail-
ing methods [13, 25, 26, 31, 33] employ matrix multiplica-
tion and modified cross-attention module to encode pixel-
wise audio-visual interaction. Though impressive, these de-
signs ignore the temporal dependence of adjacent frames
that have been proven to be important for AVS. To solve
this problem, some methods [15, 23, 45] partition tempo-
ral relations into consideration to explore both issues (1)
and (2) simultaneously since AVS is a cross-modal video
task. Nevertheless, their approaches rely too much on im-
plicit inter-frame relations, leading to inaccurate associa-
tions. Regarding issue (3), CSMF [3] leverages frozen large
foundation models to extract pure visual features for AVS.
However, it independently tackles the audio and visual sig-
nals by naively combining several existing foundation mod-
els, resulting in sub-optimal performance.

To this end, we present COMBO, a novel audio-visual
transformer framework for AVS. According to the three is-
sues mentioned above, COMBO simultaneously considers
modality, temporal, and pixel levels by introducing their
bilateral entanglements, as shown in Fig. 1. Specifically,
nature itself has many bilateral relations. For example, in
electricity and magnetism, due to their intrinsic correlation,
the change of current causes the change of magnetic field,
and vice versa. Motivated by this, we refer to this bilateral
relationship of mutual influence as entanglement.

In this work, we explore three potential bilateral entan-
glements: pixel entanglement, modality entanglement, and
temporal entanglement. Pixel entanglement refers to the in-
terdependent relationship between an image and its corre-
sponding mask. Since background noise in the image leads
to inaccuracies in the image-to-mask prediction process, it
is essential to utilize external masks from the foundation
models to entangle the input image to assist the model.
Therefore, we construct a Siam-Encoder Module (SEM) as
a visual feature extractor to facilitate more precise visual
features, which can liberate from the constraints of founda-
tion models than other methods [26, 33, 37]. Besides, as
for the alignments of the audio and visual signals, we ex-
plore the modality entanglement between audio and visual
components to amplify the efficiency of cross-modal match-
ing. Contrary to existing single-fusion methods [13, 45],
we believe that the cooperation between the two modali-
ties can produce a positive effect. Inspired by [24], we ini-
tially propose a potent and memory-efficient bidirectional
audio-visual fusion module called Bilateral-Fusion Mod-
ule (BFM). Our BFM amplifies the spatial awareness of
visual features relevant to sounding objects and strength-
ens the attention of audio signals embodying visual targets.

Moreover, the audio-visual tasks contain a solid temporal
entanglement. Thus, we design an adaptive inter-frame con-
sistency loss to better harness this inherent characteristic.

Our main contributions can be summarized as follows:
• We propose a Siam-Encoder Module (SEM) that transfers

the knowledge of the foundation model for mining the
potential pixel entanglement.

• We propose a Bilateral-Fusion Module (BFM) to take full
advantage of the potential of both audio and visual modal-
ities by exploring the modality entanglement.

• We propose an adaptive inter-frame consistency loss
based on the inherent coherence of audio-visual tasks for
enhanced temporal entanglement.

• We show that COMBO significantly outperforms existing
state-of-the-art approaches in the challenging AVSBench-
object and AVSBench-semantic datasets.

2. Related Work
2.1. Sound Source Localization

Sound source localization aims to estimate the position
of a sound source in a video sequence, which is the most
related task to the audio-visual segmentation task. LVS [5]
utilizes a hard-mining strategy and a contrastive learning
mechanism to discriminate challenging image fragments.
DSOL [18] executes class-aware sounding object localiza-
tion from mixed sound, which initially focuses on learning
robust object representations from single-source localiza-
tion. MSSL [34] localizes multiple sound sources in un-
constrained videos without pairwise sound-object annota-
tions. This approach involves the development of a two-
stage learning framework, followed by the execution of
cross-modal feature alignment. The pioneering methods in
these areas have significantly inspired our research on AVS.

2.2. Semantic Segmentation

Semantic segmentation is a fundamental task that re-
quires pixel-level classification. Early researchers take the
Fully Convolutional Networks (FCN) [27] as the dominant
approach and focus on aggregating long-range context in
the feature map. PSPNet [42] performs spatial pyramid
pooling at several grid scales. DeepLab [7, 8] utilizes atrous
convolutions with different atrous rates. Furthermore, some
methods [35, 38, 43] replace traditional convolutional back-
bone with transformer-based architectures. MaskFormer [9]
and Mask2Former [11] propose a mask classifier with learn-
able queries and specialized designs for mask prediction.
OneFormer [19] presents a universal image segmentation
framework that unifies segmentation with a multi-task train-
once design. Recently, a series of SAM models [20–22, 40]
propose to build a foundation model for promptable seg-
mentation with strong generalization. Given that the AVS
task entails segmentation, these studies have significantly



466　>　2024年美团技术年货

Bilateral-Fusion Module
Adaptive Inter-Frame

Consistency Loss

Segmentation Module

Mask

Class

Pixel
Decoder

1/32 Stage

1/16�Stage

1/8 Stage

Transformer Decoder
�

Audio
Encoder

Siam-Encoder Module

Image�
Encoder

Maskige�
Encoder

Proposal
Generator

MLP

GAP

In
pu

t F
ra

m
es

M
as

ki
ge

s
Au

di
o

Bi-Attn

Figure 2. Overview of the proposed COMBO. COMBO adopts a novel audio-visual transformer framework specifically for audio-visual
segmentation. Aiming at multi-oder bilateral entanglement, our method is composed of three independent modules. (1) We introduce the
Siam-Encoder Module, which is designed for the exploration of pixel entanglement. (2) To integrate the entanglement of audio and visual
signals, we propose a Bilateral-Fusion Module. (3) Given the inherent characteristics of temporal entanglement, we construct an adaptive
inter-frame consistency loss in the segmentation module to enhance the consistency of the output.

contributed to our work.

2.3. Audio-Visual Segmentation

AVS is an emerging task that aims to locate sounding
sources by predicting pixel-wise maps and attracts many re-
searchers [13, 23, 26, 30, 31, 33, 37, 46]. AVSBench [46]
first constructs the audio-visual segmentation benchmark
and proposes a temporal pixel-wise audio-visual interaction
module (TPAVI) to inject audio semantics as guidance for
the visual segmentation process. AVSegformer [13] pro-
poses a transformer architecture that introduces audio fea-
tures into the transformer decoder, enabling the network to
attend to interested visual features selectively. CATR [23]
proposes a combinatorial dependence fusion approach that
comprehensively accounts for the spatial-temporal depen-
dencies of audio-visual combination. Some methods [15,
30, 31] take advantage of the generative manners with la-
tent diffusion model or variational auto-encoder to address
AVS task. In addition, AV-SAM [33], GAVS [37], and
BAVS [26] utilize the large foundation model to bootstrap
audio-visual segmentation. Different from the above meth-
ods [13, 26, 37, 45], our proposed COMBO rethinks AVS
from bilateral relations of three entanglements, which en-
hances the model’s representation ability by exploring the
pixel, modality and temporal inherent relationships.

3. Method

3.1. Bilateral Visual Features Extraction

As illustrated in Fig. 2, our method initiates with the
extraction of visual features primarily because the audio-
visual segmentation (AVS), as a dense prediction task, ex-

hibits extensive pixel entanglement in visual perception.
Recent studies [21, 22, 40] have demonstrated that the Seg-
ment Anything Model [20] exhibits robust generalization
performance in segmentation tasks. Consequently, trans-
ferring the impressive capabilities of the foundation model
to more complex visual tasks, such as AVS, presents an
intriguing and valuable research question. The extension,
however, is not straightforward. Although some meth-
ods [3, 33] attempt to fine-tune or concatenate the pre-
trained SAM model for AVS, the limited capacity of the
frozen foundation model restricts its performance to address
the AVS task. Additionally, the AVS task aims to predict all
sound targets per pixel, whereas the SAM model is only ca-
pable of generating class-agnostic masks without any audio
guidance, thus demonstrating a significant disparity. There-
fore, transferring the foundation model’s knowledge to the
AVS task presents a tough challenge.

Maskige as Prior Knowledge. To solve the aforemen-
tioned issues, we believe that a feasible strategy is to in-
corporate the knowledge of the foundation model into vi-
sual features as a pixel entanglement, which is memory-
efficient. Specifically, as depicted in the left area of Fig. 2,
we introduce a Maskige generator. Given the input image
x ∈ R3×H×W and the frozen foundation model, one can
derive the class-agnostic masks c ∈ RK×H×W , where K
represents the number of potential targets. It is essential
to highlight that K is dynamic and varies with input im-
ages. Thus, we first amplify the quantity of class-agnostic
masks from K to N with zero masks and obtain a series of
binary masks, where N is predetermined. However, given
that the output of SAM is a series of binary masks, it is dif-
ficult to integrate them into visual features. Consequently,
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Figure 3. Illustration of Bilateral-Fusion Module (BFM). We input
both visual and image signals, which are subsequently processed
through bilateral attention to yield the fused visual and image fea-
tures respectively. We omit the subscripts of H and W for better
understanding. For enhanced visibility, the dashed line indicates a
skip connection. Best viewed in color.

inspired by [6], we introduce Maskige m ∈ R3×H×W ,
which shares the exact dimensions as the input image, to
integrate prior knowledge better. To efficiently generate
Maskige m, we employ a random color encoding function
X (·) : RN → R3 that is capable of transforming the binary
masks c ∈ RN×H×W into Maskige m ∈ R3×H×W without
extra training. Specifically, X is designed to enhance the
distinguishability of the Maskige and can be regarded as a
linear layer X (c) = cA, where A ∈ RN×3. To facilitate
offline inference using the Maskige generator, the value of
A is manually set appropriately without additional training.
More details are in Appendix.
Siam-Encoder Module (SEM). To incorporate the image-
like Maskiges as prior knowledge into input frames, we
propose intertwining the features of Maskige and visual
elements during the feature extraction stage. Accord-
ingly, we design a Siam-Encoder Module, as depicted in
Fig. 2. This module encompasses an Image encoder Ev

and a Maskige encoder Em, sharing a common frame-
work. More precisely, for a short video clip with T frames
I ∈ RT×3×H×W , the Maskiges can be generated using the
Maskige generator, resulting in M ∈ RT×3×H×W . Sub-
sequently, we extract multiple output features from both
the image encoder and Maskige encoder, respectively. This
process can be defined as follows:

Fvisual = Ev(I; θv), Fvisual ∈ {Fvi}4i=1, (1)

Fmaskige = Em(M ; θm), Fmaskige ∈ {Fmi}4i=1, (2)

in which Fvi
and Fmi

∈ RT× H

2i+1 × W

2i+1 ×Ci . Ci represents
the dimension of the i-th stage output features. To integrate
the Maskige features into COMBO, we introduce channel-
weighted blocks that augment the original visual features.
The formula can be written as follows:

Fvi = Fmi(GAP(Fmi)W ) + Fvi , i = {1, 2, 3, 4}, (3)

where GAP stands for global average pooling, and W ∈
RCi×Ci represents the linear weight. For simplicity, the
bias is omitted in this context. After obtaining the Mask-
iges as prior information to boost pixel-level entanglement
with visual features, the next critical aspect is exploring the
modality entanglement between audio and visual signals.

3.2. Audio-Visual Bilateral Fusion

The relationship between any two modalities can be
characterized as bilateral entanglement. For instance, an
image can be described in text, and sound is inextrica-
bly linked with its visual counterpart. This entanglement
among these distinct modalities provides an invaluable re-
source for researchers tackling multimodal tasks. Prior
studies [38, 45] have overemphasized the influence of audio
on visual features, thereby underestimating the significance
of visual information to audio features. To address this im-
balance, we propose a Bilateral-Fusion Module (BFM) in
COMBO that surpasses a mere single fusion effect.
Audio Feature Extraction. For an audio clip correspond-
ing to the input frames, we adopt VGGish [17] to ex-
tract audio features following [45]. Firstly, the audio clip
is resampled to yield a 16kHz mono output Amono ∈
RNsamples×96×64, where Nsamples is related to the dura-
tion of the audio. Then, a short-time Fourier transform is
performed to yield a mel spectrum, denoted as Amel ∈
RT×96×64. Finally, the mel spectrum is subsequently fed
into the VGGish model, resulting in the extraction of au-
dio features Fa ∈ RT×D, where T denotes the number of
frames and D represents dimension of the audio.
Bilateral-Fusion Module (BFM). We initially employ the
pixel decoder [47] to gradually upsample visual features Fvi

derived from the SEM to further generate high-resolution
per-pixel embeddings Pi ∈ RT× H

2i+1 × W

2i+1 ×C , i ∈
{1, 2, 3, 4}, where C denotes the output channel. Then, we
design a Bilateral-Fusion Module (BFM) for constructing a
bidirectional audio-visual mapping to assist with segment-
ing the sounding objects.

As shown in Fig. 3, our BFM utilizes audio features
Fa ∈ RT×D, in conjunction with the largest pixel-level em-
beddings P1 ∈ RT×H1×W1×C as inputs which can propa-
gate ample fine-grained semantic information to audio fea-
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Figure 4. Illustration of the impact on Adaptive Inter-frame Con-
sistency Loss. We visualize the heat map of the predicted masks
without and with the consideration of Lada based on the S4 subset.
The results indicate that implementing Lada promotes superior in-
terframe consistency. Best viewed in color.

tures. Here, H1 = H/4, ;W1 = W/4. In order to incorpo-
rate both two signals, bilateral attention is designed within
our BFM. Specifically, we initially add fixed sine spatial
positional encodings and learnable positional encodings to
P1 and Fa, respectively. Next, in order to integrate audio-
visual modalities in a memory-efficient way, our BFM com-
prises four point-wise linear layers that map P1 and Fa

to intermediate representations with dimension d. These
representations share queries and keys with queries Q =
P1WQ, keys K = FaWK , visual values Vv = P1W

v
V , and

audio values Va = P1W
a
V . Following the mapping process,

the bilateral attention is as follows:

P1 = Softmax(QKT /
√
d)Va + P1, (4)

Fa = Softmax((QKT /
√
d)T )Vv + Fa, (5)

where d is the embedding dimension. And (QKT /
√
d) is

calculated only once, which is more efficient.
After BFM, we proceed by expanding fused audio fea-

tures Fa added with learnable embeddings within the trans-
former decoder as object queries. Additionally, following
[10], we generate the output classes Ocls by incorporating
the per-pixel embeddings P4, P3, P2 into the transformer
decoder. We acquire the predicted masks Omask by multi-
plying the output embeddings from the transformer decoder
with the fused embedding P1.

3.3. Mining Temporal Relationships

Adaptive Inter-frame Consistency Loss. Temporal al-
ways implies a bilateral relationship in nature. For instance,
in video clips, one can deduce the scenario of the current
frame based on the past frame. Similarly, it is also feasi-
ble to predict the future frame based on the current frame.
This interactive relations among frames can be construed as
a type of temporal entanglement. To take advantage of this

potential temporal entanglement, we introduce an adaptive
inter-frame consistency loss for AVS. The similarity score
for each successive frame can be calculated as follows:

St:t+1 = cos(Omask
t , Omask

t+1 ), (6)

where Omask
t refers to the predicted masks at frame t, and

cos(·) symbolizes the cosine similarity function. The term
St:t+1 represents the similarity score between frames t and
t + 1. As illustrated in Fig. 4, it is evident that a signif-
icant similarity exists between distinct frames. Therefore,
to leverage this prior information, we propose an adaptive
inter-frame consistency loss, formulated as follows:

Lada =
T−1∑

t=1

exp(St:t+1 − 1)(1− St:t+1), (7)

where exp(St:t+1 − 1) represents adaptive weight. When
the disparity between adjacent frames is substantial, the
adaptive weight item is minimal, aligning with intuition.

3.4. Training and Inference

Overall Training Loss. The comprehensive training loss
comprises three components: classification loss, mask loss,
and adaptive inter-frame consistency loss, as previously dis-
cussed. The classification loss is formulated by a cross-
entropy loss, denoted as Lcls = Lce. The mask loss in-
tegrates the binary cross-entropy loss and the dice loss [32],
and is depicted as Lmask = Lbce +Ldice. Considering that
in the AVS task, the ratio of segmented objects to the total
image area is relatively small, employing dice loss allows
the model to better concentrate on the foreground and mini-
mizes distraction from the background. The overall training
loss is expressed as follows:

L = λclsLcls + λmaskLmask + λadaLada, (8)

where λcls, λmask, and λada are hyperparameters. More
details about the λ parameters are available in Sec. 4.2.
Semantic Inference. After obtaining the predicted embed-
dings Ocls ∈ RT×Nq×(Kc+1) and binary masks Omask ∈
RT×Nq×H×W , where Kc represents the total number of ob-
ject classes and Nq is the number of object queries, we em-
ploy the identical post-processing as in [10] to yield the final
semantic segmentation outputs. Specifically, we first calcu-
late the output mask with classes O = Ocls × Omask ∈
RT×(Kc+1)×H×W . Then, we execute argmax and discard
the no object class to obtain the ultimate results.

4. Experiments
4.1. AVSBench Datasets

We evaluate our proposed method on the AVSBench
dataset [46], which consists of two scenarios: AVSBench-
object and AVSBench-semantic.



顶会论文　<　469

Method Backbone S4 MS3

MJ MF MJ MF

LVS [5] ResNet-18 37.9 51.0 29.5 33.0
MSSL [34] ResNet-18 44.9 66.3 26.1 36.3
3DC [28] ResNet-152 57.1 75.9 36.9 50.3
SST [12] ResNet-101 66.3 80.1 42.6 57.2
iGAN [29] ResNet-50 61.6 77.8 42.9 54.4
LGVT[41] Swin-B 74.9 87.3 40.7 59.3

AVSBench [46] ResNet-50 72.8 84.8 47.9 57.8
PVT-v2 78.7 87.9 54.0 64.5

CSMF [3] ViT-B 58.0 67.0 34.0 44.0
AVS-BiGen [15] ResNet-50 74.1 85.4 45.0 56.8

PVT-v2 81.7 90.4 55.1 66.8
CATR [23] ResNet-50 74.8 86.6 52.8 65.3

PVT-v2 81.4 89.6 59.0 70.0
DiffusionAVS [30] ResNet-50 75.8 86.9 49.8 58.2

PVT-v2 81.4 90.2 58.2 70.9
ECMVAE [31] ResNet-50 76.3 86.5 48.7 60.7

PVT-v2 81.7 90.1 57.8 70.8
BAVS [26] ResNet-50 78.0 85.3 50.2 62.4

PVT-v2 82.0 88.6 58.6 65.5
AVSegFormer [13] ResNet-50 76.5 85.9 49.5 62.8

PVT-v2 82.1 89.9 58.4 69.3

COMBO (ours) ResNet-50 81.7 90.1 54.5 66.6
(+3.7) (+4.8) (+2.7) (+1.3)

PVT-v2 84.7 91.9 59.2 71.2
(+2.6) (+2.0) (+0.2) (+1.2)

Table 1. Quantitative comparison results of different methods on
AVSBench-object (Single-source, S4; Multi-source, MS3). We
use the same backbones (ResNet-50 and PVT-v2) to demonstrate
that our method outperforms other methods significantly.

Method Backbone AVSS

MJ MF

3DC [28] ResNet-18 17.3 21.6
AOT [39] ResNet-50 25.4 31.0

AVSBench [46] ResNet-50 20.2 25.2
PVT-v2 29.8 35.2

BAVS [26] ResNet-50 24.7 29.6
PVT-v2 32.6 36.4

AVSegFormer [13] ResNet-50 24.9 29.3
PVT-v2 36.7 42.0

COMBO (ours) ResNet-50 33.3 37.3
(+8.4) (+8.0)

PVT-v2 42.1 46.1
(+5.4) (+4.1)

Table 2. Quantitative comparison results on AVSBench-semantic.

AVSBench-object. AVSBench-object [45] is an audio-
visual dataset specifically designed for sound target seg-
mentation. AVSBench-object includes two scenarios based
on the number of audio sources in each frame: single
sound source segmentation (S4) and multiple sound source
segmentation (MS3). The S4 scenario incorporates 4,932

Module S4 AVSS

MJ MF MJ MF

COMBO 81.7 90.1 33.3 37.3
w/o Siam-Encoder 80.6 88.7 31.9 35.7
w/o Bilateral-Fusion 81.1 89.9 33.1 36.7
w/o Inter-Frame Loss 81.0 89.8 33.0 37.1

Table 3. Ablation study of the various modules included in
COMBO. We sequentially remove our proposed modules and
compare their performance.

videos, with the ratio of train/validation/test split ratio con-
figured at 70/15/15. This scenario is trained in a semi-
supervised manner, wherein each video comprises five
frames, but annotation during training is limited to the first
frame only. Conversely, the MS3 scenario is characterized
by multiple sound sources, including 424 videos, and main-
tains the same split ratios as in the S4 scenario. This sce-
nario, unlike S4, employs a fully supervised training ap-
proach with all five frames being annotated.
AVSBench-semantic. AVSBench-semantic [46] is an ex-
tension to AVSBench-object that incorporates additional se-
mantic labels for the purpose of enhancing audio-visual
semantic segmentation (AVSS). AVSBench-semantic in-
cludes a set of new multi-source videos as well as the origi-
nal AVSBench-object videos, cumulatively accounting for a
total of 11,356 videos spanning 70 categories. These videos
are allocated as follows: 8,498 for training, 1,304 for valida-
tion, and 1,554 for testing. Additionally, the original videos
have only been enhanced with semantic information, main-
taining the same frames as prior. However, the new videos
have been extended to 10 frames, increasing the difficulty
due to the inclusion of extended audio-visual sequences.

4.2. Experimental Setup

Implementation Details. For fair comparison, we
adopt the ImageNet pre-trained ResNet-50 [16] and Pyra-
mid Vision Transformer (PVT-v2) [36] as the visual siam-
encoders. All input frames are resized to 224 × 224. In
terms of the proposal generator, we leverage the Semantic-
SAM [22] to obtain class-agnostic masks. As for audio in-
put, we take the Vggish encoder [17] pre-trained on Au-
dioSet [14] to extract audio features. Following [10], the
Multi-Scale Deformable Attention Transformer (MSDefor-
mAttn) is our default pixel decoder. Besides, we adopt the
standard transformer decoder, with L = 3 (i.e., a total of 9
layers) and Nq = 100 as the default. The hyperparameters
are set as λcls = 2 and λmask = 5. For the inter-frame con-
sistency loss, we set λada = 10 for the AVSBench-object
dataset, λada = 5 for the AVSBench-semantic dataset due
to longer frames per video. We calculate the inter-frame
consistency loss only in the intermediate transformer de-
coder layer to prevent an over-dependence on temporal in-
formation. All models are trained using the Adam optimizer
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SEM Module S4 AVSS #Params
MJ MF MJ MF

w. shared weights 81.5 90.2 31.1 34.4 135.5
w/o shared weights 81.7 90.1 33.3 37.3 158.9

Table 4. Ablation study of Siam-Encoder Module (SEM). We ex-
plore two configurations: using shared weights and using separate
weights. #Params denotes the model parameters (M).

Fusion Mode S4 AVSS

MJ MF MJ MF

w/o fusion 81.1 89.9 33.1 36.7
visual fusion only 81.3 89.6 32.6 36.4
audio fusion only 81.3 90.2 33.2 36.7
bilateral fusion 81.7 90.1 33.3 37.3

Table 5. Ablation study of fusion mode. We conduct among four
modes: no fusion, visual fusion only, audio fusion only, and our
fusion mode.

with a learning rate of 1e− 4 and weight decay of 0.05. We
train the S4 and AVSS subsets for 90k and MS3 for 20k it-
erations with a batch size of 8 on a single A100 40GB GPU.
Metrics. Folloing [45], we adopt two metrics to verify
the effectiveness, namely, Jaccard index J and F-score F .
J computes the intersection over union (IoU) of the pre-
dicted segmentation and the ground truth mask. F con-
siders both precision and recall, which is represented as
Fβ = (1+β2)×presion×recall

β2×precision+recall , where β2 is set at 0.3. In our
experiment, we use MJ and MF to denote the mean met-
rics across the entire dataset.

4.3. Main Results

We conduct experiments on AVSBench-object and
AVSBench-semantic datasets. As AVS is an emerging pro-
posed problem recently introduced by [45], we compare our
COMBO with some state-of-the-art methods from other re-
lated tasks, such as sound source localization (SSL) [5, 34],
video object segmentation (VOS) [12, 28, 39], and salient
object detection (SOD) [29, 41], all of which provide
a comparative benchmark for our experiments. As evi-
denced in Tab. 1, COMBO demonstrates a substantial per-
formance gap (+9.8 mIoU in S4; +16.3 mIoU in MS3)
over other related methods, principally attributable to vari-
ances in setting specific task scenarios. We also com-
pare our method against some recent state-of-the-art meth-
ods [13, 15, 23, 26, 30, 31, 45] that have been explicitly
designed for audio-visual segmentation settings. On the
AVSBench-object dataset, COMBO-R50 outperforms the
current best performance by achieving 3.7 mIoU and 4.8
F-score improvements for S4 subset and 2.7 mIoU and 1.3
F-score improvements for MS3, while COMBO-PVT sur-
passes the top-performing method by 2.6 mIoU and 2.0 F-
score for S4 and 0.2 mIoU and 1.2 F-score for MS3.

Besides, we compare the AVSBench-semantic dataset as

Queries S4 AVSS

MJ MF MJ MF

all 80.9 89.9 30.7 34.2
add 81.7 90.1 33.3 37.3

Table 6. Ablation study of learnable queries.

λada
S4 AVSS

MJ MF MJ MF

0 81.0 89.8 33.0 37.1
5 81.1 90.1 33.3 37.3

10 81.7 90.1 32.1 35.6
20 81.2 89.7 32.6 36.1

Table 7. Ablation study of the adaptive inter-frame consistency
loss. λada is the hyperparameter, while higher values constrain
the output to be more similar.

displayed in Tab. 2, which presents a more challenging set-
ting. Both COMBO-R50 and COMBO-PVT achieve sig-
nificant results, with 8.4 and 5.4 mIoU improvements and
significant F-score enhancements of 8.0 and 4.1, respec-
tively. These experiments confirm that our COMBO model
surpasses existing state-of-the-art methods across all sub-
tasks, consequently setting a new benchmark for AVS.

4.4. Abaltion Study

In this section, we conduct ablation studies to verify
the effectiveness of each essential design in the proposed
COMBO. Specifically, we adopt ResNet-50 [16] as the
backbone and carry out extensive experiments on the S4 and
AVSS sub-tasks due to more videos in these tasks. Other
training settings remain consistent with Sec. 4.2
Component analysis of COMBO. To validate the impact
of our proposed method, we separately eliminate the Siam-
Encoder Module (SEM), Bilateral-Fusion Module (BFM),
and adaptive inter-frame consistency loss. As demonstrated
in Tab. 3, the results indicate that COMBO has demon-
strated superior influence on SEM with 1.4 mIoU improve-
ment, particularly on the AVSS subset. Concurrently, our
findings indicate that BFM is of substantial significance,
demonstrating a performance enhancement of 0.6 mIoU
over the S4 subset. More analysis are discussed later. In
addition, we examine the effect of inter-frame consistency
loss. The results reveal that our loss function contributes to
performance improvements with 0.7 mIoU on the S4 subset.
More details are provided subsequently.
Effects of Siam-Encoder Module (SEM). We first exam-
ine the significance of our SEM. Two designs are compared
in Tab. 4: one with share weights and another with separate
weights. When comparing shared and separate parameters,
it is found that separable parameters can attain 0.2 mIoU on
the S4 subset, but it is indeed more costly than the others.
Effects of Bilateral-Fusion Module (BFM). Moreover, we
investigate the influence of our BFM. We compared our
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Figure 5. Comparison of Visual Examples on the AVSBench-object and AVSBench-semantic Datasets with AVSBench [46] and AVSeg-
former [13]. Wherein the leftmost example is derived from the S4 subset, the middle example is from the MS3 subset, and the rightmost
example is from the AVSS subset. Red bounding boxes highlight the specific regions for comparison.

modules using different variants, which include without any
fusion, video-only fusion (inject audio feature into visual),
audio-only fusion (inject visual feature to audio), and our
bilateral fusion. As demonstrated in Tab. 5, bilateral fusion
achieves a performance improvement of 0.6 mIoU com-
pared to the model without any fusion. It is worth noting
that the transformer decoder inherently consists of a cross-
attention function, potentially serving as a fusion process.
Our model also realizes a performance improvement of 0.4
mIoU compared to only audio or visual fusion.
Effects of Audio Queries. As demonstrated in Tab. 6, All
denotes the exclusive use of fused audio queries, and Add
signifies the combination of fused audio queries and learn-
able queries. We first expand the audio features to the exact
dimensions as learnable queries, then compare the experi-
ments with the exclusive use of fused audio queries and the
combination of fused audio queries and learnable queries.
The results show that queries with Add have 0.8 and 2.6
mIoU improvements over All on S4 and AVSS subsets.
Effects of Adaptive Inter-frame Consistency Loss. To
validate the effect of Lada, we adopt different values of
λada. As shown in Tab. 7, the experiments demonstrate
that appropriate consistency constraints can enhance the
model’s performance. The appropriate value λada can im-
prove performance by 0.7 mIoU and 0.3 F-score for S4. In
addition, the heat map of the predicted masks has been vi-
sualized in Fig. 4. It is observable that the use of Lada fa-
cilitates the generation of a more distinct boundary output.
Nevertheless, it is essential to note that exceedingly high
values may lead to a decline in performance, given that the
video does not exhibit complete consistency.

4.5. Qualitative Analysis

We provide a qualitative comparison between AVS-
Bench [46], AVSegformer [13] and our proposed method

on AVSBench-object and AVSBench-semantic datasets. As
depicted in Fig. 5, our method, COMBO, exhibits superior
audio-temporal and spatial localization quality, leading to
better visualization and segmentation performance. For in-
stance, in the case of the middle samples, our model ac-
curately segments the singing man despite the presence of
other sounds. Moreover, our method achieves more precise
segmentation for background noise handling and provides
richer details of the foreground in other examples.

5. Conclusion
We introduce a novel audio-visual transformer frame-

work, termed COMBO, that archives state-of-the-art per-
formance on AVSBench-object and AVSBench-semantic
datasets. Contrary to previous methodologies that only
factor in modality or temporal relations individually, our
method explores multi-order bilateral relations for the first
time, combining pixel entanglement, modality entangle-
ment, and temporal entanglement. For these three kinds of
entanglement, we propose Siam-Encoder Module (SEM),
Bilateral-Fusion Module (BFM), and adaptive inter-frame
consistency loss, respectively. Extensive experimental re-
sults verify the effectiveness of our proposed framework.
We hope that our work will inspire further research in this
significant and worthwhile field.
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Appendix

Supplementary Material

This appendix presents additional materials and results.
First, we describe the detailed training settings in

Sec. A. Then, we give further descriptions of our proposed
COMBO in Sec. B to enhance comprehension. Next, we
provide more ablation studies for COMBO in Sec. C. Fi-
nally, a series of visual results are presented in Sec. D.

A. More Implementation Details
This section further explains the experimental details,

which can be found in Tab. I. It should be noted that the
batch size pertains to the number of videos entered, thereby
implying bs× T frames per iteration, where bs denotes the
batch size. Furthermore, pertaining to the AVSS task, given
that the input video comprises varying numbers of frames,
the number of frames within the batch size was dynamically
altered without the need for padding zeros.

B. Further Descriptions
B.1. Task Description

We begin by providing an illustration description for the
Audio-Visual Segmentation (AVS). As depicted in Fig. I,
the purpose of AVS is to segment all sound objects pixel-
by-pixel. There are two datasets included: (1) AVSBench-
object. This dataset encompasses single source sound seg-
mentation (S4) and multiple sound sources segmentation
(MS3), as shown in Fig. I (a) and Fig. I (b), respectively.
In other words, objects (such as a dog or cat) in an image
can be categorized into class-agnostic masks based on their
corresponding sounds. (2) AVSBench-semantic. In addi-
tion to the above, objects that emit sounds also carry class
semantic information, a concept known as audio-visual se-
mantic segmentation (AVSS), as shown in Fig. I (c). This
represents a more challenging dataset due to its complexity.

B.2. Proposal Generator

As shown in Fig. II, we provide a more detailed ex-
planation of the proposal generator proposed in COMBO.
Initially, we obtain class-agnostic masks denoted as c ∈
RK×H×W from the input frame, using a pre-existing foun-
dation model [22], where K denotes the number of poten-
tial targets. Subsequently, a Maskige generator, which is
part of the proposal generator, is introduced to convert the
class-agnostic masks c ∈ RK×H×W into Maskige, denoted
as m ∈ R3×H×W without the need for additional training.
Particularly, as K is dynamic and fluctuates according to in-
put frames, we amplify the quantity of class-agnostic masks
to N using zero masks, thereby deriving a series of binary

Image Audio Segmentation

    (a) Single Sound Source Segmentation (S4) 

Cat meowing

(b) Multiple Sound Source Segmentation (MS3)

Cat meowing
&

Dog barking

(c) Audio-Visual Semantic Segmentation (AVSS)

Cat meowing
&

Dog barking

Figure I. Illustration of the three sub-tasks in AVSBench-object
and AVSBench-semantic datasets. Best viewed in color.

Segment
Anything

Input Frame

Class-agnostic Masks

Maskige

Binary Masks

...
...

...

Maskige Generator

Figure II. Illustration of the Proposal Generator. The proposal gen-
erator consists of two parts: the yellow area on the left mainly
contains a frozen foundation model for generating class-agnostic
masks, and the green area on the right is used to convert the masks
into Maskige, also called Maskige generator.

masks c ∈ RN×H×W , where N is a predetermined num-
ber and N ≥ K. Next, considering that c denotes a series
of binary masks that are challenging to incorporate into vi-
sual features, we utilize a random color encoding function
X (·) : RN×H×W → R3×H×W to convert the binary masks
c ∈ RN×H×W into Maskige m ∈ R3×H×W . Formally,
we define X (c) = cA, where A ∈ RN×3. To facilitate
the proposal generator offline, the value of A is manually
set appropriately. Specifically, we set N = 100, a value
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Settings S4 MS3 AVSS

Resolution H ×W 224× 224 224× 224 224× 224
Number of frames T 5 5 5 & 10
Data augmentation horizontal flip & color aug horizontal flip & color aug horizontal flip & color aug
Audio dimension D 128 128 128
Embedding dimension d 256 256 256
Number of queries Nq 100 100 100
Number of transformer decoders L 3 3 3
Loss coefficient λcls 2.0 2.0 2.0
Loss coefficient λmask 5.0 5.0 5.0
Loss coefficient λada 10.0 10.0 5.0

Batch size 8 8 8
Optimizer AdamW AdamW AdamW
Learning rate 0.0001 0.0001 0.0001
Weight decay 0.05 0.05 0.05
Iterations 90k 20k 90k

Table I. Detailed settings. This table provides a detailed overview of the specific settings used for each sub-task.

Figure III. Visualization of matrix A ∈ R100×3. Each color bar has an RGB value of dimension 3, and there are 100 color bars.

considerably larger than K. To enhance the distinctiveness
between various targets, as illustrated in Fig. III, we use the
first 100 color mappings of the color mapping relationship
in ADE20K dataset [44] as the parameters of matrix A. Fur-
ther visualizations on Maskiges are available in Sec. D.

C. More Results
C.1. Effects of The Foundation Model

We continue our exploration by investigating the impact
of the various foundation models in the proposal genera-
tor on performance. For comparison, we select the orig-
inal Segment Anything Model (SAM) [20], the superior-
performing Semantic-SAM [22], and the lighter Mobile-
SAM [40] as the foundation models of the proposal gener-
ator to evaluate the performance alongside the backbone of
PVT-v2 [36] on the S4 subset. As illustrated in Tab. II, the
results depict a minimal performance discrepancy among
the different foundational models. Nevertheless, it is evi-
dent that the performance of our model improves with the
enhancement of the foundational model’s ability. Accord-
ingly, we choose the Semantic-SAM [22] as the founda-
tion model of the proposal generator. In addition, we also
provide a comparison of the visualizations of the Maskiges
generated by different foundational models in Sec. D.

C.2. Effects of The Number of Queries

We present additional ablation studies concerning the
number of queries, denoted as Nq , in our approach, as il-

S4 SAM [20] Semantic-SAM [22] MobileSAM [40]

MJ 84.4 84.7 84.1
MF 91.8 91.9 91.6

Table II. Impact of the different foundation models on COMBO.

Nq
S4 AVSS

MJ MF MJ MF

100 81.7 90.1 33.3 37.3
200 81.5 90.1 32.0 35.6
300 81.3 89.9 31.4 34.7

Table III. Impact of the number of queries on COMBO.

lustrated in Tab. III. In order to examine the influence of
the query count on the model’s performance, we conducted
a series of experiments using varying quantities of queries
within the transformer decoder, specifically 100, 200, and
300. Our findings suggest that 100 queries are sufficient,
given the infrequency of maximum concurrent classes in an
AVS task. Therefore, we established the default number of
queries as 100 following [10].

D. More Qualitative Results
In this section, we introduce additional qualitative results

of our proposed COMBO, along with its intermediate visu-
alizations, to illustrate the effectiveness of our module. The
quality of the generation of the Maskige is crucial to the as-
sistance of our model. Therefore, we first show some exam-
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Visual
Frames

SAM

Semantic-
SAM

MobileSAM

Ground
Truth

Figure IV. Visualization of Maskiges. The Maskiges are generated by proposal generator with various foundation models [20, 22, 40] and
the color encoding function X (·).

ples sampled from various sub-tasks with foundation mod-
els [20, 22, 40] in Fig. IV. It is evident that all foundational
models exhibit exceptional proficiency in segmenting class-
agnostic targets. However, given that Semantic-SAM [22]
can produce a more complete target mask, we select it as the
foundation model of our proposed proposal generator. Be-
sides, we also provide additional heat maps of the predicted
masks to illustrate the effectiveness of the adaptive inter-
frame consistency loss, Lada. As depicted in Fig. V, when

Fr
am

es

0.976 0.9810.961 0.980

0.988 0.9930.962 0.975

Fr
am

es

0.804 0.9210.920 0.927

0.731 0.9450.912 0.935

Figure V. Visualization of the heat map of the predicted masks
without and with the consideration of Lada based on the S4 subset.

adjacent frames are similar, our loss module enables pre-
dicted masks to produce more accurate results. Conversely,
when adjacent frames are dissimilar, our module can avoid
mutual interference between adjacent frames due to the ex-
istence of adaptive. Finally, given that the audio-visual seg-
mentation task is a video task with audio input, we present
a visual comparison between our method and baseline in a
video format, which can be reviewed on our project page.
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Abstract

Marketing optimization plays an important role to enhance user

engagement in online Internet platforms. Existing studies usually

formulate this problem as a budget allocation problem and solve it

by utilizing two fully decoupled stages, i.e., machine learning (ML)

and operation research (OR). However, the learning objective in

ML does not take account of the downstream optimization task in

OR, which causes that the prediction accuracy in ML may be not

positively related to the decision quality.

Decision Focused Learning (DFL) integrates ML and OR into

an end-to-end framework, which takes the objective of the down-

stream task as the decision loss function and guarantees the con-

sistency of the optimization direction between ML and OR. How-

ever, deploying DFL in marketing is non-trivial due to multiple

technological challenges. Firstly, the budget allocation problem in

marketing is a 0-1 integer stochastic programming problem and

the budget is uncertain and �uctuates a lot in real-world settings,

which is beyond the general problem background in DFL. Secondly,
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the counterfactual in marketing causes that the decision loss can-

not be directly computed and the optimal solution can never be

obtained, both of which disable the common gradient-estimation

approaches in DFL. Thirdly, the OR solver is called frequently to

compute the decision loss during model training in DFL, which

produces huge computational cost and cannot support large-scale

training data. In this paper, we propose a decision focused causal

learning framework (DFCL) for direct counterfactual marketing

optimization, which overcomes the above technological challenges.

Both o£ine experiments and online A/B testing demonstrate the

e¤ectiveness of DFCL over the state-of-the-art methods. Currently,

DFCL has been deployed in several marketing scenarios in Meituan,

one of the largest online food delivery platform in the world.

CCS Concepts

•Computingmethodologies→Machine learning approaches;

• Applied computing → Electronic commerce.

Keywords

Causal Inference, Decision Focused Learning, Marketing Optimiza-

tion

ACM Reference Format:

Hao Zhou, Rongxiao Huang, Shaoming Li, Guibin Jiang, Jiaqi Zheng, Bing

Cheng, and Wei Lin. 2024. Decision Focused Causal Learning for Direct

Counterfactual Marketing Optimization. In Proceedings of the 30th ACM
SIGKDD Conference on Knowledge Discovery and Data Mining (KDD ’24),
August 25–29, 2024, Barcelona, Spain. ACM, New York, NY, USA, 12 pages.

https://doi.org/10.1145/3637528.3672353

ar
X

iv
:2

40
7.

13
66

4v
1 

 [
cs

.L
G

] 
 1

8 
Ju

l 2
02

4

Decision	Focused	Causal	Learning	for	
Direct	Counterfactual	Marketing	Optimization



478　>　2024年美团技术年货

KDD ’24, August 25–29, 2024, Barcelona, Spain. Hao Zhou et al.

1 Introduction

Conducting marketing campaigns is a popular and e�ective way
used by online Internet platforms to boost user engagement and
revenue. For example, coupons in Taobao[37] can stimulate user
activity, dynamic pricing in Airbnb[36] and discounts in Uber[11]
encourage users to use the products.

Despite the incremental revenues, marketing campaigns could
incur signi�cant costs. In order to be sustainable, a marketing cam-
paign is usually conducted under a limited budget. In other words,
only a portion of individuals (e.g., shops or goods) may receive
marketing treatments due to a limited budget. Hence, assigning the
appropriate marketing treatments to di�erent individuals is essen-
tial for the e�ectiveness of a marketing campaign since users would
respond di�erently to various promotional o�ers. Such decision
problems can be formalized as resource allocation problems and
have been investigated for decades.

Themainstream solution for these problems is a two-stagemethod
[2, 3, 11, 32, 38]. In the �rst stage, the individual-level (incremental)
response under di�erent treatments is predicted using ML models.
The second stage is OR, and the predictions are fed into the combi-
nation optimization algorithms to achieve optimal overall revenue.
However, the objectives of the two stages are not aligned: the for-
mer focuses on the predictive precision of the ML models, while
the latter focuses on the quality of decisions. The method has some
defects due to the isolation of ML and OR. First, the prediction preci-
sion of ML models has no strict positive correlation with the quality
of the �nal decision. This is because standard loss functions (e.g.,
mean square error, cross-entropy error) do not take the interplay
between the predictions into account, which can a�ect decision
quality. Second, ML models often fall short of perfect precision, and
the complex operations performed on the predictions in OR lead to
the ampli�cation or accumulation of prediction errors. Thus, the
two-stage method usually obtains suboptimal decisions and is even
inferior to heuristic strategies in some scenarios.

Recently, Decision-Focused Learning (DFL) [4, 12, 20, 26] has
received increasing attention as an appropriate alternative to the
two-stage method. The paradigm integrates prediction and opti-
mization into an end-to-end system, which e�ectively aligns the
objectives of both stages and achieves better performance on many
challenging tasks. The key idea is to train ML models using a loss
function that directly measures the quality of the decisions obtained
from the predictions. Speci�cally, the ML models are trained un-
der the predict-then-optimize framework [12], which (1) makes
predictions based on historical data, (2) solves the optimization
problem based on the predictions, and (3) computes the decision
loss to update the ML model parameters using stochastic gradient
descent (SGD).

Nevertheless, deploying DFL in marketing is non-trivial due to
the following challenges.

Uncertainty of constraints. Most prior works of DFL have
investigated the optimization problem where the unknown param-
eters appear in the objective function. The reason behind this is
that the unknown parameters in the constraints lead to uncertainty
in the solution space, and the optimal solution derived from the
predictions may not be feasible under the real parameters. Within
the constraints of our optimization problem, there are two distinct

forms of uncertainty: intrinsic and extrinsic. The inherent uncer-
tainty in the constraints refers to the costs consumed by the indi-
viduals under di�erent treatments, which can be predicted based
on historical data. Extrinsic uncertainty is the frequently changing
marketing budget, determined by the external environment. An
ML model is required to guarantee superior performance under
di�erent marketing budgets. Thus, our optimization objective is the
e�ectiveness of the decision under any budget, and the optimization
problem is a 0-1 integer stochastic programming.

Counterfactuals in marketing. Computing decision loss in
marketing is challenging due to the presence of counterfactuals.
Speci�cally, observing the values and costs of an individual under
di�erent treatments is impossible because the individual can only
receive one treatment, which is also called the fundamental problem
of causal inference [27]. In addition, the optimal solution of the
optimization problem cannot be obtained based on o�ine data
due to the counterfactuals, which disables the common gradient-
estimation methods (e.g., SPO [12], LODL [28], LTR [18]) in DFL.

Computational cost of large-scale dataset. Computational
cost is one of the major roadblocks for DFL involving large-scale
optimization. As mentioned above, DFL integrates prediction and
optimization into an end-to-end system, where the solver will be
called frequently during training to solve the optimization problem.
Therefore, the computational cost of DFL is high, leading prior
works to investigate toy-level problems with few decision variables.
In real-world applications, we need to train models for tens of
millions of data, which is unsupportable by traditional DFL.

In this paper, we propose Decision-Focused Causal-Learning
(DFCL) to address the above challenges. The main contributions of
this work can be summarized as follows.

Generalization. In order to address both endogenous uncer-
tainty (cost of individual consumption) and exogenous uncertainty
(marketing budget) in the constraints, the uncertainty constraints
are transformed into the objective function of the dual problem
using Lagrangian duality theory. The optimization objective of
the dual problem is then used as the decision loss. Moreover, we
prove that the budget of the primal problem corresponds to the
Lagrange multipliers of the dual problem, and thus optimizing the
dual solution under di�erent Lagrange multipliers is equivalent to
optimizing the quality of decisions under di�erent budgets.

Counterfactual Decision Loss. Optimal solution, decision loss,
and gradient cannot be computed directly due to the existence of
counterfactuals in marketing, thus we propose two solutions: (1)
surrogate loss function and (2) black-box optimization based on
the Expected Outcome Metric (EOM) [2, 39, 40]. Inspired by Policy
Gradient in Reinforcement Learning, we transform the decision
problem of discrete actions into the problem which maximizes ex-
pected revenue under the probability distribution of the actions,
and combine the Maximum Entropy Regularizer as well as the
Lagrangian duality theory to give two kinds of surrogate loss func-
tions: Policy Learning Loss and Maximun Entropy Regularized Loss.
We theoretically guarantee continuity, convexity and equivalence
of the surrogate loss functions. For black-box optimization, we em-
ploy the EOM to give an unbiased estimation of the decision loss
and improve the �nite di�erence strategy to develop an e�cient
estimator of the gradient, which enables us to update the model
parameters using gradient descent.
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Scalability. In real-world applications, we need to train models
for tens-of-millions of data. The surrogate functions proposed in
this paper are smooth convex loss functions with almost the same
computational e�ciency as the two-stage method. For black-box
optimization, frequently solving the optimization problem after
perturbation incurs huge computational overhead. We accelerate
the problem solving and modify the gradient estimator using the
Lagrangian duality theory, which signi�cantly improves the train-
ing e�ciency and reduces the training time from hour-level to
second-level per epoch compared to the black-box method based
on the primal problem.

We conduct extensive experiments to evaluate the performance
of DFCL. Both oine experiments and online A/B testing show the
superior performance of our method over state-of-the-art baselines.
DFCL is deployed to several scenarios in Meituan, an online food
delivery platform, and achieves signi�cant revenue.

2 Related Works

Two-stage Method. The mainstream solution to the resource al-
location problem in marketing usually follows the two-stage para-
digm [2, 3, 32, 38], which handles the two stages—machine learn-
ing (ML) and operation research (OR)—independently. In the �rst
stage, the uplift models are deployed to predict the treatment ef-
fects of individuals. Some prior works have focused on the design
of uplift models, including Meta-Learners [16, 23], Causal Forests
[2, 5, 31, 39], representation learning [13, 29, 35] and rank model
[8, 17]. However, standard loss functions (such as mean square error
and cross-entropy error) for training uplift models do not take the
downstream OR into account. In the second stage, the resource
allocation problem is represented as a multi-choice knapsack prob-
lem (MCKP), which is NP-Hard and e�ciently solved based on
Lagrangian duality theory [2, 3, 32, 40].
Decision-Focused Learning(DFL). DFL is considered an appro-
priate alternative to the two-stage method, which integrates predic-
tion and optimization into an end-to-end system. Since computing
decision loss requires solving optimization problems, which usu-
ally involve non-di�erentiable operations, automatic di�erentiation
in machine learning frameworks (such as Pytorch [25] and Ten-
sor�ow [1]) cannot give the correct gradient. Three categories of
approaches to gradient computation are proposed by prior DFL
works: analytical smoothing of optimization mappings, smooth-
ing by random perturbations, and di�erentiation of surrogate loss
function. The �rst method derives the analytic gradient of deci-
sion loss by using the KKT condition or the homogenous self-dual
formulation, including Optnet [4], DQP [10], QPTL [33], and In-
tOpt [19]. However, when the optimization problem is discrete, the
method requires a continuous relaxation of the primal problem,
which results in suboptimality. A potential resolution is to consider
every optimization problem as a black-box optimization and utilize
random perturbations, such as DBB [26], DPO [7], and I-MLE [24],
to generate approximate gradient. Furthermore, the decision loss
is typically discontinuous and nonconvex, so some of these works
suggest convex surrogate functions, including SPO [12], LTR [18],
NCE [22], and LODL [28], for the decision loss.
The most related works to ours are DRP [11] and DPM [40]. DRP
proposes to directly learn ROI (ratio between incremental values

and incremental costs) to rank and choose individuals in the binary
treatment setting. It has been shown by [40] that the loss function in
DRP is unable to converging to a stable extreme point. DPM extend
the idea to the multiple treatments setting by directly learning the
unbiased estimation of the decision factor in OR. However, the
construction of the decision factor in multi-treatment setting relies
on the law of diminishing marginal utility, which does not hold
strictly in some scenarios of marketing.

3 Problem Formulation

In this section, we formalize the resource allocation problem and
introduce the overall optimization objective in marketing.

We start with a common marketing scenario that has� types
of treatments. Let �� � and �� � be the revenue and cost of individual
� under treatment � , respectively. The objective is to �nd an opti-
mal allocation strategy for a group of individuals to maximize the
revenue of the platform, given a limited budget �. Therefore, the
budget allocation problem with multiple treatments (MTBAP) can
be formulated as an integer programming problem (1):

max
�

� (�, �) =
∑

�

∑

�

�� ��� � ,

s.t.
∑

�

∑

�

�� ��� � ≤ �,

∑

�

�� � = 1,∀�,

�� � ∈ {0, 1},∀�, �,

(1)

where �� � ∈ {0, 1} is the decision variable to denote whether to as-
sign treatment � to individual � . The �rst constraint is the limitation
of the budget and the second one requires that only one treatment
is assigned to each individual. Since the budget � �uctuates a lot in
real-world settings, the objective is regared as a function of the bud-
get and the overall marketing goal is to maximize revenue � (�, �)
within arbitrary given budget.
Combinatorial Optimization Algorithm. When the value of
�� � and �� � are known in advance, MTBAP is a classical multiple
choice knapsack problem (MCKP) [30], which remains NP-Hard.
Existing studies usually solve this problem by using greedy algo-
rithms or Lagrangian duality theory, both of which can provide a
approximation ratio of

� = 1 −
max� � �� �
OPT ,

where OPT is the optimal solution. In the above equation,max� � �� �
refers to the revenue of one individual (e.g., one user or one shop),
which is negligible compared with OPT that is the sum of the
revenue of all the individuals in marketing. Therefore, it indicates
that both greedy algorithms and Lagrangian duality theory can
achieve near optimal performance, which are also themost common
algorithms to solve MTBAP in marketing. The details can be found
in existing works, which will not be discussed in this paper.
Model Prediction. However, the value of �� � and �� � are unknown
during decision making in real-world applications, which are usu-
ally replaced with the prediction value. Therefore, how to make the
prediction of �� � and �� � plays important roles in marketing e�ec-
tiveness, which will be addressed in this paper. In the traditional
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two-stage approaches, the machine learning (ML) model is trained

with the direction of optimizing prediction accuracy, which may

be not consistent with the direction of optimizing decision quality.

In the following sections, we mainly focus on the design of the loss

function, to make a tradeo� between the prediction accuracy and

the decision quality.

4 Learning Framework of DFCL

In the learning framework, the loss function includes two parts, the

prediction loss and the decision loss, i.e.,

L���� = �L�� + L�� .

The former L�� aims to decrease the prediction error, which con-

tributes to improving the generalization ability of a ML model. The

latter L�� measures the decision quality of the downstream task,

which is exactly the objective of marketing optimization.

4.1 Prediction Loss

In the traditional two-stagemethod, theMLmodel is trained bymin-

imizing the di�erence between the predictions �̂ , �̂ and the ground-

truth values �, � . For instance, in a regression problem, the mean

squared error (MSE) is usually used to train the ML model:

L��� (�, �, �̂ , �̂) =
1

��

∑

�

∑

�

(�� � − �̂� � )
2 + (�� � − �̂� � )

2 . (2)

Due to the counterfactuals in marketing, observing the revenue

or cost of an individual under di�erent treatments is impossible

because each individual can only receive one treatment, which is

also called the fundamental problem of causal inference.

Definition 1 (The fundamental problem of causal infer-
ence). For all individuals, only one of all the potential outcomes

under di�erent treatments can be observed in real-world data.

Therefore, L��� cannot be directly computed according to Eq. 2

since �� �1 and �� �2 (or equivalently, �� �1 and �� �2 ) cannot be simul-

taneously observed for any �1 ≠ �2. To solve this problem, we

�rst formulate the training data set and then develop a equivalent

prediction loss in marketing.

Data Set. Suppose that there is a data set of size � collected

from random control trials (RCT). The �-th sample is denoted by

(�� , �� , ���� , ���� ), where �� is the features of individual � , �� is the
assigned treatment, and ���� , ���� are the revenue and the cost of

individual � under treatment �� . Denote the count of the samples

(individuals) receiving treatment � by � � .

Prediction Loss. Given the above data set, we present the predic-

tion loss inmarketing in Eq. (3). Theorem 1 presents the equivalency

and the detailed proof can be found in Appendix A.

L�� (�, �, �̂ , �̂) =
1
�

∑

�

1
���

[(���� − �̂��� )2 + (���� − �̂��� )2] . (3)

Theorem 1. The prediction loss L�� is equivalent to L��� , i.e.,

L�� = L��� .

4.2 Decision Loss

As is stated in Sec. 3, the ground-truth value of � and � are usually
unknown in advance, which are replaced with the prediction �̂ and
�̂ during decision making. Therefore, denote the original optimiza-

tion problem � (�, �) by � (�, �, �̂ , �̂), and the solution �∗(�, �̂ , �̂) is
obtained by solve MTBAP � (�, �, �̂ , �̂), i.e.,

�∗(�, �̂ , �̂) = argmax
�

� (�, �, �̂ , �̂).

The objective value achieved by the current solution �∗(�, �̂ , �̂) can
be expressed with the ground-truth value of � as

∑

�

∑

�

�� ��
∗
� � (�, �̂ , �̂).

The decision loss under budget � is de	ned as the negative of

the objective value with ground-truth � and predicted decision

�∗(�, �̂ , �̂), i.e.,

L�� (�, �, �, �̂ , �̂) = −
∑

�

∑

�

�� ��
∗
� � (�, �̂ , �̂).

As is descripted in Sec. 3, the budget � �uctuates a lot in real-world

settings and the overall marketing objective is to maximize the

revenue under arbitrary budget. Therefore, the decision loss in

marketing is de�ned as

L�� (�, �, �̂ , �̂) =
∫ ∞

0
L�� (�, �, �, �̂ , �̂)��

=
∫ ∞

0
−
∑

�

∑

�

�� ��
∗
� � (�, �̂ , �̂)��.

For ease of calculation, we can also discretize the budget and com-

pute the decision loss by

L�� (�, �, �̂ , �̂) =
∑

�

L�� (�, �, �, �̂ , �̂).

4.3 Learning Framework

Algorithm 1 presents the framework of decision focused causal

learning (DFCL). The most crucial step in this framework is the

gradient estimation of L���� in line 10 of Algorithm 1. However,

it is non-trival in marketing due to the following technological

challenges, i.e., uncertainty of constraints, counterfactual and com-

putation cost. In this paper, we will show how to address these

challenges and how to deploy DFCL in marketing optimization.

Algorithm 1 Decision Focused Causal Learning (DFCL)

Input: training data D ≡ {(�� , �� , ���� , ���� )}��=1
1: Initialize �
2: for each epoch do

3: �̂ , �̂ =�� (�).
4: L�� =

∑
�

1
���

[(���� − �̂��� )2 + (���� − �̂��� )2] .
5: for each budget � do

6: �∗(�, �̂ , �̂) = argmax� � (�, �, �̂ , �̂).
7: L�� (�) = −∑

�
∑

� �� ��
∗
� � (�, �̂ , �̂).

8: L�� =
∑
� L�� (�)

9: L���� = �L�� + L�� .

10: � = � − � �L����
��
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5 Gradient Estimation of DFCL

The loss of DFCL consists of the prediction loss and the decision loss.

The former is a continuously di�erentiable function whose gradient

can be directly computed. Hence, the gradient estimation of the

decision loss is the key focus of this section. Firstly, we introduce the

equivalent dual decision loss to remove the uncertain constraints

and reduce the computation cost of combinatorial optimization

algorithms. Secondly, we develop two surrogate loss functions and

improve the black-box optimization algorithm to provide a gradient

estimation of the dual decision loss.

5.1 Dual Decision Loss

Based on the Lagrangian duality theory, the upper bound of the orig-

inal problem � (�, �, �, �) can be obtained by solving the following

dual problem (4).

min
�≥0

���
�

max
�

�� +∑
�
∑

� (�� � − ��� � )�� �
� .� .

∑
� �� � = 1,∀�

�� � ∈ {0, 1},∀�, �

���
�

=min
�≥0

max
�

� (�, �, �, �, �)

=min
�≥0

� (�, �, �, �). (4)

The optimal Lagrange multiplier �∗ for the dual problem (4) can be

obtained by using a gradient descent algorithm or a binary search

method with the terminal condition of �−∑�
∑

� �� ��� � ≤ � or � ≤ � .
In addition, an approximately optimal solution for the original

problem can be derived by maximizing � (�, �∗, �, �, �). Theorem 2

presents the relationship between the original problem � (�, �, �, �)
and the dual problem� (�, �, �, �).

Theorem 2. Denote by �� (�, �, �, �) the relaxation form of � (�, �, �, �)
where the decision variables � are relaxed to continuous variables (i.e.,
�� � ∈ [0, 1] for ∀�, �). Denote the optimal solution by

�∗� (�, �, �) = argmax
�

�� (�, �, �, �),

�∗(�, �, �) = argmax
�

� (�, �, �, �),

�∗(�, �, �) = argmin
�≥0

� (�, �, �, �).

Given the optimal Lagrange multiplier �∗, an approximation solution

for the original problem can be derived by

�� (�∗, �, �, �) = argmax
�

� (�, �∗, �, �, �).

Based on these de�nitions, we claim that �∗ is monotonic decreasing

with the increment of the budget �, and we have

� (�� , �, �, �) ≤ � (�∗, �, �, �)
≤ �� (�∗� , �, �, �)
= � (�∗, �, �, �)

≤ � (�� , �, �, �) +max
� �

�� �

The detailed proof can be found in [14]. Given the optimal �∗,
Theorem 2 indicates that the solution �� (�∗, �, �, �) obtained by

maximizing � (�, �∗, �, �, �) is approximately optimal with an ap-

priximation ratio of

� =
� (�� , �, �, �)
� (�∗, �, �, �) ≥

� (�∗, �, �, �) −max� � �� �
� (�∗, �, �, �)

= 1 −
max� � �� �

� (�∗, �, �, �)
≈ 1

The last equality holds because � (�∗, �, �, �) is the sum of the rev-

enue of millions of individuals in marketing, which means that

� (�∗, �, �, �) � max� � �� � .
Therefore, instead of the original problem, the optimization of

the dual problem � (�, �∗, �, �, �) is taken as the learning objective,

which we call the dual decision loss. Given the optimal �∗ and

the prediction value �̂ , �̂ , the solution �� (�∗, �, �̂ , �̂) is obtained by

maximizing � (�, �∗, �, �̂ , �̂), i.e.,

�� (�∗, �, �̂ , �̂) = argmax
�

� (�, �∗, �, �̂ , �̂).

Notice that �∗� can be taken as a constant, and removing it from

� (�, �∗, �, �̂ , �̂) does not in�uence �� . Therefore, the solution �� can

be rewritten as

�� (�∗, �̂ , �̂) = argmax
�

� (�, �∗, �̂ , �̂),

where � (�, �∗, �̂ , �̂) is the form of � (�, �∗, �, �̂ , �̂) after removing

�∗�. The dual decision loss achieved by the current solution �� is

L��� (�∗, �, �, �, �̂ , �̂) = −(�∗� +
∑

�

∑

�

(�� � − �∗�� � )��� � (�
∗, �̂ , �̂)).

Similarly, since �∗ and � is irrelevant to the prediction value �̂ , �̂ ,
�∗� can be regarded as a constant and removed from the dual

decision loss. According to Theorem 2, �∗ is monotonic decreasing

with the increment of the budget � and there is an unique �∗ for
the dual problem when given the budget �. Therefore, the decision
loss L�� (�, �, �̂ , �̂) in the original problem under arbitrary budget �
can be transformed to the dual decision loss L��� (�, �, �̂ , �̂) under
arbitrary Lagrange multiplier �∗, i.e.,

L��� (�, �, �̂ , �̂) =
∫ ∞

0
L��� (�∗, � , �, �̂ , �̂)��∗

=
∫ ∞

0
L��� (�, �, �, �̂ , �̂)��

= −
∫ ∞

0

∑

�

∑

�

(�� � − ��� � )��� � (�, �̂ , �̂)��.

By discretizing the Lagrange multiplier �, the dual decision loss

can be computed by

L��� (�, �, �̂ , �̂) =
∑

�

L��� (�, �, �, �̂ , �̂).

5.2 Policy Learning Loss

Notice that the dual problem � (�, �, �̂ , �̂) can be solved by

max
�

� (�, �, �̂ , �̂) =
���
�

max
�

∑
�
∑

� (�̂� � − ��̂� � )�� �
� .� .

∑
� �� � = 1,∀�

�� � ∈ {0, 1},∀�, �

���
�

=
∑

�

max
�

(�̂� � − ��̂� � )
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Therefore, the solution �� (�, �̂ , �̂) = argmax� � (�, �, �̂ , �̂) can be

expressed by

��� � (�, �̂ , �̂) = I�=argmax� �̂� �−��̂� � .

Hence, the dual decision loss is rewritten as

L��� (�, �, �̂ , �̂) = −
∑

�

∑

�

∑

�

(�� � − ��� � )I�=argmax� �̂� �−��̂� �

However, L��� (�, �, �̂ , �̂) is not di�erentiable with respect to �̂ and
�̂ due to the indicator function. Instead, we utilize a softmax function
to smooth the dual decision loss, i.e.,

L′
��� (�, �, �̂ , �̂) = −

∑

�

∑

�

∑

�

(�� � − ��� � )
exp(�̂� � − ��̂� � )∑
� exp(�̂�� − ��̂�� )

(5)

Let �� � (�, �̂ , �̂) = exp(�̂� � − ��̂� � )/
∑
� exp(�̂�� − ��̂�� ) be the proba-

bility of assigning treatment � to individual � . Take �� � − ��� � as the
reward of assigning treatment � to individual � . Hence, minimizing

L′
��� (�, �, �̂ , �̂) is equivalent to maximizing the expected reward of

policy � = �� � (�, �̂ , �̂) under di�erent Lagrange multipliers. There-
fore, L′

��� is also called the policy learning loss.
Due to the counterfactual in marketing, L′

��� (�, �, �̂ , �̂) cannot
be directly computed by Eq. (5) in training data sets. Instead, we
propose a surrogate loss, i.e.,

L��� (�, �, �̂ , �̂) = −
∑

�

∑

�

�

���
(���� − ����� )

exp(�̂��� − ��̂��� )∑
� exp(�̂� � − ��̂� � )

.

Theorem 3 presents the equivalence between the original dual
decision loss L��� and the surrogate policy learning loss ���� .
The detailed proof can be found in Appendix B.

Theorem 3. L���,L′
��� and L��� are equivalent, i.e.,

L��� (�, �̂ , �̂) = L′
��� (�, �̂ , �̂)

and
min
�̂ ,�̂

L��� (�, �̂ , �̂) = min
�̂ ,�̂

L��� (�, �̂ , �̂).

5.3 Maximum Entropy Regularized Loss

In order to obtain a di�erentiable closed form of �� (�, �̂ , �̂) with
respect to �̂ and �̂ , we relax the discrete constraint � ∈ {0, 1} to a
continuous one � ∈ [0, 1] and add a maximum entropy regular-
izer to the objective function in � (�, �, �̂ , �̂). Hence, � (�, �, �̂ , �̂) is
transformed to a nonlinear convex function, i.e.,

max
�

∑

�

∑

�

(�̂� � − ��̂� � )�� � − �
∑

�

∑

�

�� � ln �� � ,

� .� .
∑

�

�� � = 1,∀�,

�� � ∈ [0, 1],

where � denotes the penalty weight. The Lagrange relaxation func-

tion can be further rewritten as

�(�, �) =
�∑

�=1

�∑

�=1

(�� �−��� � )�� �−�
�∑

�=1

�∑

�=1

�� � ln �� �−
∑

�

�� (1−
∑

�

�� � ),

where � is the dual variables on the equality constraint. When
�� (�,� )

�� = 0 and �� (�,� )
�� = 0, the optimal solution is obtained by

��� � =
exp[(�̂� � − ��̂� � )/�]∑
� exp[(�̂�� − ��̂�� )/�]

,

which is continuously di�erentiable with respect to �̂ and �̂ . Hence,
the dual decision loss can be rewritten as

L′′
��� (�, �, �̂ , �̂) = −

∑

�

∑

�

∑

�

(�� � − ��� � )
exp[(�̂� � − ��̂� � )/�]∑
� exp[(�̂�� − ��̂�� )/�]

Similarly, L′′
��� cannot be directly computed due to the counter-

factual in marketing. We propose a surrogate loss L���� (�, �, �̂ , �̂)
as follows, which we call the maximum entropy regularized loss,

L���� (�, �, �̂ , �̂) = −
∑

�

∑

�

�

���
(����−����� )

exp[(�̂��� − ��̂��� )/�]∑
� exp[(�̂� � − ��̂� � )/�]

.

Notice that L��� is a special case of L���� , where the solution

�� can be regarded as a temperature softmax function in L���� .

5.4 Improved Finite-Di�erence Strategy

In addition to constructing surrogate loss functions, we can also use

the Expected Outcome Metric (EOM) [2, 39, 40] to give an unbiased

estimate of the decision loss and leverage black-box optimization

for decision-focused learning.

EOM is a commonly used method for o�ine strategy evaluation

based on randomized dataset. Given a batch of � random sam-

ples and model predictions �̂ and �̂ , an arbitrary allocation strategy

� (�̂ , �̂) can be evaluated: (1) �nd the set of individuals whose re-

ceived treatment is equal to the treatment in the allocation strategy

� (�̂ , �̂), (2) then empirically estimate their per capita revenue and

per capita cost:

�̄ (�, �, �̂ , �̂) = 1

�

∑

�

1

���
��� I��=argmax� �� � ,

�̄ (�, �, �̂ , �̂) = 1

�

∑

�

1

���
��� I��=argmax� �� � ,

where ��� denotes the probability that a treatment is equal to �� in
the randomized dataset. For the primal MCKP with budget �, we
can use binary search to empirically estimate the per capita revenue
under a per capita budget �

� as is shown in Appendix C.
Therefore, we can rede�ne the decision loss as follows:

L�� (�, �, �̂ , �̂) = −
∑

�

�̄ (�, �, �, �̂ , �̂).

Since the computation of �̄ (�, �, �, �̂ , �̂) involves many nondi�eren-
tiable operations, we consider them as black-box functions and
estimate the gradient by perturbation. Using the �nite di�erence
strategy, the gradient of the decision quality with respect to �̂� � is
estimated as:

�L�� (�, �, �̂ , �̂)
��̂� �

=
L�� (�, �, �̂ + �� �ℎ, �̂) − L�� (�, �, �̂ , �̂)

ℎ
,

where ℎ is a small constant, and �� � ∈ {0, 1}�×� is a matrix
where only the element in the i-th row and j-th column is 1, and
all other elements are 0. The gradient term �L�� (�,�,�̂ ,�̂ )

��̂� �
can be

computed similarly. We estimate the gradient by perturbing the
predictions one by one and obtain the gradient matrix �L�� (�,�,�̂ ,�̂ )

��̂



顶会论文　<　483

Decision Focused Causal Learning for Direct Counterfactual Marketing Optimization KDD ’24, August 25–29, 2024, Barcelona, Spain.

and
�L�� (�,�,�̂ ,�̂ )

��̂ ∈ ��×� . Finally, we derive the following loss

function, which is able to train the ML model via gradient descent:

L��� (�, �, �̂ , �̂) =
∑

�

∑

�

�L�� (�, �, �̂ , �̂)
��̂� �

�̂� � +
�L�� (�, �, �̂ , �̂)

��̂� �
�̂� � .

Since the perturbations are performed one by one, �̄ (�, �, �, �̂ , �̂)
requires frequent evaluation, leading to a considerable time com-

plexity of black-box optimization based on the primal MCKP [34].

In practice, we �nd that the number of samples � tends to be in

the millions or even tens of millions, so the time consumption for a

training epoch reaches the level of hours. A possible approach is to

only perturb some of the samples by sampling, but this may incur

the loss of much of the gradient information.

Instead, we accelerate the problem solving and modify the gradi-

ent estimator by using Lagrangian duality theory. Since the budget

� in the primal MCKP corresponds one-to-one to the � in the duality
problem, the dual decision loss can be rede�ned as:

L��� (�, �, �̂ , �̂) = −
∑

�

�̄ (�, �, �, �̂ , �̂) − ��̄ (�, �, �, �̂ , �̂) .

Although we avoid solving the primal MCKP, it is still necessary

to frequently evaluate the per capita revenue and per capita cost

after perturbation under multiple Lagrangian multipliers. We ob-

serve that the decision making is independent for each individual

thanks to the decomposition of the Lagrangian duality theory. Thus,

for each sample, the smallest perturbation that causes a change

in the dual decison loss is �rst calculated, and the loss after the

perturbation is obtained by correcting only the original result. Ap-

pendix D provides details of the modi�ed gradient estimator, which

greatly reduces the computational overhead. Finally, the black-box

optimization loss function can be rewritten as

L���� (�, �, �̂ , �̂) =
∑

�

∑

�

�L��� (�, �, �̂ , �̂)
��̂� �

�̂� �+
�L��� (�, �, �̂ , �̂)

��̂� �
�̂� � .

It is su�cient to support model training on tens of million of data

since the computational cost of incremental updating ���� (�, �, �̂ , �̂)
after perturbation is much less than that of re-evaluating it. To im-

prove numerical stability in training, we truncate the perturbation

matrix � ∈ R�×� . Further, the loss function can be smoothed

using Softmax to reduce the di�culty of training.

L����−��� ���� (�, �, �̂ , �̂) =
∑

�

∑

�

�L��� (�, �, �̂ , �̂)
��� �

�� � ,

where �� � = �� � ���� (�̂� � − ��̂� � ), and only � is perturbed for gra-

dient estimation and no longer for �̂ , �̂ .

6 Evaluation
In this section, we will conduct large-scale o�ine and online exper-

iments to compare our methods with other benchmarks to validate

their performance.

6.1 O�line Experiment
6.1.1 Dataset. Two types of datasets are provided in this paper.

• CRITEO-UPLIFT v2. This public dataset is provided by the

AdTech company Criteo in the AdKDD’18 workshop[9]. The

dataset contains 13.9 million samples collected from a random

control trial (RCT) that prevents a random part of users from be-

ing targeted by advertising. Each sample has 12 features, 1 binary

treatment indicator and 2 response labels(visit/conversion). In

order to study resource allocation problem under limited budget

using the dataset, we follow[40] and take the visit/conversion

label as the cost/value respectively. We randomly sample 70%

samples for training and the remaining samples for test.

• Marketing data. Discounting is a common marketing campaign

in Meituan, an online food delivery platform. We conduct a two-

week RCT to collect data in this platform. The online shops on

the platform o�er daily discounts to users. Note that to avoid

price discrimination, the discount of a shop is the same for all

individuals, but it changes randomly each day and varies from

shop to shop. The data in the �rst week is used for training and

the other for test. The discount � ∈ {0, 5, 10, 15, 20} is taken as

the treatment, where � = � means �% o� for each order whose

price meets a given threshold. The dataset contains 2.8 million

samples, and each sample has 107 features, 1 treatment label and

2 response labels (daily cost/orders).

6.1.2 Evaluation Metrics. Multiple evaluation metrics are provided

for o�ine evaluation in this experiment. In addition to adopting

the evaluation metrics commonly used in two-stage models, such

as Logloss and MSE, we also use the following metrics for policy

evaluation with counterfactuals, which are more signi�cant.

• AUCC (Area under Cost Curve). A common metric used in

existing works [2, 11, 40], which is designed for evaluating the

performance to rank ROI of individuals in the binary treatment

setting. We use the metric to compare the performance of di�er-

ent methods in CRITEO-UPLIFT v2.

• EOM (Expected Outcome Metric). EOM is also commonly

used in [2, 39, 40]. Based on RCT data, an unbiased estimation

of the expected outcome (per-capita revenue/per-capita cost) for

arbitrary budget allocation policy can be obtained. The details

of EOM are shown in Sec. 5.4. We use the metric to compare the

performance of di�erent methods in Marketing data.

6.1.3 Benchmarks. For each dataset in this paper, multiple models

and algorithms are implemented and taken as benchmarks.

• TSM-SL. The two-stage method is mentioned in many exsting

works[2, 3, 32, 38]. In the �rst stage, a well-trained S-Learner

model is used to predict the response (revenue/cost) of individu-

als under di�erent treatments. In the second stage, we �nd the

optimal budget allocation solution for an MCKP formulation

based on the predictions.

• TSM-CF. Also a two-stage method, the di�erence with TSM-SL

is that instead of S-learner, we use a Causal Forests [5] to predict

the incremental response in the �rst stage. It is implemented

here base on EconML packages [6], which can support binary

treatment and multiple treatments.

• DPM. This method[40] designs the decision factor for the MCKP,

and proposes a surrogate loss to directly learn the decision factor.

• CN. This method[32] imposes a monotonic constraint between

outcome predictions and treatments, which is particularly useful

for ITE estimation under multiple treatments. The method is

trained with MSE loss and evaluated only on marketing data,

which is a multi-treatment experiment.
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• CN+DFCL-PL. The constraint network is trained with Decision-

Focused Causal Learning (DFCL) loss, which comprises MSE loss

(L��) and policy learning loss (L���).

• DFCL-PL. The DFCL method based on policy learning loss pro-

posed in this paper.

• DFCL-MER. The DFCL method proposed in this paper utilizes

the surrogate loss derived by Maximun Entropy Regularizer

• DFCL-IFD.TheDFCLmethod proposed in this paper for gradient

estimation using the improved �nite di�erence strategy.

6.1.4 Implementation Details.
• CRITEO-UPLIFT v2. For the baseline methods (TSM-SL, TSM-

CF and DPM), we cite the results directly from[40]. The DFCL

model uses the same DNN architecture with a shared layer that

is a single-layer MLP of dimension 128 and four head networks

that are two-layer MLPs of dimension [64, 1]. Except for the

�nal output layer, the remaining layers use ReLU activations.

For DFCL-MER, we set the temperature � = 3. Our models are

trained for 40 epochs with the Adam optimizer [15]. In order to

accelerate the training, the �rst twenty epochs are warmstarting

[21] using the cross-entropy loss, and then the models are trained

using the DFCL loss.

• Marketing data. In the multi-treatment experiment, the models

need to predict the revenue and cost under �ve treatments. TSM-

SL, CN, CN+DFCL-PL, DFCL-PL, DFCL-MER and DFCL-IFD use

the same DNN architecture: a 4 layers MLP (64-32-32-10). The

�rst �ve outputs of the models are the predicted revenue, and the

remaining outputs are the predicted cost. For DFCL-MER, we set

the temperature � = 0.01. For DPM, a S-Learner model is trained

using the customized loss proposed in [40] to directly predict

marginal utility under di�erent treatments. The DPM model has

4 layers of MLP (64-32-32-1), with the last layer using a sigmoid

activation and each of the remaining layerswith ReLU activations.

All neural network-based models are trained for 500 epochs using

the Adam optimizer. For TSM-CF, we set �_���������� = 256,
���_������_���� = 300 and ����ℎ = 24.

All experiments are run on AMD EPYC 7502P Rome 32x@ 2.50GHz

processor with 64GB memory.

Table 1: Comparison of common metrics, noting that DPM

and TSM-CF predict the decision factor and the incremental

intervention e�ect, respectively, and thus do not apply to

these two metrics.

Model
CRITEO-UPLIFT v2 Marketing data

Logloss MSE

TSM-SL 0.2165 ± 0.0001 0.2625 ± 0.0009
CN / 0.2639 ± 0.0012

CN+DFCL-PL / 0.2703 ± 0.0015
DFCL-PL 0.2186 ± 0.0008 0.2678 ± 0.0010
DFCL-MER 0.2178 ± 0.0012 0.2650 ± 0.0005
DFCL-IFD 0.2170 ± 0.0003 0.2642 ± 0.0009

6.2 Experimental Results

6.2.1 Overall performance. In Table 1, we present the prediction

loss of di�erent models on the two datasets. Clearly, the two-stage

Table 2: AUCC(CRITEO-UPLIFT v2)

Model AUCC Improvement

TSM-SL 0.7561 ± 0.0113 /

TSM-CF 0.7558 ± 0.0012 -0.03%

DPM 0.7739 ± 0.0002 +2.35%

DFCL-PL 0.7713 ± 0.0025 +2.01%

DFCL-MER 0.7727 ± 0.0015 +2.20%

DFCL-IFD 0.7859 ± 0.0021 +3.94%

(a) AUCC(CRITEO-UPLIFT v2) (b) EOM (Marketing data)

Figure 1: O�line experiment results

method performs best on common metrics, which minimizes MSE

or Logloss on the training set. However, what we really focus on is

the decision quality of predictions. Fig. 1a and Table 2 present the

comparison between our proposed methods and other benchmarks

in CRITEO-UPLIFT v2 on AUCC [11], which represents the deci-

sion quality under binary treatments. We can see that DFCL-IFD

achieves the best performance, DFCL-PL, and DFCL-MER perform

similarly to DPM, and the two-stage methods perform the worst.

In marketing data, we use EOM method to calculate per-capita

orders and per-capita budgets based on predictions. The results are

shown in Table 3 and Fig. 1b. Our models signi�cantly outperform

the baseline models in terms of per-capita orders at all per-capita

budgets. DPM is on par with the two stage methods in the low

per-capita budgets and outperforms them in the high per-capita

budgets. CN has a marginal improvement of 0.16% compared to

the two-stage methods. Further evaluation is carried out on the

model trained with DFCL loss, which comprises MSE loss (L��)

and policy learning loss (L���). The integration of policy learning

loss yielded a notable enhancement in performance, with the con-

strained network showing a signi�cant increase of 1.26%. These

�ndings suggest that our proposed DFCL approach is versatile

and can be integrated into existing methodologies. Interestingly,

the constraint network combined with policy learning loss (CN +

DFCL-PL) did not outperform DFCL-PL alone. We hypothesize that

this may be due to the prede�ned constraints within the network,

which potentially restrict the expansiveness of the decision space.

6.2.2 Prediction Loss vs Decision Loss tradeo�. Asmentioned above,

we integrate the prediction loss as a regularizer into the training

objective. In this experiment, we will consider how the weight

of the prediction loss a�ects the performance of DFCL. We set

� ∈ {0.1, 0.5, 1, 2, 3, 4, 5, 10} andmeasure the per-capita orders under

a �xed per-capita budget. As shown in Fig. 2a, increasing � in a

certain range does not lead to a decrease in model performance.
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Table 3: EOM (Marketing data)

Model
Budget

Improvement
1 2 3 4 5 6

TSM-SL 1.0000 ± 0.0023 1.0300 ± 0.0022 1.0611 ± 0.0023 1.0873 ± 0.0022 1.1140 ± 0.0020 1.1437 ± 0.0021 /

TSM-CF 1.0006 ± 0.0007 1.0306 ± 0.0006 1.0592 ± 0.0004 1.0866 ± 0.0006 1.1109 ± 0.0003 1.1353 ± 0.0008 -0.19%

DPM 0.9983 ± 0.0011 1.0366 ± 0.0010 1.0720 ± 0.0006 1.1050 ± 0.0003 1.1305 ± 0.0010 1.1594 ± 0.0007 1.00%

CN 1.0047 ± 0.0013 1.0339 ± 0.0010 1.0622 ± 0.0007 1.0910 ± 0.0009 1.1151 ± 0.0011 1.1384 ± 0.0015 0.16%

CN+DFCL-PL 0.9995 ± 0.0003 1.0366 ± 0.0008 1.0739 ± 0.0009 1.1071 ± 0.0005 1.1367 ± 0.0006 1.1650 ± 0.0009 1.26%

DFCL-PL 1.0104 ± 0.0005 1.0465 ± 0.0006 1.0812 ± 0.0004 1.1118 ± 0.0007 1.1407 ± 0.0011 1.1638 ± 0.0018 1.98%

DFCL-MER 1.0178 ± 0.0008 1.0501 ± 0.0005 1.0810 ± 0.0002 1.1121 ± 0.0010 1.1410 ± 0.0013 1.1674 ± 0.0009 2.06%

DFCL-IFD 1.0197 ± 0.0012 1.0574 ± 0.0022 1.0902 ± 0.0024 1.1221 ± 0.0026 1.1516 ± 0.0028 1.1796 ± 0.0030 2.85%

However, if � is too large, the prediction loss dominates the training

objective and the model will be reduced to the two-stage method.

The experiment suggests it is possible to choose a value of � so that

we can achieve better performance and more accurate predictions.

6.2.3 Impact of Lagrange multiplier. Next, we would like to discuss
the impact of the Lagrange multiplier � on the performance of

DFCL model. Since a given Lagrange multiplier � corresponds to

the MCKP for a certain budget constraint, DFCL model can learn

allocation policies for di�erent budgets simultaneously by changing

or adding � to the DFCL loss. We set up di�erent combinations

of Lagrange multipliers ( � ∈ {{0.1}, {0.1, 0.5}, {0.1, 0.5, 1.0}}) and
use to train DFCL models. Fig. 2b shows the results using DFCL-

IFD models trained by combinations of Lagrange multipliers. We

can observe that � is a hyperparameter that can have a signi�cant

impact on model performance. A small � enables the model to learn

the allocation policy e�ciently under high budget and vice versa.

Moreover, models trained with multiple Lagrange multipliers can

balance performance with di�erent budgets.

(a) Impact of the prediction loss

weight �
(b) Impact of Lagrange multiplier

Figure 2: O�line experiment results

6.3 Online A/B testing

6.3.1 Setups. We deploy DFCL, DPM and TSM-SL to support a dis-

count campaign in Meituan (a food delivery platform), and conduct

an online A/B testing for four weeks. The experiment contains 310K

online shops and they are randomly divided every day into three

groups called G-DFCL, G-DPM and G-TSL respectively. Each shop

will be assigned a discount � ∈ {0, 5, 10, 15, 20} as the treatmemt,

which means �% o� for each order whose price meets a given thresh-

old. The marketing goal is to maximize the orders by assigning an

appropriate discount to each store every day for a limited budget.

The online deployment of DFCL is shown in Fig. 3a: (1) Before

the campaign starts each day, we use the DFCL model to make

predictions and allocate the appropriate discounts to each store

based on budget and other constraints in an o�ine environment.

(2) The users visit the online shop and get discounts which will

stimulate them to make purchases. (3) During model training, we

use historical random data and resource allocation optimizer to

update the model parameters.

(a) Online deployment of DFCL (b) Orders

Figure 3: Online A/B testing

6.3.2 Results. Fig. 3b illustrates the improvement in weekly orders

for G-DFCL and G-DPM relative to G-TSM. In order to preserve

data privacy, all data points in Fig. 3b have been normalized that are

divided by the orders of TSM-SL in the �rst week. We can see that

DFCL achieves a signi�cant average improvement of 2.17% relative

to TSM-SL and also outperforms DPM with a relative improvement

of 0.85%. The detailed results can be found in Appendix E.

7 Conclusion

In this paper, we propose a decision focused causal learning frame-

work (DFCL) for direct counterfactual marketing optimization,

which overcomes the technological challenges of DFL deployment

in marketing. By designing surrogate losses and constructing black-

box optimisation, we e�ciently align the objectives of ML and OR.

Both o�ine experiments and online A/B testing demonstrate the

e�ectiveness of DFCL over the state-of-the-art methods.
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A The Proof of Theorem 1

Proof. First of all, we introduce some notations. Following the
potential outcome framework [27], let � ∈ R� denote the feature
vector and� ∈ {1, 2, . . . , �} be the treatment. Let � � (� ) and �� (� )
be the potential outcome of the revenue and the cost respectively
when the individual receives treatment� . let �̂ � (� ) and �̂� (� ) be
the predicted outcome of the revenue and the cost respectively
when the individual receives treatment� . For L��� , we have

L��� (�, �, �̂ , �̂) =
1

��

∑

�

∑

�

(�� � − �̂� � )2 + (�� � − �̂� � )2

= E�,� [(� � (� ) − �̂ � (� ))2 + (�� (� ) − �̂� (� ))2] .
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For L�� , we have
L�� (�, �, �̂ , �̂)

=
1
�

∑

�

1
���

[(���� − �̂��� )
2 + (���� − �̂��� )

2]

=
1
�

∑

�

∑

� :��=�

1
���

[(���� − �̂��� )2 + (���� − �̂��� )2]

=
1
�

∑

�

1
���

∑

�:��=�
[(���� − �̂��� )2 + (���� − �̂��� )2]

=
1
�

∑

�

E� [(� � ( �) − �̂ � ( �))2 + (�� ( �) − �̂� ( �))2 |�� = �]

=
1
�

∑

�

E� [(� � ( �) − �̂ � ( �))2 + (�� ( �) − �̂� ( �))2] (� ⊥ � )

=E�,� [(� � (� ) − �̂ � (� ))2 + (�� (� ) − �̂� (� ))2],
where � ⊥ � holds because the data set is from random control

trials (RCT). (RCT). Therefore, we �nish the proof. �

B The Proof of Theorem 3

Proof. Follow the notations in Appendix A and let

softmax(�̂� � − ��̂� � ) =
exp(�̂� � − ��̂� � )∑
� exp(�̂�� − ��̂�� )

be the softmax function. Hence, L′
��� can be rewritten as

L′
��� (�, �, �̂ , �̂)

= −
∑

�

∑

�

∑

�

(�� � − ��� � )softmax(�̂� � − ��̂� � )

= − ��
∑

�

1
��

∑

�

∑

�

(�� � − ��� � )softmax(�̂� � − ��̂� � )

= − ��
∑

�

E�,� [(� � (� ) − ��� (� ))softmax(�̂ � (� ) − ��̂� (� ))]

In addition, we have

L��� (�, �, �̂ , �̂)

= −
∑

�

∑

�

�

���
(���� − ����� )softmax(�̂��� − ��̂��� )

= −
∑

�

∑

�

�

���
(���� − ����� )softmax(�̂��� − ��̂��� )

= − �
∑

�

∑

�

∑

�:��=�

1
���

(���� − ����� )softmax(�̂��� − ��̂��� )

= − �
∑

�

∑

�

E� [(� � ( �) − ��� ( �))softmax(�̂ � ( �) − ��̂� ( �)) |�� = �]

= − �
∑

�

∑

�

E� [(� � ( �) − ��� ( �))softmax(�̂ � ( �) − ��̂� ( �))]

= − ��
∑

�

1
�

∑

�

E� [(� � ( �) − ��� ( �))softmax(�̂ � ( �) − ��̂� ( �))]

= − ��
∑

�

E�,� [(� � (� ) − ��� (� ))softmax(�̂ � (� ) − ��̂� (� ))] .

Therefore, L′
��� (�, �, �̂ , �̂) = L��� (�, �, �̂ , �̂) holds.

Algorithm 2 Lagrangian duality gradient estimator

Input: training data D ≡ {(�� , �� , ���� , ���� )}��=1, Lagrange multiplier

�, the predicted revenue/cost �̂/�̂
Output:

�L��� (�,�,�,�̂ ,�̂ )
��̂ ,

�L��� (�,�,�,�̂ ,�̂ )
��̂

1: Initialize
�L��� (�,�,�,�̂ ,�̂ )

��̂ = 0, �L��� (�,�,�,�̂ ,�̂ )
��̂ = 0, �� � = 0 ∀�, �

2: � = �̂ − ��̂
3: ∀�, �, �� � = I�=argmax� (�� � )
4: �̄ (�̂ , �̂, �) = 1

�

∑
�

1
���

��� I��=argmax� �� �
5: �̄ (�̂ , �̂, �) = 1

�

∑
�

1
���

��� I��=argmax� �� �
6: L��� (�, �, �, �̂ , �̂) = �̄ (�, �, �, �̂ , �̂) − ��̄ (�, �, �, �̂ , �̂)
7: matching_indices= {� |�� = argmax� �� � , ∀�}
8: mismatching_indices= {� |�� ≠ argmax� �� � , ∀�}
9: for all � ∈ matching_indices do

10: ℎ���� =��� �≠���� � − ���� , ℎ
�
���

=
(���� −max�≠�� �� � )

�

11:
�L��� (�,�,�,�̂ ,�̂ )

��̂���
=

− 1
����

(���� −����� )
ℎ����

12:
�L��� (�,�,�,�̂ ,�̂ )

��̂���
=

− 1
����

(���� −����� )
ℎ����

13: for all � ∈ {1, 2, ..., �} ��� � ≠ �� do

14: ℎ�� � = ���� − �� � , ℎ
�
� � =

(�� �−���� )
�

15:
�L��� (�,�,�,�̂ ,�̂ )

��̂� �
=

− 1
����

(���� −����� )
ℎ�� �

16:
�L��� (�,�,�,�̂ ,�̂ )

��̂� �
=

− 1
����

(���� −����� )
ℎ�� �

17: for all � ∈ mismatching_indices do

18: � = argmax� �� �
19: ℎ���� = �� � − ���� , ℎ

�
� � = −ℎ����

20: ℎ���� =
(��� ��� �−���� )

� , ℎ�� � = −ℎ����

21:
�L��� (�,�,�,�̂ ,�̂ )

��̂���
=

1
����

(���� −����� )
ℎ����

22:
�L��� (�,�,�,�̂ ,�̂ )

��̂���
=

1
����

(���� −����� )
ℎ����

23:
�L��� (�,�,�,�̂ ,�̂ )

��̂� �
=

1
����

(���� −����� )
ℎ�� �

24:
�L��� (�,�,�,�̂ ,�̂ )

��̂� �
=

1
����

(���� −����� )
ℎ�� �

25: return
�L��� (�,�,�,�̂ ,�̂ )

��̂ ,
�L��� (�,�,�,�̂ ,�̂ )

��̂

For ∀�, � = argmax� ��� − ���� , let �̂� � − ��̂� � → +∞; for ∀�, � ≠
argmax� ��� − ���� , let �̂� � − ��̂� � → −∞. Hence, we have

softmax(�̂� � − ��̂� � ) → I�=argmax� �̂��−��̂�� .

Therefore, we further get

min
�̂ ,�̂

L��� (�, �̂ , �̂) = min
�̂ ,�̂

L′
��� (�, �̂ , �̂) = min

�̂ ,�̂
L��� (�, �̂ , �̂).

�

C Policy Evaluation Based on EOM

Given a batch of � random samples and model predictions �̂ and
�̂ , we can use binary search to empirically estimate the per capita
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Table 4: Online A/B testing results with the con	dence interval

Group
Week

Improvement
1st 2nd 3rd 4th

G-TSL 1.0000 ± 0.00285 1.1706 ± 0.00298 1.1565 ± 0.00293 1.0851 ± 0.00289 /

G-DPM 1.0113 ± 0.00284 1.1891 ± 0.00298 1.1704 ± 0.00293 1.1000 ± 0.00288 1.32%

G-DFCL 1.0235 ± 0.00285 1.2062 ± 0.00297 1.1786 ± 0.00293 1.1000 ± 0.00288 2.17%

Algorithm 3 An implementation of per capita revenue estimation

for primal MCKP with budget �

Input: training data D ≡ {(�� , �� , ���� , ���� )}��=1, the budget �, the
predicted revenue/cost �̂/�̂ , a small constant �

Output: the expected per capita revenue �̄ (�, �, �, �̂ , �̂)
1: Initialize �min = 0, �max = max�, � (

ˆ�� �
ˆ�� � ), �� � = 0 ∀�, �

2: while �
� − �̄ (�, �, �, �̂ , �̂) < � do

3: � = �max+�min
2

4: ∀�, �, �� � = I�=argmax� ( ˆ�� �−� ˆ�� � )
5: �̄ (�, �, �, �̂ , �̂) = 1

�

∑
�

1
���

��� I��=argmax� �� �

6: �̄ (�, �, �, �̂ , �̂) = 1
�

∑
�

1
���

��� I��=argmax� �� �

7: if �
� − �̄ (�, �, �, �̂ , �̂) > 0 then

8: �max = �
9: else
10: �min = �
11: �̄ (�, �, �, �̂ , �̂) = �̄ (�, �, �, �̂ , �̂)
12: return the expected per capita revenue �̄ (�, �, �, �̂ , �̂)

revenue under a per capita budget �
� , Algorithm 3 summarizes this

approach.

D Lagrangian Duality Gradient Estimator
The decision making is independent for each individual thanks

to the decomposition of the Lagrangian duality theory. Thus, for

each sample, the smallest perturbation that causes a change in the

dual decison loss is �rst calculated, and the loss after the perturba-

tion is obtained by correcting only the original result. Algorithm 2

provides details of the modi�ed gradient estimator, which greatly

reduces the computational overhead. Note that for comprehensibil-

ity, Algorithm 2 is described with for loops, while in practice we

work with matrix operations.

E Supplementary Experimental Results
Tabel 4 presents the detailed online A/B testing results. In order

to preserve data privacy, all data points have been normalized by

dividing by the orders of TSM-SL in the �rst week. The con�dence

interval (� = 0.05) is computed by a t-test.



顶会论文　<　489

DolphCoder: Echo-Locating Code Large Language Models with
Diverse and Multi-Objective Instruction Tuning

Yejie Wang1*, Keqing He2*, Guanting Dong1, Pei Wang1, Weihao Zeng1, Muxi Diao1

Yutao Mou1, Mengdi Zhang2, Jingang Wang2, Xunliang Cai2, Weiran Xu1†

1Beijing University of Posts and Telecommunications, Beijing, China
2Meituan, Beijing, China

{wangyejie,dongguanting,wangpei,zengwh,dmx,myt,xuweiran}@bupt.edu.cn
{hekeqing,zhangmengdi02,wangjingang02,caixunliang}@meituan.com

Abstract

Code Large Language Models (Code LLMs)
have demonstrated outstanding performance
in code-related tasks. Several instruction tun-
ing approaches have been proposed to boost
the code generation performance of pre-trained
Code LLMs. In this paper, we introduce a di-
verse instruction model (DolphCoder) with
self-evaluating for code generation. It learns
diverse instruction targets and combines a code
evaluation objective to enhance its code gen-
eration ability. Our model achieves superior
performance on the HumanEval and MBPP
benchmarks, demonstrating new insights for
future code instruction tuning work. Our key
findings are: (1) Augmenting more diverse re-
sponses with distinct reasoning paths increases
the code capability of LLMs. (2) Improving
one’s ability to evaluate the correctness of code
solutions also enhances their ability to create
it.

1 Introduction

Code pre-trained models have achieved remark-
able progress in the era of large language models
(LLMs), such as Codex (Chen et al., 2021), Alpha-
Code (Li et al., 2022), and PaLM-Coder (Chowdh-
ery et al., 2022b). Code-related tasks are also the
key factors in evaluating the capability of LLMs.
Numerous code LLMs have been proposed, includ-
ing closed-source models (Chen et al., 2021; Li
et al., 2022; OpenAI, 2023) and open-source mod-
els (Li et al., 2023; Rozière et al., 2023). They
perform expensive pre-training using substantial
amounts of code data and display impressive per-
formance.

In contrast to these pre-trained code LLMs, an-
other lightweight paradigm of enhancing code ca-
pability is instruction tuning using relatively small
high-quality code-related data. For example, Code

* Equal contribution.
† Corresponding author.

Alpaca (Chaudhary, 2023) employs a similar self-
instruct method as Alpaca (Taori et al., 2023) to
generate code instructions via OpenAI’s ChatGPT1.
Further, WizardCoder (Luo et al., 2023) introduces
a more complicated Evol-Instruct method (Xu et al.,
2023a) which evolves existing instruction data to
generate more complex and diverse datasets. In-
stead, OctoPack (Muennighoff et al., 2023) and
Magicoder (Wei et al., 2023) construct code in-
structions by mining existing code corpus. All
of these methods enhance the performance of the
open-source Code LLMs.

However, these methods have two weaknesses:
(1) They take the only golden answer but ignore
the diversity of answers in code generation. We
find that augmenting more diverse responses us-
ing different system prompts increases the code
capability of LLMs. (2) Current models generate
plausible code snippets in terms of grammar and
logic but are unable to identify subtle errors, such
as corner cases and wrong input/output formats. It
has no guarantee that temperature sampling will
consistently produce accurate answers over time.
We suppose that LLMs are capable of generating
correct solutions while struggling to discriminate
correct from incorrect ones. Improving one’s abil-
ity to evaluate the correctness of code also enhances
their ability to create it.

Inspired by the two insights, we introduce a di-
verse instruction model (DolphCoder) with self-
evaluating for code generation. Specifically, we use
Code Llama-python as our base model and obtain
evolved instruction data following WizardCoder.
Then motivated by rejection sampling (Touvron
et al., 2023b) and ORCA (Mukherjee et al., 2023),
we use different system prompts to generate diverse
answers via ChatGPT. After removing low-quality
and similar data using heuristic rules (Luo et al.,
2023; Di et al., 2023a), we perform supervised

1https://openai.com/blog/ChatGPT

ar
X

iv
:2

40
2.

09
13

6v
1 

 [
cs

.C
L

] 
 1

4 
Fe

b 
20

24

DolphCoder:	Echo-Locating	Code	Large	
Language	Models	with	Diverse	and	
Multi-Objective	Instruction	Tuning



490　>　2024年美团技术年货

Response 2
Bubble Sort...

Instruction
Sort a list in 
O(nlogn).

Response 1
Quick sort...

Response 2
Merge sort...

Response N
Heap sort...

...

Response 1
Quick sort...

Response N
Heap sort ...

...

Evaluation 1
 Meet your 

requirement...
 O(n log n)...

Evaluation 2
Wrong 

Answer... 
O(n^2)...

Evaluation N
Good 

solution...  
O(nlogn) ...

Sample GPT4
 Evalution

...

(a) Diverse Instruction Tuning (b) Multi-Objective Instruction Tuning

DolphCoder

Figure 1: The overall architecture of our proposed diverse instruction tuning with self-evaluating for code generation,
DolphCoder. Stage (a) denotes Diverse Instruction Tuning (DIT) and Stage (b) denotes Multi-Objective Instruction
Tuning (MOT) for self-evaluating.

fine-tuning on the remaining instruction data. Fur-
ther, we explore whether improving one’s ability to
evaluate code helps generate it. We propose a self-
evaluate multi-task learning framework by adding a
code evaluation objective to the traditional instruc-
tion fine-tuning task. We find training the model for
both code generation and code evaluation benefits
the code capability.

Our key contributions are summarized as fol-
lows:

1. We introduce a diverse instruction model
(DolphCoder) with self-evaluating for code
generation. It learns diverse instruction targets
and combines a code evaluation objective to
enhance its code generation ability.

2. DolphCoder outperforms strong open-source
code LLMs by a large margin, including
CODELLAMA-INSTRUCT, OctoCoder, and
WizardCoder.

2 Method

In this section, we elaborate on the methodologi-
cal details of DolphCoder. As shown in Figure 1,
DolphCoder has two training stages: (1) The first
is Diverse Instruction Tuning (DIT) with multiple
chain-of-thought answers to the same instruction.
(2) The second is Multi-Objective Tuning (MOT)
of combining the code generation task and code
evaluation task both in the form of a natural lan-
guage generation task.

2.1 Diverse Instruction Tuning
We follow the Evol-Instruct technique (Xu et al.,
2023a; Luo et al., 2023) to construct our training

corpus. Based on the Code Alpaca dataset 2, we
iteratively evolve the programming problems in
this dataset via in-depth evolving to obtain new
instructions.3 For each instruction, then we use
different system prompts to query ChatGPT and
obtain diverse targets. These system prompts aim at
augmenting user instructions and task descriptions
to give more code solutions with diverse reasoning
paths. We display our system prompts in Figure 2.
We find more diverse answers can increase the code
capability of LLMs (see Section 4.2) and argue
that different styles of code solutions provide more
supervised signals for the model. Similar to Luo
et al. (2023); Di et al. (2023a), we also use several
heuristic rules to remove low-quality and similar
data. Finally, we get a diverse code instruction
dataset with a size of 510k and utilize Code LLama
as the foundation LLM to finetune.

2.2 Multi-Objective Instruction Tuning

We discover that the current instruction models
produce both correct and incorrect code solutions
when randomly sampled. We argue that LLMs
can generate correct solutions while struggling to
discriminate correct from incorrect ones. There-
fore, we explore whether improving one’s ability
to evaluate code helps generate it.

We sample 5k instructions from the above
dataset and use our model in the first stage to gener-
ate 100 answers using temperature sampling. Next,

2https://huggingface.co/datasets/sahil2801/CodeAlpaca-
20k

3Since the original datasets or code are not released, we
reproduce the evolve procedure following WizardLM (Xu
et al., 2023a) and modify the evolve prompts according to the
original WizardCoder paper.
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System Prompts

1. [EMPTY]

2. You are a code assistant who knows
multiple programming languages and how
to translate between them. Given a task,
you explain in simple steps what the task is
asking, any guidelines it provides, and how
to use those guidelines to find the solution.

3. You are an AI assistant. You will be
given a task. You must generate a detailed
and long answer.

4. You are an AI assistant, who knows
every language and how to translate one
language to another. Given a task, you
explain in simple steps what the task is
asking, any guidelines that it provides.

5. You solve the task and show how you
used the guidelines to solve the task.

6. You are a teacher. Given a task, you ex-
plain in simple steps what the task is asking,
any guidelines it provides and how to use
those guidelines to find the answer.

Figure 2: We use these system prompts to generate more
diverse responses where [EMPTY] means no system
prompt.

we use GPT-44 to verify the correctness of the dedu-
plicated generated answers in terms of grammar,
logic and efficiency. In our preliminary experi-
ments, We encounter difficulties in assessing the
correctness of code using ChatGPT or other ex-
isting LLMs. We also consider the use of com-
piled signals from the code executor but find most
generated code is grammatically correct. Previ-
ous work (Liu et al., 2023a; Shen et al., 2023a)
use existing unit tests in the training set, which is
not applicable to our situation. We leave out more
evaluation methods to future work. Finally, we
obtain the code evaluation dataset with a size of
370k.5 We formulate the code evaluation task in
the form of a natural language generation task as

4https://openai.com/GPT-4
5We remove failed GPT-4 requests and responses without

<passed> or <not passed> results.

Evaluation Prompt

You are a code evaluation model. Your task
is to analyze and inspect the input code snip-
pet. This involves evaluating whether it can
run smoothly, whether it will produce the
correct results, and whether there are issues
like timeouts. You should output the result
of the code with <passed> or <not passed>.
Additionally, you should also provide an
explanation for the evaluation result.

Figure 3: We use the evaluation prompt to query GPT-4
to access the correctness of the generated code solutions
of our model.

shown in Figure 1. We hope its similar training
form can provide multiple meaningful supervision
signals to the original code generation model. In
our experiments, we find it difficult to balance the
two code generation and code evaluator tasks be-
cause the model always tends to overfit the code
generation objective. Therefore, we use a multi-
step training paradigm where we first finetune the
above model as an evaluator and then as a genera-
tor. Specifically, we finetune the DIT model using
the code evaluation dataset for 1 epoch and then
continue training on the diverse instruction data for
100 steps. We find training more steps will not get
further improvements. Experiment results demon-
strate that the multi-step training stably enhances
its code generation ability (shown in Figure 6).

3 Experiments

3.1 Benchmarks

In this paper, we focus on two of the most widely
used benchmarks in the field of code generation.

• HumanEval (base)6 and HumanEval+
(plus). HumanEval (base) is a widely used
benchmark proposed by OpenAI for code syn-
thesis. It consists of 164 handcrafted program-
ming problems, with an average of 9.6 test
cases allocated to each one for correctness
checking. Further, Liu et al. (2023b) find that
test cases in the benchmark may be insuffi-
cient and propose HumanEval+ (plus) pow-
ered by the EvalPlus framework to obtain 80×
test cases.

6https://github.com/openai/human-eval
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• MBPP (base) (Austin et al., 2021) and
MBPP+ (plus). MBPP (base) is also a code
synthesis benchmark offering a set of 500
crowd-sourced Python programming prob-
lems covering programming fundamentals,
standard library functionality, and so on. Each
problem consists of a task description, code
solution and 3 automated test cases. EvalPlus
also provides the MBPP+ (plus) benchmark
which expands by 35x test cases.

We perform n-gram matching de-duplication be-
tween our training datasets and the benchmarks to
prevent data leakage. For all the experiments, we
use greedy decoding and report the pass@1 metric.
The inference prompt template is shown in Figure 4
following WizardCoder. To keep a fair comparison,
we use the same EvalPlus 7 framework to compute
metrics.

3.2 Baselines
In this paper, we categorize the baseline models
into the following two types. (1) Closed-source
models: We have specifically incorporated Ope-
nAI’s GPT-3.5 and GPT-4, which are developed
privately by leading technology companies, demon-
strating the current state-of-the-art in LLM profi-
ciency. (2) Open-source models: Several open-
source LLMs have been made available to the AI
community, although their performance generally
lags behind the closed-source models a lot. As part
of our research, we incorporate a significant num-
ber of these open-source models as our baselines,
which include CodeGen (Nijkamp et al., 2023),
CodeT5+ (Wang et al., 2021), StarCoder, CODEL-
LAMA, OctoCoder and WizardCoder series.

3.3 Implementation Details
Data generation For Diverse Instruction data, we
devise six system prompts shown as Figure 2, in-
clusive of a blank one, and prompt GPT-3.5-turbo
to generate more diverse responses. Inspired by
CodeFuse (Di et al., 2023b), we use heuristic rules
to filter out low-quality data and deduplicate data
based on the test set. The specific rules are as fol-
lows:

• Filtering low-quality data

1. Filter data with instruction length less
than 10 words or greater than 1000
words;

7https://evalplus.github.io/leaderboard.html

Prompt Template

Below is an instruction that describes a task,
paired with an input that provides further
context. Write a response that appropriately
completes the request.

### Instruction: Create a Python script for
this problem: {Question}

### Response:

Figure 4: Inference prompt when testing on HumanEval
and MBPP.

2. Filter data with output length less than
80 words;

3. Filter out data with invalid markdown
format, such as: code blocks not closed;

4. Filter data with more than 2048 tokens;

• Filtering data similar to test dataset

1. Filter data containing any function name
from the test dataset.

2. Using NLTK to remove stop words and
punctuation from the docstring of Hu-
manEval, obtain the core words such as
"sort array prime", etc. Filter data con-
taining more than 40% of the core words
from the test dataset.

For Multi-Objective Instruction data, we extract
5000 instructions from the Diverse Instruction data
and subsequently generate 100 responses for each
instruction in 0.5 temperature and 0.95 top-p with
the model we get after diverse instruction tuning.
To ascertain the correctness of each code solution,
we prompt GPT-4 to evaluate whether this code
solution can meet the instruction requirement. And
then they will be classified to either ’passed’ or
’not passed’. The prompt we used to evaluate is as
Figure 3.

Training In our study, we utilize
the CODELLAMA-PYTHON-7B and
CODELLAMA-PYTHON-13B as our foun-
dational models. We train DIT for 3 epochs and
MOT for 1 epoch of code evaluation data and 100
steps of code generation data. During the training
phase, we establish a global batch size of 512
and a sequence length of 2048, with a learning
rate initialized at 5e-6 and a warmup fraction of
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Model Size HumanEval MBPP

Base Plus Base Plus

GPT-3.5 (Nov 2023) - 72.6 65.9 81.7 69.4
GPT-4 (Nov 2023) - 85.4 81.7 83.0 70.7

CODELLAMA-PYTHON 34B 51.8 42.7 67.2 52.9
WizardCoder-CL 34B 73.2 64.6 73.2 59.9

CodeT5+ 16B 31.7 26.2 54.6 44.4
CodeGen-Mono 16B 32.9 27.4 52.6 43.6

StarCoder 15B 34.1 29.3 55.1 46.1
CODELLAMA-PYTHON 13B 42.7 36.6 61.2 50.9

CODELLAMA-INSTRUCT 13B 42.7 - 49.4 -
OctoCoder 15B 46.2 - - -

WizardCoder 13B 60.4* 54.3* 65.2* 53.1*
DolphCoder(ours) 13B 67.7 57.9 67.2 54.1

StarCoder 7B 24.4 20.7 33.1 28.8
CodeT5+ 6B 29.3 23.8 51.9 40.9

CodeGen-Mono 6B 29.3 25.6 49.9 42.1
CODELLAMA-PYTHON 7B 37.8 34.1 57.6 45.4

CODELLAMA-INSTRUCT 7B 34.8 - 44.4 -
WizardCoder 7B 48.2 40.9 56.6 47.1

DolphCoder(ours) 7B 62.8 54.9 64.9 52.6

Table 1: Pass@1 results of different code LLMs for HumanEval and MBPP. Base means the original benchmark and
Plus denotes the extended benchmark. * denotes the reproduced results via the EvalPlus scripts and other baseline
results are cited from the official leaderboard. The best results in each column are in bold.

15%. After the warmup, the learning rate decays
following a cosine schedule. We employ the Adam
optimizer, with β1 and β2 parameters set at 0.9 and
0.95 respectively. And to ensure training stability,
we incorporate gradient clipping with a value set
at 1.0, a technique designed to prevent excessive
gradient escalation that could lead to numerical
instability or model divergence.

3.4 Main Results

The primary outcomes of our proposed method
in comparison with the baselines are illustrated in
Table 1. We conduct the following comparisons:
(1) Generally, Our proposed method significantly
outperforms all the previous methods in different
sizes of model parameters. (2) Compared to our
base model (CODELLAMA), DolphCoder shows
significant improvements in both HumanEval(+)
and MBPP(+). In detail, DolphCoder-7b has a
25 percentage point increase on HumanEval and a

7.3 percentage point increase on MBPP. (3) As we
compare our model DolphCoder with the recent
baseline model WizardCoder-7b, which is built
on the same base model (CODELLAMA), Dolph-
Coder still consistently outperforms it across all
benchmarks and model sizes. (4) DolphCoder-7b
even outperforms CODELLAMA-PYTHON 34b,
demonstrating the efficiency of using small-size
LLMs. These results indicate the generalizability
and robustness of our method.

4 Analysis

4.1 Ablation Study

To investigate the characteristics of the main com-
ponents in DolphCoder, we conduct ablation ex-
periments in Table 2. From the results, we have
the following observations: (1) Both DIT and
MOT contribute to the performance improvement.
Specifically, on the CODELLAMA-PYTHON-7b
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Model Size HumanEval MBPP

Base Plus Base Plus

Evol Instruct 7B 50.0 44.5 59.4 50.1
+DIT 7B 57.9 51.2 64.2 52.1
+MOT 7B 55.5 46.3 64.2 52.6
+ALL(DolphCoder) 7B 62.8 54.9 64.9 52.6

Evol Instruct 13B 64.0 55.5 65.7 51.6
+DIT 13B 66.5 57.3 65.2 52.1
+MOT 13B 65.2 56.7 66.7 53.9
+ALL(DolphCoder) 13B 67.7 57.9 67.2 54.1

Table 2: Ablation study of DolphCoder.

base, DIT yields an improvement of 7.9 pp on Hu-
manEval and 4.8 pp on MBPP, compared to the
baseline evolving instruction approach. MOT re-
sults in an improvement of 5.5 pp and 4.8 pp re-
spectively on HumanEval and MBPP. Moreover,
we observe that the MOT training data constructed
by GPT-4 contains approximately 20% error noise,
which severely limits the upper-bound performance
of the MOT method in this work. A more de-
tailed discussion can be found in Appendix B.
(2) The combination of DIT and MOT yields fur-
ther benefits. DolphCoder-7b exhibits an enhance-
ment of 12.8 pp on HumanEval and 5.5 pp on
MBPP, demonstrating the relatively orthogonal re-
lationship between these two methods. These re-
sults demonstrate the effectiveness of our proposed
methods.

4.2 Effect of Diverse Instruction Tuning
To further explore the source of the model’s im-
provement brought by DIT, we test the model’s
performance under different sampling ratios which
is shown in Table 3. The sampling ratio represents
the number of system prompts. As the sampling
ratio increases, the model’s performance on all indi-
cators gradually increases, which proves that using
more diverse responses can enhance the model’s
performance.

In addition, we extract code snippets from the
responses and check whether the implementation
of these codes is different. For ease of statistics, we
only focus on Python-related code. Specifically, we
use AST to parse each piece of code and calculate
the similarity between codes, then remove dupli-
cates. We count the average number of unique code
solutions left for each code task as an indicator of
code diversity. Table 3 shows that as the sampling
ratio increases, the number of different code solu-
tions corresponding to the same code instruction

Ratios Size Diversity HumanEval

Base Plus

1 7B 1.0 52.4 45.1
3 7B 2.1 57.9 50.6
6 7B 2.7 57.9 51.2

1 13B 1.0 63.4 53.7
3 13B 2.1 65.2 58.5
6 13B 2.7 66.5 57.3

Table 3: The effect of different sampling ratios of DIT.
Code diversity shows the average number of different
code solutions for a code instruction, and we use syntax
analysis to parse different code solutions. All indicators
refer to pass@1.

Figure 5: The trend of code evaluation capability and
code generation capability during the MOT stage where
step 200 refers to the training step in the first step of
MOT. Init model means DIT model and Final means
DolphCoder. Pass@1 refer to pass@1 on HumanEval.

also gradually increases and the model’s perfor-
mance on HumanEval improves too. Moreover, we
observe that the increase in code diversity is not
linear. Specifically, when we increase the sampling
ratio from 3 to 6, we only observe marginal perfor-
mance gains which we argue that the DIT data may
contain unnecessary redundancy. Concurrent work
(Lu et al., 2023; Liu et al., 2023c) explore more
complicated diversity-based compression methods
for general instruction fine-tuning. We leave it to
future work.

4.3 Effect of Multi-Objective Instruction
Tuning

To explore how the code evaluation capability and
code generation capability benefit each other, we
evaluate them in the MOT training stage. Specif-
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Model Greedy Pass@1 Pass@10

DolphCoder 62.8 59.9 71.3

-w/o MOT 57.9 56.6 69.5

Improvement 4.9 3.3 1.8

Table 4: Pass@k with different decoding methods
and different k values, where Greedy employs greedy
sampling, pass@1 and pass@10 samples at tempera-
ture=0.2. All indicators are tested on HumanEval based
on DolphCoder-7b.

ically, we evaluate the model’s code evaluation
capability by sampling 40 answers for each of the
164 test questions in HumanEval and classifying
their correctness using the given golden unit tests.
The experimental results are shown in Figure 5.

From the results, we observe that there exists
a strong association between the evaluation and
generation capabilities of the model. As the model
continues to train on the evaluation task, its evalua-
tion capability keeps improving and gradually sta-
bilizes. However, this process impairs the model’s
code generation capability, potentially due to catas-
trophic forgetting caused by the multi-step training.
After the model undergoes the generator training
process, the model’s code generation capability is
restored and the pass@1 metric surpasses the limit
of DIT model performance. Meanwhile, its evalua-
tion capability significantly decreases. We suppose
that the improvement in code generation capabil-
ity is achieved through the transformation of the
evaluation capability, but these two capabilities are
challenging to coexist.

To further scrutinize the impact of the MOT, we
compare the metrics of pass@1 and pass@10 to
ascertain whether the improvements stem from the
model’s heightened preference for the correct re-
sponse. From Table 4, we find that the DolphCoder
outperforms the DIT Model across all metrics. The
improvement of MOT on the pass@1 greedy de-
coding indicator is the largest, with an increase of
4.9%. Compared with pass@1, the improvement
on pass@10 is significantly reduced to only 1.8%.
This implies that the impact of the MOT does not
focus on enhancing the model’s capability to gener-
ate robust solutions. Instead, it primarily augments
the model’s ability to distinguish responses, leading
to a higher preference for the correct answer.

Training Inference HumanEval

Base Plus

� � 57.9 50.6
� � 55.5 48.2
� � 66.5 57.3
� � 61.0 53.7

Table 5: The effect of system prompt during train-
ing and inference process. Considering efficiency, we
only conduct experiments on the DIT model based on
CODELLAMA-13B-PYTHON and use pass@1 metric
on HumanEval with greedy decoding. For inference
with system prompts, we randomly choose a system
prompt in the training for each test query.

Figure 6: Effect of different settings of multi-task learn-
ing based on DolphCoder-7B. Mix denotes directly
adding the generation and evaluation loss together and
Multi-Step means sequential training.

4.4 Analysis of Key Designs

System Prompt Ablation We obtain more diverse
training data by transforming the system prompt. In
order to explore whether the system prompt should
still be used during training and inference, we con-
duct experimental verification. Table 5 shows the
effect of the system prompts during the training and
inference process. From the results, we observe
that, compared to training with system prompts,
training without the system prompt results in a
significant decline. This implies that assigning
completely identical code instructions to different
answers is not a good training method. When com-
paring whether to use the system prompt during
inference, we find that erasing the system prompt
results in a significant improvement compared to
using the system prompt. This improvement may
stem from the model’s freedom to determine the
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most suitable inference path.
Multi-Task Training Method Ablation We also

explore different multi-task training methods as
shown in Figure 6. The results show that both MOT
variants significantly outperform the DIT baseline
and the multi-step training setting gets superior
performance compared to the mix training one. We
also find the multi-step training gets a more stable
training process to balance the two code generation
and code evaluator tasks.

5 Related Work

5.1 Instruction Fine-Tuning

Large language models (LLMs) experience the In-
struction fine-tuning (IFT) stage, which enhances
their capability to accomplish tasks and adhere
to human instructions. The term IFT is broadly
used here to encompass a range of sequence-to-
sequence fine-tuning applications. T5 (Raffel et al.,
2023) was one of the first models to explore this ap-
proach, training on multiple supervised text-to-text
tasks. Recent studies have delved into the multi-
task instruction-based fine-tuning of pre-trained
LLMs, aiming to improve their innate ability to
perform various downstream NLP tasks effectively,
such as FLAN (Wei et al., 2022), T0 (Sanh et al.,
2022), and UnifiedQA (Khashabi et al., 2020), fur-
ther expanded the task scope to improve the overall
generalization ability of LMs.

Following the notable achievements of propri-
etary LLMs, particularly ChatGPT, there has been a
growing focus on utilizing Instruction Fine-Tuning
(IFT) to better align LLMs with human intentions,
as highlighted in the research by (Brown et al.,
2020; Ouyang et al., 2022). A common finding
in these studies is that fine-tuning LMs on more
diverse data can significantly improve model per-
formance. Taori et al. (2023) chooses another ap-
proach, adopting a self-guided method, using Chat-
GPT to generate broader training data. Chiang
et al. (2023) trains their model using user-shared
conversations collected from ShareGPT.com. Xu
et al. (2023b) introduced the Evol-Instruct method,
which involves evolving existing instruction data
to generate more complex and diversified datasets.

5.2 Large Language Models for Code

Large language models are often pre-trained on
trillions of tokens following the scaling laws (Hoff-
mann et al., 2022; Kaplan et al., 2020), which
demonstrates remarkable achievements across a

broad spectrum of tasks and such an amount of
text data is often a diverse composite with a non-
negligible part of code (Zhang et al., 2023). Pio-
neered by Codex, researchers have also found con-
tinual pretraining on code to significantly benefit
language models’ performance on code. For ex-
ample, Chowdhery et al. (2022a) post-trains PaLM
on 7.8B additional code tokens to get PaLM-Coder
and Rozière et al. (2023) train LLaMA 2 (Touvron
et al., 2023a) on more than 500B code tokens to
acquire Code LLaMA, which leads open-source
models to a new height. For supervised fine-tuning,
many works utilize larger, more capable teacher
models to synthesize instruction data to finetune
small language models (Mitra et al., 2023; Luo
et al., 2023; Di et al., 2023b). Instead, Muen-
nighoff et al. (2023); Wei et al. (2023) construct
code instructions by mining existing code corpus,
which are orthogonal to our method. Since code-
supervised signals are easily collected by compil-
ing and running them, reinforcement learning be-
comes another important branch. Numerous works
have attempted to utilize reinforcement learning
with feedback information offered by compilation
and other sources. PanGu-Coder2 (Shen et al.,
2023b) introduces a ranking loss based on unit tests,
which helps to align with the capable code model
deeply. However, these methods rely on human-
annotated unit tests, which limits the application in
the practical scenario.

6 Conclusion and Future Work

In this paper, we investigate two fine-tuning meth-
ods to improve the LLMs’ performance on code
generation. We first introduce a response augmen-
tation strategy by using different ChatGPT system
prompts to increase the diversity of code solutions.
We find different chain-of-thought reasoning paths
improve performance. Then, We adopt a multi-
step training approach that combines traditional
code generation and code evaluation objectives. We
find improving one’s ability to evaluate the correct-
ness of code also enhances their ability to create
it. For future work, we aim to explore the effect of
our methods on the larger foundation models and
parameter-efficient fine-tuning mechanisms. We
also plan to increase the accuracy of evaluation sig-
nals via other ways like automatic unit tests and
reinforcement learning methods.
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7 Limitations

Our limitations are there-fold: (1) We only explore
our method on the 7B/13B base models due to
the computation cost. More experiments on the
larger models and other code models should be
conducted to confirm our conclusion. (2) We only
use GPT-4 to evaluate the quality of generated code
solutions. The performance of GPT-4 is still poor
and limits the performance of our proposed method.
More precise and open-source evaluation models
should be explored in future work. (3) There is
still room for optimization in our training data. For
example, we find continually increasing the number
of system prompts only gets marginal performance
gains. Diversity-based compression methods (Lu
et al., 2023; Liu et al., 2023c) may be valuable
while the number of system prompts is large.

8 Broader Impacts

Similar to the other LLMs, our DolphCoder could
also generate unethical, harmful, or misleading in-
formation, which is not considered in our work.
Future research to address the ethical and societal
implications is needed. DolphCoder is also sus-
ceptible to hallucination in ungrounded generation
use cases due to its smaller size. This model is
solely designed for research settings, and its testing
has only been carried out in such environments.
It should not be used in downstream applications,
as additional analysis is needed to assess potential
harm or bias in the proposed application.
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A Case Study

Table 6 presents comparative examples of Dolph-
Coder and WizardCoder. In this case, the models
are required to determine whether an array can be-
come a non-decreasing sequence after applying a
circular right shift operation. From the case, we
can observe that WizardCoder-13b generates an
obvious logical error, where it only checks if the se-
quence is non-decreasing without performing any
right shift operation. In contrast, DolphCoder ac-
curately simulates the circular right shift operation
and correctly identifies the termination condition.
Furthermore, it is worth noting that DolphCoder
considers more robust boundary input cases, which
can be attributed to its training on a code evaluation
task and a more diverse training dataset.

B Effect of Code Evaluation Capability of
GPT-4

In our study, we utilize GPT-4 to create a train-
ing dataset for code evaluation. However, there is
a concern regarding whether GPT-4 has the abil-
ity to generate a perfect golden label. To obtain
the answer we test it on HumanEval. Specifically,

we use the DIT model to generate multiple candi-
date answers for each question. Subsequently, we
leverage GPT-4 to evaluate each of these candidate
answers. And then we select the code solutions
that GPT-4 identified as correct. Since the test
cases are available in HumanEval, we can get the
binary <passed> or <not passed> accuracy of GPT-
4 which is just 79.4%, which indicates that the train
data we constructed through GPT-4 may contain
about 20% noise. The noise limits the upper-bound
performance of the MOT method in this work. Ad-
ditionally, we report the average pass@1 results
before and after filtering by GPT-4, as shown in
Table 7. We can observe that the pass@1 before
filtering is 56.6% which is generated by the DIT
model directly at 0.2 temperature. Then we cal-
culate the pass@1 after golden filtering is 72.6%
where we use golden unit tests to filter wrong so-
lutions. We consider this percentage of 72.6% is
a theoretical upper bound of GPT-4. We also re-
port pass@1 of MOT and GPT-4 Filtering. We
summarize key insights as follows: (1) GPT-4 can
not perfectly perform code evaluation (62.7% vs
72.6%). (2) Our MOT can achieve a slightly worse
performance than the GPT-4 Filtering (59.9% vs
62.7%). (3) GPT-4 evaluation capability limits the
upper bound of MOT. How to improve automatic
code evaluation is essential to future work.
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Instruction

def move_one_ball(arr):
"""

We have an array ’arr’ of N integers arr[1],
arr[2], ..., arr[N]. The numbers in the array will be randomly ordered.
Your task is to determine if it is possible to get an array sorted in
non -decreasing order by performing the following operation on the
given array: You are allowed to perform right shift operation any
number of times. One right shift operation means shifting all elements
of the array by one position in the right direction. The last element
of the array will be moved to the starting position in the array i.e.
0th index. If it is possible to obtain the sorted array by performing
the above operation then return True else return False. If the given

array is empty then return True. Note: The given list is guaranteed to
have unique elements ...

"""

WizardCoder-
13b

Here’s the Python script for the given problem:
def move_one_ball(arr):

if not arr:
return True

for i in range(len(arr)):
if arr[i] > arr[i+1]:

return False
return True

The function takes an array ‘arr‘ as input and returns ‘True‘ if it
is possible to obtain a sorted array in non-decreasing order by
performing right shift operations on the given array. Otherwise,
it returns ‘False‘.The function first checks if the given array is
empty. If it is empty, it returns ‘True‘ as it is possible to obtain
a sorted array in non-decreasing order by performing no right
shift operations.Next, the function iterates through the array
and checks if the current element is greater than the next
element. If it is, then it is not possible to obtain a sorted
array in non-decreasing order by performing any number of
right shift operations. Therefore, the function returns ‘False‘.If
the function has not returned ‘False‘ by this point, it means that
the array is already sorted in non-decreasing order. Therefore,
it returns ‘True‘.

DolphCoder-
13b

Here is the Python script for the given problem:
def move_one_ball(arr):

if len(arr) == 0:
return True

if len(arr) == 1:
return True

if arr == sorted(arr):
return True

for i in range(len(arr)):
arr.append(arr.pop (0))
if arr == sorted(arr):

return True
return False

Explanation:
1. First, we check if the given array is empty or has only one
element. If so, we return True as it is already sorted.
2. Next, we check if the given array is already sorted. If it is,
we return True.
3. If the array is not sorted, we perform a right shift operation
on the array by appending the first element to the end of the
array and popping the first element from the beginning.
4. We repeat step 3 until the array is sorted or we have
performed all possible right shift operations.
5. If the array is sorted after performing all possible right shift
operations, we return True. Otherwise, we return False.

Table 6: Examples of DolphCoder compared to WizardCoder.
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Method Pass@1
DIT 56.6
+MOT 59.9
+GPT-4 Filtering 62.7
+Golden Filtering 72.6

Table 7: Effect of code evaluation capability of GPT-
4. We sample 10 answers with a temperature=0.2 and
report the average pass@1 metric. +MOT denotes the
MOT model based on the DIT model. GPT-4 or golden
filtering means that we use GPT-4 or golden unit test
cases to filter out these wrong answers from the DIT
model, and then we report the average pass@1 among
the remaining answers.
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Abstract

Speculative decoding has emerged as a promis-
ing technique to accelerate the inference of
Large Language Models (LLMs) by employing
a small language model to draft a hypothesis
sequence, which is then validated by the LLM.
The effectiveness of this approach heavily re-
lies on the balance between performance and ef-
ficiency of the draft model. In our research, we
focus on enhancing the proportion of draft to-
kens that are accepted to the final output by gen-
erating multiple hypotheses instead of just one.
This allows the LLM more options to choose
from and select the longest sequence that meets
its standards. Our analysis reveals that hypothe-
ses produced by the draft model share many
common token sequences, suggesting a poten-
tial for optimizing computation. Leveraging
this observation, we introduce an innovative ap-
proach utilizing a directed acyclic graph (DAG)
to manage the drafted hypotheses. This struc-
ture enables us to efficiently predict and merge
recurring token sequences, vastly reducing the
computational demands of the draft model. We
term this approach Graph-structured Specula-
tive Decoding (GSD). We apply GSD across a
range of LLMs, including a 70-billion parame-
ter LLaMA-2 model, and observe a remarkable
speedup of 1.73× to 1.96×, significantly sur-
passing standard speculative decoding1.

1 Introduction

The impressive performance of Large Language
Models (LLMs) comes with an efficiency bottle-
neck that hinders their broader adoption (Vaswani

1Code available at https://github.com/gzhch/gsd
*Work done during an internship at Meituan.
†Corresponding authors: Dongyan Zhao

(zhaody@pku.edu.cn) and Rui Yan (ruiyan@ruc.edu.cn).
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Figure 1: An illustrative comparison between the tree-
and graph-structured draft token management.

et al., 2017; Touvron et al., 2023a; OpenAI, 2022;
Touvron et al., 2023b). In this context, speculative
decoding (SD) emerges as a promising direction
to accelerate the decoding process by reducing the
number of forward passes of LLMs (Chen et al.,
2023; Leviathan et al., 2023; Zhou et al., 2023;
Spector and Ré, 2023; Miao et al., 2023a). The
underlying idea of SD is “draft then verify": rather
than generating one token at a time using the LLM,
SD employs a smaller model to draft a hypothe-
sis sequence of tokens covering several decoding
steps and then uses the LLM to verify the hypothe-
sis. Consequently, the decoding process includes a
draft stage and a verification stage. In this scheme,
the number of forward calls of LLMs can be signif-
icantly reduced.

However, SD faces its own set of challenges:
the trade-off between performance and efficiency
of the draft model limits the potential for accel-
eration. Ideally, the draft model should generate
high-quality hypotheses while maintaining compu-
tational efficiency — a balance that is notoriously
difficult to strike, echoing the adage that "there’s no
such thing as a free lunch." In this study, we address
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the challenge of enhancing the acceptance rate
of the draft model’s hypotheses without increas-
ing the computational burden. Inspired by beam
search (Graves, 2012) and tree attention (Spector
and Ré, 2023; Miao et al., 2023a), our approach
involves producing a bunch of hypotheses instead
of a solitary one. Then, the LLM verifies these mul-
tiple hypotheses in a singlar forward pass and ac-
cepts the longest one. While tree decoding, which
adopts a tree structure to organize the drafted to-
kens, presents an efficient implementation for si-
multaneously drafting all hypotheses, it also leads
to exponential growth in the number of tokens at
deeper levels of the tree, resulting in a prohibitive
computational overhead. Consequently, the length
of the hypotheses must be kept relatively short,
which in turn leads to suboptimal use of the draft
model’s capabilities.

Our objective is to extend the length of drafted
hypotheses without a corresponding rise in com-
putational cost. To this end, we meticulously ex-
amined the hypotheses to find opportunities for
improvement. We observe that hypotheses based
on the same context are often semantically simi-
lar or related, and the variations among differing
hypotheses typically boil down to only a handful
of tokens. Notably, more than 70% of the drafted
tokens tend to recur across various hypotheses. If
we could discern when the draft model is likely to
predict these re-occurring tokens, we could sim-
ply reuse them from previous drafts, thereby re-
ducing the overall number of tokens that need
to be generated. Capitalizing on this revelation,
we propose Graph-structured Speculative Decod-
ing (GSD), which uses a directed acyclic graph
to organize the drafted tokens (Figure 1). In this
graph, each path that stems from the root node cor-
responds to a unique hypothesis. This approach
allows different hypotheses to share a substantial
number of common nodes.

The pipeline of GSD follows that of standard
SD (also the Sequence-structured SD, SSD), which
encompasses a draft stage and a verification stage.
In the draft stage, the draft model constructs a to-
ken graph containing multiple hypotheses. In the
verification stage, the token graph is flattened into
a sequence, enabling the LLM to validate all hy-
potheses concurrently. The longest one is then
adopted as part of the final output. We conduct
extensive experiments using LLaMA-70b, one of
the largest open-source LLMs, showing that GSD

drafts tokens not exceeding 2× the amount drafted
by SSD on average, while tree-structured SD (TSD)
drafted a token count that is more than 15 times
greater. In terms of speedup, GSD outperforms all
other methods, marking a significant advancement
in speculative decoding techniques

2 Related Works

2.1 LLM Compression

Improving the efficiency of LLM inference has
emerged as a pivotal research focus in recent years.
The primary objective of model compression is to
decrease computational demands and speed up the
inference process. Research into the compression
of large language models branches out into several
directions, including knowledge distillation (Jiao
et al., 2020; Sanh et al., 2019; Wang et al., 2021;
Passban et al., 2021), quantization (Tao et al., 2022;
Liu et al., 2023a,b; Dettmers et al., 2023; Xiao
et al., 2023), network pruning (Liang et al., 2021;
Frantar and Alistarh, 2023). Despite their inno-
vations, these methods can be classified as lossy
compression. This means that their efficiency im-
provements are intrinsically linked to a trade-off in
performance, leading to the likelihood that a com-
pressed LLM might produce compromised results.

2.2 LLM Decoding Acceleration

Alongside conventional model compression tech-
niques, there is another branch of research that fo-
cuses on accelerating LLM inference without incur-
ring information loss. Among these studies, specu-
lative decoding (SD) (Chen et al., 2023; Leviathan
et al., 2023; Zhou et al., 2023; Spector and Ré,
2023; Miao et al., 2023a) emerges as a promising
technique. SD does not modify the model archi-
tecture, nor does it require supplemental data or
retraining. SD typically employs a smaller model
to draft initial predictions for “easy" tokens, while
the LLM itself verifies these drafted tokens and
generates “hard" tokens. Some researchers sug-
gest that the smaller model is not essential for SD.
For instance, the smaller model can be substituted
with the LLM itself (Zhang et al., 2023) or a large
text database (He et al., 2023). In addition to SD,
other efforts are being made to enhance the decod-
ing efficiency of LLMs. Blockwise parallel decod-
ing (Stern et al., 2018), for example, is introduced
to make predictions for multiple time steps in par-
allel. More recently, Medusa (Cai et al., 2023) has
trained multiple prediction heads to predict the next
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set of tokens simultaneously.

3 Preliminaries: Sequence-structured
Speculative Decoding

In this section, we establish the notation and
provide a foundational overview of sequence-
structured speculative decoding (SSD).

Consider an input sequence at time step t, de-
noted by x≤t = {x1, x2, ..., xt}, where each xi
symbolizes the i-th token from the sequence. Let
Mp be the target LLM we want to accelerate, and
let Mq denote the draft model. The probabilities
p(xt+1|x≤t) and q(xt+1|x≤t) represent the predic-
tive distributions for the next token as given by Mp

(the LLM) and Mq (the draft LM), respectively.
SSD leverages the draft model, Mq, to propose a

hypothesis comprising γ tokens, which we denote
as h = {x̃t+1, x̃t+2, ..., x̃t+γ}. The drafting of
each token, x̃t + i, is modeled as follows:

x̃t+i ∼ q(x|x≤t, x̃t+1, ..., x̃t+i−1) (1)

Upon completion of the draft stage, the LLM veri-
fies the γ drafted tokens in a singular forward pass.
The verification process, which compares predic-
tions made by Mp and Mq to determine which
tokens shall be accepted, can be conducted in both
deterministic and non-deterministic ways. Deter-
ministic verification accepts drafted tokens only
if the LLM would generate the same. The non-
deterministic way employs the sampling method
used in previous studies (Chen et al., 2023). For the
i-th token in the hypothesis, the acceptance prob-
ability is calculated as min(1, p(x̃t+i)/q(x̃t+i)).
Should the token x̃t+i face rejection, all subsequent
tokens in the hypothesis are also discarded, the ver-
ification process comes to a halt, and Mp regener-
ates the discarded token. This method ensures that
the tokens that are ultimately accepted are repre-
sentative of the output distribution characterized by
Mp.

4 A Step Forward: Tree-structured
Speculative Decoding

An intuitive idea for improving SSD is to draft
multiple hypotheses instead of merely one. This is
where Tree-structured SD (TSD) comes into play.

In each drafting step of SSD, the draft model
predicts a single next token as described in Equa-
tion 1. After γ steps, the drafted tokens compose a
sequence {x̃t+1, x̃t+2, ..., x̃t+γ}. In contrast, TSD

allows the draft model to consider k different alter-
natives for the next token at each drafting step. The
resulting drafted tokens thus create a tree structure,
with the root representing the context at the com-
mencement of drafting, and each branch from the
root depicting a different hypothesis.

After γ drafting steps, the resulting token tree
has a depth of γ and a maximum out-degree of k
and can contain up to kγ+1−1

k−1 nodes, representing
as many as kγ unique hypotheses. Let’s denote the
collection of all hypotheses as {hi}k

γ

i=1. TSD holds
a significant advantage over SSD; by enabling the
generation of a larger pool of hypotheses in a sin-
gle drafting stage, it raises the chances of having
longer sequences of tokens accepted by the LLM.
This boosts the acceptance rate of the SD process.
Fundamentally, TSD operates in a manner analo-
gous to beam search, maintaining multiple poten-
tial hypotheses within its tree structure during the
draft stage and then selecting the most promising
one during the verification stage.

4.1 Parallelized drafting and verifying via
tree attention

The draft stage of TSD generates a multitude of
hypotheses. A significant challenge within this
framework is the efficient drafting of these multiple
hypotheses. If one were to adhere to the traditional
inference scheme that decodes one token at a time
(akin to extending one branch of the token tree),
the computational demands are apparently unac-
ceptable given that the token tree contains kγ+1−1

k−1
tokens to be decoded.

A promising resolution to this problem is by
employing meticulous tree attention. Tree atten-
tion operates by flattening the token tree into a
sequence and then simultaneously predicting the
next node for all branches during a single forward
draft, thus circumventing the necessity of perform-
ing a forward pass for each potential sequence. As
illustrated in Figure 2, it accomplishes this by cus-
tomizing the attention mask in such a way that each
token is only allowed to attend to its ancestor nodes
in the tree hierarchy, thus maintaining the correct
dependencies amongst tokens.

The verification stage benefits from tree atten-
tion by validating all hypotheses within a single
forward pass. After this process, the longest path
that unfolds from the root node is chosen as the
sequence to be accepted.
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Figure 2: Overview of our method. (Left) GSD advances beyond TSD and SSD by implementing pruning strategies
along with a re-occurring node merging technique. (Right) An illustration demonstrates the process by which the
token tree (or graph) is flattened to a sequence. The sequence is then paired with a customized attention mask
designed to uphold the proper dependencies between tokens to perform efficient drafting and verifying.

4.2 Pruning inferior branches

Despite the parallel drafting and verification with
tree attention, TSD still consumes significantly
more computation than SSD. The root cause lies
in the exponentially increased length of input se-
quences processed in each forward pass. Trans-
former attention has a computational complexity
that scales quadratically, O(l2), with the sequence
length l. While kv-caching does alleviate the com-
putational load to some degree, the burden remains
substantially heavier than that of SSD. Thus, to re-
duce the input sequence length, we need to perform
pruning on the token tree.

We introduce two pruning strategies to moder-
ate the size of the token tree. The first strategy is
probability pruning. For a given node c within the
token tree, where sc denotes the path from the root
to c, the logit probability is given by q(c|x≤t, sc).
By setting a probability threshold θprob, we can
filter out nodes: if q(c|x≤t, sc) < θprob, the node
is deemed unlikely to be verified successfully and
is marked as a leaf, halting further speculation.

The second strategy, sibling pruning, focuses on
a node’s child nodes {ci}ki=1. Among these, we dis-
cern which nodes should remain as non-leaf nodes
based on their logit probabilities relative to the high-
est probability among them. Specifically, let mq =
maxi=1,...,k p(ci|x≤t, sci). A child node ci is then
designated as a leaf if p(ci|x≤t, sci) < θsib · mq.
This approach ensures that the logit probabilities
among sibling nodes do not deviate excessively
from the maximum observed, mq. The underlying
idea is that, during probabilistic sampling, if the

generation probabilities across a node’s children
vary greatly, the tokens associated with lower prob-
abilities are less likely to be chosen. Therefore, it
may not be necessary to keep these less probable
nodes in the tree. Hence, when the output distri-
bution for a current token is peaked—indicating
high model confidence in its prediction—we need
not preserve many child nodes. However, if the
distribution is flatter, meaning multiple tokens have
similar probabilities, it then becomes prudent to
maintain a broader set of child nodes as candidates.

5 Graph-structured Speculative Decoding

Empirically, we observe that TSD often fails to sur-
pass SSD, contrary to expectations. It appears that
despite the utilization of pruning and tree attention,
the cost of drafting multiple hypotheses still coun-
terbalances the potential benefits that TSD offers.
So we would like to ask: Can we further reduce
the quantity of drafted tokens to enhance TSD’s
efficiency and effectiveness?

5.1 Same tokens re-occur among hypotheses
Before delving into GSD, we first conduct a pilot
study to investigate the drafted hypotheses gener-
ated by TSD. We analyze the token trees from 100
distinct TSD runs, documenting the statistics of n-
gram co-occurrences across various branches. The
findings of this analysis are presented in Figure 3,
and they give rise to several key insights:

• There is a high degree of commonality among
the tokens in different hypotheses. As de-
picted in Figure 3, within a token tree of 10-
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Figure 3: The proportion of tokens that are part of re-
occurring n-grams within the token tree where the max-
imum out-degree k is 4. θprob = 0.2 and θsib = 0.3.

depth and 4-width, approximately 70% of to-
kens appear across multiple branches. This
suggests that the generated hypotheses tend
to form a cluster of semantically similar or
related candidates, rather than branching off
in completely disparate semantic directions.

• There is also a notable frequency of recurring
n-grams within the token tree. This observa-
tion suggests that the similarities between dif-
ferent hypotheses extend beyond single tokens
— entire segments of tokens (n-grams) are of-
ten duplicated among the various branches of
the tree. This pattern points to redundancy in
the token sequences being drafted, which may
have implications for optimizing the efficiency
of the speculative decoding process.

5.2 Identifying redundant nodes
We leverage the findings of identical tokens reap-
pearing across different hypotheses to reduce com-
putation.To this end, we introduce the concept of
a τ -redundant node. A node is designated as τ -
redundant when it corresponds to the last token of
a re-occurring τ -gram. We assume that the pres-
ence of a τ -gram, defined as a sequence of τ con-
secutive identical tokens, signals a high degree of
similarity between the current hypothesis and an
alternate hypothesis already explored. This implies
a strong likelihood that the sequence will continue
to predict identical subsequent tokens.

5.3 Merging redundant nodes
Building on the concept of τ -redundant nodes, we
implement a procedure to merge these nodes to
enhance efficiency. The approach is straightfor-
ward: we mark τ -redundant nodes as leaf nodes,
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Figure 4: An illustration of how the token graph operates
during the draft stage and the verification stage.

effectively ceasing their further expansion within
the token tree. To merge the nodes, we first lo-
cate the first occurrence of the re-occurring τ -gram.
We then draw a directed edge from the τ -redundant
node to this first occurrence. By doing so, we estab-
lish that the nodes following the τ -redundant node
will not need to be generated anew. Rather, we
can directly reuse the results previously computed
for the initial τ -gram occurrence. As a result of
this merging process, the token tree is transformed
into a directed acyclic graph (DAG), wherein no
n-grams longer than τ will be repeated.

How does node merging hurt the performance?
Merging nodes can result in a divergence from the
nodes that would have otherwise been generated,
potentially impacting the quality of the generated
content. To quantify this effect, we calculate the KL
divergence between the probability distributions of
the next token across the vocabulary with or with-
out node merging. Experimental results demon-
strate that the KL divergence decreases rapidly with
the increase of τ , suggesting that the impact of node
merging diminishes significantly as the threshold τ
is heightened. (Detailed results in Appendix C)

5.4 Token graph verification

There is still one step to go to fulfill GSD: the
verification process. In the verification stage, we
need to flatten the token graph to a sequence so that
the LLM can verify all hypotheses simultaneously.
To convert a DAG into a sequence while preserving
the correct dependencies between tokens, we start
by reverting the graph to its original tree structure.
This is done by “unmerging" all previously merged
nodes. During this process, the successor nodes of
any redundant node are replicated from the relevant
merged nodes (Figure 4). With the structure now
back in the form of a tree, we can apply the same
verification procedure as used in TSD.
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Datasets Mehtod Model Acceptance Drafted Graph Speedup
Rate Token Num Success

GSM8k Self SSD LLaMA-2-70b - - - 1.37×
GSM8k SSD LLaMA-2-70b 0.795 629.9 - 1.85×
GSM8k TSD LLaMA-2-70b 0.894 8574.6 0% 1.81×
GSM8k GSD LLaMA-2-70b 0.917 793.1 27.7% 1.96×
XSUM Self SSD LLaMA-2-70b - - - 1.28×
XSUM SSD LLaMA-2-70b 0.652 773.2 - 1.56×
XSUM TSD LLaMA-2-70b 0.784 22512.4 0% 1.42×
XSUM GSD LLaMA-2-70b 0.831 1544.8 32.8% 1.73×
XSUM SSD LLaMA-2-70b-chat 0.496 989.4 - 1.19×
XSUM TSD LLaMA-2-70b-chat 0.634 4601.2 0% 1.30×
XSUM GSD LLaMA-2-70b-chat 0.642 1545.7 30.4% 1.32×

Table 1: Evaluation results on 70b model. Self SSD is the method proposed by Zhang et al. (2023), which uses the
LLM itself as the draft model. Speedup is the averaged result of greedy and top-p sampling. Here we only present
the results of 70b models, full results can be found in Appendix D.

6 Experiments

6.1 Setup

There are two settings for verifying the drafted to-
kens: a deterministic setting where accepting the
drafted tokens only if the LLM would generate
tokens the same, and a non-deterministic setting
where accepting the drafted tokens if they follow
the same distribution with the LLM-itself generated
tokens. In our main experiments, we adhere to the
deterministic decoding setting if not specified. Un-
der this condition, the generated output sequence
is guaranteed to be identical to what would be pro-
duced via standard generation methods, so we can
concentrate solely on efficiency metrics. Other de-
tails can be found in Appendix A.

Models We experiment on various backbone
LLMs, including LLaMA (Touvron et al., 2023a),
OPT (Zhang et al., 2022), and BLOOM (Workshop
et al., 2022). For LLaMA, we use LLaMA-70b,
LLaMA-70b-chat, and LLaMA-7b as large LLMs
and LLaMA-7b and LLaMA-7b-chat, LLaMA-
160m as draft models respectively. Note that
LLaMA-160m is not an official checkpoint but a
LLaMA-like model (Miao et al., 2023b). For OPT,
we use OPT-13b as the LLM and OPT-350m as the
draft model. For BLOOM, we use BLOOM-7b1 as
the LLM and BLOOM-560m as the draft model.

Datasets We evaluate on Extreme Sum-
marization (XSum) (Narayan et al., 2018),
GSM8K (Cobbe et al., 2021), Alpaca (Taori et al.,

2023), and WMT-14 (En-De) (Bojar et al., 2014).
For GSM8K and WMT-14, we evaluate the full
test set. For XSum and Alpaca, we randomly select
5000 instances for evaluation.

6.2 Main Results

Table 1 illustrates a comparison of our method
against other speculative decoding approaches. Fo-
cusing on the speed-up ratio, we can see that GSD
offers a significant advantage over the alternatives,
achieving up to 1.94 and 1.70 times faster speeds.
When examining the acceptance rate, we observe
that both TSD and GSD have an acceptance rate
that exceeds that of SSD by more than 10%. This
indicates that tokens generated by the draft model
are more likely to pass the verification process.
Comparing the number of drafted tokens, we can
see that TSD produces an order of magnitude more
tokens than SSD. Hence, while TSD also has a high
acceptance rate, this advantage is negated by the
excessive number of tokens generated.

Additionally, we assess what proportion of to-
kens, which passed verification during the specu-
lative decoding process, contained nodes from the
merged subtrees, and find that approximately 30%
of the drafting stages include such tokens. This
indicates that, while the token graph is significantly
smaller in node count compared to the token tree,
we have successfully preserved the decoding in-
formation by recognizing and grafting nodes from
different branches.
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Figure 5: A series of ablation studies to investigate the hyperparameter configuration of maximum out-degree,
redundant threshold, and two pruning techniques. All other hyperparameters adhere to the configuration described
in section A.

Methods SSD TSD GSD

GSM8k 1.80× 1.81× 2.14×
XSUM 1.58× 1.46× 1.89×

Table 2: Speedup results on non-deterministic specula-
tive decoding on LLaMA-2-70b.

6.3 Ablation Study

Maximum Out-degree k Maximum out-degree
k refers to the maximum number of child nodes
that each node within the token tree (or graph) can
possess. As depicted in Figure 5(a), as the k in-
creases, the model is more likely to accept longer
sequences in the verification stage due to the more
diverse set of candidate hypotheses, thereby signifi-
cantly enhancing the acceptance rate. However, the
total number of nodes in the token tree increases
exponentially as the increase of k as we have dis-
cussed in Section 4. When setting k to 4, the token
tree contains more than 20000 tokens which leads
to a heavy computation budget. In contrast, the to-
ken graph prevents the uncontrolled swell of node
count that could impede computational efficiency
by merging repeating sub-trees. This optimization
allows the GSD to achieve a much higher accep-
tance rate while free from a rapid increase in nodes
with the increase of k.

Threshold for Redundant Node τ As men-
tioned in Section 5.2, when two different hypothe-
ses emanating from different branches share a com-

mon token sequence of length τ , they are identified
as repetition and subsequently merged as a single
branch. Thus, the larger the τ , the more radical the
node merging becomes. As shown in Figure 5(b),
as the increase of τ , the method becomes more
conservative in fusing repeated branches, retaining
more nodes in the token graph. Besides, the accep-
tance rate is inversely correlated with the redundant
threshold. This implies that more aggressive node
fusion leads to a more diverse set of candidate hy-
potheses. At first glance, this might seem paradox-
ical, since one would expect that aggressive node
fusion, which reduces the number of nodes in the
token graph, would decrease the diversity of hy-
potheses by merging similar sequences. However,
when the merging happens, the two nodes that are
merged as one then share a common child subtree
in later drafting steps. By merging, the newly gen-
erated tokens within the subtree are simultaneously
added to two different branches, while these to-
kens might not be generated by both independent
branches if not merged. Thus, the node merging ef-
fectively introduces a greater variety of hypotheses
by allowing for increased sharing of information
between different parts of the token graph, which
might otherwise remain isolated, leading to less
efficient search space coverage.

Pruning Threshold θprob, θsib The probability
pruning technique prunes tokens of low logit
probability and the sibling pruning technique in-
volves pruning sibling nodes that had passed the
probability-based pruning based on the maximum
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logit probability. As illustrated in the figure, both
pruning strategies significantly reduce the number
of generated tokens. However, these two prun-
ing strategies have opposite effects on the accep-
tance rate. When the threshold is raised, probability
pruning leads to an increase in the acceptance rate,
while sibling pruning has a diminishing effect. This
indicates that while probability pruning can help in
focusing the speculative decoding process on more
likely hypotheses, sibling pruning might lead to
the removal of potential candidate hypotheses that
could have been valid. The implications of these
findings suggest that a delicate balance must be
struck between pruning enough to maintain compu-
tational efficiency and avoiding overly aggressive
pruning that could eliminate valid hypotheses.

6.4 Non-deterministic Setting

Table 2 represents performance under the non-
deterministic decoding setting. This non-
deterministic verification process determines
whether a drafted token should be accepted by
comparing the generating probability of the draft
model and the LLM. Implementing GSD in this
setting is a little tricky because GSD uses a shared
logit distribution for redundant tokens, which could
slightly deviate from the actual distribution. We
have addressed the potential effects of this issue in
Section 5.3 through experimental analysis. Further-
more, we conduct an explicit evaluation of the text
quality, confirming that the performance disruption
due to node merging is inconsequential. Detailed
results can be found in Appendix E.

7 Analysis

7.1 Breakdown of Computation

Table 3 presents a computational analysis compar-
ing different speculative decoding methods. Com-
pared to TSD, the primary improvement offered by
GSD lies in the reduction of time consumed during
the draft stage, which can be attributed to the fewer
number of nodes in the token graph, resulting in a
reduced count of tokens that need to be processed
during each drafting forward pass.

Besides, we find that, in addition to drafting and
verifying, there is a significant portion of compu-
tation that should not be overlooked. We find that
this computation is primarily associated with the
update of the kv-cache of the draft model. Thus,
improving the efficiency of the kv-caching repre-
sents a potential direction for further accelerating

Methods Draft Verification Others

SSD 224.9 ms 133.5 ms 45.8 ms
TSD(k=2) 257.0 ms 172.4 ms 46.9 ms
GSD(k=2) 225.9 ms 170.0 ms 45.5 ms
TSD(k=4) 323.9 ms 184.4 ms 49.8 ms
GSD(k=4) 209.0 ms 178.3 ms 50.2 ms

Table 3: Breakdown of computation of a single draft-
verification iteration.

[Input]Write a story about life on Mars:

[Output] The Martian Chronicles is a 1950 science 
fiction short story collection by Ray Brad bury that 
chronicles the exploration and settlement of Mars in 
the near future. The stories range from the first 
expeditions to the Red Planet to the eventual demise of 
the human race. The collection is notable for its use of 
science fiction to explore social and political themes, 
as well as its vivid and imaginative depiction of life on 
Mars. The stories are also notable for their use of 
allegory and symbolism, as well as their exploration of 
the human condition. The Martian Chronicles is 
considered one of the most influential works of science 
fiction ever written and has been adapted into a number 
of different media, including a television series, a radio
drama, and a comic book. The Martian Chronicles is a 
collection of short stories by Ray Brad bury that 
chronicles the colonization of Mars by humans. 

Graph-like Speculative Decoding

Figure 6: A visualization of the generation process of
graph-structured speculative decoding. The black color
represents the token generated by the verification model.
Both red and blue are the accepted tokens. Red tokens
are ordinarily drafted while blue tokens are from the
merged nodes of the token graph.

the speculative decoding.

7.2 Case Study
Figure 6 presents an illustrative example of GSD.
This case demonstrates how the token graph assists
in maintaining various hypotheses while simulta-
neously decreasing the total number of drafted to-
kens. Notably, approximately 30% of the accepted
drafted tokens are derived from the subtrees associ-
ated with merged nodes, illustrating the efficiency
gains achieved through GSD.

8 Conclusion

In this paper, we introduce graph-structured specu-
lative decoding (GSD), a novel decoding strategy
that utilizes a token graph to concurrently record a
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multitude of sequence hypotheses within a single
draft stage. We propose a redundant node merging
technique and two pruning strategies to constrain
the size of the token graph without unduly compro-
mising the diversity of hypotheses. Our extensive
experiments demonstrate that GSD significantly in-
creases the acceptance rate of drafted tokens while
not introducing much computation, achieving a no-
ticeable acceleration in speed compared to previous
speculative decoding methods.

Limitations

We discuss the limitations of our work as follows:
While our investigation has highlighted an inter-
esting phenomenon of hypotheses generated from
the same context contexts, we have not thoroughly
examined the underlying mechanism that gives rise
to this phenomenon. A deeper exploration into why
these hypotheses exhibit such close semantic ties
could unveil further insights that may benefit future
research and applications.
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A Additional Implementation Details

We establish both the maximum input sequence
length and output sequence length at 512. Any in-
put sequences exceeding 512 tokens are truncated.
We set the maximum drafting step at 10 and adopt
a draft-exiting mechanism to prematurely exit the
drafting stage when the token probability drops be-
low θprob. For the top-p sampling decoding, we set
the top-p to 0.7 and temperature to 0.7. For graph
decoding and tree decoding, we set the maximum
out-degree k as 4. For the pruning configurations,
we default to θprob = 0.2 and θsib = 0.3 . We set
τ = 2.

B Comparison with Other Inference
Acceleration Methods

Methods GSM8K XSUM

Medusa 2.01× 1.62×
GSD 1.96× 1.73×

Table 4: Speedup ratios on LLaMA-2-70b.

Except for speculative decoding, there have been
other methods for accelerating the decoding of
LLM. Among these studies, Medusa (Cai et al.,
2023) is a simple yet effective method. We com-
pare with Medusa on GSM8K and XSUM (Table 4).
Besides, we want to mention that Medusa is dedi-
cated to the same deterministic setting and employs
a similar tree structure to manage the generated to-
kens, so it is possible to incorporate Medusa with
our proposed graph structure to further optimize
the token management. Hopefully, this would bring
further acceleration.

C Impact of Node Merging on Logits
Distribution

maximum out-degree τ = 0 τ = 1 τ = 2 τ = 3 τ = 4

k=3 1.19e-4 2.70e-6 5.77e-7 3.34e-7 5.13e-7
k=5 1.78e-4 4.70e-6 4-21e-7 7.62e-7 8.49e-7
k=∞ 1.30e-4 3.11e-6 1.03e-6 9.27e-7 7.64e-7

Table 5: Averaged KL-divergence between the probabil-
ity distributions across the vocabulary with or without
node merging. Results are averaged over 1000 exam-
ples. We test on a series of k (maximum out-degree)
and τ (the threshold for redundant node), showing that
in most cases, merging redundant nodes brings minimal
affection to the generation probability of subsequent
tokens.

D Additional Results on Deterministic
Setting

We present the evaluation results on BLOOM-7b1,
OPT-13b, and LLaMA-7b in Table 6,7, and 8.

Methods Alpaca WMT-14 en-de gsm8k

SSD 0.628 (1.12×) 0.705 (1.30×) 0.653 (1.18×)
TSD 0.783 (0.44×) 0.798 (0.59×) 0.741 (0.32×)
GSD 0.819 (1.48×) 0.812 (1.52×) 0.755 (1.26×)

Table 6: BLOOM-7b1 performance under k = 4, τ = 1,
θprob = 0.4, θsib = 0.1. BLOOM-560m serves as the
draft model.

Methods Alpaca WMT-14 en-de gsm8k

SSD 0.563 (1.12×) 0.621 (1.16×) 0.602 (1.08×)
TSD 0.672 (0.37×) 0.705 (0.38×) 0.770 (0.62×)
GSD 0.691 (1.15×) 0.733 (1.28×) 0.793 (1.22×)

Table 7: OPT-13b performance under k = 4, τ = 1,
θprob = 0.4, θsib = 0.1. OPT-350m serves as the draft
model.

Methods Alpaca WMT-14 en-de gsm8k

SSD 0.729 (1.22×) 0.783 (1.29×) 0.601 (1.04×)
TSD 0.846 (0.65×) 0.851 (0.56×) 0.775 (0.60×)
GSD 0.860 (1.31×) 0.863 (1.36×) 0.793 (1.16×)

Table 8: LLaMA-2-7b performance under k = 4, τ = 1,
θprob = 0.4, θsib = 0.1. LLaMA-160m serves as the
draft model.

E Additional Results on
Non-deterministic Setting

Table 9 shows results on LLaMA-2-7b under the
non-deterministic setting. In this scenario, the text
produced by the model is not necessarily identical
to that which would be generated via a standard
decoding process. Consequently, to ensure that
GSD does not significantly impair output quality,
we assess the quality of the generated text. The
results are shown in Table 10.

F Further Analysis on GSD

We present some extra explorations in this sec-
tion. GSD introduces a novel directed acyclic
graph structure to manage the drafted tokens. Every
branch starting from the root node forms a unique
hypothesis. We analyze the positional structure of
the accepted/rejected nodes within the graph.
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Methods Alpaca WMT-14 en-de gsm8k

SSD 0.695 (1.16×) 0.737 (1.21×) 0.540 (0.96×)
GSD 0.793 (1.34×) 0.848 (1.31×) 0.836 (1.18×)

Table 9: LLaMA-2-7b performance under k = 4, τ = 1,
θprob = 0.4, θsib = 0.1. The hyperparameter settings
might not be optimal.

Rouge-1 Rouge-2 Rouge-l

vanilla decoding 0.25 0.09 0.19
SSD 0.24 0.09 0.19
GSD (τ = 1) 0.23 0.09 0.18
GSD (τ = 2) 0.23 0.09 0.18

Table 10: Rouge-1/2/l scores on LLaMA-2-7b under
non-deterministic setting.

Figure 7 shows the benefit of considering mul-
tiple hypotheses in enhancing the acceptance rate,
with approximately half of the accepted tokens orig-
inating from Child-k nodes (where k > 1). These
tokens are typically not taken into account in SSD.
Comparing TSD and GSD, we can see that GSD
slightly increases the acceptance rate for tokens
positioned as Child-1. Figure 8 shows how varying
the θsib threshold impacts the acceptance rate for
tokens at each position. A higher θsib corresponds
to more stringent pruning, resulting in fewer sibling
nodes being retained. We can see a clear negative
correlation between the increase of θsib and the
acceptance rate for tokens at latter positions.

Figure 7: Percentage of i-th child being accepted. Re-
sults are averaged across all nodes within the token
graph. We compare various speculative decoding con-
figurations on LLaMA-7b. The child nodes within the
decoding graph are ranked according to their probabil-
ity, such that Child-1 corresponds to the token with the
highest probability, while Child-k represents the token
with the k-th highest logit probability.

Figure 8: Percentage of i-th child being accepted. Re-
sults are obtained from LLaMA-7b with k = 4, τ = 1,
θorob = 0.4

.
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ABSTRACT

The recent past has witnessed a notable surge in on-demand food

delivery (OFD) services, o�ering delivery ful�llment within dozens

of minutes after an order is placed. In OFD, pooling multiple or-

ders for simultaneous delivery in real-time order assignment is a

pivotal e�ciency source, which may in turn extend delivery time.

Constructing high-quality order pooling to harmonize platform ef-

�ciency with the experiences of consumers and couriers, is crucial

to OFD platforms. However, the complexity and real-time nature of

order assignment, making extensive calculations impractical, signif-

icantly limit the potential for order consolidation. Moreover, o�ine

environment is frequently riddled with unknown factors, posing

challenges for the platform’s perceptibility and pooling decisions.

Nevertheless, delivery behaviors of skilled couriers (SCs) who

know the environment well, can improve system awareness and

e�ectively inform decisions. Hence a SC delivery network (SCDN)

is constructed, based on an enhanced attributed heterogeneous

network embedding approach tailored for OFD. It aims to extract

features from rich temporal and spatial information, and uncover

the latent potential for order combinations embedded within SC

trajectories. Accordingly, the vast search space of order assignment

can be e�ectively pruned through scalable similarity calculations of

low-dimensional vectors, making comprehensive and high-quality

pooling outcomes more easily identi�ed in real time. In addition,

the acquired embedding outcomes highlight promising subspaces

embedded within this space, i.e., scale-e�ect hotspot areas, which

can o�er signi�cant potential for elevating courier e�ciency.

SCDN has now been deployed in Meituan dispatch system. On-

line tests reveal that with SCDN, the pooling quality and extent

have been greatly improved. And our system can boost couriers’

∗Corresponding author.
†This work was ful�lled when Chen Zhang interned at Meituan.

Conference acronym ’XX, June 03–05, 2018, Woodstock, NY
2018.

e�ciency by 45-55% during noon peak hours, while upholding the

timely delivery commitment.

KEYWORDS

on-demand food delivery, order pooling, many-to-one assignment

problem, graph representation learning

1 INTRODUCTION

1.1 Backgrounds

In recent years, there has been a remarkable upsurge in the wide-

spread adoption of on-demand food delivery (OFD) services world-

wide. With a mere few clicks, consumers can enjoy delicious meals

without stepping out, all delivered right to their doorstep within

just a few dozen minutes. This trend is attributable to the overarch-

ing shifts in technological innovation, including the popularity of

apps and online platforms, and the growing dependence on third-

party services for OFD. Global revenues for OFD sector were about

$90 billion in 2018, rose to $294 billion in 2021, and are expected to

exceed $466 billion by 2026 [16]. Meituan Waimai, China’s pioneer-

ing OFD platform has witnessed remarkable growth over the last

decade. In 2023, the platform handles over 70 million orders daily,

encompassing an extensive reach across almost 3,000 cities, coun-

ties and regions throughout China. 6.24 million couriers earned

income via Meituan, with over 1 million actively engaged daily.

In OFD, orders are placed continuously by consumers from var-

ious locations. In response, the platform promptly gathers these

newly initiated orders, channels them to merchants, and assigns

dedicated couriers for pick-up and delivery within the promised

delivery time. The platforms act as intermediaries, linking a multi-

tude of consumers, merchants and couriers within the ecosystem,

and strike a balance between gains and losses among these stake-

holders to achieve sustained growth and prosperity [14]. Among

these, consumers desire prompt services, merchants seek to main-

tain food freshness, couriers aim to ful�ll enough orders to earn a
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decent income in a safe environment, while OFD platforms focus

on boosting e�ciency to reduce costs and increase pro�ts.

Figure 1: A courier’s concurrent execution and route se-

quence of four orders.

In this context, couriers often engage in concurrent execution

of multiple delivery tasks, including order pick-up and delivery. A

pivotal e�ciency source in OFD is to pool multiple orders

for simultaneous delivery of a single courier in order as-

signment, leveraging shared pick-up and delivery behaviours and

travelling distances, enabling couriers serve more orders within

committed delivery time limits. Facilitating comprehensive order

pooling can e�ectively reduce delivery costs and enhance OFD

sustainability[23, 24]. Figure 2(a) presents a high-quality order

pooling example, where the courier’s pickup points are highly

concentrated, and the delivery destinations are aligned along a

coherent route, enabling the courier to ful�ll the deliveries with

remarkable e�ciency. However, unreasonable order pooling may

result in detours and prolonged delivery times, severely undermin-

ing the stakeholders’ experiences. Figure 2(b) illustrates a scenario

in which unreasonable order pooling negatively impacts a courier’s

route, leading to an ine�cient delivery trajectory.

InMeituanWaimai, the dispatch system conducts city-level batch

order assignments every 30 seconds[14]. In each dispatch cycle, the

system identi�es available couriers for new orders, and assesses

the matching degree (MD) between them, including convenience

of route, over-time risk, and courier acceptance willingness. This

evaluation process demands massive computations for pick-up and

delivery route planning (PDRP) to simulate courier’s behaviors

after accepting orders [5]. Subsequently, through the resolution of

a multi-objective many(order)-to-one(courier) assignment (MOA)

problem, the system matches orders with the most suitable couriers

to optimize the overall MD scores.

Constructing comprehensive and high-quality order pool-

ing in order assignments stands as a key issue for OFD plat-

forms to harmonize platform e�ciency with stakeholder experi-

ence. Practically, there are two primary methods to facilitate com-

prehensive and high-quality order pooling in order assignments

during each dispatch cycle. The �rst approach entails identifying

suitable order combinations among all the pending orders, such

as those with shared pick-up/delivery tasks or minimal detours,

aiming to increase the ratio of MOA outcomes. The second ap-

proach focuses on matching orders with couriers whose existing

assignments can share pick-up/delivery tasks or travel routes with

the new orders, thereby optimizing the delivery process.

1.2 Challenges

However, OFD’s distinct features present considerable challenges.

(a) High-quality order pooling.

(b) Unreasonable order pooling.

Figure 2: Order pooling examples.

(1) Computational complexity in real time. On one hand,

the MD scores based on PDRP outcomes, are non-additive. Specif-
ically, the MD score of assigning multiple orders concurrently to

a courier, is not equivalent to the sum of the scores of assigning

each order individually to the same courier. Hence, to model the

MOA problem and to obtain su�cient order combination results

usually demands massive MD score calculations, which su�ers from

combinatorial explosion, as depicted in Figure 3. The MOA problem

details can be found in Appendix A. For some big cities in China

during noon peak, there amounts to over 3 thousand orders 1 to

be assigned in each dispatch cycle, while each order can retrieve

hundreds of couriers available for delivery on average. Assuming

at most 5 orders assigned to a courier, and the average courier can-

didates for a order (combination) is 100, the calculation volume is

1It is the order volume in several geographically adjacent areas within a city, not the

total order volume for the entire city.
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(�1
3000 +�

2
3000 +�

3
3000 +�

4
3000 +�

5
3000) × 100. On the other hand, the

MOA problem itself is categorized as an NP-hard integer program-

ming problem, known for its extremely vast search space. Crafting

online algorithms that perform e�ectively for the MOA is an excep-

tionally challenging task[3, 15, 35]. Moreover, the fast movement

of couriers requires assignment decisions be made within a mere

10 seconds. This imperative time frame ensures the consistency of

courier status between the information acquisition phase and the

actual assignment moment.

Consequently, the platform tends to favor one(order)-to-one(courier)

assignments during each dispatch cycle, a strategy that reduces

computational volume and complexity, albeit at the expense of

comprehensive order pooling.

Figure 3: Calculation volume and search space for modeling

and solving MOA problems in each dispatch cycle.

(2) Limited system awareness on the “last mile" o�line

environment. In OFD, the "last mile" o�ine environment is highly

intricate and dynamic [34], encompassing unforeseen road closures,

unknown natural obstacles, and pandemic-related lockdowns. OFD

platforms are unable to fully access these extensive, �nely-detailed

spatiotemporal data during large-scale decision-making, due to

insu�cient map precision and digital capabilities, along with com-

putational and storage constraints. Consequently, order pooling

decisions based on coarse data and limited awareness, may not

be reasonable, potentially harming courier experiences, causing

delivery delays, and reducing delivery e�ciency.

1.3 Related Work

Prior research on order pooling algorithms primarily focused on

batching issues in traditional warehouse management [1, 19, 30].

However, the more relaxed time constraints of warehouse batching

algorithms, typically inminutes, or even hours, are not well-suitable

for the urgency required in OFD.

In recent years, research pertaining to OFD has gradually gained

traction. The prevalent method for order pooling batches orders

based on geographical proximity and closeness of their promised

delivery time [22]. However, while these criteria-based batching

rules are straightforward, they limit the scope for consolidation. An

exact algorithm for order batching and assignment is proposed in

[31], under the unrealistic assumption of perfect information about

the arrival of orders. The study in [9] produces monthly OFD task

groupings o�ine to facilitate order consolidation, However, their

e�ectiveness is heavily reliant on order structure stability. Work in

[10, 11] achieve order consolidation using iterative clustering on

an order graph, but the batching algorithm’s complexity and com-

putational load hinder real-time processing. Similar work in [24]

leverages additional decomposition mechanisms to reduce com-

putational cost, yet it falls short of enabling real-time application

despite notable performance gains. To satisfy the need for solutions

within seconds, XGBoost models are built through supervised learn-

ing on historical order assignment results in [29, 32], to promote

combined order assignments. However, the consolidation results

struggle to break through the constraints of historical decisions,

resulting in limited e�ectiveness.

1.4 Motivations

In light of the limitations present in existing work, it’s worth noting

that OFD platforms are equipped with a vast �eet of couriers, and

extensive data on courier behaviors, especially from the skilled ones,

which o�er insights for high-e�ciency and quality delivery ser-

vices and enhance system intelligence. Skilled couriers (SCs) often

possess a comprehensive grasp of the o�ine environment, includ-

ing order distribution and road logistics, and continually improve

their delivery skills to adapting to complex conditions. Moreover,

our couriers can reject or transfer system-assigned orders, lever-

aging their expertise to optimize routes, minimizing detours and

overtime. Additionally, the platform gathers courier preferences

for pick-up and delivery locations via their apps, promoting e�-

cient operations with fewer bottlenecks. Thus SCs’ behaviours

of order selection, route sequence and feedback can provide

the system superior courier-oriented pooling outcomes and

help improve decision quality.

In the past decade, the work on word representation learning

has achieved cutting-edge results [7, 17, 20, 25]. Neural language

models replace traditional high-dimensional and sparse word vec-

tors with low-dimensional and dense embeddings, which assume

that frequently co-occurring words share stronger statistical depen-

dencies. Recently, graph representation learning (GRL) methods

[4, 13] have increasingly been applied in various �elds, including

e-commerce [6, 8, 28], job search [12, 21], ride-sharing [26, 27],

to discover diverse types of recommendations on the Web. These

approaches have had a major impact in both academia and industry.

Drawing on prior achievements and the principle that orders

frequently combined together in SCs’ routes tend to yield

top-tier pooling results, this paper aims to using GRL methods

to uncover the latent potential for order pooling embedded

within the SCs’ behaviour data. Therefore, through scalable

low-dimension vector calculations, instead of massive and time-

consuming PDRP computations, we e�ectively prune the MOA

problem’s search space, shown in Figure 3, meanwhile extract

small-scale and isolated subspaces promising for high-quality order

consolidation results, facilitating real-time, e�ective order pooling.

1.5 Contributions

Accordingly, a systemic solution framework, named as SC delivery

network (SCDN), is proposed. The novel contributions are:

(1) Graph Modelling: We construct a delivery network from

SC route sequences, with �ow unit (FU) as nodes linked by SC

behavior sequences. An FU is a directed vector from pick-up areas

of interest (AOI 2)[36] to delivery AOI. Orders of an FU share the

2AOIs are de�ned as non-overlapping irregular polygons that comprehensively divide

and cover the space
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same pick-up and delivery AOIs. The network is formulated as an

a�ributed multiplex heterogeneous network (AMHEN), with

FU nodes featuring multiple attributes for temporal and spatial

information, and links representing two di�erent types of courier

behaviors, namely pick-up and delivery.

(2) Learning Algorithm: Based on GATNE [2], an e�ective

GRL method for AMHEN, an enhanced attributed heterogeneous

network embedding (EATNE) approach tailored for OFD is derived

to obtain FU embeddings. First, given the fact that couriers move

within a con�ned region3 in a city, a region-congregated nega-

tive sampling mechanism is proposed as an enhancement over

traditional randomized negative sampling to improve algorithm

performance. Second, we employ a customized margin ranking

loss instead of cross-entropy used by GATNE, aiming to re�ne

embedding quality. Last, to address dispersed order distribution

and limited FU coverage in SC behaviors, we build a cold start mit-

igation mechanism, using geographic information to generate

embeddings of FUs previously unseen, thus broadening coverage.

(3) MOA Search Space Re�nement and OFD Application:

Utilizing FU embedding, we reconstruct the order combination and

courier recall mechanisms within Meituan’s dispatch system, facili-

tating superior real-time order pooling. Our use of SCDN re�nes

order structure pro�les and pinpoints scale-e�ect hotspots within

MOA’s vast search space, uncovering independent and small-scale

subspaces for thorough and high-quality order pooling. Accord-

ingly, an innovative delivery mode is developed to enhance courier

e�ciency without compromising service reliability.

To our knowledge, this is the �rst application of GRL methods in

achieving real-time order pooling in OFD, now deployed in Meituan

Waimai’s dispatch system. Online tests shows signi�cant improve-

ment in order pooling. The total MD score of the MOA problem is

improved by 5.3%, indicating more e�cient order assignments with

reduced detours and overtime risks. The newly-built mode cut the

average incremental pick-up time for couriers 4 during noon peak

by 51% and delivery time by 21%. These enhancements have led

to a 45-55% boost in e�ciency, maintaining consistent work hours

and on-time delivery standards.

2 GRAPH REPRESENTATION LEARNING

APPROACH

In this section, we will detail the step-by-step process by which the

FU embeddings are acquired.

2.1 AMHEN Construction

The AMHEN is constructed based on SC route sequences as de-

scribed below. The de�nition of SC and selection criteria of SC

route sequences are introduced in Appendix B.

We �rst divide a SC’s route sequence into distinct sessions, using

the rest or no action interval as a separator, presently set to 30 min-

utes. Then we transform the route sessions into FU sequences via

replacing the orders in the sessions with their FUs. Since couriers

3A circular area with a diameter of 3-5 km, and the courier’s designated residence as

the center.
4de�ned as the interval between picking up the current order and the preceding one

in the courier’s route.

participate in both pick-up and delivery actions during order ful�l-

ment, there are two kinds of FU sequences: one based on pick-up

behavior and the other on delivery, as shown in Figure 4. Diverse

couriers’ FU sequences may incorporate some common FUs.

Figure 4: Illustration of AMHEN Construction, including 2

sessions. Session A contains 3 orders for FUs DE, FB and FC.

The pick-up FU sequence is DE->FC->FB. And the delivery FU

sequence is DE->FB->FC. Session B follows the same process.

To capture shared experiences of SCs, by treating FU as nodes

and their connections in the FU sequence as links, we can integrate

all the FU sequences into a uni�ed yet heterogeneous graph. More-

over, it is crucial to utilize the rich temporal and spatial information

to enhance learning accuracy, e.g. average historical order amount

and delivery distance of each FU, which makes the above graph an

AMHEN . More about node attributes is in Appendix C.

Denote AMHEN by � = (� , �,�), where � is the FU node set,

� is the attribute set for all nodes. FU node �� ∈ � owns fruitful

attributes x� ∈ � to describe its crucial characters. � = (�� , �� ) is
the set of edges, which contains two types: pick-up and delivery.

Speci�cally, there may be two types of edges between the FU nodes

�� and � � , where �
�
� � ∈ �� indicates a pick-up edge and ��� � ∈ �� a

delivery one. If two orders, belonging to FU nodes �� and � � , are
successively picked up by the same SC, there exists a pick-up edge

�
�
� � connecting �� and � � . Similarly, a delivery edge ��� � indicates

there exist orders of FU nodes �� and � � that are consecutively

delivered by the same SC. Hence, an AMHEN is constructed by

merging massive records from tens of thousands of SCs.

2.2 Graph Representation Learning Model

Treating the AMHEN as input, we apply the model in GATNE [2]

to produce node vector representation, i.e. FU embedding, which

can be regarded as the aggregation of various node attributes and

topology information in the graph, as depicted in Figure 5.

We divide the whole embedding of node �� on each edge type

� into two parts, base embedding and edge embedding. The base

embedding b� is de�ned as a parameterized function of its attributes

x� as b� = h (x� ), where h is a transformation function, while the

k-th level edge embedding u
(� )
�,� ∈ R� , (1 ≤ � ≤ �) of node �� on

edge type � is aggregated from the edge embeddings of neighbors:

u
(� )
�,� = aggregator

({
u
(�−1)
�,� ,∀� � ∈ N�,�

})
, (1)



顶会论文　<　519

Harvesting E�icient On-Demand Order Pooling from Skilled Couriers Conference acronym ’XX, June 03–05, 2018, Woodstock, NY

where � ∈ {�,�} indicates the edge type, � is the dimension of edge

embeddings, and N�,� is the neighbors of node �� on edge type � .

The initial edge embedding u
(0)
�,� is parameterized as the function of

attributes x� : u
(0)
�,� = g� (x� ), where g� is a transformation function.

The aggregator function is mean operation in practice.

We denote the �-th level edge embedding u
(� )
�,� by u�,� . Then the

pick-up edge embedding u�,� and the delivery edge embedding u�,�

of node �� are combined as U� =
(
u�,� , u�,�

)
. Given that the pick-

up edge and delivery edge have di�erent impacts, self attention

mechanism is used to calculate the weights a�,� ∈
{
a�,� , a�,�

}
.

a�,� = so�max
(
w
�
� tanh (W�U� )

)�
, (2)

where w� ∈ R�� ,W� ∈ R��×� are trainable parameters for edge

type � . Thus, the overall embedding of node �� for pick-up edge

v�,� and delivery edge v�,� can be computed as:

v�,� = h (x� ) + ��a�,�M
�
� u�,� + ��g�x� , (3)

v�,� = h (x� ) + ��a�,�M
�
� u�,� + ��g�x� , (4)

where �� and �� indicate importance of pick-up and delivery edge

embeddings, respectively, characterizing how pick-up and delivery

behaviors a�ect courier e�ciency. M� ,M� ∈ R�×� are trainable

parameters. �� and �� control the importance of node attributes.

The FU embedding v� is the average of v�,� and v�,� . The detailed

implementation of EATNE can be found in Appendix D.

Figure 5: Illustration of the GRL Model.

2.3 Model Optimization

The positive data for training is generated by a meta-path-based

random walk method and skip-gram model [17]. Given a set of

pick-up FU sequences � , supposing that random walk with length

� on � follows a path �� =
(
��1 , . . . , ���

)
, the pick-up context of ���

is denoted as �
��
���

=
{
���

����� ∈ �� ,
��� − � |≤ �, � ≠ �

}
, where � is

the size of the sampling window. Thus, given a node �� and its all

pick-up contexts, we can generate a positive pick-up data set D�
�

of positive pairs (�� , � � ), which indicates SCs frequently pool the

orders of these FU together. Similarly, we can generate a positive

data set D�
�
from the delivery FU sessions.

Negative Sampling. Since couriers usually move within a con-

�ned region, negative samples from di�erent regions are so easy for

the model to distinguish in the whole training stage which makes

the learning ine�cient. Therefore, the negative data sets D�
� , D�

�

are constructed by random sampling from pick-up and delivery

FU pairs in the same delivery region but excluding positive pairs,

respectively. In other words, we select k-hop (k>2) neighbors of the

FU node that share the same con�ned region as the challenging

negative samples to enable the e�ective training of the proposed

model. Traditional GATNE uses randomized negative sampling, yet

ignores the regional e�ects in OFD. We �nd that the performance

of GATNE decreases as the negative sampling scope expands and

the e�ect becomes almost random as it reaches the city size.

Margin Ranking Loss. The learning task is to make the repre-

sentation of positive FU pairs lying nearby in the embedding space,

and the negative pairs di�erent. However, achieving this with cross-

entropy can be challenging. Therefore, a customized optimization

objective based on margin ranking loss is proposed to maximize

the distance between positive and negative samples in Equation

5, where ��� , �
�
�
, ��� and ��

�
are hyperparmeters representing the

weights of various data sets,�� and�� are the minimum distance

between negative pairs for pick-up and delivery, and cos represents
the cosine similarity between FU embeddings.

� =
���

|��
� |

∑

(�� ,�� ) ∈��
�

(1 − cos(v�,� , v�,� ))

+
��
�

|��
�
|

∑

(�� ,�� ) ∈��
�

(1 − cos(v�,� , v�,� ))

+
���

|��
� |

∑

(�� ,�� ) ∈��
�

max
(
0, cos(v�,� , v�,� ) −��

)

+
��
�

|��
�
|

∑

(�� ,�� ) ∈��
�

max
(
0, cos(v�,� , v�,� ) −��

)
, (5)

2.4 Embedding Coverage Improvement

SC behaviors cover only 60% FUs. To compensate for the loss, we

construct an extended delivery network based on geographical

adjacency, shown in Figure 6. The criterion for judging spatial

adjacency between FUs is the pick-upAOIs should be same 5 and the

distance between delivery point is less than a threshold (currently

1km). If no adjacent FUs found, we will relax it to only consider

the same pick-up AOI as a fallback. Then the embeddings of FUs

previously unseen, can be estimated by aggregating the embeddings

of their existing neighboring FUs in the network constructed above.

This increases FU embedding coverage to over 80%.

3 APPLICATION AND DEPLOYMENT

3.1 Model Deployment

As introduced above, FU embeddings are learned from SC behav-

ior data using EATNE. Di�erent models are created for diverse

scenarios, like weekday/weekend and peak/idle time, due to their

signi�cant di�erences in order structure. Moreover, to accelerate

training in big cities, we use community detection algorithms to

5The emphasis on the same pick-up points is due to existing data analysis and courier

feedback.
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Figure 6: Illustration of spatial adjacency relationship in the

extended delivery network.

partition the city network into separate regional groups for parallel

training at regional group level.

The models are trained using 4 weeks of data across the country.

They are trained for less than 2 weeks on 4 NVIDIA Tesla V100

GPUs with 32GB of memory each, and the models get updated

every 2 weeks.

3.2 Information Mining

Leveraging the FU embeddings, we’ve created a set of indices.

(1) High-quality pooling probability (HPP) quanti�es how

well multiple orders can be consolidated together, sharing common

pick-up and delivery times and travel distances. Since two FUs that

consecutively appear in the SC behavior sequence often possess

the above traits, this metric is calculated by the cosine similarity be-

tween the FU embeddings of these orders, re�ecting the frequency

of consecutive co-occurrence of the two FUs in SC behavior data.

�� � = ��� (v� , v� ),∀�, � ∈ � (6)

Orders with high HPP values can be consolidated and assigned to

the same courier to achieve e�cient delivery.

(2) FU e�ciency indicator (FEI) measures how much an or-

der in this FU improves e�ciency, based on how likely it is to be

combined with orders from other FUs to form an e�cient delivery

sequence. It is calculated by the weighed aggregate of HPPs for the

FU and its neighbouring FUs that share same or nearby pick-up or

delivery AOIs. The weights are determined by the order volume of

those neighboring FUs.

�� =
∑

�∈��
�� � ×�� � ,∀� ∈ � (7)

The higher FEI values, the more likely for the order to be e�ciently

pooled with other orders, thus improving courier e�ciency. FEI

values are normalized at the city level for ease of comparisons.

(3) Scale-e�ect hotspot (SEH) for OFD refers to a local net-

work of geographically proximate FUs, wherein the marginal cost

and time of delivery for couriers ful�lling orders in this network

progressively diminishes, allowing for comprehensive order con-

solidation within promised delivery time. In accordance, FUs in an

SEH should have high FEI values, and any pair of FUs in the same

SEH exhibit a relatively high HPP. And the total order volume for

each SEH should exceed certain criteria.

� =

{
� ∈ �

����
�� > �ℎ��� ;

�� � > �ℎ��� ,∀�, � ∈ �

}
(8)

3.3 Deployment in Dispatch System

The above information, including FU embeddings, FEI, SEH, are in-

troduced in the system via o�ine features. As either low-dimensional

vectors or scalars, they are performance-friendly to the real-time

storage of the system. The main system framework is shown in

Figure 7.

Figure 7: The main execution process of the dispatch system

in each dispatch cycle.

3.3.1 Order Combination and Courier Recall. The MOA problem of

our system is now solved by well-crafted constructive heuristics, i.e.

imitation learning-enhanced iterated matching algorithm (ILIMA)

[3], since metaheuristic algorithms with in-depth search fail to

meet the real-time requirements [35]. Meanwhile, a few orders are

combined in mutually exclusive groups based on the closeness of

their origins and destinations, as well as promised delivery time,

before MD score evaluation. However, the real-time performance

severely restricts the search depth of the algorithm, resulting in

insu�cient and suboptimal order pooling.

With SCDN, we develop scalable mechanisms for courier recall

and order combination, which can cut down the MOA search space,

and let us focus our limited computation time on promising areas.

Generally, orders with high HPP are formed as favorable combi-

nations in advance, which can greatly expand the proportion of

combined orders. Order combinations with low HPP and couriers

whose on-hand orders mostly share low HPP with the new order

are �ltered out. Hence, we can facilitate high-quality order pooling

in real time, without obvious increase in score calculation volume

and computation time.

Order Combination. Based on HPP, high-quality order combi-

nations can be identi�ed and incorporated into ILIMA as expanding

decision entities rather than single orders. As illustrated in Figure 8,

on one hand, order combinations with very low HPP can be pruned

to avoid unnecessary score calculation. On the other hand, since

top-tier order combinations found by high HPP should be pooled

to the same courier, other combinations containing partial orders,

and con�icting orders themselves can be removed from the search

space. It can guide ILIMA to search deeply and e�ectively without

obviously increasing score calculation volume.

Courier Recall.When retrieving available couriers for an order

(combination), we calculate the average value of HPP between it

and the courier’s on-hand orders, to quickly estimate MD between

the order (combination) and the courier, instead of time-consuming

score calculations. For the on-hand orders already picked up by the

courier, its FU can be considered as the FU starting from the AOI
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Figure 8: Order combination mechanism pruning MOA

search space using HPP information. For example, for can-

didate orders A, B, C, and combinations AB, AC, BC, if AB

and AC have higher HPP, then only AB, AC, B and C are pre-

served for MD evaluation, while A and BC can be eliminated.

where the courier is currently located and ending at its delivery AOI.

This further helps to prune the MOA search space and reduce real-

time computational pressure while maintaining solution quality, as

shown in Figure 9.

Figure 9: Courier recall mechanisms pruning MOA search

space using HPP information.

The implementation details of order combination and courier

recall mechanisms can be found in Appendix F.

3.3.2 Highly E�icient Delivery Mode. SEHs identi�ed by SCDN,

essentially represent small-scale subspaces deeply embedded within

the MOA search space, where thorough and high-quality order

pooling outcomes can be found, as shown in Figure 10. Then a new

delivery mode can be built, wherein a dedicated group of couriers

is assigned to each SEH, as opposed to receiving assignments in the

entire region. Accordingly, the original large-scale MOA problem,

initially solved within a vast search space shown in Figure 3, can

be e�ectively decomposed into a collection of small-scale MOA

problems, de�ned within much smaller and independent

subspaces, paving the way for comprehensive and in-depth

real-time searching. This approach serves to continually enhance

the courier e�ciency potential.

In the delivery mode, order assignments for each SEH are con-

ducted as follows:

(1) Hourly SEH Identi�cations. SEHs for certain time periods

in a city are found using binary programming (BP), which cate-

gorizes FUs with high FEI within a speci�ed time period into a

number of mutually exclusive sets. It aims to maximize the aver-

age HPP among FUs within each set, with FU quantities and total

historical order volume in each set as constraints. Practically, in

some mega cities like Beijing, SEHs in peak periods are determined

every 30 minutes to capture the changes in order structure. The BP

problems for SEH identi�cation can be solved via genetic algorithm

[18] within 10 minutes. More information is in Appendix G.

Figure 10: Promising MOA search subspace described by SEH.

(2) Real-time Parallel MOA Solutions. Order assignment for

SEH is a scaled-down MOA problem. Given the limited area and

stable order structure for SEH in a certain time period, the behav-

ioral patterns of mode couriers are highly certain, thus simplifying

the MD evaluation. In reality, we evaluate the MD via a weighted

sum of average order increments for pick-up and delivery AOIs

in a courier’s route after the new order acceptance for SEH, in-

stead of time-intensive PDRP calculations to simulate couriers’

routes. Hence we can evaluate the MD between any promising

order combinations and candidate couriers in real time, and solve

the completely-modeled MOA problem for each SEH using a Hill-

Climbing heuristic algorithm [33] in parallel, helping to pool orders

e�ectively and thoroughly. Orders outside SEHs keep the existing

assignment rules.

4 EXPERIMENTAL EVALUATION

4.1 Model Performance Evaluation

4.1.1 Model Learning Performance. Link prediction task is used to

evaluate the performance of EATNE, with AUC, F1 score and PR as

evaluation criteria. The experiments are conducted on a real-world

dataset collected from Meituan delivery platform, using a single

Linux server with NVIDIA Tesla V100 GPUwith 32GBmemory. The

dataset contains 28,000 SC behavior records from 28 days in Beijing,

China, forming a delivery network with about 70,000 FUs. For each

edge type, the test set is generated with 10% randomly chosen

positive edges and an equal number of negative edges, selected by

regional negative sampling. Parameter details are in Appendix E.

First we examine the e�ectiveness of EATNE. Figure 11 shows

that the original GATNE is hard to converge in this situation. While

EATNE, armed with regional negative sampling and margin loss,

produces superior outcomes in addition to converging much faster.

Next the performance of EATNE in various graph con�gurations is
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Figure 11: The convergence curve for di�erent algorithms.

investigated. Table 1 shows that optimal performance is achieved

by graphs with pick-up and delivery edges and node attributes,

proving the validity of the proposed ANHEN. Notably, pick-up con-

nections are more important than delivery ones, indicating pick-up

behaviours have a greater e�ect on courier e�ciency. Moreover,

adding node attributes is highly impactful, highlighting order struc-

ture’s key role in a�ecting courier e�ciency.

Table 1: Model performance under di�erent graph settings

Node

Attr.

Pick-up

Edge

Delivery

Edge

AUC F1 PR

� � � 0.79 0.72 0.75

� � � 0.64 0.60 0.59

� � � 0.74 0.69 0.71

� � � 0.76 0.71 0.73

4.1.2 FU Embedding E�ectiveness. To evaluate the e�ectiveness of

FU embeddings, we examine the training results via the data of the

same district in Beijing. First, by performing DBSCAN clustering

on learned embeddings, we evaluate if geographical similarity is

encoded. Figure 12, which shows resulting 33 clusters, con�rms the

FUs from close locations are clustered together in the hidden space.

Figure 12: FU embedding clusters of a district in Beijing on

map (left) and after T-SNE (right).

Next we demonstrate high-quality pooling potential can be cap-

tured by FU embedding similarity, i.e. HPP. Figure 13(a) shows four

cases of FU pairs with high HPP, including (1) FU pair with pick-up

and delivery AOIs located closely, (2) nearby parallel FU pair, (3)

FU pair where one runs alongside the other, and (4) head-to-tail FU

pair, with the tail one pointing high-order-density AOIs, leading to

less courier empty run time 6 after completing deliveries. Orders in

these FU pairs can be pooled for simultaneous delivery to improve

courier e�ciency. Meanwhile, we also identify FU pairs with low

HPP. Figure 13(b) illustrates four cases of this situation, including

(1) FU pair with the same delivery AOI but pick-up AOIs located far

apart, (2) reverse parallel FU pair, (3) FU pair where one FU runs

alongside the other but points a low-order-density AOI, leading to

longer courier empty run time, and (4) head-to-tail FU pair that also

leads to a low-order-density area. These FU pairs are unlikely to be

e�ciently pooled together and may undermine courier e�ciency.

(a) FU pairs with high similarity.

(b) FU pairs with low similarity.

Figure 13: FU pair cases in di�erent similarity levels.

4.2 Order Combination and Courier Recall

The proposed method, ILIMA + SCDN, is evaluated against the

current online implementation, which utilizes ILIMA with ruled

batching method, and MNDS, a metaheuristic algorithm used in [3].

Experiments are conducted in a mid-sized Chinese city, involving

around 500 orders and 2,500 couriers in a dispatch cycle during

noon peak.

The comparison results on both computational cost and solution

quality are presented in Table 2. The ILIMA+SCDN approach en-

hances the total MD score of MOA solutions by 5.3% compared to

ILIMA+Rule method, without incurring a signi�cant increase in

time consumption. However, it lags by 1.2 �� behind MNDS. De-

spite this, MNDS requires exploration of a much larger search space

and massive PDRP calculations, which takes over 20 seconds on

average, making it unsuitable for online use. Hence, the proposed

method excels at balancing computational time and solution qual-

ity, securing more optimal MOA solutions in real-time. Moreover,

Figure 14 illustrates that the overall combination level grows as

the percentage of couriers assigned only one order decreases by

16.3 �� . This shift results in increasing order consolidation. Online

A/B test show that while maitaining delivery experience, couirer

e�ciency, i.e.orders completed per hour, is augmented by 3.7%.

Table 3 presents the results of o�ine experiments conducted

with varying order volumes. In di�erent order size scenarios, the

6Empty run time refers to the empty cruising time before carriers deliver next orders.
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Table 2: Computation cost and score improvement of MOA.

Method Online PDRP
Calculations

Computation

Time Online/s
MD Score

Improvement

ILIMA+Ruled 44,541 5.6 0%

ILIMA+SCDN 48,998 6.9 5.3%

MNDS / / 6.5%

(a) ILIMA+Rule. (b) ILIMA+SCDN. (c) MNDS.

Figure 14: Combination level distribution.

proposed ILIMA+SCDN method signi�cantly enhances the MD

score over the existing ILIMA+Ruled method. Regarding PDRP

Calculations, for orders fewer than 400, our proposed ILIMA+SCDN

method demonstrates lower PDRP Calculations compared to the

ILIMA+Ruled method. Nevertheless, as the order volume escalates,

the computational burden of both methods exhibits nearly linear

growth, aligning with the online time requirements.

Table 3: MOA results across various order sizes.

Method (0, 200] (200, 400] (400, 600] (600, 800] (800, 1000]

MD Score Improvement

ILIMA+Ruled 0% 0% 0% 0% 0%

ILIMA+SCDN 1.0% 4.0% 4.4% 5.5% 3.7%

MNDS 1.7% 5.3% 5.3% 6.9% 5.6%

PDRP Calculations

ILIMA+Ruled 4,285 21,910 37,323 57,700 79,596

ILIMA+SCDN 4,250 20,589 38,358 65,011 94,292

4.3 Highly E�cient Delivery Mode

Figure 15 depicts 5 SEHs identi�ed in a speci�c district of Beijing

during weekday noon peak period (11:00-12:59). In response to �uc-

tuations in order structures, the network con�guration of each SEH

is updated every half hour. On average, each SEH processes about

81 orders every half hour with an average HPP of 0.65, ensuring

high order density and strong network connectivity. Moreover, the

maximum number of orders pending assignment in each cycle is

less than 10. By allocating 5 to 8 couriers per SEH, we signi�cantly

simplify the complexity of MOA solutions for each SEH.

Taking a SEH in Beijing as an example, online tests show a major

boost in order pooling. During noon peak, a courier can accept over

7 orders at once. And the percentage of SEH couriers picking up

over 5 orders simultaneously in the same AOI has risen by 23.5 pp
compared to past performance. Likewise, the percentage of SEH

couriers delivering over 5 orders at once in the same AOI has in-

creased by 20 pp. The average courier incremental pick-up time has

Figure 15: SEHs over time, with each image capturing half an

hour. Colors denote di�erent areas, bold lines for internal

SEH FUs, and thin lines for external FUs.

been reduced by 51% and delivery time by 21%. These enhancements

lead to a 45-55% boost in courier e�ciency, i.e.orders completed

per hour, while maintaining consistent work hours and on-time

delivery standards. Figure 16 illustrates the superior performance

of SEH mode against city average level in noon peak, where each

bar corresponds to the trial performance of a speci�c courier.

Figure 16: Courier performance in a SEHmode in noon peak.

5 CONCLUSION

This paper proposed a systemic solution framework, SCDN, based

on an Enhanced GATNE method tailored for OFD, to resolve real-

time OFD order pooling problem. It uncovers the latent poten-

tial for order pooling embedded within SC trajectories, which can

strengthen system awareness and e�ectively inform decisions. Ac-

cordingly, the vast search space of NP-hard MOA problems in OFD

is e�ectively pruned through scalable similarity calculations of

simple vectors. Thus high-quality and comprehensive pooling out-

comes are found in real time. Moreover, the outcomes highlight

SEHs for OFD, where highly-e�cient delivery modes are built for

continuously improving e�ciency. SCDN has now been deployed

inMeituan. Online tests show it has achieved excellent performance

and well-acknowledged by all the stakeholders.
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A MANY-TO-ONE ASSIGNMENT PROBLEM AT

EACH DISPATCH CYCLE

As shown in Figure 3, the calculation volume increases very fast
with the number of orders and couriers. Di¥erent order combina-
tions of order set �� are considered. For example, the number of
�−order combinations is ��

|�� | . Since the MD score of assigning
combinations of orders is not equivalent to the sum of scores of
individual assignments. The calculation volume of MD score is
∑
�∈� �

�
|�� | × | ∪∀�̄� �

�̄�
� |, where ��̄�� is the set of couriers for �−order

combination �̄� at dispatch time � .

min
�� ∈ℵ�

∑

�̄∈���� (�� )

∑

� ∈��
�

��
�

∑

�∈�
�
�
� × �

�,�̄
�,�

��
�
× ��̄�

� .� .ℵ� =




∑

� (� )

∑

� ∈�� (� )
�

�
�̄ (� )
� = 1,∀� ∈ O�

��̄� =
∏

�∈�̄
��� ,∀�̄ ∈ ���� (�� )




(9)
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Algorithm 1 EATNE for OFD

Input: Network� ; Embedding dimension � ; Edge embedding

dimension �; Window size � ; Learning rate �; Marigin loss min

distance�� ,�� ; coe�cient �, �,��� , �
�
�
, ��� , ��

�
.

Output: Embedding vi, and Embeddding v�,� and v�,� on the

pick-up and delivery edge for all �� ∈ � .

1: Initialize all the model parameters � .
2: Generate positive data sets D�

� and D�
�
by random walk on

the pick-up and delivery edge, respectively.

3: Randomly sample FU pairs within the same delivery region,

then add to negative data set D�
� and D�

�
.

4: while not converged do

5: for each FU pair in D�
� ,D�

�
do

6: Calculate v�,� and v�,� using Equation (4) and (5) respec-

tively;

7: Sample � negative samples and calculate loss value

using Equation (6).

8: Update model parameters � by ��
�� .

9: end for

10: end while

11: Set vi as the average of v�,� and v�,� .

After getting all these MD scores, the MOA problem can be for-

mulated into an integer programming problem in Equation (9). The

objective function is to minimize the total MD scores for di�erent

goals, and �
�,�̄
�,� is the MD score of assigning order combination �̄

to courier � at time � for goal �, ���� (�� ) refers to all the possible

combinations constructed by orders in �� , �
�
� is the weight of goal

� in the objective function at time � . The constraint is to make sure

each combination �̄ can only be assigned to one courier and only

one combination of each order can be selected. �̄ (�) represents the
order combination containing order � .

B DEFINITION OF SKILLED COURIER AND

SELECTION CRITERIA OF ROUTE SESSIONS

As mentioned above, SC refers to the couriers with relatively high

e�ciency, currently set top rank 5%-35% in a delivery region. It

should be noted that in order to prevent extreme cases from a�ect-

ing the validity of the learning outcomes, the top 5% of couriers

have been excluded.

The SC route sessions of both pick-up and delivery type, for con-

structing the network are selected based on the following criteria:

(1) time interval between the execution of two consecutive orders

less than 30 minutes;

(2) no overtime orders;

(3) no speeding behaviours;

(4) no orders with negative feedback reported.

Then based on the carefully selected sessions of SCs, we construct

the corresponding AMHEN using the method outlined in Section 2.

C FU NODE ATTRIBUTES IN AMHEN

We incorporate rich spatial and temporal information as attributes

of a FU node, for a speci�c scenario (i.e., weekday/weekend, peak/i-

dle time), mainly including:

(1) average order volume of FU, and the corresponding pick-up

and delivery AOIs in the scenario for last 30 days;

(2) average meal-waiting and pick-up time duration of the corre-

sponding pick-up AOI in the scenario for last 30 days ;

(3) average delivery time duration of the corresponding delivery

AOI in the scenario for last 30 days ;

(4) average delivery distance of the FU;

(5) average FU delivery period of time since consumers order in

the scenario for last 30 days;

(6) type and number of natural barriers (e.g. bridge, river, high-

way) along the FU path;

(7) latitudes and longitudes of the center points of the corre-

sponding pick-up and delivery AOIs;

(8) the proportion of SCs who chose the corresponding pick-up

and delivery AOIs as their preferred locations for the scenario in

the past 30 days.

D IMPLEMENTATION OF EATNE ALGORITHM

The proposed EATNE algorithm is summarized in Algorithm 1.

E EATNE MODEL PARAMETER

CONFIGURATION

The detailed parameter setting is shown in Table 4. We employ

the Adam optimizer with default settings for training. The model

implements early stopping if there’s no improvement in the ROC-

AUC on the validation set within a single training epoch.

Table 4: Parameter con�guration of EATNE model.

Notation Description Setting Value

� base embedding dimension 200

� edge embedding dimension 20

� random walk length 10

� sampling window size 3

�� ,�� margin loss min distance 0.3

� learning rate 0.001

�� , �� ,�� ,�� edge weights 1

��� , �
�
�
, ��� , ��

�
weights in loss objective 1

F IMPLEMENTATION DETAILS OF ORDER

COMBINATION AND COURIER RECALL.

The MOA problem in our system is now solved using a constructive

heuristic framework. The process during each dispatch cycle may

require multiple iterations. Let�� denote the set of pending orders

during iteration � , with �0 = � initially, where � represents all

pending orders during this dispatch cycle. And at iteration � ,

(1) Evaluation stage: For the pending orders�� and their as-

sociated recalled courier candidates ��� , � ∈ �� , MD scores

{{� �� }� ∈��
�
}�∈�� are calculated.

(2) Matching stage: Based on current MD scores, a one(order)-

to-one(courier) assignment decision ismade following greedy

policy (aiming to optimize the sum of MD scores for all

matching relations at the current iteration). This may result

in only a subset �� being successfully assigned.
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(3) Termination condition: Denote the remaining unassigned

orders as �
�
. If �

�
= ∅, stop the iterations. Otherwise, up-

date the state of couriers by including newly assigned orders,

let ��+1 = �
�
, � = � + 1, proceed to Step (1).

F.1 Order Combination Mechanism.

Although the above algorithm has good performance in solving,

it tends to promote one-to-one assignment results, which is not

conducive to su�cient order pooling. To facilitate many-to-one as-

signments, high-quality and mutually exclusive order combinations

are identi�ed based on HPP, and incorporated into the algorithm as

expanding entities rather than single orders. The evaluation stage

at iteration � is executed as follows:

(1) For pending orders�� , calculate the HPPs between the FUs

of any two orders and denote the combination set as �� . Set

the order combination set preserved for MD evaluation at

iteration � as �̂� = ∅.
(2) Prune two-order combinations with low HPPs (��1,�2 < �1),

i.e., let �� = �� −��
���

.

(3) Repeat this step until �� = ∅: pickup � = {�1, �2} ∈ ��

with the highest HPP value, let �̂� = �̂� + {�}. Then remove

its related entries in �� and �� , i.e, let �� = �� − {� |�1 ∈
� or �2 ∈ �, � ∈ �� },�� = �� − {�1} − {�2}.

(4) Use �̂� and �� as decision entities and calculate the MD

scores with their associated couriers.

The above process is illustrated in Figure 8. And in practice, �1 is
set to 0.6.

F.2 Courier Recall Mechanism.

To reduce MD score calculation volume, we can further re�ne the

courier candidates recalled for each order/order combination using

HPP. For the evaluation stage at iteration � , the pending entity

sets are �̂� and �� , and the courier recall mechanism is executed

as follows:

(1) For � ∈ �� , denote the corresponding courier candidate set

as ��� . For � ∈ ��� , if the on-hand order set ��
� ≠ ∅, calculate

the average HPP of � and orders in ��
� as an estimation of

MD score, i.e. �̃ �� = 1
|��

� |
∑
� ′ ∈��

�
��,� ′ .

For the on-hand order already picked up by courier � , its FU
can be considered as the FU starting from the AOI where the

courier is currently located and ending at its delivery AOI.

For the on-hands whose FU embedding is absent, the associ-

ated HPP is set as 0.

If �̃ �� is lower than threshold �2, courier � will be removed

from the candidate set, i.e. ��� = ��� − {� }.
(2) For � = {�1, �2} ∈ �̂� , denote the corresponding courier

candidate set as ��� , which is the intersection of courier can-

didate sets of �1 and �2. For � ∈ ��� , calculate the average
HPP of �1 and �2 as Step (1), respectively.

If either �̃ ��1 or �̃
�
�2 is lower than threshold �2, courier � will

be removed from the candidate set, i.e. ��� = ��� − {� }.
(3) For orders in �� and combinations in �̂� , calculate the MD

scores with their re�ned couriers.

The above process is illustrated as in Figure 9. And in practice, �2
is set to 0.5.

G SEH IDENTIFICATION APPROACH

We utilize BP to identify SEHs during each time interval from FUs

with high FEI in a city or nearby areas. In this section, we introduce

the variable de�nitions, objective function, and constraints of the

model.

The decision variable �
�
�
represents whether FU � belongs to

SEH �. To calculate the average HPP in each SEH, we introduce

a binary auxiliary variable �
�
� ,� ′

, which indicates whether FU �

and � ′ belong to SEH � simultaneously. The objective function in

Equation (10) is to maximize the average HPP in each SEH, where

� � ,� ′ is the HPP between FU � and � ′.
The constraint in Equation (11) limits each FU to appear in only

one SEH. Equation (12) limits the minimum and maximum number

of FUs in each SEH. Equation (13) limits the minimum number

of orders in each SEH, where �� is the number of orders of FU � .

Equation (14) and Equation (15) ensure that �
�
� ,� ′

= 1 if and only if

�
�
�
= �

�
� ′

= 1. Equation (16) constrains the minimum average HPP

in each SEH �. Equation (17) and Equation (18) ensure that all the

decision variables are binary.

max
∑

�∈�

∑
� ∈�

∑
� ′ ∈�,� ′≠� � � ,� ′ × �

�

� ,� ′

∑
� ∈�

∑
� ′ ∈�,� ′≠� �

�

� ,� ′
(10)

� .� .
∑

�∈�̄
�
�
�
= 1,∀� ∈ � (11)

|�|min ≤
∑

� ∈�
�
�
�
≤ |�|max,∀� ∈ � (12)

∑

� ∈�
�� × �

�
�
≥ �,∀� ∈ � (13)

�
�

� ,� ′
≥ �

�
�
+ �

�

� ′
− 1 (14)

�
�

� ,� ′
≤ �

�
�
, �

�

� ,� ′
≤ �

�

� ′
(15)

∑

� ∈�

∑

� ′ ∈�,� ′≠�
(� � ,� ′ − �) × �

�

� ,� ′
≥ 0,∀� ∈ � (16)

�
�
�
∈ {0, 1},∀� ∈ �,∀� ∈ � (17)

�
�

� ,� ′
∈ {0, 1},∀� , �

′
∈ �, � ≠ �

′
,∀� ∈ � (18)
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Figure 1. (a) The synthetic images generated from Stable Diffusion and our proposed InstaGen, which can serve as a dataset synthesizer
for sourcing photo-realistic images and instance bounding boxes at scale. (b) On open-vocabulary detection, training on synthetic images
demonstrates significant improvement over CLIP-based methods on novel categories. (c) Training on the synthetic images generated from
InstaGen also enhances the detection performance in close-set scenario, particularly in data-sparse circumstances.

Abstract
In this paper, we present a novel paradigm to enhance

the ability of object detector, e.g., expanding categories
or improving detection performance, by training on syn-
thetic dataset generated from diffusion models. Specifically,
we integrate an instance-level grounding head into a pre-
trained, generative diffusion model, to augment it with the
ability of localising instances in the generated images. The
grounding head is trained to align the text embedding of
category names with the regional visual feature of the dif-
fusion model, using supervision from an off-the-shelf object
detector, and a novel self-training scheme on (novel) cat-
egories not covered by the detector. We conduct thorough
experiments to show that, this enhanced version of diffusion
model, termed as InstaGen, can serve as a data synthe-
sizer, to enhance object detectors by training on its gen-
erated samples, demonstrating superior performance over
existing state-of-the-art methods in open-vocabulary (+4.5
AP) and data-sparse (+1.2 ∼ 5.2 AP) scenarios.

1. Introduction
Object detection has been extensively studied in the field
of computer vision, focusing on the localization and cate-

†: corresponding author.

gorization of objects within images [3, 5, 12, 26, 27]. The
common practise is to train the detectors on large-scale im-
age datasets, such as MS-COCO [20] and Object365 [30],
where objects are exhaustively annotated with bounding
boxes and corresponding category labels. However, the pro-
cedure for collecting images and annotations is often labo-
rious and time-consuming, limiting the datasets’ scalability.

In the recent literature, text-to-image diffusion models
have demonstrated remarkable success in generating high-
quality images [28, 29], that unlocks the possibility of train-
ing vision systems with synthetic images. In general, ex-
isting text-to-image diffusion models are capable of syn-
thesizing images based on some free-form text prompt, as
shown in the first row of Figure 1a. Despite being photo-
realistic, such synthesized images can not support training
sophisticated systems, that normally requires the inclusion
of instance-level annotations, e.g., bounding boxes for ob-
ject detection in our case. In this paper, we investigate a
novel paradigm of dataset synthesis for training object de-
tector, i.e., augmenting the text-to-image diffusion model to
generate instance-level bounding boxes along with images.

To begin with, we build an image synthesizer by fine-
tuning the diffusion model on existing detection dataset.
This is driven by the observation that off-the-shelf diffu-
sion models often generate images with only one or two ob-
jects on simplistic background, training detectors on such

1
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images may thus lead to reduced robustness in complex
real-world scenarios. Specifically, we exploit the existing
detection dataset, and subsequently fine-tune the diffusion
model with the image-caption pairs, constructed by taking
random image crops, and composing the category name of
the objects in the crop. As illustrated in the second row of
the Figure 1a, once finetuned, the image synthesizer now
enables to produce images with multiple objects and intri-
cate contexts, thereby providing a more accurate simulation
of real-world detection scenarios.

To generate bounding boxes for objects within synthetic
images, we propose an instance grounding module that es-
tablishes the correlation between the regional visual fea-
tures from diffusion model and the text embedding of cat-
egory names, and infers the coordinates for the objects’
bounding boxes. Specifically, we adopt a two-step training
strategies, firstly, we train the grounding module on syn-
thetic images, with the supervision from an off-the-shelf
object detector, which has been trained on a set of base cat-
egories; secondly, we utilize the trained grounding head to
generate pseudo labels for a larger set of categories, includ-
ing those not seen in existing detection dataset, and self-
train the grounding module. Once finished training, the
grounding module will be able to identify the objects of ar-
bitrary category and their bounding boxes in the synthetic
image, by simply providing the name in free-form language.

To summarize, we explore a novel approach to enhance
object detection capabilities, such as expanding detectable
categories and improving overall detection performance,
by training on synthetic dataset generated from diffusion
model. We make the following contribution: (i) We develop
an image synthesizer by fine-tuning the diffusion model,
with image-caption pairs derived from existing object de-
tection datasets, our synthesizer can generate images with
multiple objects and complex contexts, offering a more re-
alistic simulation for real-world detection scenarios. (ii) We
introduce a data synthesis framework for detection, termed
as InstaGen. This is achieved through a novel ground-
ing module that enables to generate labels and bounding
boxes for objects in synthetic images. (iii) We train standard
object detectors on the combination of real and synthetic
dataset, and demonstrate superior performance over exist-
ing state-of-the-art detectors across various benchmarks, in-
cluding open-vocabulary detection (increasing Average Pre-
cision [AP] by +4.5), data-sparse detection (enhancing AP
by +1.2 to +5.2), and cross-dataset transfer (boosting AP by
+0.5 to +1.1).

2. Related Work
Object Detection. Object detection aims to simultane-
ously predict the category and corresponding bounding box
for the objects in the images. Generally, object detec-
tors [3, 4, 6, 26, 27] are trained on a substantial amount of

training data with bounding box annotations and can only
recognize a predetermined set of categories present in the
training data. In the recent literature, to further expand
the ability of object detector, open-vocabulary object detec-
tion (OVD) has been widely researched, for example, OVR-
CNN [37] introduces the concept of OVD and pre-trains a
vision-language model with image-caption pairs. The sub-
sequent works make use of the robust multi-modal repre-
sentation of CLIP [24], and transfer its knowledge to object
detectors through knowledge distillation [9, 36], exploiting
extra data [5, 41] and text prompt tuning [2, 5]. In this paper,
we propose to expand the ability of object detectors, e.g.,
expanding categories or improving detection performance,
by training on synthetic dataset.
Generative Models. Image generation has been consid-
ered as a task of interest in computer vision for decades. In
the recent literature, significant progress has been made, for
example, the generative adversarial networks (GANs) [8],
variational autoencoders (VAEs) [15], flow-based mod-
els [14], and autoregressive models (ARMs) [32]. More
recently, there has been a growing research interest in diffu-
sion probabilistic models (DPMs), which have shown great
promise in generating high-quality images across diverse
datasets. For examples, GLIDE [23] utilizes a pre-trained
language model and a cascaded diffusion structure for text-
to-image generation. DALL-E 2 [25] is trained to gener-
ate images by inverting the CLIP image space, while Ima-
gen [29] explores the advantages of using pre-trained lan-
guage models. Stable Diffusion [28] proposes the diffusion
process in VAE latent spaces rather than pixel spaces, effec-
tively reducing resource consumption. In general, the rapid
development of generative models opens the possibility for
training large models with synthetic dataset.

3. Methodology
In this section, we present details for constructing a dataset
synthesizer, that enables to generate photo-realistic images
with bounding boxes for each object instance, and train an
object detector on the combined real and synthetic datasets.

3.1. Problem Formulation

Given a detection dataset of real images with manual an-
notations, i.e., Dreal = {(x1,B1,Y1), . . . , (xN ,BN ,YN )},
where Bi = {b1, . . . , bm|bj ∈ R2×2} denotes the set of
box coordinates for the annotated instances in one image,
and Yi = {y1, . . . , ym|yj ∈ RCbase} refers to the categories
of the instances. Our goal is thus to exploit the given real
dataset (Dreal), to steer a generative diffusion model into
dataset synthesizer, that enables to augment the existing de-
tection dataset, i.e., Dfinal = Dreal +Dsyn. As a result, detec-
tors trained on the combined dataset demonstrate enhanced
ability, i.e., extending the detection categories or improving
the detection performance.

2



顶会论文　<　529

(a) Fine-tuning diffusion model on detection dataset. (b) Supervised training and self-training for grounding head (i.e. student).

Figure 2. Illustration of the process for finetuning diffusion model and training the grounding head: (a) stable diffusion model is fine-tuned
on the detection dataset on base categories. (b) The grounding head is trained on synthetic images, with supervised learning on base
categories and self-training on novel categories.

In the following sections, we first describe the procedure
for constructing an image synthesizer, that can generate im-
ages suitable for training object detector (Section 3.2). To
simultaneously generate the images and object bounding
boxes, we propose a novel instance-level grounding mod-
ule, which aligns the text embedding of category name with
the regional visual features from image synthesizer, and in-
fers the coordinates for the objects in synthetic images. To
further improve the alignment towards objects of arbitrary
category, we adopt self-training to tune the grounding mod-
ule on object categories not existing in Dreal (Section 3.3).
As a result, the proposed model, termed as InstaGen, can
automatically generate images along with bounding boxes
for object instances, and construct synthetic dataset (Dsyn)
at scale, leading to improved ability when training detectors
on it (Section 3.4).

3.2. Image Synthesizer for Object Detection

Here, we build our image synthesizer based on an off-the-
shelf stable diffusion model (SDM [28]). Despite of its im-
pressive ability in generating photo-realistic images, it of-
ten outputs images with only one or two objects on sim-
plistic background with the text prompts, for example, ‘a
photograph of a [category1 name] and a [category2 name]’,
as demonstrated in Figure 4b. As a result, object detec-
tors trained on such images may exhibit reduced robustness
when dealing with complex real-world scenarios. To bridge
such domain gap, we propose to construct the image syn-
thesizer by fine-tuning the SDM with an existing real-world
detection dataset (Dreal).

Fine-tuning procedure. To fine-tune the stable diffusion
model (SDM), one approach is to naı̈vely use the sample
from detection dataset, for example, randomly pick an im-
age and construct the text prompt with all categories in the
image. However, as the image often contains multiple ob-
jects, such approach renders significant difficulty for fine-
tuning the SDM, especially for small or occluded objects.

We adopt a mild strategy by taking random crops from the
images, and construct the text prompt with categories in the
image crops, as shown in Figure 2a. If an image crop con-
tains multiple objects of the same category, we only use this
category name once in the text prompt.
Fine-tuning loss. We use the sampled image crop and con-
structed text prompt to fine-tune SDM with a squared error
loss on the predicted noise term as follows:

Lfine-tune = Ez,ε∼N (0,1),t,y

[
||ε− εθ(z

t, t, y)||22
]
, (1)

where z denotes a latent vector mapped from the input im-
age with VAE, t denotes the denoising step, uniformly sam-
pled from {1, . . . , T}, T refers to the length of the diffusion
Markov chain, and εθ refers to the estimated noise from
SDM with parameters θ being updated. We have experi-
mentally verified the necessity of this fine-tuning step, as
shown in Table 4.

3.3. Dataset Synthesizer for Object Detection

In this section, we present details for steering the image
synthesizer into dataset synthesizer for object detection,
which enables to simultaneously generate images and ob-
ject bounding boxes. Specifically, we propose an instance-
level grounding module that aligns the text embedding of
object category, with the regional visual feature of the
diffusion model, and infers the coordinates for bounding
boxes, effectively augmenting the image synthesizer with
instance grounding, as shown in Figure 3. To further im-
prove the alignment in large visual diversity, we propose a
self-training scheme that enables the grounding module to
generalise towards arbitrary categories, including those not
exist in real detection dataset (Dreal). As a result, our data
synthesizer, termed as InstaGen, can be used to construct
synthetic dataset for training object detectors.

3.3.1 Instance Grounding on Base Categories
To localise the object instances in synthetic images, we in-
troduce an open-vocabulary grounding module, that aims

3
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Figure 3. Illustration of the dataset generation process in InstaGen. The data generation process consists of two steps: (i) Image collection:
given a text prompt, SDM generates images with the objects described in the text prompt; (ii) Annotation generation: the instance-level
grounding head aligns the category embedding with the visual feature region of SDM, generating the corresponding object bounding-boxes.

to simultaneously generate image (x) and the correspond-
ing instance-level bounding boxes (B) based on a set of
categories (Y), i.e., {x,B,Y} = ΦInstaGen(ε,Y), where
ε ∼ N (0, I) denotes the sampled noise.

To this end, we propose an instance grounding head, as
shown in Figure 3, it takes the intermediate representation
from image synthesizer and the text embedding of category
as inputs, then predicts the corresponding object bounding
boxes, i.e., {Bi,Yi} = Φg-head(Fi,Φt-enc(g(Yi))), where
Fi = {f1

i , . . . , f
n
i } refers to the multi-scale dense features

from the image synthesizer at time step t = 1, g(·) denotes
a template that decorates each of the visual categories in the
text prompt, e.g., ‘a photograph of [category1 name] and
[category2 name]’, Φt-enc(·) denotes the text encoder.

Inspired by GroundingDINO [22], our grounding head
Φg-head(·) mainly contains four components: (i) a channel-
compression layer, implemented with a 3×3 convolution,
for reducing the dimensionality of the visual features; (ii) a
feature enhancer, consisting of six feature enhancer layers,
to fuse the visual and text features. Each layer employs a de-
formable self-attention to enhance image features, a vanilla
self-attention for text feature enhancers, an image-to-text
cross-attention and a text-to-image cross-attention for fea-
ture fusion; (iii) a language-guided query selection module
for query initialization. This module predicts top-N anchor
boxes based on the similarity between text features and im-
age features. Following DINO [38], it adopts a mixed query
selection where the positional queries are initialized with
the anchor boxes and the content queries remain learnable;
(iv) a cross-modality decoder for classification and box re-
finement. It comprises six decoder layers, with each layer
utilizing a self-attention mechanism for query interaction,

an image cross-attention layer for combining image fea-
tures, and a text cross-attention layer for combining text
features. Finally, we apply the dot product between each
query and the text features, followed by a Sigmoid function
to predict the classification score ŝ for each category. Addi-
tionally, the object queries are passed through a Multi-Layer
Perceptron (MLP) to predict the object bounding boxes b̂, as
shown in Figure 3. We train the grounding head by align-
ing the category embedding with the regional visual fea-
tures from diffusion model, as detailed below. Once trained,
the grounding head is open-vocabulary, i.e., given any cat-
egories (even beyond the training categories), the ground-
ing head can generate the corresponding bounding-boxes
for the object instances.

Training triplets of base categories. Following [18], we
apply an automatic pipeline to construct the {visual feature,
bounding-box, text prompt} triplets, with an object detec-
tor trained on base categories from a given dataset (Dreal).
In specific, assuming there exists a set of base categories
{c1base, . . . , c

N
base}, e.g., the classes in MS-COCO [20]. We

first select a random number of base categories to construct
a text prompt, e.g., ‘a photograph of [base category1] and
[base category2]’, and generate both the visual features and
images with our image synthesizer. Then we take an off-
the-shelf object detector, for example, pre-trained Mask R-
CNN [12], to run the inference procedure on the synthetic
images, and infer the bounding boxes of the selected cate-
gories. To acquire the confident bounding-boxes for train-
ing, we use a score threshold α to filter out the bounding-
boxes with low confidence (an ablation study on the se-
lection of the score threshold has been conducted in Sec-
tion 4.5). As a result, an infinite number of training triplets
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(a) Stable Diffusion + Grounding head w/ Super-
vised training.

(b) Stable Diffusion + Grounding head w/
Supervised- and Self-training.

(c) Stable Diffusion w/ Fine-tuning + Grounding
head w/ Supervised- and Self-training.

Figure 4. Visualization of the synthetic images and bounding-boxes generated from different models. The bounding-boxes with green
denote the objects from base categories, while the ones with red denote the objects from novel categories.

for the given base categories can be constructed by repeat-
ing the above operation.
Training loss. We use the constructed training triplets to
train the grounding head:

Lbase =

N∑

i=1

[Lcls(ŝi, ci) + 1{ci �=∅}Lbox(b̂i, bi)], (2)

where the ith prediction (ŝi, b̂i) from the N object queries
is assigned to a ground-truth (ci, bi) or ∅ (no object) with
bipartite matching. Lcls and Lbox denote the classification
loss (e.g. Focal loss) and box regression loss (e.g. L1 loss
and GIoU loss), respectively.

3.3.2 Instance Grounding on Novel Categories

Till here, we have obtained a diffusion model with open-
vocabulary grounding, which has been only trained with
base categories. In this section, we propose to further lever-
age the synthetic training triplets from a wider range of
categories to enhance the alignment for novel/unseen cat-
egories. Specifically, as shown in Figure 2b, we describe a
framework that generates the training triplets for novel cat-
egories using the grounded diffusion model, and then self-
train the grounding head.
Training triplets of novel categories. We design the text
prompts of novel categories, e.g., ‘a photograph of [novel
category1] and [novel category2]’, and pass them through
our proposed image synthesizer, to generate the visual fea-
tures. To acquire the corresponding bounding-boxes for
novel categories, we propose a self-training scheme that
takes the above grounding head as the student, and apply a
mean teacher (an exponential moving average (EMA) of the
student model) to create pseudo labels for update. In con-
trast to the widely adopted self-training scheme that takes
the image as input, the student and teacher in our case only
take the visual features as input, thus cannot apply data aug-
mentation as for images. Instead, we insert dropout module
within each feature enhancer layer and decoder layer in the
student. During training, we run inference (without dropout

module) with teacher model on the visual features to pro-
duce bounding boxes, and then use a score threshold β to
filter out those with low confidence, and use the remain-
ing training triplets (Fi, b̂i, y

novel
i ) to train the student, i.e.,

grounding head.

Training loss. Now, we can also train the grounding head
on the mined triplets of novel categories (that are unseen in
the existing real dataset) with the training loss Lnovel defined
similar to Eq. 2. Thus, the total training loss for training the
grounding head can be: Lgrounding = Lbase + Lnovel.

3.4. Training Detector with Synthetic Dataset

In this section, we augment the real dataset (Dreal), with syn-
thetic dataset (Dsyn), and train popular object detectors, for
example, Faster R-CNN [27] with the standard training loss:

Ldet = Lrpn cls + Lrpn box + Ldet cls + Ldet box, (3)

where Lrpn cls, Lrpn box are the classification and box regres-
sion losses of region proposal network, and Ldet cls, Ldet box
are the classification and box regression losses of the detec-
tion head. Generally speaking, the synthetic dataset enables
to improve the detector’s ability from two aspects: (i) ex-
panding the original data with more categories, (ii) improve
the detection performance by increasing data diversity.

Expanding detection categories. The grounding head is
designed to be open-vocabulary, that enables to generate ob-
ject bounding boxes for novel categories, even though it is
trained with a specific set of base categories. This feature
enables InstaGen to construct a detection dataset for any
category. Figure 4 demonstrates several synthetic images
and object bounding boxes for novel categories, i.e., the ob-
ject with red bounding box. We evaluate the effectiveness of
training on synthetic dataset through experiments on open-
vocabulary detection benchmark. For more details, please
refer to Figure 1b and Section 4.2.

Increasing data diversity. The base diffusion model is
trained on a large corpus of image-caption pairs, that en-
ables to generate diverse images. Taking advantage of such

5
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Method Supervision Detector Backbone AP50box
all AP50box

base AP50box
novel

Detic [41] CLIP Faster R-CNN R50 45.0 47.1 27.8
PromptDet [5] CLIP Faster R-CNN R50 - 50.6 26.6
BARON [34] CLIP Faster R-CNN R50 53.5 60.4 34.0
OADP [33] CLIP Faster R-CNN R50 47.2 53.3 30.0
ViLD [9] CLIP Mask R-CNN R50 51.3 59.5 27.6
F-VLM [16] CLIP Mask R-CNN R50 39.6 - 28.0
RO-ViT [13] CLIP Mask R-CNN ViT-B [1] 41.5 - 30.2
VLDet [19] CLIP CenterNet2 [40] R50 45.8 50.6 32.0
CxORA [35] CLIP DAB-DETR [21] R50 35.4 35.5 35.1
DK-DETR [17] CLIP Deformable DETR [42] R50 - 61.1 32.3
EdaDet [31] CLIP Deformable DETR [42] R50 52.5 57.7 37.8

InstaGen Stable Diffusion Faster R-CNN R50 52.3 55.8 42.3

Table 1. Results on open-vocabulary COCO benchmark. AP50box
novel is the main metric for evaluation. Our detector, trained on synthetic

dataset from InstaGen, significantly outperforms state-of-the-art CLIP-based approaches on novel categories.

capabilities, InstaGen is capable of generating dataset with
diverse images and box annotations, which can expand the
original dataset, i.e., increase the data diversity and improve
detection performance, particularly in data-sparse scenar-
ios. We conducted experiments with varying proportions
of COCO [20] images as available real data, and show the
effectiveness of training on synthetic dataset when the num-
ber of real-world images is limited. We refer the readers for
more details in Section 4.3, and results in Figure 1c.

4. Experiment

In this section, we use the proposed InstaGen to construct
synthetic dataset for training object detectors, i.e., generat-
ing images with the corresponding bounding boxes. Specif-
ically, we present the implementation details in Section 4.1.
To evaluate the effectiveness of the synthetic dataset for
training object detector, we consider three protocols: open-
vocabulary object detection (Section 4.2), data-sparse ob-
ject detection (Section 4.3) and cross-dataset object detec-
tion (Section 4.4). Lastly, we conduct ablation studies on
the effectiveness of the proposed components and the selec-
tion of hyper-parameters (Section 4.5).

4.1. Implementation details

Network architecture. We build image synthesizer from
the pre-trained Stable Diffusion v1.4 [28], and use the CLIP
text encoder [24] to get text embedding for the category
name. The channel compression layer maps the dimension
of visual features to 256, which is implemented with a 3×3
convolution. For simplicity, the feature enhancer, language-
guided query selection module and cross-modality decoder
are designed to the same structure as the ones in [22]. The
number of the object queries is set to 900.

Constructing image synthesizer. In our experiments, we
first fine-tune the stable diffusion model on a real detection
dataset, e.g., the images of base categories. During training,

the text encoder of CLIP is kept frozen, while the remaining
components are trained for 6 epochs with a batch size of 16
and a learning rate of 1e-4.

Instance grounding module. We start by constructing the
training triplets using base categories i.e., the categories
present in the existing dataset. The text prompt for each
triplet is constructed by randomly selecting one or two cat-
egories. The regional visual features are taken from the im-
age synthesizer time step t = 1, and the oracle ground-truth
bounding boxes are obtained using a Mask R-CNN model
trained on base categories, as explained in Section 3.3.1.

Subsequently, we train the instance grounding module
with these training triplets for 6 epochs, with a batch size
of 32. In the 6th epoch, we transfer the weights from the
student model to the teacher model, and proceed to train the
student for an additional 6 epochs. During this training, the
student receives supervised training on the base categories
and engages in self-training on novel categories, and the
teacher model is updated using exponential moving average
(EMA) with a momentum of 0.999. The initial learning rate
is set to 1e-4 and is subsequently reduced by a factor of 10
at the 11th epoch, and the score thresholds α and β are set
to 0.8 and 0.4, respectively.

Training object detector on combined dataset. In our ex-
periment, we train an object detector (Faster R-CNN [27])
with ResNet-50 [11] as backbone, on a combination of the
existing real dataset and the synthetic dataset. Specifically,
for synthetic dataset, we randomly select one or two cat-
egories at each iteration, construct the text prompts, and
feed them as input to generates images along with the cor-
responding bounding boxes with β of 0.4. Following the
standard implementation [27], the detector is trained for 12
epochs (1× learning schedule) unless specified. The initial
learning rate is set to 0.01 and then reduced by a factor of
10 at the 8th and the 11th epochs.

6
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InstaGen 10% 25% 50% 75% 100%

� 23.3 29.5 34.1 36.1 37.5
� 28.5 32.6 35.8 37.3 38.5

Table 2. Results on data-sparse object de-
tection. We employ Faster R-CNN with the
ResNet-50 backbone as the default object
detector and evaluate its performance using
the AP metric on MS COCO benchmark.
Please refer to the text for more details.

Method Supervision Detector Extra Data Object365 LVIS

Gao et al. [7] CLIP CenterNet2 � 6.9 8.0
VL-PLM [39] CLIP Mask R-CNN � 10.9 22.2

InstaGen Stable Diffusion Faster R-CNN � 11.4 23.3

Table 3. Results on generalizing COCO-base to Object365 and LVIS. All detectors utilize
the ResNet-50 backbone. The evaluation protocol follows [7] and reports AP50. Extra
data refers to an additional dataset that encompasses objects from the categories within the
target dataset. In both experiments, the extra data consists of all the images from COCO,
which has covered the majority of categories in Object365 and LVIS.

G-head ST FT AP50box
all AP50box

base AP50box
novel

� 50.6 55.3 37.1
� � 51.1 55.0 40.3
� � � 52.3 55.8 42.3

Table 4. The effectiveness of the proposed components. G-head,
ST and FT refer to the grounding head, self-training the grounding
head and fine-tuning SDM, respectively.

4.2. Open-vocabulary object detection

Experimental setup. Following the previous works [5, 39],
we conduct experiments on the open-vocabulary COCO
benchmark, where 48 classes are treated as base categories,
and 17 classes as the novel categories. More results for
LVIS can be found in the supplementary material. To
train the grounding head, we employ 1250 synthetic images
per category per training epoch. While for training the ob-
ject detector, we use 3000 synthetic images per category,
along with the original real dataset for base categories. The
object detector is trained with input size of 800 × 800 and
scale jitter. The performance is measured by COCO Aver-
age Precision at an Intersection over Union of 0.5 (AP50).
Comparison to SOTA. As shown in Table 1, we eval-
uate the performance by comparing with existing CLIP-
based open-vocabulary object detectors. It is clear that our
detector trained on synthetic dataset from InstaGen out-
performs existing state-of-the-art approaches significantly,
i.e., around +5AP improvement over the second best. In
essence, through the utilization of our proposed open-
vocabulary grounding head, InstaGen is able to generate
detection data for novel categories, enabling the detector to
attain exceptional performance. To the best of our knowl-
edge, this is the first work that applies generative diffusion
model for dataset synthesis, to tackle open-vocabulary ob-
ject detection, and showcase its superiority in this task.

4.3. Data-sparse object detection

Experimental setup. Here, we evaluate the effectiveness
of synthetic dataset in data-spare scenario, by varying the
amount of real data. We randomly select subsets compris-
ing 10%, 25%, 50%, 75% and 100% of the COCO training
set, this covers all COCO categories. These subsets are used
to fine-tune stable diffusion model for constructing image

synthesizer, and train a Mask R-CNN for generating oracle
ground-truth bounding boxes in synthetic images. We em-
ploy 1250 synthetic images per category to train a Faster R-
CNN in conjunction with the corresponding COCO subset.
The performance is measured by Average Precision [20].

Comparison to baseline. As shown in Table 2, the Faster
R-CNN trained with synthetic images achieves consistent
improvement across various real training data budgets. No-
tably, as the availability of real data becomes sparse, syn-
thetic dataset plays even more important role for perfor-
mance improvement, for instance, it improves the detector
by +5.2 AP (23.3→28.5 AP) when only 10% real COCO
training subset is available.

4.4. Cross-dataset object detection

Experimental setup. In this section, we assess the ef-
fectiveness of synthetic data on a more challenging task,
namely cross-dataset object detection. Following [39], we
evaluate the COCO-trained model on two unseen datasets:
Object365 [30] and LVIS [10]. Specifically, we consider
the 48 classes in the open-vocabulary COCO benchmark
as the source dataset, while Object365 (with 365 classes)
and LVIS (with 1203 classes) serve as the target dataset.
When training the instance grounding module, we acquire
1250 synthetic images for base categories from the source
dataset, and 100 synthetic images for the category from the
target dataset at each training iteration. In the case of train-
ing the object detector, we employ 500 synthetic images per
category from the target dataset for each training iteration.
The detector is trained with input size of 1024 × 1024 and
scale jitter [39].

Comparison to SOTA. The results presented in Table 3
demonstrate that the proposed InstaGen achieves supe-
rior performance in generalization from COCO-base to Ob-
ject365 and LVIS, when compared to CLIP-based methods
such as [7, 39]. It is worth noting that CLIP-based methods
require the generation of pseudo-labels for the categories
from the target dataset on COCO images, and subsequently
train the detector using these images. These methods neces-
sitate a dataset that includes objects belonging to the cate-
gories of the target dataset. In contrast, InstaGen possesses
the ability to generate images featuring objects of any cat-

7
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#Images AP50box
all AP50box

base AP50box
novel

1000 51.6 55.9 39.7
2000 51.7 55.4 41.1
3000 52.3 55.8 42.3

Table 5. Number of generated images.

α AP50box
all AP50box

base AP50box
novel

0.7 51.3 55.1 40.6
0.8 52.3 55.8 42.3
0.9 51.8 55.6 41.1

Table 6. α for bounding-box filtration.

β AP50box
all AP50box

base AP50box
novel

0.3 46.4 53.3 26.9
0.4 52.3 55.8 42.3
0.5 51.2 55.4 39.2

Table 7. β for bounding-box filtration.

egory without the need for additional datasets, thereby en-
hancing its versatility across various scenarios.

4.5. Ablation study

To understand the effectiveness of the proposed compo-
nents, we perform thorough ablation studies on the open-
vocabulary COCO benchmark [20], investigating the ef-
fect of fine-tuning stable diffusion model, training instance
grounding module, self-training on novel categories. Addi-
tionally, we investigate other hyper-parameters by compar-
ing the effectiveness of synthetic images and different score
thresholds for base and novel categories.

Fine-tuning diffusion model. We assess the effective-
ness of fine-tuning stable diffusion model, and its impact
for synthesizing images for training object detector. Fig-
ure 4c illustrates that InstaGen is capable of generating
images with more intricate contexts, featuring multiple ob-
jects, small objects, and occluded objects. Subsequently, we
employed these generated images to train Faster R-CNN for
object detection. The results are presented in Table 4, show-
ing that image synthesizer from fine-tuning stable diffusion
model delivers improvement detection performance by 2.0
AP (from 40.3 to 42.3 AP).

Instance grounding module. To demonstrate the effective-
ness of the grounding head in open-vocabulary scenario, we
exclusively train it on base categories. Visualization exam-
ples of the generated images are presented in Figure 4a.
These examples demonstrate that the trained grounding
head is also capable of predicting bounding boxes for in-
stances from novel categories. Leveraging these generated
images to train the object detector leads to a 37.1 AP on
novel categories, surpassing or rivaling all existing state-of-
the-art methods, as shown in Table 1 and Table 4.

Self-training scheme. We evaluate the performance after
self-training the grounding head with novel categories. As
shown in Table 4, training Faster R-CNN with the generated
images of novel categories, leads to a noticeable enhance-
ment in detection performance, increasing from 37.1 to 40.3
AP. Qualitatively, it also demonstrates enhanced recall for
novel objects after self-training, as shown in Figure 4b.

Number of synthetic images. We investigate the perfor-
mance variation while increasing the number of the gener-
ated images per category for detector training. As shown in
Table 5, when increasing the number of generated images
from 1000 to 3000, the detector’s performance tends to be
increasing monotonically, from 39.7 to 42.3 AP on novel

categories, showing the scalability of the proposed training
mechanism.

Score thresholds for bounding box filtration. We com-
pare the performance with different score thresholds α and
β for filtering bounding boxes on base categories and novel
categories, respectively. From the experiment results in Ta-
ble 6, we observe that the performance is not sensitive to the
value of α, and α = 0.8 yields the best performance. The
experimental results using different β are presented in Ta-
ble 7. With a low score threshold (α = 0.3), there are still
numerous inaccurate bounding boxes remaining, resulting
in an AP of 26.9 for novel categories. by increasing β to
0.4, numerous inaccurate bounding boxes are filtered out,
resulting in optimal performance. Hence, we set α = 0.8
and β = 0.4 in our experiments.

5. Limitation
Using synthetic or artificially generated data in training AI
algorithms is a burgeoning practice with significant poten-
tial. It can address data scarcity, privacy, and bias issues.
However, there remains two limitations for training object
detectors with synthetic data, (i) synthetic datasets com-
monly focus on clean, isolated object instances, which lim-
its the exposure of the detector to the complexities and con-
textual diversity of real-world scenes, such as occlusions,
clutter, varied environmental factors, deformation, there-
fore, models trained on synthetic data struggle to adapt to
real-world conditions, affecting their overall robustness and
accuracy, (ii) existing diffusion-based generative model also
suffers from long-tail issue, that means the generative model
struggles to generate images for objects of rare categories,
resulting in imbalanced class representation during training
and reduced detector performance for less common objects.

6. Conclusion
This paper proposes a dataset synthesis pipeline, termed
as InstaGen, that enables to generate images with ob-
ject bounding boxes for arbitrary categories, acting as a
annotation-free approach for constructing large-scale syn-
thetic dataset to train object detector. We have conducted
thorough experiments to show the effectiveness of train-
ing on synthetic data, on improving detection performance,
or expanding the number of detection categories. Signif-
icant improvements have been shown in various detection
scenarios, including open-vocabulary (+4.5 AP) and data-
sparse (+1.2 ∼ 5.2 AP) detection.
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InstaGen: Enhancing Object Detection by Training on Synthetic Dataset
Supplementary Material

In this supplementary document, we present the experi-
mental results of the LVIS-OVD benchmark in Section S1.
Additionally, we perform an ablation study to evaluate the
coupling between the diffusion model and the grounding
head in Section S2. Furthermore, we evaluate the quality
of the pseudo-labels generated by the grounding head in
Section S3. Lastly, we provide more qualitative results in
Section S4.

S1. Open-vocabulary setting on LVIS

Experimental setup. We conduct experiments on the
LVIS-OVD benchmark. The latest LVIS v1.0 [10] con-
sists of 1203 categories, each with bounding box and in-
stance mask annotations. The categories are divided into
three groups based on the number of images in which each
category appears in the training set: rare (1-10 images),
common (11-100 images), and frequent (more than 100 im-
ages). In line with the problem setting in ViLD [9] and
Detic [41], we treat the frequent and common classes as
base categories, while considering the rare classes as novel
categories. For evaluation on LVIS v1.0 minival set, we
mainly consider the mask Average Precision for novel cat-
egories, i.e. APnovel. However, to complete the AP metric,
we also report APc (for common classes), APf (for frequent
classes) and AP (for all classes).

Similar to PromptDet [5], we enhance the prompt tem-
plate by incorporating a more detailed description to mit-
igate lexical ambiguity, particularly for the rare classes in
LVIS. It should be noted that the description can be easily
extracted from the metadata of the dataset. Consequently,
the text prompt for the selected categories is generated as
follows: ‘a photograph of [category1 name] ([category1 de-
scription]) and [category2 name] ([category2 description])’.
During the training of the grounding head, we utilize 500
synthetic images per category per training epoch. In addi-
tion, for the training of the object detector, we employ 250
synthetic images per category per training epoch and con-
duct 24 epochs of training.

Comparison to SOTA. We conduct a comparison with the
existing CLIP-based open-vocabulary object detectors us-
ing the Mask-RCNN model with ResNet-50, as shown in
Table S2. The results indicate that our detector, trained on
synthetic dataset from InstaGen, achieves comparable or
improved performance over existing CLIP-based methods.

S2. Tight coupling vs. Loose coupling

To generate high-quality bounding-boxes for the synthetic
images, we have designed a tight coupling between the

Lbase Lnovel Detector AP Precision Recall

� 70.2 87.9 68.3
� � 79.7 89.1 90.0

Table S1. The quality of the pseudo-labels.

diffusion model and the instance-level grounding head,
namely, the grounding head predicts the bounding-boxes
based on the SDM’s internal representation. To demonstrate
the effectiveness of the tight coupling design, we compare
it with a loose coupling design. For the latter, we train
an open-vocabulary detector (i.e. ResNet-101 + instance
level grounding head) on the synthetic images with base
categories, and generate pseudo-labels for novel categories.
When training detectors on such synthetic dataset, it gives
31.9 AP on novel categories on the COCO-OVD bench-
mark, 10.4 AP lower than tight coupling, showing the ben-
efits of rich semantic and positional information encoded in
SDM’s visual features.

S3. Quality of Pseudo-labels
Here we evaluate the quality of the pseudo-labels generated
by the proposed grounding head. We adopt two metrics to
assess their quality: (i) Detector AP and (ii) Precision and
Recall. For Detector AP, we leverage the pre-trained Mask-
RCNN model on the COCO dataset to generate ground
truths (GTs) for the synthetic images, and then compute the
AP of the pseudo labels derived from the teacher model. In
the case of Precision and Recall, we randomly select and
annotate 200 synthetic images, then calculate the precision
and recall of their pseudo-labels. As shown in Table S1,
after self-training on novel categories, the quality of the
pseudo-labels can be significantly improved in terms of De-
tector AP (70.2%→79.7%), Precision (87.9%→89.1%) and
Recall (68.3%→90.0%).

S4. Qualitative Results
We show more qualitative results generated by our InstaGen
in Figure S1. Without any manual annotations, InstaGen
can generate high-quality images with object bounding-
boxes of novel categories. In Figure S2, we further show the
qualitative results predicted by the Faster R-CNN trained
with the synthetic images form InstaGen on COCO vali-
dation set. The detector can now accurately localize and
recognize the objects from novel categories.
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Method Supervision Detector Backbone Input Size AP APc APf APnovel

ViLD-ens. [9] CLIP Mask R-CNN R50 1024×1024 25.5 24.6 30.3 16.6
Detic [41] CLIP Mask R-CNN R50 1024×1024 26.8 26.3 31.6 17.8
F-VLM [16] CLIP Mask R-CNN R50 1024×1024 24.2 - - 18.6
PromptDet [5] CLIP Mask R-CNN R50 800×800 21.4 18.5 25.8 19.0
DetPro [2] CLIP Mask R-CNN R50 800×800 25.9 25.6 28.9 19.8
BARON [34] CLIP Mask R-CNN R50 800×800 25.1 24.4 28.9 18.0
BARON [34]† CLIP Mask R-CNN R50 800×800 27.6 27.6 29.8 22.6

InstaGen Stable Diffusion Mask R-CNN R50 800×800 23.0 20.6 27.1 20.3

Table S2. Results on open-vocabulary LVIS benchmark. † indicates using ensembling strategy for classification scores and learned prompts
for the category’s names.

Figure S1. Qualitative results generated by our InstaGen. The bounding-boxes with green denote the objects from base categories, while
the ones with red denote the objects from novel categories.

2
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Figure S2. Qualitative results from our Faster R-CNN trained with the synthetic images from InstaGen on COCO validation set. The
bounding-boxes with green denote the objects from base categories, while the ones with red denote the objects from novel categories.
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Figure 1. An illustration of open-ended visual storytelling. In practice, users can feed a unique and engaging story synthesized by
a large language model into our proposed StoryGen model to generate a sequence of images coherently, denoted as open-ended visual
story generation. And they can also provide a pre-defined character with its corresponding storyline, to perform open-ended visual story
continuation. We recommend the reader to zoom in and read the story.

Abstract

Generative models have recently exhibited exceptional
capabilities in text-to-image generation, but still struggle
to generate image sequences coherently. In this work, we
focus on a novel, yet challenging task of generating a co-
herent image sequence based on a given storyline, denoted
as open-ended visual storytelling. We make the follow-
ing three contributions: (i) to fulfill the task of visual sto-
rytelling, we propose a learning-based auto-regressive im-
age generation model, termed as StoryGen, with a novel
vision-language context module, that enables to generate
the current frame by conditioning on the corresponding
text prompt and preceding image-caption pairs; (ii) to ad-
dress the data shortage of visual storytelling, we collect
paired image-text sequences by sourcing from online videos
and open-source E-books, establishing processing pipeline
for constructing a large-scale dataset with diverse char-

*: These authors contribute equally to this work.

acters, storylines, and artistic styles, named StorySalon;
(iii) Quantitative experiments and human evaluations have
validated the superiority of our StoryGen, where we show
StoryGen can generalize to unseen characters without any
optimization, and generate image sequences with coher-
ent content and consistent character. Code, dataset, and
models are available at https://haoningwu3639.
github.io/StoryGen_Webpage/.

“Mirror mirror on the wall, who’s the fairest of them all?”

—— Grimms’ Fairy Tales

1. Introduction

This paper considers an interesting, yet challenging task,
namely, open-ended visual storytelling. The goal is to train
a generative model that effectively captures the relation be-
tween visual elements and corresponding text descriptions,
to generate a sequence of images that tell a visually coher-
ent story, as shown in Figure 1. The outcome of this task
has significant potential for education, as it provides chil-
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dren with an engaging and interactive way to learn complex
visual concepts and develop imagination, creativity, emo-
tional intelligence, and language skills, as evidenced by re-
search in psychology [5, 48].

The recent literature has witnessed tremendous progress
in image generation, particularly with the guidance of text
as prompt, such as stable diffusion [42], DALL·E [40] and
Imagen [14]. However, to generalize the models for open-
ended visual storytelling, we are facing three challenges: (i)
previous models are designed to only generate images inde-
pendently, without considering context, for example, pre-
ceding frames or overall narrative, resulting in a lack of vi-
sual consistency; (ii) most methods generate images by only
conditioning on text, which potentially leads to ambigui-
ties or requires unnecessarily long descriptions to maintain
character appearances; (iii) existing datasets are limited to a
few animations, covering a closed set of vocabulary or char-
acters [25, 31, 36]. Training on such datasets suffers from
severe overfitting on seen characters, leading to unsatisfac-
tory generalization capability for open-ended generation.

This paper describes a learning-based model for open-
ended visual storytelling, termed as StoryGen, that enables
to generate unseen characters without any further optimiza-
tion, while having character consistency. At inference, Sto-
ryGen can synthesize frames either by taking text prompts,
or along with preceding image-text pairs as conditions, i.e.,
iteratively creating visual sequences that are aligned with
language description, while being consistent with preced-
ing frames in both style and character perspectives. Specif-
ically, to achieve consistency within the generated image
sequence, we incorporate a novel vision-language context
module into the pre-trained stable diffusion model, which
provides visual context by conditioning the generation pro-
cess on extracted diffusion denoising feature of previous
frames under the guidance of corresponding captions.

As for training, we construct a dataset called StorySa-
lon, that features a rich source of coherent images and sto-
ries, primarily comprising children’s storybooks collected
from videos and E-books. As a result, our dataset includes
a diverse vocabulary with different characters, storylines,
and artistic styles. The scale and diversity of our collected
dataset enable the model for open-vocabulary visual story-
telling, i.e., generating new image sequences that are not
limited to pre-defined storylines, characters, or scenes. For
example, we can prompt a large language model to create
unique and engaging stories, then feed them into StoryGen
for generation, as shown in Figure 1.

To summarize, we make the following contributions in
this paper: (i) we initiate a fun yet challenging task, namely,
open-ended visual storytelling, that involves generating en-
gaging image sequences aligned to a given storyline; (ii)
we propose a learning-based open-ended visual storytelling
model, termed as StoryGen, which can generalize to un-

seen characters without any further optimization and gener-
ate coherent visual stories, utilizing a novel vision-language
context module; (iii) we establish a data processing pipeline
and collect a large-scale dataset of storybooks, called Sto-
rySalon, from online videos and open-source E-books, re-
sulting in a diverse vocabulary with various characters, sto-
rylines, and artistic styles; (iv) we conduct quantitative ex-
periments and human evaluations to validate the effective-
ness of our proposed modules, demonstrating the superior-
ity of our model, in terms of image quality, consistency, and
visual-language alignment of generated contents.

2. Related Works
Text-to-image Generation has been tackled using various
generative models, with GAN [8] as the first widely used
model. Several GAN-based methods [53, 56, 57] have
achieved notable success, and auto-regressive transform-
ers [49], such as DALL·E [40], have also demonstrated
the ability to generate high-quality images based on text
prompts. Recently, diffusion models, such as Imagen [44]
and DALL·E 2 [41], have emerged as a popular approach.
Stable Diffusion Models [42] performs diffusion process in
latent space, and can generate impressive images after pre-
training on a large-scale text-image dataset.
Diffusion Models learn to model a data distribution via iter-
ative denoising and are trained with denoising score match-
ing. Notably, DDPM [13] demonstrates improved perfor-
mance over other generative models, while DDIM [46] sig-
nificantly boosts efficiency. In view of their superior gen-
erative capabilities, diffusion models have found extensive
utility in various downstream applications besides image
generation, such as video generation [6, 14, 15, 45], im-
age manipulation [2, 10, 18, 33], grounded generation [26],
image restoration [4], and image inpainting [1, 28, 35, 51].
Story Synthesis is first introduced as the task of story visu-
alization by StoryGAN [25], which presents a GAN-based
framework and the PororoSV dataset, derived from car-
toons. Some works [29, 30] follow the GAN-based frame-
work, whereas others [3, 21] emphasize more on text rep-
resentation. StoryDALL-E [31] extends story synthesis to
story continuation with the initial image given, and ex-
ploits a pre-trained DALL·E model [40] to produce coher-
ent images. AR-LDM [36] introduces an auto-regressive la-
tent diffusion model to generate image sequences, but only
consistent within a limited character vocabulary. NUWA-
XL [55] exploits hierarchical diffusion models to synthe-
size long videos, but still achieve character consistency by
memorizing. TaleCrafter [7] proposes a story visualization
system and utilizes LoRA [16] to achieve character consis-
tency. However, large-scale applications will be constrained
due to its optimization-based nature. In this paper, we target
more ambitious applications, to develop an open-ended vi-
sual storytelling model, that can synthesize coherent image
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Figure 2. Architecture Overview. (a) Our StoryGen model utilizes current text prompt and previous visual-language contexts as conditions
to generate an image, iteratively synthesizing a coherent image sequence. Note the parameters of the corresponding attention layers are
shared between Diffusion UNet and StoryGen. To avoid potential ambiguity, the parameters are not shared across UNet blocks in a single
model. (b) The proposed Visual-Language Context Module can effectively combine the information from current text prompt and contexts
from preceding image-caption pairs. (c) We add more noise to reference frames with longer temporal distances to the current frame as
positional encoding to distinguish the temporal order. The multiple features can then be directly concatenated to serve as context conditions.

sequences based on storylines of diverse topics.

3. Method

In this section, we start by formulating the problem of open-
ended visual storytelling in Section 3.1; then we elaborate
on the proposed StoryGen architecture in Section 3.2; lastly,
we present details for model training in Section 3.3.

3.1. Problem Formulation

In this paper, we focus on a challenging task, termed as
open-ended visual storytelling, the goal is to generate con-
tinuous image sequence from a given story in the form of
natural language. Specifically, we propose a learning-based
auto-regressive image generation model, called StoryGen,
that generates the current frame Îk by conditioning on the
current text prompt Tk, and image-text pairs (Î<k, T<k) of
previous frames, as illustrated in Figure 2 (a). The model is
formulated as follows:

{Î1, Î2, . . . , ÎL} = ΦStoryGen({T1, T2, . . . , TL}; Θ)

Îk := ΦStoryGen(Îk|Tk, (Î<k, T<k))

Here, {T1, T2, . . . , TL} refer to the given storylines, and
{Î1, Î2, . . . , ÎL} denote the generated image sequence.
ΦStoryGen(·) represents our proposed StoryGen model.
In one-step generation, StoryGen takes the current text
prompt, and preceding image-caption pairs as conditions,
and generates an image consistent with both the story’s nar-
rative and previous frames. The whole image sequence can
then be synthesized with step-by-step inference.

Relation to Existing Tasks. In contrast to existing story vi-
sualization works, this paper makes improvements from two
aspects: (i) conventional generation/continuation tasks are
limited to training on specific characters/stories, for exam-
ple, [25, 31, 36] only exploits datasets from animation The
Flintstones and Pororo, while our model enables to generate
visual stories based on any given storyline, such as a brand-
new one generated by ChatGPT; and any pre-defined char-
acter, for example, ‘Doraemon’ from the Internet; (ii) unlike
existing work that requires costly character-specific opti-
mization, for example, [7, 36] rely on LoRA-based [16] op-
timization to adapt to new characters, our model is learning-
based and expected to generalize to any unseen character
without any further optimization.

3.2. Architecture

To tackle the problem of open-ended visual storytelling, we
expect the model to not only condition on the current text
prompt, but also preceding image-text pairs. In this sec-
tion, we describe the procedure for one-step generation,
i.e., generating the k-th frame (k > 1) by conditioning
on {(Î1, T1), . . . , (Îk−1, Tk−1), Tk}. Generally speaking,
our proposed StoryGen model comprises four components:
(i) Input Initialization, (ii) Context Encoding, (iii) Visual-
Language Contextual Fusion, (iv) Conditional Generation.
Input Initialization. Our model is built upon the founda-
tion of a pre-trained stable diffusion model (SDM), which
randomly samples a noisy latent x from the latent space of
the VAE [19] encoder. Moreover, for a given text prompt
Tk, the text condition will be extracted by a pre-trained
CLIP [38] text encoder φCLIP via CT = φCLIP(Tk).

3
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Context Encoding. In standard SDM, the noisy latent is
recursively denoised with a UNet, conditioning on the text
prompt. However, in our case, it is crucial for the generation
procedure to also condition on context features of preceding
frames, to maintain consistency in characters and storyline.

In practice, to extract the contextual features, we add
noise to the preceding frames and exploit the pre-trained
SDM to denoise for one diffusion step under the guidance
of their corresponding captions. The diffusion features after
every self-attention layer in the UNet blocks can be directly
selected to serve as the conditioning visual context features,
thus constituting a pyramid of visual context features. The
visual condition features for Îk can be expressed as:

CV = [φSDM(Î1, φCLIP(T1)), . . . , φSDM(Îk−1, φCLIP(Tk−1))]

Experimentally, we notice that, the magnitude of noise
added to the preceding frames can greatly affect the condi-
tional generation quality, i.e., large-scale noise on preceding
frames incurs severe information loss. Thus, we propose
to use a much smaller diffusion timestep t′ for preceding
frames compared with the diffusion timestep t of the current
image Îk, and follow a t′ = t/10 rule. As depicted in Fig-
ure 2 (c), in case of multiple preceding image-caption pairs,
we use larger t′ for frames with longer temporal distances to
Îk. Therefore, the extracted multi-frame visual context fea-
tures can be directly concatenated, and their different noise
level will serve as temporal positional embedding. Such de-
sign reflects the intuition that frames with longer distances
will incur less effect on generating the current frame.
Vision-Language Contextual Fusion. Here, our vision-
language context module is designed to fuse information
from current text prompt and contextual information from
preceding image-caption pairs. This is achieved by aug-
menting the transformer decoder in SDM with an additional
image cross-attention layer. Note that, the math expression
in this section is not strict, we omit the footnote of diffusion
timestep t and UNet block level l for simplicity.

Specifically, on visual context conditioning, the noisy la-
tent x is projected into query, and cross-attends to the visual
context features from the corresponding-level UNet block
that act as key and value, denoted as:

QI = xWQ
I , KI = CVWK

I , VI = CVWV
I

where WQ
I , WK

I , and WV
I represent different projection

matrices, respectively.
On text conditioning, the noisy latent x is again projected

to query, and cross-attends to the text features of the current
prompt encoded by CLIP text encoder, i.e.,

QT = xWQ
T , KT = CTWK

T , VT = CTWV
T

where WQ
T , WK

T , and WV
T also represent corresponding

projection matrices.

As depicted in Figure 2 (b), the image cross-attention
layer is inserted in parallel to the text cross-attention layer in
the transformer decoder of UNet blocks. Drawing inspira-
tion from ControlNet [58], the results from these two cross-
attention layers are simply summed up as the final output
O. The final output can thus be expressed as:

O = Softmax(
QI(KI)

�
√
d

)VI + Softmax(
QT (KT )

�
√
d

)VT

Conditional Generation. With the fused vision-language
condition features from above, our StoryGen can now gen-
erate visual stories that achieve both content coherence and
character consistency. Here, our conditional generation pro-
cedure can be represented as:

Îk = ΦStoryGen(Îk|Tk, (Î<k, T<k)) = ΦStoryGen(x, CT, CV)

With the new conditioning modality introduced, we also
adopt another classifier-free guidance term [12], as has been
done in [2]. Concretely, we exploit two different guidance
scales, wv and wt for the visual condition and the text con-
dition. The relation between the final noise for inference ε̄θ
and UNet-predicted noise εθ is now expressed as:

ε̄θ(xt, t, CV, CT) = εθ(xt, t,∅,∅)

+ wv(εθ(xt, t, CV,∅)− εθ(xt, t,∅,∅))

+ wt(εθ(xt, t, CV, CT)− εθ(xt, t, CV,∅))

Discussion. Our work differs from previous ones from two
aspects. First, our StoryGen is a learning-based method,
which can directly generalize to unseen characters by at-
tending to reference images. Second, we propose to con-
dition the generation process on diffusion features of pre-
ceding image-text pairs from the same SDM, which pre-
serves more visual details, greatly differing from existing
works [22, 52, 54] using CLIP, BLIP [24], or VAE features.

3.3. Model Training

Training Objective. At training stage, we randomly sam-
ple a triplet each time, i.e., {Ik, Tk, (I<k, T<k)}. The ob-
jective function can be expressed as:

Lt = Et∼[1,T ],x0,εt,CV,CT

[
‖εt − εθ(xt, t, CV, CT)‖2

]

Two-stage Training Strategy. Our two-stage training strat-
egy includes single-frame pre-training and multiple-frame
fine-tuning. To be specific, at the first stage, we do not intro-
duce additional image cross-attention layers, and only train
self-attention layers in standard SDM to ensure the single-
frame generation ability. In multiple-frame fine-tuning,
we train additional image cross-attention layers in vision-
language context module on our dataset, with all other pa-
rameters frozen. This enables the generation procedure to
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Figure 3. Dataset Pipeline and Visualization. Left: Meta-
data sourced from the Internet undergoes a three-step pipeline
including frame extraction, visual-language alignment and post-
processing, resulting in properly aligned image-text pairs. Right:
Our StorySalon dataset contains diverse styles and characters.

utilize information from not only current prompt, but also
preceding image-caption pairs.

Inference. As shown in Figure 1, at inference time, we
can prompt ChatGPT to generate novel storylines, and syn-
thesize the first image directly or attending to a pre-defined
character. Then the previously synthesized frames, along
with the story descriptions, are treated as conditions to syn-
thesize the image sequence in an auto-regressive manner.
Experimentally, our proposed StoryGen is shown to gener-
ate images that align with the storyline, as well as maintain
consistency with previously generated frames.

4. StorySalon Dataset
In order to train our proposed open-ended visual storytelling
model, we construct a large-scale dataset, termed as Sto-
rySalon. The dataset contains videos and E-books with di-
verse characters, storylines, and artistic styles. Specifically,
we download a large number of videos and subtitles from
YouTube, by querying keywords related to story-telling for
children, for instance, storytime. Additionally, we collect E-
books (partially with corresponding audios available) from
six open-source libraries which are all registered under the
Creative Commons 4.0 International Attribution (CC BY
4.0) license. In the following, we elaborate on the data pro-
cessing pipeline and statistics of our collected dataset.
Visual Frame Extraction. We extract keyframes from the
videos, along with the corresponding subtitles and their
timestamps. To remove duplicate frames, we extract ViT
features for each frame using pre-trained DINO [32]. For
the image groups with high similarity scores, we only keep
one of each. Then, we use YOLOv7 [50] to segment and
remove real-person frames and headshots, as they often cor-
respond to the story-teller and are unrelated to the content
of the storybook. Similarly, we extract images from the

Dataset Style #Frames Avg.Length #Categories

PororoSV [25] Animation 73,665 5 9
FlintstonesSV [9] Animation 122,560 5 7
DiDeMoSV [31] Real 52,905 3 -

VIST [17] Real 145,950 5 -

StorySalon Animation 159,778 14 446

Table 1. Dataset Statistics. Our StorySalon dataset far exceeds
previous story generation datasets in terms of the total number of
images, average length, and categories of characters included.

downloaded E-books, except for those with extraneous in-
formation, for example, the authorship page. We acquire the
corresponding text description with Whisper [39] from the
audio file, and for E-books that do not have corresponding
audio files, but with available storyline text, we use OCR
algorithms, to directly recognize the text on each page.

Visual-Language Alignment. As shown in Figure 3, for
each of the image, we can collect two types of text descrip-
tions, e.g., story-level narration, and descriptive captions.
This is based on our observation that there actually exists
a semantic gap between narrative storyline and descriptive
text, for example, the same image can be well described as
“The cat is isolated by others, sitting alone in front of a vil-
lage.” in the story, or “A black cat sits in front of a number
of houses.” as descriptive caption, therefore, directly fine-
tuning stable diffusion models with story narration may be
detrimental to its pre-trained text-image alignment. In prac-
tice, to get story-level paired image-text samples, we align
the subtitles with visual frames by using Dynamic Time
Warping (DTW) algorithm [34]. To get visual descriptions,
we use TextBind [23] to generate captions for each image,
with both the image and the corresponding narrative text
as inputs. At training time, this allows us to substitute the
original story with more accurate and descriptive captions.

Visual Frame Post-processing. In practice, we observe
that book pages and borders in images can potentially inter-
fere with our generative model by having story texts printed
on them. To tackle this, we use an OCR detector to identify
text regions in images and an image inpainting model [42]
to fill in the text and headshot regions, resulting in more
precise image-text pairs that are suitable for model training.

Discussion. After the three-step pipeline above, we obtain
our StorySalon dataset. As shown in Table 1, our dataset has
nearly 160K animation-style images in total with an average
length of 14 frames per story, which is conducive to build-
ing long-range semantic correspondence. Finally, we query
MiniGPT-4 [59] about the main character category of each
image in our dataset, like Dog and Cat, then count the cat-
egories and filter out those appear less than 3 times. Com-
pared with previous datasets with less than 10 characters,
our dataset comprises hundreds of character categories, and
even more character instances, which provides a data basis

5



顶会论文　<　545

Model FID ↓ CLIP-I ↑ CLIP-T ↑
GT - 1.0 0.2668

SDM 73.50 0.6155 0.3218
Prompt-SDM 67.35 0.6272 0.3225

Finetuned-SDM 42.01 0.6970 0.3005

StoryDALL·E 38.34 0.6823 0.2366
AR-LDM 39.55 0.6864 0.2614
StoryGen 33.90 0.7467 0.2875

Table 2. Comparison of automatic metrics
on StorySalon test set. Prompt-SDM denotes
Stable Diffusion model with cartoon-style-
directed prompts and Finetuned-SDM repre-
sents a Stable Diffusion model with all param-
eters fine-tuned on our StorySalon dataset.

Story Generation

Model Align. ↑ Style ↑ Cont. ↑ Char. ↑ Qual. ↑ Pref. ↑
GT 4.04 4.66 4.41 4.54 4.29 –

SDM 3.61 2.88 2.90 2.51 3.74 14.05%
Prompt-SDM 3.39 2.56 2.68 2.10 3.44 8.57%
StoryGen-S 3.50 2.73 2.81 2.21 3.19 10.24%
StoryGen 3.78 4.79 4.26 4.64 3.76 67.14%

Story Continuation

StoryDALL·E 1.18 1.55 1.20 1.14 1.19 0.63%
AR-LDM 2.47 2.82 2.40 1.87 2.54 2.50%
StoryGen 4.23 4.70 4.35 4.38 4.18 96.87%

Table 3. Comparison results of human evaluation. GT stands for ground truth
from the test set. StoryGen-S represents StoryGen without context conditions.
The abbreviated metrics are Text-image alignment, Style consistency, Content
consistency, Character consistency, image quality, and Preference, respectively.

for training open-ended visual storytelling models, showing
a significantly broader range of visual styles and character
appearances over existing datasets.

5. Experiments

In this section, we start by describing our experimental set-
tings, then compare with other models from three different
perspectives: image-text alignment, consistency and image
quality with subjective human evaluation and quantitative
metrics. Additionally, we present results for ablation exper-
iments to prove the effectiveness of our proposed modules.

5.1. Experimental Settings

Training Details. Our model is built on the stable diffusion
v1.5 model, and trained with a learning rate of 1 × 10−5

and a batch size of 256. We begin with a single-frame
self-attention pre-training stage, which involves 3,000 iter-
ations on 8 NVIDIA RTX3090. Next, we incorporate our
proposed vision-language context module, and train it for
5,000 iterations using a single preceding image-caption pair
as context condition, then continue to train it for another
5,000 iterations with multiple image-caption pairs for multi-
frame conditioning. To maintain our model’s unconditional
denoising ability for classifier-free guidance, we randomly
drop the current text and the context image-caption pairs
with a probability of 5% and 15%, respectively. During in-
ference, we utilize DDIM [46] with 40 steps of sampling
and select the guidance weight wv = 7.0 and wt = 3.5.
Baselines. We consider two scenarios of our proposed
open-ended storytelling task, namely, story generation and
story continuation. For story generation, we need the
model to be able to generate a complete visual story only
based on a given storyline. So we present a comparison with
Stable Diffusion Model (SDM) and Prompt-SDM, which
conditions on an additional cartoon-style-directed prompt
“A cartoon style image”. For story continuation, the first

frame or the main character is given, and the model is ex-
pected to generate coherent images based on the storyline.
In this scenario, we compare our model with two closed-set
story continuation models: namely, StoryDALL·E [31] and
AR-LDM [36] re-trained on our StorySalon dataset.
Automatic Metrics. To evaluate the quality of generated
image sequences, we adopt three widely-used metrics, in-
cluding Fréchet Inception Distance score (FID) [11], CLIP
image-image similarity (CLIP-I), and CLIP text-image sim-
ilarity (CLIP-T). Notably, in order to avoid the impact of
randomness in synthesis quality, we utilize a CLIP-based
scoring function trained exclusively on text-to-image gen-
erated images, namely, PickScore [20], to automatically se-
lect the generated images with better quality. Each chosen
image is selected from a pool of 10 candidates.

5.2. Quantitative Evaluation Results

We compare our StoryGen model with other baselines on
StorySalon test set, which contains 5% of total data (nearly
7K pairs). Each contains a current prompt and the image-
text context of the previous frame. The models are expected
to generate the current frame based on given conditions.

The quantitative results in Table 2 demonstrate that our
StoryGen model exhibits significant performance improve-
ment in terms of FID score and CLIP-I similarity compared
to existing models, while maintaining comparable CLIP-
T similarity. This confirms that our model can effectively
exploit contextual information, thus generating animation-
style visual stories based on the given storyline. Notably,
CLIP trained on natural images tends to have an under-
standing bias towards animation-style images, and the slight
decline in CLIP-T is an inevitable result of the conflict be-
tween text condition and newly introduced image condition.

5.3. Human Evaluation Results

Considering that the above metrics may not reflect the qual-
ity of the generated stories accurately, and there is no stan-
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Figure 4. Qualitative Comparison with other methods. The image sequences in orange, green, and blue boxes are generated by Prompt-
SDM, AR-LDM and StoryGen respectively. Our synthesis results exhibit impressive performance superiority in terms of style, content and
character consistency, text-image alignment, and image quality. Please refer to the Appendix for more qualitative results.

dardized metric for evaluating the consistency within the
visual story, we further include human evaluation for com-
parison of image-text alignment, image style, story consis-
tency, character consistency and synthesis quality.

For the two scenarios mentioned above, we respectively
conduct two types of human evaluation to assess the quality
of generated visual stories. To mitigate bias, participants are
unaware of the type of storybooks they are evaluating. Con-
cretely, we prompt GPT-4 to produce multiple storylines for
both test modes, and for story continuation, we search the
Internet for multiple characters that have never appeared in
our dataset. Then we utilize our StoryGen along with other
baselines to generate corresponding sequences of images.
Protocol-I. We randomly select an equal number of sam-
ples from the generated results of our StoryGen and other
baselines. Each time we randomly sample a visual story
from these sources, and participants are then invited to rate
the sample with a score ranging from 1 to 5, taking into ac-
count text-image alignment, style consistency, content con-

sistency, character consistency and image quality. Higher
scores indicate better samples. We also evaluate the same
number of samples from StorySalon test set as a reference.

Protocol-II. Each time we randomly sample a storyline and
its corresponding visual storybooks generated by StoryGen
and other methods. Participants are invited to select their
preferred generated result among these different image se-
quences of the same storyline.

Results. The results of human evaluation presented in Ta-
ble 3 illustrate that our StoryGen model demonstrates ex-
cellent performance in overall score, especially in terms of
consistency and quality. This indicates that our model can
generate coherent image sequences that are highly consis-
tent with given text prompts and visual-language contexts.

5.4. Qualitative Results

In Figure 4, we present visualization results of both open-
ended visual story generation and visual story continuation,
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Figure 5. Ablation studies on consistency. We incorporate our proposed Visual-Language Context Module into a pre-trained SDM, and
train it on MS-COCO [27] with other parameters frozen. The content consistency of single-object and multi-object generation on COCO
and real data has demonstrated the effectiveness of our module. Please refer to the Appendix for experiment details and quantitative results.

showing that our StoryGen can generate visual stories with
a broad vocabulary, while maintaining content coherence
and character consistency throughout the narrative, whereas
other methods fail to do so. Moreover, our model can sta-
bly maintain the animation style of generated images, which
satisfies the requirements of visual storytelling for children.
More results can be found in the supplementary material.

5.5. Ablation Studies

In order to demonstrate the effectiveness of our proposed
modules, we conduct ablation studies from both quantita-
tive metrics and qualitative visualization.
On Variants of StoryGen. We evaluate the performance of
multiple model variants on the StorySalon test set, includ-
ing (i) our model without the context module, marked as
StoryGen-Single, which solely fine-tunes the self-attention
layers on our dataset. (ii) our model with context features
encoded by the VAE of SDM as context condition, with-
out text-guided diffusion process, denoted as StoryGen-
VAE; (iii) our model with CLIP image embedding as con-
text condition (StoryGen-CLIP); (iv) our model with con-
text features extracted by BLIP image encoder (StoryGen-
BLIP); (v) our model with naive denoising features at
Large-scale diffusion Timestep, satisfying t′ = t, as con-
dition (StoryGen-LT); and (vi) our full model (StoryGen).
We also employ PickScore to filter generation results of all
these models. The findings presented in Table 4 illustrate
the inclusion of our context module can significantly im-
prove the model performance, in terms of CLIP-I and FID.
As for the slight inferiority in CLIP-T, we have claimed
above that this is due to the understanding bias towards
animation-style images for CLIP trained on natural images.
Qualitative Visualization. As mentioned above, consis-
tency is a crucial factor in visual story generation. We
hope to more intuitively demonstrate that our proposed con-
text module can accurately capture the image content of

Model FID ↓ CLIP-I ↑ CLIP-T ↑
StoryGen-Single 38.81 0.6869 0.3140
StoryGen-VAE 36.98 0.6846 0.3061
StoryGen-CLIP 36.66 0.6934 0.3140
StoryGen-BLIP 34.78 0.7026 0.2838

StoryGen-LT 36.41 0.7141 0.3025
StoryGen 33.90 0.7467 0.2875

Table 4. Ablation studies on Visual-Language Context Module.

the previous frame. To this end, we incorporate our con-
text module into SDM and train it from scratch on the MS-
COCO [27] with other parameters frozen. Specifically, we
crop the object and perform data augmentations such as
translation and rotation to use it as image condition. The
category of the cropped object is used as its corresponding
text, and the caption of the original image serves as the text
prompt. We expect the model to reconstruct the original
image relying on the conditions above, which enables the
context module to learn how to leverage the previous im-
age. As shown in Figure 5, our model can make full use of
the objects in the reference frame and generate new images
that are consistent with them, while SDM fails to do so. In
addition, this can also be transferred to any real-world ref-
erence image, which strongly illustrates the robustness and
capability of our context module to assist diffusion models
in generating images based on any given object.

6. Conclusion
In this paper, we consider an interesting, yet challenging
task, termed as open-ended visual storytelling, which in-
volves generating a sequence of images that tell a coher-
ent visual story based on the given storyline. Our proposed
learning-based StoryGen model can take input from the
preceding image-caption context along with the text prompt
to generate coherent image sequences in an auto-regressive

8



548　>　2024年美团技术年货

manner, i.e., without test-time optimization. On the data
side, we establish a data processing pipeline to collect a
large-scale dataset named StorySalon that comprises story-
books with diverse characters, storylines, and artistic styles
sourced from videos and E-books. Extensive human evalu-
ation and quantitative comparison have illustrated that our
proposed model substantially outperforms existing models,
from the perspective of image quality, content coherence,
character consistency, and visual-language alignment.
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A. Preliminaries on Diffusion Models
Diffusion models are a type of generative models that undergo a denoising process, converting input noise into meaningful
data samples. Diffusion models comprise a forward diffusion process that incorporates Gaussian noise into an image sample
x0, accomplished via a Markov process over T steps. If we denote the noisy image at step t as xt, the transition function
q(xt|xt−1) connecting xt−1 and xt can be expressed as follows:

q(xt|xt−1) = N (xt;
√

1− βtxt−1, βtI) q(x1:T |x0) =

T∏

t=1

q(xt|xt−1)

where βt ∈ (0, 1) is the variance schedule controlling the step size.
Using Gaussian distribution property and reparameterization, if we define αt = 1 − βt and ᾱt =

∏t
i=1 αi, we can write

the equation above as follows:

q(xt|x0) = N (xt;
√
ᾱtx0, (1− ᾱt)I)

Diffusion models also comprise a reverse diffusion process that learns to restore the initial image sample from noise. A
UNet-based model [43] is utilized in the diffusion model to learn the reverse diffusion process pθ. The process pθ can be
expressed using the following equation.

pθ(x0:T ) = p(xT )
T∏

t=1

pθ(xt−1|xt) pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t))

where µθ is the predicted Gaussian distribution mean value.
As we compute the loss function by taking the mean absolute error of the noise term εθ into account, we can express the

mean value µθ in terms of the noise term εθ as follows:

µθ(xt, t) =
1

√
αt

(
xt −

1− αt√
1− ᾱt

εθ(xt, t)
)

Therefore, the objective can be written as:

Lt = Et∼[1,T ],x0,εt

[
‖εt − εθ(xt, t)‖2

]

B. Further Architecture Details
In this section, we will provide a more comprehensive illustration about more design details of our model.

B.1. Parameter Sharing Strategy

Initially, we will discuss the strategy of parameter sharing between the standard diffusion UNet and our StoryGen. As
illustrated in Figure 2 of the main paper, the standard diffusion UNet is exploited in Preceding Feature Extraction to extract
diffusion context features, and StoryGen is utilized in Current Frame Generation to generate new frames with consistency
and coherence.

Specifically, the parameters of the corresponding attention layers are shared between the standard diffusion UNet and our
StoryGen, including self-attention layers and text cross-attention layers. In practise, the standard diffusion UNet here is a
modified version of our StoryGen, without the image cross-attention layers, and all other parameters are shared. This design
allows the UNet to extract contextual diffusion features within the same latent space as StoryGen.

B.2. Multi-frame Condition Strategy

As illustrated in Figure 2 and Section 3.2 of the main paper, when dealing with multiple preceding image-caption pairs,
we add more noise (corresponding to a larger diffusion timestep t′) to reference frames with longer temporal distances to
the current frame. Such design effectively serves two purposes, first, it is based on the observation that frames with longer
temporal distances will incur less effect on the generation of the current frame; second, the different noise level also serves
as positional encoding, allowing for the differentiation of temporal order, which enables us to directly concatenate these
diffusion context features.

Specifically, we use t to represent the diffusion timestep of the current image Îk, and use t′j to represent the diffusion
timestep of the preceding image-text pair (Îj , Tj). When generating image Îk, we use t′k−1 = t/10 for (Îk−1, Tk−1) pair,
t′k−2 = 2t/10 for (Îk−2, Tk−2) pair, and so on. In summary, the diffusion timestep t′k−i for (Îk−i, Tk−i) pair will follow a
t′k−i = i ∗ t/10 rule.
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Figure 6. Dataset Statistics Results. Left: Distribution of text-image pairs classified by the main character categories in our collected
StorySalon dataset. Right: The top 16 character categories and corresponding numbers in StorySalon, cover a wide range of character
types.

B.3. Two-stage Training Strategy

As illustrated in Section 3.3 of the main paper, we exploit a two-stage training strategy, including single-frame pre-training
and multiple-frame fine-tuning. In single-frame pre-training stage, we do not introduce additional image cross-attention
layers, and only train the self-attention layers in standard SDM [42] on our dataset. The goal of this stage is to train the
model for single-frame generation in the style of storybooks. In multiple-frame fine-tuning stage, we train the additional
image cross-attention layers in vision-language context module on our dataset, with all other parameters frozen. We first train
image cross-attention layers with a single preceding image-caption pair, and then continue with multiple image-caption pairs.
Consequently, StoryGen acquires the capability to condition on multiple preceding image-caption pairs and generate image
sequences in an auto-regressive manner. Throughout the entire two-stage training, the text cross-attention layers remain
frozen, preserving the vision-language alignment inherited from the pre-trained stable diffusion models.

C. Dataset Details

In Section C.1, we present additional details about the data sources of our StorySalon dataset. Subsequently, we show the
detailed statistics of our dataset in Section C.2.

C.1. Data Sources

Our StorySalon dataset mainly comprises of two components, e.g., online videos collected from YouTube, and open-source
E-books collected from six online libraries. For online videos, we download a large number of videos and corresponding
subtitles from YouTube, by querying keywords related to story-telling for children, for instance, storytime. For open-source
E-books, we collect E-books (partially with corresponding audios available) from six open-source online libraries which
are all registered under the Creative Commons 4.0 International Attribution (CC BY 4.0) license. These online libraries
have consistently dedicated themselves to assisting children in underdeveloped regions. We extend our appreciation for their
ongoing endeavors and contributions. Specifically, these open-source online libraries include:

• African Storybook. https://africanstorybook.org;

• Bloom Library. https://bloomlibrary.org/;

• Book Dash. https://bookdash.org/;

• Global Digital Library. https://digitallibrary.io/topic/library-books/;

• Room to Read. https://literacycloud.org/;

• Digital Library of Illustrated Storybooks. https://storyweaver.org.in/en.
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to generate an image. (b) In case of multiple image-text context pairs, the multiple features can be directly concatenated to serve as context
conditions.

C.2. Dataset Statistics

Our StorySalon dataset comprises a total of 11, 280 storybooks and 159, 778 text-image pairs, with approximately 160K
animation-style images, averaging 14 frames per narrative, as demonstrated in Table 1 of the main paper. We divide the
dataset into train and test sets following a 9 : 1 ratio. Both the video and E-book components are randomly split into train
and test sets according to this proportion.

To categorize the characters in storybooks, we use MiniGPT-4 [59] to infer the predominant character category in each
image of our dataset, such as Dog and Cat. Subsequently, we count these categories and exclude those occurring fewer than
three times. The distribution of these character categories is depicted in Figure 6. In contrast to preceding datasets featuring
fewer than ten characters, our dataset encompasses hundreds of character categories, with rich appearances. Consequently,
StorySalon offers the data foundation for training open-ended visual storytelling models.

D. Consistency Ablation on COCO

In Section D.1, we will give a brief illustration on further details about our qualitative consistency ablation experiment on
COCO [27]. Subsequently, in Section D.2, we will design a new quantitative ablation experiment on COCO, and present
additional results. Finally, in Section D.3, we will provide more visualization results of this consistency ablation on COCO.

D.1. Experiment Details

Motivation. This experiment serves as an ablation study, designed to show StoryGen’s ability in utilizing image conditions,
and preserving visual details. Specifically, at training time, we train StoryGen on images from COCO datasets, through a
self-supervised learning, by reconstructing the input image, with the image caption as text prompt, and cropped objects as
reference. At inference time, the model enables to directly generate images with cropped objects as reference.

Experiment Settings. Our experiments on COCO include two scenarios: conditional generation utilizing a single image-text
context pair, and alternatively, employing multiple image-text context pairs, as shown in Figure 7.

Training on single image-text context pair. In this case, we randomly select an image-text pair from the COCO dataset.
Initially, we extract all objects with their respective masks, collage them together, and then apply data augmentation, such as
translation and rotation to create a composite reference image. The categories of the extracted objects serve as the reference
text prompt candidates, while the captions of the initial image are employed as the text prompt candidates. If multiple can-
didates for the text prompt or reference text prompt exist, we will randomly choose one. We expect the model to reconstruct
the original image based on these conditions, which enables the context module to learn how to leverage the given reference
objects. We fine-tune our StoryGen on the train set of COCO2017 for 5, 000 iterations. We only fine-tune the additional
image cross-attention layers, and keep self-attention layers and text cross-attention layers frozen.

Training on multiple image-text context pairs. In this case, instead of collaging the objects from an image together, we

4
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individually apply data augmentation to these objects, thereby generating several reference images for a single image-text
pair. The categories of these objects are consistently selected as the corresponding reference text prompts. Note that, we
employ same diffusion noise scales across these multiple reference images, given that they lack a temporal sequence and
hold equal significance. Taking the model pre-trained for single image-text pair, we continue to fine-tune the image cross-
attention layers for another 5, 000 iterations, with all other parameters frozen.

D.2. Quantitative Results

To measure consistency, we compute the similarity between the generated image and reference image with a pre-trained
DINO [32] model. Specifically, we compare our StoryGen and variants with the original Stable Diffusion model on the
validation set of COCO2017. Notably, the only difference between original SDM and our StoryGen here, is that StoryGen is
augmented with additional image cross-attention layers trained on COCO train set, and all other parameters remain identical
between the models. Thus, we utilize StoryGen to synthesize the original images with the reference objects, reference text
prompts, and image captions, in both single and multiple image-text context pair scenarios; and we also exploit the original
SDM to generate images with the image captions of current frames. For every image in COCO validation set, ten candidate
images are generated. We use PickScore [20] to automatically identify those with better visual quality, then calculate the
average DINO feature similarity between the ground truth images and the generated images for both StoryGen and original
Stable Diffusion models.

The quantitative results in Table 5 demonstrate that our StoryGen model exhibits significant performance improvement in
terms of consistency between the generated image and given references. Both StoryGen and StoryGen (Multiple) outperform
the standard SDM. Moreover, compared to utilizing CLIP or BLIP features as visual conditions, our StoryGen model us-
ing diffusion-denoising features as condition demonstrates significant performance advantage, showing its effectiveness for
retaining visual details from the reference image.

Model SDM StoryGen-CLIP StoryGen-BLIP StoryGen StoryGen (Multiple)

Consistency Score ↑ 0.4804 0.5103 0.5475 0.7076 0.7317

Table 5. Quantitative results on measuring consistency. SDM stands for standard stable diffusion models. StoryGen-CLIP and StoryGen-
BLIP represent StoryGen with features extracted by CLIP and BLIP image encoder as context condition, as stated in our ablation study.
StoryGen and StoryGen (Multiple) stand for StoryGen in single image-text context pair scenario and multiple image-text context pairs
scenario, respectively. Consistency Score stands for the average DINO feature similarity, and the higher score yields better results.

D.3. Qualitative Results

We provide more visualization samples of our consistency ablation on COCO in this section. The results of StoryGen are
synthesized with the reference objects, reference text prompts, and image captions, in both single and multiple image-text
context pair scenarios. As the original SDM cannot utilize reference images to exploit contextual visual information, the
results of SDM are generated with the image captions only. The visualization results are all selected from the generated
samples on the validation set of COCO2017.

Single-pair COCO Visualization. The qualitative results of our StoryGen on COCO, in single image-text context pair
scenario, are depicted in Figure 9. Compared with the results of SDM, our model demonstrates obvious consistency in its
generation results. Despite SDM can generate images that satisfy the text prompts, i.e., good image-text alignment, the
generated images are unable to maintain consistency with the reference image.

Multi-pair COCO Visualization. The qualitative results of our StoryGen on COCO, in multiple image-text context pairs
scenario, are depicted in Figure 10. Despite multiple context pairs lead to more potential compositions, StoryGen is still
able to generate high-quality images with the given reference objects, maintaining strong object consistency and semantic
coherence, showing the ability of our architecture to exploit reference images for generation.

E. Broader Impacts
Our storytelling model also has some positive impacts on the industry of creation and education: The widespread application
of our visual storytelling model has the potential to inspire creators and artists to create a large number of visual storybooks
rich in basic knowledge, which will have a profound impact on children’s early education, as demonstrated by related work
in psychology. Our work draws inspiration from those open-source online libraries assisting children in underdeveloped
regions, can potentially assist artists in creating educational storybooks tailored to these young learners.
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F. Limitations
The principal constraint of our storytelling model lies in the selection of stable diffusion models as its foundational architec-
ture. Stable diffusion models are known to grapple with significant issues, notably the generation of images with inaccuracies
in limb counts (such as legs, arms, or fingers) and decreased quality in the synthesis of images with multiple objects. Re-
grettably, our storytelling model inherits these limitations from the stable diffusion model. We anticipate addressing these
shortcomings in future research endeavours by considering the adoption of more robust architectures, such as DALL-E 3,
SD-XL [37], or consistency models [47].

G. More Experiments
We will provide more quantitative evaluations and visualization samples of our open-ended visual storytelling in this section.

G.1. Analysis on multi-frame conditioning

We conduct the multi-frame condition experiments on a test subset with 5,400 samples. As shown in Table 6, we find that: (i)
Conditioning on previous frame is critical, (ii) the number of conditioning frames gives similar results. However, we do find
differences in qualitative results, so we use the 3 closest frames as conditions in auto-regressive generation. As for frames
with less than 3 previous frames, we use all previous frames instead.

0-frame 1-frame 2-frame 3-frame

FID ↓ 40.29 32.34 33.27 33.65
CLIP-I ↑ 0.6841 0.7368 0.7419 0.7435

Table 6. Comparison of multi-frame conditioning.

G.2. Multi-object conditioned Story Continuation

As illustrated in Figure 8, benefiting from our diverse StorySalon dataset and training strategy, our StoryGen model also
demonstrates excellent performance on multi-object story continuation.

G.3. Story Generation Visualization

We conduct a comparative analysis of results from StoryGen against those generated by SDM [42], Prompt-SDM [42], and
StoryGen-Single. As illustrated in Figure 11, Figure 12, and Figure 13, the story generation results of our proposed models
demonstrate significantly better consistency in style and character, as well as improved alignment between text and image.

While the results from SDM and Prompt-SDM are visually appealing, they exhibit a lack of stylistic and character con-
sistency. The results of StoryGen-Single also display inconsistency, which proves that our StoryGen effectively utilizes the
additional image condition to achieve consistency, rather than naive memorization.

G.4. Story Continuation Visualization

We undertake another comparative analysis between the results from StoryGen and those from StoryDALL-E [31] and AR-
LDM [36]. As depicted in Figure 14, Figure 15, and Figure 16, the story continuation results of our proposed models exhibit
superior proficiency in maintaining style and character consistency, achieving stronger alignment between story and image,
and enhancing image quality. Note that, all characters in the given reference image are unseen in our StorySalon datasets.
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Figure 8. Example of Multi-object Story Continuation.
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Augmented Object Stable DiffusionSource frame Ours

Single Object in COCO: Prompt = “Two baseball players are playing baseball on a field.”

Single Object in COCO: Prompt = “A big purple public bus called south tyne.”

Augmented Object Stable DiffusionSource frame Ours

Single Object in COCO: Prompt = “Two apple computers are on a desk.”

Single Object in COCO: Prompt = “A person is skiing on a snowy hill top.”

Single Object in COCO: Prompt = “Two men shake hands at a formal dinner gathering.”

Single Object in COCO: Prompt = “A large golden airplane is on the runway.”

Single Object in COCO: Prompt = “Stylish man with blurred background.”

Single Object in COCO: Prompt = “A man letting his baby pet a horse.”

Single Object in COCO: Prompt = “A living room with a couch and chair.”

Single Object in COCO: Prompt = “A small group of sheep standing next to a building.”

Single Object in COCO: Prompt = “The neatly made bed is beside an open window.”

Single Object in COCO: Prompt = “A four compartment tray holding various food.”

Single Object in COCO: Prompt = “The fire hydrant in the green grass is red.”

Single Object in COCO: Prompt = “A giraffe looking at the camera and making a face.”

Single Object in COCO: Prompt = “A person riding a motorcycle down a street.”

Single Object in COCO: Prompt = “A sheep standing on top of a rock. ”

Single Object in COCO: Prompt = “A man feeding pizza to a reluctant toddler.”

Single Object in COCO: Prompt = “A little boy sticking his hand in a bowl of water.”

Figure 9. Visualization results of StoryGen on COCO in single image-text context pair scenario.
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Objects #2 Stable DiffusionObjects #1 Ours

Multiple Objects in COCO: Prompt = “A living room with red walls and dark furniture.”

Multiple Objects in COCO: Prompt = “Many laptops and their wires atop a bench.”

Objects #2 Stable DiffusionObjects #1 Ours

Multiple Objects in COCO: Prompt = “Friendspose for a picture holding wine glasses.”

Multiple Objects in COCO: Prompt = “A man climbing on a toilet bowl in a closet.”

Multiple Objects in COCO: Prompt = “Two giraffes stand together near rocks.”

Multiple Objects in COCO: Prompt = “A meal of donuts and a beverage ahead a man.”

Multiple Objects in COCO: Prompt = “A computer, mouse and keyboard on a desk.”

Multiple Objects in COCO: Prompt = “A person riding horse jumps over a obstacle.”

Multiple Objects in COCO: Prompt = “A display of healthy vegetables on a stand .”

Multiple Objects in COCO: Prompt = “A store with a variety of toilets.”

Multiple Objects in COCO: Prompt = “Two Zebras grazing together in a grassy area.”

Multiple Objects in COCO: Prompt = “A couple of people sitting under an umbrella.”

Multiple Objects in COCO: Prompt = “A teddy bear in glasses listening to an iPod.”

Multiple Objects in COCO: Prompt = “A horse and a dog stand in a meadow.”

Multiple Objects in COCO: Prompt = “Two teddy bears wearing hats.”

Multiple Objects in COCO: Prompt = “A close up of a person holds up a plate of food.”

Multiple Objects in COCO: Prompt = “A boy and an elderly man taking a pony out.”

Multiple Objects in COCO: Prompt = “A cat that is sitting on a laptop.”

Figure 10. Visualization results of StoryGen on COCO in multiple image-text context pairs scenario.
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1 2 3 4 5 6
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(a) Open-ended story generation for: a story of a {black-haired boy}: (1) Once upon a time, in a charming village nestled among rolling hills, there lived a curious 
black-haired boy. His hair was as dark as a moonless night, and his bright eyes sparkled with a thirst for adventure. The boy was known throughout the village for his 
boundless curiosity and his unquenchable spirit. (2) Every morning, the boy would set out on grand adventures. He would explore the lush forests, climb the towering 
mountains, and wade through babbling brooks. His black hair would glisten with dew as he ventured deeper into the heart of nature, eager to discover its secrets. (3) 
One sunny afternoon, the boy stumbled upon a hidden glen bathed in golden sunlight. In the center of the glen stood a majestic oak tree, its branches heavy with ripe, 
red apples. The boy couldn't resist the temptation and climbed the tree to savor the sweetest apples he had ever tasted. (4) As the seasons changed, the boy's reputation 
for his adventurous spirit grew. He became the village's most beloved explorer, sharing tales of his journeys and the wonders he had encountered in the wilderness. (5) 
One chilly winter's night, when the village was blanketed in snow, the boy found a lost, shivering puppy. Without hesitation, he scooped up the tiny creature and 
nestled it in the warmth of his coat. From that day on, the boy and the puppy were inseparable companions, exploring the world together. (6) And so, the black-haired 
boy continued to live a life filled with adventure, and kindness, forever known for his dark hair, and the magic he brought to the village and the world beyond.
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(b) Open-ended story generation for: a story of a {red-haired girl}: (1) In a picturesque village nestled by a meandering river, there lived a spirited red-haired girl. Her
fiery locks flowed like molten lava, and her bright green eyes sparkled with curiosity. The girl was known throughout the village for her boundless energy and her 
insatiable appetite for adventure. (2) Every morning, the red-haired girl would set out on grand explorations. She would climb the tallest trees, leap across babbling 
streams, and chase butterflies through blooming meadows. Her red hair would catch the golden sunlight as she ventured deeper into the beauty of nature, eager to 
uncover its secrets. (3) One sunny afternoon, the girl stumbled upon a hidden grove, bathed in a warm, dappled light. In the center of the grove stood a magnificent 
cherry blossom tree, its branches laden with delicate pink blossoms. (4) As the seasons changed, the girl's reputation for her adventurous spirit grew. She became the 
village's most beloved explorer, sharing stories of her journeys and the wonders she had uncovered in the natural world. (5) One starry night, when the village was 
bathed in the soft glow of the moon, the girl made a discovery that would forever change her life. She found a small, injured bird with feathers as red as her hair. With 
gentle care, she nursed the bird back to health, and from that day on, they became inseparable companions, exploring the world together. (6) And so, the red-haired girl 
continued to live a life filled with curiosity, and compassion, forever known for her fiery hair, and the magic she brought to the village and the world beyond.

Figure 11. Visualization results of Story Generation. The images in orange, red, pink, and blue boxes are generated by SDM, Prompt-
SDM, StoryGen-Single, StoryGen, respectively.
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(a) Open-ended story generation for: a story of a {black girl}: (1) Once upon a time, in a vibrant forest brimming with emerald leaves and silver streams, there lived 
a young black girl with hair as curly as the ferns and a smile as bright as the sun. She wore a dress spun from the purple petals of the wildflowers that grew in 
abundance around her tiny, ivy-covered cottage. (2) Every morning, the girl would step outside, her basket in hand, to gather the most colorful fruits the forest had to 
offer. She loved the way the morning dew made the world look like it was sprinkled with diamonds, and she'd often dance, twirling amidst the shimmering mist. (3) 
One afternoon, while exploring deeper into the forest, she discovered a clear, tranquil pond that mirrored the sky so perfectly it seemed as if it held the clouds and the 
sun within its depths. Here, she would sit and daydream, tossing pebbles to create ripples that carried her thoughts to the stars. (4) As the seasons changed, so did the 
forest, and the girl witnessed the leaves painting themselves in oranges and reds. She collected these leaves, pressing them into a book, creating a mosaic of memories, 
each leaf a reminder of the day's joy and wonder. (5) When winter whispered in, the girl found beauty in the silence of the forest covered in snow. She built sculptures 
of snow, each one more fantastical than the last, giving life to the winter's quiet. (6) Spring brought a chorus of blooms, and the girl, now with a crown of flowers in 
her hair, joined in the celebration, planting seeds that she had gathered, ensuring the cycle of growth and beauty continued. (7) The girl grew, and with each passing 
year, she learned the secrets of the trees, the whispers of the wind, and the dance of the seasons. In harmony with the forest, she became its guardian, a symbol of the 
enduring dance of life.
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(b) Open-ended story generation for: a story of a {black wolf}: (1) In the depths of a snowy wilderness, there was a solitary black wolf whose coat shimmered against 
the stark white of the frozen landscape. The wolf had a majestic presence, with eyes that glinted like the first stars of the evening sky. His powerful paws left a trail of 
footprints as the only evidence of his passage through the thick blanket of snow. (2) Each day, the black wolf would climb to the peak of a great mountain, letting out a 
deep, resounding howl that echoed through the valleys. The sound would carry for miles, a song of strength and solitude that resonated with the whispering pines and 
the crisp, winter air. (3) With the arrival of spring, the black wolf watched as the snow melted, revealing a carpet of wildflowers. He roamed through the blossoming 
terrain, his black fur juxtaposed against the riot of colors, a guardian of the waking world. (4) Summer brought with it an abundance of life, and the black wolf would 
spend his nights chasing the golden orb of the moon, racing through forests where the fireflies lit his path, a living embodiment of the night's spirit. (5) When autumn 
arrived, the wolf found joy in the crunch of the leaves beneath his paws. The forest was a cascade of oranges, reds, and yellows, and he moved through it like a 
shadow, part of the tapestry of the changing seasons. (6) The wolf, now older and wiser, took to resting by a tranquil lake during the quiet afternoons, reflecting on the 
cycles of nature. The calm waters mirrored his noble figure and the fiery sunsets, a scene of perfect peace and solitude. (7) As years passed, the black wolf became a 
legend of the wilderness, a solitary figure that moved with the grace of the seasons. His story was written in the earth, a tale of harmony with the world, a spirit both 
wild and free.

Figure 12. Visualization results of Story Generation. The images in orange, red, pink, and blue boxes are generated by SDM, Prompt-
SDM, StoryGen-Single, StoryGen, respectively.
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(a) Open-ended story generation for: a story of a {princess}: (1) Once upon a time, in a land ruled by the rhythm of seasons, there lived a beautiful princess who was  
in love with the stars. Her castle was adorned with towers that reached towards the heavens, and every night, she would climb to the highest balcony to converse with 
the twinkling dots scattered across the night sky. (2) One evening, as a shooting star sliced through the darkness, the princess made a wish. She longed to visit the stars 
and dance among them, to learn their ancient secrets and to see the world from their eternal vantage point. (3) The next morning, the princess discovered a mysterious, 
silvery seed had fallen from the sky and landed in her royal garden. She planted the seed in the earth, watering it with water from the enchanted spring that ran through 
the castle grounds. (4) To the princess’s wonder, the seed grew rapidly, unfurling into a magnificent vine with leaves that shimmered like stars and flowers that glowed 
with the luminescence of the moon. The vine spiraled up one of the castle towers, beckoning the princess to climb. (5) With her heart pounding with excitement, the 
princess began to ascend the vine. As she climbed higher, the air grew thinner, and the sky seemed to embrace her. The vine ended at the threshold of the stars. (6) The 
princess stepped off the vine and found herself walking on a path of stardust. Each step she took was lighter than the last, and she danced among the stars, just as she 
had wished. They whispered to her in the language of light, sharing stories of distant worlds and the dance of the cosmos. (7) As dawn approached, the princess knew it 
was time to return to her own world. She glided back down the stardust path, down the vine, and stepped onto her balcony as the first rays of sunlight kissed the  
horizon. Her heart was full of starlight, and her eyes shone with the reflection of her night among the stars. 
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(b) Open-ended story generation for: a story of a {prince}: (1) Once upon a time, in a kingdom draped in emerald valleys and crystal lakes, there lived a young prince 
who was fascinated by the secrets of nature. The prince spent his days wandering the expansive gardens of the palace. He was particularly enchanted by a single 
rosebush that grew at the edge of the garden. (2) One day, as the prince watched the rosebush, he noticed that it began to wilt despite his careful attention. Worried, he 
consulted the ancient library in his castle, scouring old texts and botany books for a cure. He learned of a rare water source, hidden deep in the forest, whose waters 
were said to rejuvenate any plant. (3) Determined to save his cherished rosebush, the prince set out alone into the forest. He traversed through thickets and over streams,
guided by the chirps of birds and the rustling of leaves. His journey was long, and the forest seemed to whisper secrets as he passed. (4) Finally, after several days, he 
arrived at a glade where the sunlight shimmered down like warm gold. There, at the center, was a spring that sparkled with water so clear it looked like liquid diamonds.
The prince filled his flask with the water, feeling its coolness and vitality. (5) On his way back to the castle, the prince encountered a variety of creatures. A wise owl 
nodded at him from a tree branch, a family of rabbits watched curiously from the bushes, and a graceful deer bowed its head as he passed. The prince realized he was 
not alone in his quest; the forest itself was guiding and protecting him. (6) Upon his return, the prince immediately watered the ailing rosebush with the magical spring 
water. Overnight, the rosebush regained its vigor, its petals unfolding with colors so vivid and fragrant that they seemed to glow in the moonlight.  (7) The prince's 
dedication to his rosebush became a legend in the kingdom. He went on to create the most magnificent garden, filled with plants and flowers from all over the world, 
each thriving under his care. The prince became known not just as a ruler, but as a guardian of nature, with a garden that was a testament to his love for all living things.

Figure 13. Visualization results of Story Generation. The images in orange, red, purple, and blue boxes are generated by SDM, Prompt-
SDM, StoryGen-Single, StoryGen, respectively.
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Reference Image

BrownHairedGirl

(a) Open-ended story continuation for: a story of a {a brown-haired girl}: (1) Once upon a time, in a village where the night sky always shimmered with stars, there lived a brown-
haired girl known for her enchanting hats. She wore a unique hat every day, each adorned with symbols of dreams and hopes, like flowers and stars. This girl had a special gift; she 
could weave the essence of the night sky into her hats, making them glow with a soft, comforting light. (2) One evening, as the crescent moon hung low, the girl decided to craft a hat 
that would capture the beauty of the night forever. She worked under the starlight, her fingers dancing with threads that glimmered like constellations. She poured her joy and the 
whispers of the night wind into her creation, a hat that seemed to hold the entire galaxy within its folds. (3) When she placed the hat upon her head, the village was bathed in a celestial 
glow. The villagers looked out from their homes in awe, as gentle light cascaded down the cobblestone streets. They felt peace and wonder, and the night seemed less dark, less fearful, 
as if the girl's hat had captured the heart of the night itself. (4) The girl realized that her gift was more than just crafting hats; she could bring hope to her people. She began to wander 
the streets each night, her hat glowing ever so brightly, a beacon for those who were lost or in need of comfort. She didn't need words; her presence was enough to lift spirits. (5) As 
the seasons changed, so did her hats. The girl and her hats became a symbol of the village's identity, a reminder that beauty and magic could be found in the simplest of things. (6) 
Years passed, and the girl grew older, but her legacy remained timeless. The hats she had crafted were passed down through generations, each one a treasured heirloom that continued 
to glow with a piece of the night. (7) And so, the brown-haired girl with her magical hats lived on in the hearts of the people, a legend woven into the fabric of the village. They would 
look up at the stars and remember the girl who walked with the night, who showed them that even in darkness, there is light to be found.
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Reference Image

RedHairedMan

(b) Open-ended story continuation for: a story of a {a red-haired man}: (1) In a land where colors held magic, there lived a red-haired man who was the guardian of the Flame of 
Creation. His hair, the color of burning embers, was a symbol of the fire that he protected — a fire that had the power to ignite inspiration and passion in the hearts of the people. (2) 
Despite the grandeur of his task, the red-haired man felt a growing sense of solitude. His life was an endless cycle of tending to the flame. He longed to see the world beyond his hall, 
to witness the wonders his flame brought to life. Yet, he dared not leave, for the flame required constant care, and there was no one else to shoulder the burden. (3) One evening, as 
shadows danced along the walls of his hall, the red-haired man noticed that the flame flickered unusually. It whispered to him of a possibility he had never considered. The flame could 
divide, sharing a spark that could be carried out into the world without letting the original fire die. (4) With a mixture of trepidation and excitement, the red-haired man fashioned a 
lantern from the hall’s curtains and an old chair. He captured the wayward spark in the lantern, ensuring that the main flame continued to burn strong. Now he held a piece of the 
Flame of Creation, a portable spark that would allow him to venture into the world. (5) As the red-haired man stepped outside, the lantern’s glow seemed to brighten the world in hues 
he had only imagined. Wherever he walked, life sprang forth: flowers bloomed, trees bore fruit, and the night sky shimmered with new stars. (6) In time, the red-haired man realized 
that while the flame’s magic was powerful, it was the actions of the people that truly created change.  The man's solitude was replaced by a sense of connection to the world, fulfilled 
by the knowledge that the flame’s inspiration was at the heart of all creativity. (7) The guardian of the Flame of Creation returned to his hall, understanding now that his duty was not 
only to protect the flame but also to share its gift. He would continue to venture out into the world, carrying the spark that brought dreams to life. 

Figure 14. Visualization results of Story Continuation. The images in gray, green, and blue boxes are generated by StoryDALL-E,
AR-LDM, StoryGen, respectively.
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Reference Image

WhiteCat

(a) Open-ended story continuation for: a story of a {a white cat}: (1) Once upon a time, in a cozy little house bathed in sunshine, there lived a small white cat with big, bright eyes 
that sparkled like gems. Every morning, the cat would find a sunbeam streaming through the window, jump onto the sill, and bask in the golden glow, feeling the warmth on its soft 
fur. (2) One afternoon, while the cat was lounging in its favorite spot, a gentle breeze carried in the sweet scent of flowers from the garden. The cat, curious and playful, leapt off the 
sill and followed the fragrance, finding itself in the midst of a colorful flower bed, with petals dancing in the wind. (3) In the garden, the cat discovered a little fountain, its water 
sparkling in the sunlight. With a paw, the cat gently tapped the surface, causing ripples to spread across the water. Fascinated, the cat watched the ripples, feeling as if the water was 
playing a game with it. (4) As the day turned to dusk, and the sky painted itself in hues of orange and pink, the cat climbed atop a wooden fence, gazing at the setting sun. There, it sat, 
silhouette outlined against the sky, feeling the cool evening breeze ruffling its fur. (5) When the stars began to twinkle in the night sky, the white cat returned inside, finding a cozy 
spot in front of the fireplace. The flickering flames cast warm, dancing shadows, and the cat curled up, closing its eyes, the warmth lulling it into a peaceful sleep. (6) Throughout the 
night, in its dreams, the cat journeyed to fantastical places, flying among the clouds and walking on the moon, each dream more vivid and wondrous than the last, until the soft rays of 
dawn signaled a new day. (7) And so the days went by, with the little white cat finding joy in the simplest things: a ray of sunshine, the scent of flowers, the playfulness of water, the 
serenity of sunsets, the warmth of fire, and the boundless adventures found in dreams.
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Reference Image

WhiteDog

(b) Open-ended story continuation for: a story of a {a white dog}: (1) Once upon a time in a colorful world, there was a small white dog with playful spots over its fur. This curious 
little dog loved to explore every corner of its bright and cheerful home. It would scamper around with boundless energy, its tongue lolling out in a happy pant, and its tail wagging like 
a fluffy pendulum. (2) One sunny morning, the white dog found a mysterious blue butterfly fluttering near the window. It was unlike any butterfly it had seen before. The dog tilted its 
head, eyes wide with wonder, and decided to follow the butterfly wherever it might lead. With a joyful bounce, the dog leapt towards the fluttering creature, embarking on a new 
adventure. (3) The butterfly led the dog through the garden where flowers bloomed in every shade imaginable. The dog marveled at the sights, sniffing the fragrant air filled with the 
scent of fresh blooms. It chased the butterfly around the garden, over the green grass, under the flowering bushes, and around the stone path. (4) As they journeyed together, the white 
dog and the butterfly came across a clear, bubbling stream. The dog had never seen water so clear, and it watched in amazement as the sunlight danced upon the water's surface. 
Feeling adventurous, the dog dipped its paws into the cool stream, sending ripples across the water. (5) Suddenly, the butterfly soared up high, with the white dog gazing after it. The 
dog noticed a rainbow arching across the sky, its colors reflecting the vibrant world below. The dog felt a surge of joy and decided to race along the stream, as if it were racing the 
colors of the rainbow. (6) The day turned to evening, and the sky painted itself with the hues of sunset. The white dog found itself on a hill, watching the sun dip below the horizon. 
The butterfly landed gently on the dog's nose, as if to say goodbye. The dog sat peacefully, feeling grateful for the day's journey and the beauty it had seen. (7) As the stars began to 
twinkle in the night sky, the white dog returned home, its heart full of the day's wonders. It curled up in its cozy bed, dreaming of the gardens, the stream, the rainbow, and the 
butterfly. The white dog knew that tomorrow was another day for adventure, but for now, it rested, wrapped in the warmth of its memories.

Figure 15. Visualization results of Story Continuation. The images in gray, green, and blue boxes are generated by StoryDALL-E,
AR-LDM, StoryGen, respectively.
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Reference Image

GirlinBlack

(a) Open-ended story continuation for: a story of a {a girl in black}: (1) In a realm where winter reigned eternal, the girl in the black coat walked alone, her presence the only warmth 
in the icy world. She was the Whisperer of the Wind, a gentle spirit who could speak to the cold breezes and soothe their icy fury. (2) Each morning, as the sun struggled to pierce the 
wintry gloom, she would climb the highest hill and listen to the stories the wind told. Tales of distant lands, of sun-soaked shores, and of children playing under the warmth of a softer 
sun. (3) One day, the wind spoke of a coming storm, a tempest that could bury her world in snow and silence forever. The Whisperer knew she had to calm the storm's heart, or 
springtime's hope would never return to her frozen home. (4) With courage in her step, she walked into the heart of the storm, her black coat fluttering like a banner of night. She 
spoke to the blizzard, her voice a melody that rivaled the storm's howl, a plea for peace and tranquility. (5) The storm, taken aback by the girl's bravery and the sweetness of her voice, 
began to lessen its wrath. Snowflakes slowed their dance, and the icy gales held their breath, listening to the Whisperer's song. (6) As the storm's heart calmed, the snow ceased, and 
the winds carried the girl's song across the land. Wherever her voice reached, ice melted, revealing the first glimpses of the soil beneath—a promise of the spring to come. (7) The girl 
in the black coat became the legend of the winter world, the one who conversed with the wind and turned the fiercest of storms into a peaceful slumber. And though she wandered 
alone, her song of warmth and the hope of spring lived on in the hearts of all those who yearned for the thaw.
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Reference Image

GirlinKimono

(b) Open-ended story continuation for: a story of a {a girl in kimono}: (1) In the heart of a dense bamboo forest, there stood a solitary shrine, its red torii gate a stark contrast against 
the sea of green. It was here that the girl in the white kimono found solace and purpose. She was the shrine's keeper, tasked with ensuring that the balance between the human realm 
and the spirits was maintained. (2) Each morning, with the first light of dawn casting a soft glow over the land, the girl would sweep the shrine's grounds with a handmade broom, her 
white kimono glimmering in the sun's gentle rays. She took great care in her work, for she knew that cleanliness was a gesture of respect to the spirits.  (3) It was during the night of 
the full moon that the girl's responsibilities took on a magical turn. The air would thrum with energy, and the border between worlds grew thin. On these nights, the girl would perform 
a sacred dance, a ritual to honor the spirits and ensure their goodwill towards the villagers. (4) With each precise step and wave of her sleeve, the girl's dance would draw luminescent 
orbs from the moonlit sky, each one a spirit coming to witness her devotion. The orbs hovered around her, pulsating with the serene energy of the unseen world. (5) As the dance 
reached its crescendo, the spirits would begin to swirl around the girl, creating a vortex of otherworldly light. The girl's connection to the spirits was strongest at this moment, and she 
would whisper her wishes for the village's safety and prosperity. (6) When the dance ended and the first light of dawn approached, the spirits would depart, leaving behind a trail of 
sparkling dew on the bamboo leaves. This dew was said to have healing properties, and the girl would collect it carefully, a gift from the spirits to the villagers.  (7) The villagers rarely 
saw the mysterious events that took place at the shrine, but they felt the peace and prosperity that the girl's rituals brought to their lives. The girl in the white kimono remained ever 
vigilant, a silent guardian whose dance with the spirits kept their world in harmony.

Figure 16. Visualization results of Story Continuation. The images in gray, green, and blue boxes are generated by StoryDALL-E,
AR-LDM, StoryGen, respectively.

14
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G.5. Failure Case Visualization

Figure 17 presents some instances where StoryGen did not perform optimally. These failure cases primarily stem from the
inherent limitations of SDM. Figures (a), (b), and (c) illustrate occurrences where StoryGen is prone to generating images
with limb count inaccuracies, such as incorrect numbers of legs. Figures (d) and (e) show scenarios where the generation of
multiple objects results in each object being of subpar quality. Figures (e), (f), and (g) depict instances of StoryGen producing
low-quality human faces. Regarding Figure (h), despite the visual prompt being ”A black wolf walking through a forest with
autumn leaves falling”, the generated image erroneously includes snowfall, due to the winter setting of the reference image.
This discrepancy arises from the conflict between the image and text conditions.

(a) (b) (c) (d) (e) (f) (g) (h)

Figure 17. Some failure cases of StoryGen.

15
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Abstract
Instruction Fine-tuning (IFT) is a crucial phase
in building large language models (LLMs). Pre-
vious works mainly focus on the IFT’s role in
the transfer of behavioral norms and the learn-
ing of additional world knowledge. However,
the understanding of the underlying mecha-
nisms of IFT remains significantly limited. In
this paper, we design a knowledge intervention
framework to decouple the potential underly-
ing factors of IFT, thereby enabling individual
analysis of different factors. Surprisingly, our
experiments reveal that attempting to learn ad-
ditional world knowledge through IFT often
struggles to yield positive impacts and can even
lead to markedly negative effects. Further, we
discover that maintaining internal knowledge
consistency before and after IFT is a critical
factor for achieving successful IFT. Our find-
ings reveal the underlying mechanisms of IFT
and provide robust support for some very re-
cent and potential future works. We release
our experimental dataset and codes to facilitate
future work 1.

1 Introduction

The advent and evolution of large language mod-
els (LLMs) have marked a significant milestone in
natural language processing (NLP) (Brown et al.,
2020; Touvron et al., 2023b,a). As one of the
core steps in the construction of LLMs, instruction
fine-tuning (IFT) employs supervised instruction-
response pairs to fine-tune LLMs, thereby facil-
itating the transformation of LLM from a con-
tinuous writing model to a question-answering
agent (Chung et al., 2024; Iyer et al., 2022; Jang
et al., 2023).

∗ Work was partially done during Ren’s internship at
Meituan.

†Corresponding Author
1https://github.com/renmengjie7/Self-Aligning
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Figure 1: Two potential mechanisms for instruction fine-
tuning. 1) Learning, which injects world knowledge
in IFT data into LLMs; 2) Self-aligning, which aligns
queries with knowledge already in LLMs with similar
behavioral norms. Elements with the same color are
related.

Despite the crucial role of IFT in the construc-
tion of LLMs, there is a significant lack of in-depth
research on the mechanisms by which IFT operates.
In traditional machine learning, supervised learning
aims to fit models to specific tasks and data distri-
butions (Goodfellow et al., 2016; Bishop, 2006),
whereas the impact of IFT on LLMs is markedly
different. As shown in Figure 1, on one hand, one
of the most apparent effects of IFT is its ability to
align the output of LLMs more closely with the
latent behavioral norms contained within the IFT
data, thereby enabling more effective parameter
knowledge expression (Zhou et al., 2024; Chen
et al., 2023a). On the other hand, many existing
studies (Li et al., 2023; Cui et al., 2023; Chen et al.,
2023b) aim to facilitate domain-specific adapta-
tion of LLMs through IFT, by injecting the world
knowledge contained in IFT data into LLMs.

Unfortunately, both the transfer of behavioral
norms and the enhancement of domain knowledge
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are closely coupled with the corpus applied in
IFT, rendering the analysis of IFT’s true effects
exceedingly challenging. Due to the interconnec-
tion of these two effects, it is challenging to dis-
cern whether the benefits derived are due to the
promotion of more effective expression of parame-
ter knowledge or the injection of additional world
knowledge. The coupling between the above two
factors, along with a lack of in-depth analysis of
the IFT’s mechanism, hampers our comprehension
of the effectiveness of IFT. This limitation hinders
our ability to develop robust strategies for IFT data
construction, model training, and model evaluation
due to insufficient theoretical support. Therefore,
a thorough and comprehensive analysis of the un-
derlying core factors that drive the effectiveness of
IFT is crucial for achieving more effective IFT.

To this end, this paper designs a knowledge in-
tervention framework for analyzing the underlying
mechanisms of IFT. The main idea of our frame-
work is to control the consistency between the
knowledge in IFT data and the existing parame-
ter knowledge of LLM, in order to decouple the
injection of domain knowledge from the transfer
of behavioral norms during IFT. This allows for a
separate analysis of the roles of these two crucial
factors. Specifically, we first employ in-context
learning (ICL) (Dong et al., 2022; Brown et al.,
2020) to probe the internal parameter knowledge
of LLMs. Building on this, we intervene in the
composition of existing parameter knowledge and
the newly introduced world knowledge within IFT
data and then observe the differences in model be-
havior after IFT using different intervention groups.
Based on the framework, we conduct an in-depth
analysis to answer the following two critical re-
search questions (RQ):

• RQ1: How does the world knowledge within
IFT data affect LLMs?

• RQ2: What is the underlying cause of the
above impact?

For RQ1, we initially discover that significant
discrepancies between the world knowledge con-
tained in IFT data and the existing parameter knowl-
edge within LLM can substantially undermine the
model’s abilities. Performance derived from a set
of IFT data that contains incorrect world knowl-
edge but aligns with the model’s parameter knowl-
edge is significantly better than that from a set con-
taining correct world knowledge but inconsistent

with the model’s internal parameter knowledge. To
dive into this phenomenon, we explicitly supply
LLMs with the world knowledge necessary for an-
swering the instruction, integrated into the context.
This strategy allows the model to focus on trans-
forming the output behavioral norms instead of
jointly learning the inconsistent world knowledge.
We discover that the detrimental effects caused by
the inconsistency between parameter knowledge
and world knowledge can be significantly mitigated
by explicitly providing such self-contained IFT
data points. These two findings indicate that at-
tempting to introduce world knowledge through
IFT that is inconsistent with the model’s parame-
ter knowledge can severely undermine the model,
which suggests that the injection of world knowl-
edge does not lie at the center of a successful IFT.

For RQ2, we further analyze the model perfor-
mance under varying degrees of consistency be-
tween the knowledge contained in IFT data and the
parameter knowledge in the original LLM. We find
that while the consistency between the two has a
significant impact on model performance, a higher
degree of consistency does not necessarily correlate
with better model performance. However, our fur-
ther research reveals a strong correlation between
the model’s ultimate performance after IFT and
the consistency of the model’s internal knowledge
before and after IFT. That is to say, for the model
after IFT, if its responses are more consistent with
the responses produced by the original model from
in-context learning probing, then the performance
of the model after IFT is also better. The validity
of the finding is independent of whether the test
data belongs to the same domain as the training
data, and is also unrelated to the original perfor-
mance of the base LLM. This implies that the phe-
nomenon is solely influenced by the consistency of
the knowledge before and after IFT. Furthermore,
we discover that using IFT data that is either too
consistent or too inconsistent with the original pa-
rameter knowledge can lead to a divergence in the
model’s internal knowledge before and after IFT,
thereby resulting in a decline in performance.

Our experiments reveal the fundamental role of
IFT in the construction of LLMs. Essentially, IFT
is not a supervised, domain-specific learning pro-
cess, but a process of self-aligning instruction with
existing internal knowledge of LLMs that can be
obtained through few-shot in-context learning prob-
ing. Our findings not only provide robust theo-
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retical support for the very recently emerged re-
search on self-alignment (Sun et al., 2024) and
super-alignment (Burns et al., 2023), etc., but also
shed light on the future direction of data construc-
tion, model training, and model evaluation for IFT.

2 Related Work

By observing output token distribution shift of mod-
els before and after IFT, Lin et al. (2024) found that
most shifts occur with stylistic tokens, strongly sup-
porting the superficial alignment hypothesis (Zhou
et al., 2024), false promise (Gudibande et al., 2023)
and related works on IFT data construction (Chen
et al., 2023a; Shen, 2024) and proxy-guided decod-
ing (Liu et al., 2024). While providing intuitive
insights, they fall short of providing a comprehen-
sive analysis of IFT’s underlying mechanisms.

Meanwhile, recent efforts have focused on
achieving automated alignment, such as self-
instruction-tuning (Sun et al., 2024; Guo et al.,
2024), self-rewarding (Yuan et al., 2024) and super-
alignment (Burns et al., 2023). Despite repeated
validations of their effectiveness, there remains lim-
ited understanding of their success.

3 Knowledge Intervention Framework

During the process of IFT, the potential transfer of
behavioral norms and the injection of world knowl-
edge are coupled together. Consequently, prior
research on IFT has struggled to distinguish the
relative effects of these two. To further investi-
gate the underlying mechanisms of IFT, this paper
designs a knowledge intervention framework to de-
couple these two factors. The main idea behind our
framework is to control the association between
knowledge in IFT data and the existing parameter
knowledge in LLM, thereby managing the degree
of potential world knowledge that would be in-
jected during IFT. Through this, we can decouple
the injection of world knowledge and the transfer of
behavioral norms, by observing the effects of IFT
at varying degrees of world knowledge injection.

Specifically, we select four multi-choice datasets
from different domains. For each question in each
dataset, we employ in-context learning to probe the
internal parameter knowledge for each base LLM.
Then, we construct multiple instruction datasets by
adjusting the consistency of the knowledge within
IFT data and model parameter knowledge for each
base model. Finally, we analyze the underlying
impact of different degrees of world knowledge

injection on IFT by fine-tuning LLMs under differ-
ent settings and examining their performance on
the homogeneous, in-domain, and out-of-domain
test sets. In the following, we will introduce our
knowledge intervention framework in detail.

3.1 Domain IFT Corpus Setup

In order to facilitate more efficient knowledge con-
sistency identification and IFT evaluation, we se-
lect all IFT corpus in the form of multiple choice
from four domains: medicine, history, engineering,
and jurisprudence. For medicine, we craft a dataset
with 20,000 training, 2,206 testing, and 10 develop-
ment instances by filtering MedMCQA (Pal et al.,
2022) for entries with explanations and one correct
answer, and then applying random sampling. For
the other three domains, we procure the relevant
items from Xiezhi Benchmark (Gu et al., 2024) and
held 10 for development and 250 for test 2.

To make a comprehensive evaluation, for each
domain’s IFT, we construct three types of test sets:
1) homogeneous test set (HOMO), which is held
out from the same multiple-choice dataset of the
domain; 2) in-domain test set (ID), including
data from MMLU (Hendrycks et al., 2021) that
belong to the domain; 3) an out-of-domain test
set (OOD), comprising instances in MMLU that
are from distinct domains. By observing the accu-
racy performance differences across the three types
of test sets, we aim to examine the impact of IFT on
various scenarios. Please refer to the Appendix A
for more details about our data processing.

3.2 Parameter Knowledge Probing via
Few-shot In-context Learning

Our knowledge intervention framework relies on
effectively detecting the parameter knowledge of
pre-trained LLMs. To this end, this paper leverages
few-shot in-context learning (Dong et al., 2022;
Brown et al., 2020), which is a widely-used ap-
proach for probing the abilities and internal knowl-
edge of pre-trained LLMs (Zhang et al., 2023; Wan
et al., 2024), to identify the parameter knowledge of
our base LLMs. Specifically, we utilize in-context
learning to probe the base model’s response to each
data item in domain multi-choice dataset and regard
the response as the model’s parameter knowledge
for this question.

2The availability of multiple-choice datasets tailored to
specific domains is extremely limited. Consequently, from
this benchmark, we select the three domains with the largest
volume of data.
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3.3 Construction of Instruction Data

Upon probing the internal knowledge of pre-trained
LLMs, we build instances based on the consistency
between world knowledge contained within the
domain data and parameter knowledge, thereby
constructing different IFT datasets. Specifically,
for each domain and base model, we construct IFT
data under three settings, including:

• Harmonious setting, which consists of data
where the embedded world knowledge is con-
sistent with model parameter knowledge. This
means the pre-trained LLM can answer cor-
rectly under in-context learning. In the learn-
ing process under this setting, the model only
needs to transfer behavioral norms, without
the need to acquire additional world knowl-
edge due to the above consistency.

• Incompatible setting, which comprises in-
stances where the pre-trained LLM cannot
correctly answer under in-context learning.
Due to the complete inconsistency, the model
needs to learn both the behavioral norms and
the world knowledge during its training phase.

• Self-aligning setting, which consists of data
in which the queries are exactly the same as
those in the incompatible set, but we modify
the answers corresponding to each query to
match the pre-trained LLM’s internal knowl-
edge. Therefore, under this setting, all re-
sponses are incorrect, and the model will not
learn any additional world knowledge.

To ensure a fair comparison, we maintain the same
size across the three groups of data. Meanwhile, to
prevent the potential collapse during model training
due to the exclusive use of multiple-choice ques-
tions, we generate an explanation for the answer
and incorporate an equal proportion of general in-
struction data sampled from alpaca-gpt4-en (Peng
et al., 2023), thereby ensuring a more stable and
real IFT.

3.4 Experiment Setup

Base Model We use LLaMA-2-7B, LLaMA-2-
13B, LLaMA-2-70B (Touvron et al., 2023b), and
Mistral-7B (Jiang et al., 2023) as the base models
of our experiments.

Training Details We only calculate loss on out-
puts, setting epoch to 3, learning rate to 2e−5 and

batch size to 256. For Mistral-7B, we set learning
rate to 1e−5 3. We use DeepSpeed ZeRO3 (Rasley
et al., 2020) for LLaMA-2-70B and FSDP (Zhao
et al., 2023) for the other three. All experiments
are implemented on Nvidia A100-80GB GPUs.

4 Exp-I: Does Learning Domain-specific
World Knowledge Matter for IFT?

In our first group of experiments, we would like
to examine how the additional world knowledge
in the IFT corpus affects LLMs. To this end, we
conduct experiments under three settings including
harmonious, incompatible, and self-aligning. By
observing the performance discrepancies among
these settings, we analyze the effects of injecting
world knowledge into the IFT.

Finding 1. When encompassing correct world
knowledge, IFT data congruent with model param-
eter knowledge can lead to superior IFT outcomes.

To show this, we compare the experimental re-
sults under two settings: harmonious and incom-
patible. Note that the datasets of both two settings
contain correct world knowledge, meaning each
query-response pair aligns with correct knowledge.
Therefore, the core distinction between these two
settings lies in whether the entailed world knowl-
edge is consistent with the parameter knowledge of
the LLM. Specifically, training in the harmonious
setting only requires learning behavioral norms
without the need for learning any additional knowl-
edge, while training in the incompatible setting
requires learning both.

Table 1 reveals that models fine-tuned under the
harmonious setting outperform those fine-tuned un-
der the incompatible setting across homogeneous,
in-domain, and out-of-domain evaluations4. Specif-
ically, the harmonious setting yields mean per-
formance gains of 11.27%, 14.58%, and 14.57%
over the incompatible setting for homogeneous, in-
domain, and out-of-domain tests, respectively. The
results indicate that utilizing IFT data, which is con-
sistent with model parameter knowledge and does
not inject any additional domain-specific world
knowledge, yields superior fine-tuned models. This

3Training loss of Mistral-7B using learning rate 2e−5 does
not converge and even spikes.

4Regarding the evaluations of HOMO, ID, and OOD: The
homogeneous, in-domain, and out-of-domain evaluations for
each domain cover different subsets and the level of difficulty
varies across these subsets. Therefore, the absolute perfor-
mance differences between HOMO, ID, and OOD are not
directly comparable.
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Eval Medicine History Engineering Jurisprudence

HAR INC SELF HAR INC SELF HAR INC SELF HAR INC SELF

LLaMA-2-7B

HOMO 40.2211.77↑ 28.45 37.00 8.55↑ 38.80 9.20↑ 29.60 33.60 4.00↑ 48.4016.00↑ 32.40 32.80 0.40↑ 37.60 3.60↑ 34.00 33.20 0.80↓
ID 39.82 2.56↑ 37.26 41.46 4.20↑ 54.3023.22↑ 31.08 46.0214.94↑ 42.0711.04↑ 31.03 26.21 4.82↓ 38.86 3.16↑ 35.70 36.34 0.64↑
OOD 39.97 3.22↑ 36.75 40.94 4.19↑ 39.64 8.95↑ 30.69 37.22 6.53↑ 40.3812.12↑ 28.26 29.17 0.91↑ 38.49 3.93↑ 34.56 34.88 0.32↑

LLaMA-2-13B

HOMO 40.83 4.78↑ 36.05 34.41 1.64↓ 48.4016.00↑ 32.40 43.6011.20↑ 58.0020.80↑ 37.20 55.2018.00↑ 44.0011.60↑ 32.40 37.60 5.20↑
ID 55.4320.37↑ 35.06 52.1317.07↑ 68.2822.15↑ 46.13 64.0917.96↑ 45.5215.86↑ 29.66 40.0010.34↑ 54.7716.22↑ 38.55 52.7714.22↑
OOD 54.2118.44↑ 35.77 50.9815.21↑ 51.3013.32↑ 37.98 49.0611.08↑ 52.1516.21↑ 35.94 51.1215.18↑ 50.8311.57↑ 39.26 48.27 9.01↑

LLaMA-2-70B

HOMO 47.95 5.41↑ 42.54 46.03 3.49↑ 59.2017.20↑ 42.00 51.60 9.60↑ 62.40 7.20↑ 55.20 57.60 2.40↑ 55.20 7.60↑ 47.60 51.60 4.00↑
ID 65.37 3.97↑ 61.40 63.11 1.71↑ 82.3711.08↑ 71.29 81.2910.00↑ 55.1715.86↑ 39.31 54.4815.17↑ 67.69 5.48↑ 62.21 67.52 5.31↑
OOD 65.34 4.99↑ 60.35 63.93 3.58↑ 63.63 5.69↑ 57.94 63.54 5.60↑ 65.62 6.41↑ 59.21 64.75 5.54↑ 61.90 4.87↑ 57.03 61.45 4.42↑

Mistral-7B

HOMO 49.8015.12↑ 34.68 35.02 0.34↑ 46.8013.60↑ 33.20 40.80 7.60↑ 59.6011.20↑ 48.40 55.20 6.80↑ 48.00 9.20↑ 38.80 43.60 4.80↑
ID 58.1716.40↑ 41.77 51.8310.06↑ 67.7438.39↑ 29.35 50.1120.76↑ 44.8313.80↑ 31.03 42.0711.04↑ 55.2113.78↑ 41.43 49.38 7.95↑
OOD 54.4814.01↑ 40.47 47.81 7.34↑ 53.0720.09↑ 32.98 45.0712.09↑ 50.49 8.60↑ 41.89 44.51 2.62↑ 52.4211.49↑ 40.93 48.88 7.95↑

Table 1: The performance of the four base LLMs after fine-tuning under harmonious (HAR), incompatible (INC), and
self-aligning (SELF) settings. For each domain and base model, models fine-tuned on the harmonious dataset and
on the self-aligning dataset achieve superior performance compared to those fine-tuned on the incompatible dataset,
across all scenarios including homogeneous (HOMO), in-domain (ID), and out-of-domain (OOD) evaluations. The
best/second-best performance for each domain and base model in each evaluation is highlighted in bold/underline.
The arrows indicate the differences compared to the incompatible setting.

conclusion holds true across homogeneous, in-
domain, and out-of-domain evaluations.

Finding 2. Using IFT data that aligns with model
parameter knowledge yet is erroneous yields better
performance than employing those that are correct
but incongruent with model parameter knowledge.

To further investigate the impact of learning
domain-specific world knowledge on IFT, we con-
duct a more direct comparative experiment between
the self-aligning and incompatible settings. For
each domain and pre-trained LLM, the two settings’
datasets use identical queries that the model can-
not answer correctly under in-context learning and
have different responses: the incompatible dataset’s
responses are correct, reflecting world knowledge,
while the self-aligning dataset’s responses repre-
sent model parameter knowledge, are incorrect.

Table 1 compares results under the self-aligning
and incompatible settings. Surprisingly, despite the
self-aligning dataset containing only incorrect an-
swers, models fine-tuned on it significantly outper-
form those using the incompatible dataset, which
requires learning inconsistent world knowledge.
The performance difference is notable, with the
former achieving an average increase of 5.25%,
9.78%, and 6.97% in homogeneous, in-domain,
and out-of-domain evaluations, respectively.

This finding emphatically indicates that inject-
ing additional domain knowledge through IFT also

fails to bring effective improvements to LLMs even
in homogeneous and in-domain evaluations. Con-
versely, maintaining consistency with model param-
eter knowledge, that is, without injecting any addi-
tional world knowledge through the self-aligning
setting, can yield superior results. Moreover, this
advantage holds true across all evaluations, as well
as different model sizes and architectures.

The above results demonstrate a significant de-
cline of performance in models fine-tuned using
data that contain correct world knowledge but con-
flict with model parameter knowledge, compared
to using consistent IFT data aligned with param-
eter knowledge. This suggests that introducing
additional world knowledge through IFT, in cases
where it is inconsistent with the parameter knowl-
edge, may not yield the benefits we anticipate.
Therefore, the core role of IFT may lie in facili-
tating the transfer of behavioral norms, rather than
injecting additional domain-specific world knowl-
edge. To further validate this conclusion, in the
next section, we design a novel method to decouple
the conflict knowledge contained in IFT data and
present further analysis of this issue.

5 Exp-II: IFT with Contextualized
Knowledge

In this section, we introduce a new analysis method
called contextualized knowledge decoupling to fur-
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Model IFT HOMO ID OOD Overall

LLaMA-2-7B
Vanilla 31.11 33.77 32.56 32.48
Contextualized 37.62 43.70 40.61 40.65

LLaMA-2-13B
Vanilla 34.51 37.35 37.24 36.37
Contextualized 41.47 49.48 46.59 45.84

Mistral-7B
Vanilla 38.77 35.90 39.07 37.91
Contextualized 37.22 43.47 44.99 41.89

Average
Vanilla 34.80 35.67 36.29 35.59
Contextual 38.77 45.55 44.06 42.79

Table 2: The performance comparison between models
fine-tuned with vanilla IFT and models fine-tuned with
contextualized IFT respectively.

ther investigate the impact of inconsistent knowl-
edge during IFT. This approach involves explicitly
providing relevant world knowledge needed to an-
swer a query within the context of the query itself.
Under this paradigm, the model no longer needs to
learn knowledge during IFT, but only needs to use
the knowledge in the context to answer in the ex-
pected behavioral norm. This method helps prevent
the model from learning additional world knowl-
edge during IFT, which is inconsistent with parame-
ter knowledge, thus separating knowledge injection
from behavioral norm transfer.

To this end, we start with the data of the in-
compatible setting to construct a dataset with con-
textualized knowledge. Specifically, given an
instruction-answer pair in the incompatible group,
we employ GPT-3.55 to generate the world knowl-
edge that is required to answer the instruction. The
knowledge is then concatenated with the original
instruction, as well as the answer, to construct an
augmented pair. Finally, we use the constructed
data to fine-tune LLMs and compare them with the
models fine-tuned with vanilla IFT.

Finding 3. Ensuring that the model does not
learn world knowledge conflicting with parameter
knowledge during IFT enhances the effectiveness
of IFT.

Table 2 shows the results of contextualized
knowledge decoupling in three base models 6.
From the table, it can be observed that fine-tuning
the model with data using explicit contextualized
knowledge significantly mitigates the adverse ef-
fects caused by inconsistencies between parameter
knowledge and world knowledge in IFT data. Com-
pared to vanilla IFT using incompatible data, our

5https://openai.com/
6In this experimental setting, "vanilla" is equivalent to

"incompatible" group.

method achieves an average improvement of 8.16%
on LLaMA-2-7B, 9.48% on LLaMA-2-13B, and
3.98% on Mistral-7B. Except in rare cases, IFT
using data with contextualized knowledge can sig-
nificantly improve the effect of IFT in the incompat-
ible setting across homogeneous, in-domain, and
out-of-domain evaluations.

The results indicate that we should not force the
model to learn additional inconsistent knowledge
when the world knowledge in IFT data is incon-
sistent with model parameter knowledge. Instead,
by decoupling knowledge learning and the trans-
fer of behavioral norms, the problems caused by
the above knowledge conflicts can be effectively
alleviated. This further verifies our observation in
Section 4 that additional world knowledge injec-
tion may be ineffective or even harmful for IFT.
During IFT, the model should focus on transferring
the behavioral norms relying on the existing param-
eter knowledge and the regularity in the IFT data,
rather than learning additional world knowledge.
Therefore, for RQ1, we conclude:

Conclusion 1. For IFT, there is little, if not even
causing additional damage, benefits from the learn-
ing of world knowledge incongruent with parame-
ter knowledge.

6 Exp-III: Is Consistency All You Need?

The above findings appear to suggest a conclusion:
For better transfer of behavioral norms, we should
employ IFT data that completely aligns with model
parameter knowledge without any additional world
knowledge. To substantiate this hypothesis, we
design a new set of experiments.

Specifically, by adjusting the proportion of sam-
ples derived from the incompatible and the self-
aligning group, we aim to adjust the ratios of con-
sistency between the world knowledge in the IFT
data and model parameter knowledge, thereby ob-
serving the variations in IFT outcomes under dif-
ferent consistency ratios.

Finding 4. Employing IFT data that is fully con-
sistent with model parameter knowledge does not
necessarily result in optimal performance.

Figure 4 displays the results on three base mod-
els under different consistency ratios across four
domains. From the figure, we can see that: 1)
The performance of the incompatible group (i.e.,
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Figure 2: The performance of Mistral-7B fine-tuned
with instruction datasets of varying consistency ratios.
Each dataset is composed of a mixture of incompatible
and self-aligning data, and the consistency ratio repre-
sents the proportion of self-aligning samples. Note that
a consistency ratio of 0 signifies that all data samples are
incompatible, whereas a ratio of 1 indicates exclusively
self-aligning data. The results of other base models are
presented in the Appendix C due to page limitations.

ratio=0) is indeed poor, which aligns with our pre-
vious conclusion; 2) Conversely, relying solely on
IFT data that completely aligns with the model’s
parameter knowledge (i.e., ratio=1) fails to ensure
superior performance across a broad range of sce-
narios; 3) Optimal performance is most frequently
achieved through a balanced integration of incom-
patible and self-aligning data. The ideal proportion
of this combination varies across different base
models and domains.

The observations suggest that while there is a
significant impact of the consistency between the
knowledge within the IFT data and the parame-
ter knowledge of the original model on the perfor-
mance of the fine-tuned model, this consistency is
not the fundamental factor influencing IFT perfor-
mance. Therefore, a deeper exploration into the
mechanisms underlying knowledge consistency is
essential to identify the true determinants of IFT’s
effectiveness.

7 Exp-IV: Rethinking Consistency: What
Really Matters for IFT?

To further explore the underlying mechanisms of
IFT, we analyze the knowledge discrepancies of
different base LLMs before and after IFT on vari-

Model HOMO ID OOD

r p-value r p-value r p-value

Mistral-7B 0.78 0.00 0.81 0.00 0.82 0.00
LLaMA-2-7B 0.27 0.14 0.19 0.30 0.21 0.24
LLaMA-2-13B 0.56 0.00 0.78 0.00 0.87 0.00

All 0.43 0.00 0.57 0.00 0.48 0.00

Table 3: The Spearman partial correlation analysis be-
tween the model performance after fine-tuning, and the
knowledge consistency between base model and fine-
tuned model. The analysis is controlled with the base
model’s performance on each test set. r and p-value
denote partial correlation coefficient and significance re-
spectively. For LLaMA-2-13B and Mistral-7B, p-values
significantly lower than 0.05 indicates a high level of
confidence.

ous evaluation data to observe the extent of internal
knowledge alternation triggered by IFT. Specifi-
cally, for each sample within the test data, we ini-
tially compute the Pearson correlation coefficient
between the ranking of the original model’s predic-
tions on choices through in-context learning prob-
ing, and those provided by the fine-tuned model.
Building upon this, we calculate the average Pear-
son correlation coefficient across each test set and
subsequently compare it with the performance on
the same test set of the fine-tuned model. Through
this experimental analysis, we aim to observe how
the knowledge changes induced by IFT affect the
ultimate effect of IFT.

To this end, we employ a partial correlation as-
sessment (Spearman, 1961) to analyze the afore-
mentioned Pearson correlation and model perfor-
mance. Specifically, we utilize a total of 96 models,
which include 72 models from Exp-III, in addi-
tion to models fine-tuned with consistency ratios
of 0.05 and 0.1, conducting tests on homogeneous,
in-domain, and out-of-domain data. To eliminate
the potential influence of the base model’s perfor-
mance on the correlation analysis, ensuring that the
results only reflect the differences brought about
by varying IFT data, we treat the base model’s
performance as a control variable. By employing
partial correlation assessment under the constraint
of removing this control variable’s influence, we
analyze the correlation between the Pearson corre-
lation coefficients of model predictions’ rankings
before and after IFT and their ultimate performance.
Please refer to the Appendix D for more details
about our analysis.
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Figure 3: The regression analysis between the model performance after fine-tuning, and the knowledge consistency
between base model and fine-tuned model. We show the results of Mistral-7B in three evaluations. The grouped
linear regression demonstrate the positive correlations between the model performance after IFT and model internal
knowledge consistency before and after IFT. Points in the same regression line indicate the results of the same base
model fine-tuned with different IFT data of the same domain on the same test set (HOMO, ID, or OOD).

Finding 5. The consistency of internal knowledge
within a model before and after IFT is the key factor
affecting the performance of the fine-tuned model.

Figure 3 presents the results of grouped regres-
sion analysis conducted on Mistral-7b. Table 3 dis-
plays the correlation coefficients and significance
for the partial correlation analysis across different
base models and different evaluations. From the
aforementioned figure and table, a significant trend
can be observed, namely that the correlation of pre-
dictions made by models before and after IFT on
a given evaluation has a substantial impact on the
final performance of the fine-tuned models on that
evaluation. It is noteworthy that this phenomenon
holds true across homogeneous, in-domain, and
out-of-domain evaluations. This implies that even
for homogeneous and in-domain test sets, which
are within the same field as the IFT data, the in-
jection of additional world knowledge and the al-
teration of internal parameter knowledge through
IFT do not contribute to enhancing the final perfor-
mance of the models. Instead, maintaining consis-
tency in the knowledge of models before and after
IFT significantly positively influences the perfor-
mance of the fine-tuned models.

To further investigate whether this finding is the
underlying mechanism responsible for Finding 4,
we explore the impact of different consistency data
on the correlation of model knowledge before and
after IFT in Exp-III. We analyze the probability
distribution of model outputs under different IFT
data conditions. Table 4 presents the related ex-
perimental results, which reveal that: IFT using
data containing world knowledge completely in-

Model Best Self-aligning Incompatible

Mistral-7B 0.24 0.34 0.37
LLaMA-2-7B 0.16 0.93 0.51
LLaMA-2-13B 0.18 0.68 0.34

Table 4: KL divergence between the prediction distribu-
tion of fine-tuned model under zero-shot setting and the
prediction distribution of base model using in-context
learning probing. "Best" denotes the model that exhibits
the best average performance across three evaluations.

consistent with the parameter knowledge evidently
leads to a divergence in the internal knowledge
of the fine-tuned model from that of the original
model, thereby impairing the performance of the
fine-tuned model. Furthermore, IFT using data
containing world knowledge completely consistent
with the parameter knowledge also may result in a
divergence in the knowledge distribution between
the original and fine-tuned models. Specifically,
fine-tuning with only consistent IFT data may steer
the model towards an sharp knowledge distribution,
whereas the original model’s parameter knowledge
exists as a relatively smooth distribution. Con-
versely, using a middle setting that mixes incom-
patible and self-aligning data allows the optimiza-
tion process to maintain model parameter knowl-
edge unchanged while preserving the distribution’s
smoothness, thereby enabling the fine-tuned model
outputs to more closely resemble those of the origi-
nal model, ultimately yielding better performance.

The experimental results mentioned above
demonstrate that the key to the performance of
fine-tuned models lies in the consistency of model
parameter knowledge before and after IFT. In fact,
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the core mechanism underlying the superior perfor-
mance observed in both Finding 1 and Finding 2
for the IFT data is attributed to the maintenance of
consistency in model knowledge before and after
IFT. Therefore, for RQ2 raised above, we conclude:

Conclusion 2. The essence of an effective IFT
lies in maintaining the consistency of model param-
eter knowledge before and after IFT.

8 Conclusion and Discussion

Our experiments and conclusions indicate that the
core function of IFT is not to learn domain-specific
world knowledge. Instead, learning world knowl-
edge that is inconsistent with model parameter
knowledge actually undermines the performance
of the model in all evaluations from homogeneous,
in-domain to out-of-domain. Furthermore, we
discover that the consistency of model parameter
knowledge before and after IFT (i.e., the knowl-
edge probed through in-context learning before IFT
and the knowledge exhibited under zero-shot set-
ting after IFT) plays a crucial role in determining
the ultimate performance of the fine-tuned model.
These two findings unveil a fundamental mecha-
nism of IFT, that is, IFT is not a supervised, domain-
specific knowledge learning process, but a process
of self-aligning instruction with the already exist-
ing parameter knowledge of LLMs. Therefore, the
ultimate determinant of IFT effect is not the extent
of domain knowledge injection, but rather whether
the IFT process can facilitate more effective self-
aligning, thereby enhancing the expression of the
model’s parameter knowledge under the zero-shot
question-answering paradigm after IFT.

Our discovery not only provides guidance for
future IFT data construction, model training, and
model evaluation but also provide robust support
for some very recent studies. For instance, super-
alignment (Burns et al., 2023) aims to use a weak
model to guide a strong model’s alignment. Our
conclusion proves that it is entirely possible to use a
weak model with less knowledge to guide a strong,
more knowledgeable model for IFT. Our conclu-
sions elucidate the viable underlying factors for
self-instruction-tuning (Sun et al., 2024; Guo et al.,
2024), self-rewarding (Yuan et al., 2024) and con-
sistent alignment (Wan et al., 2024) and provide
a solid foundation for the future development of
these studies.

Limitations

In order to facilitate probing model parameter
knowledge, we currently focus on multiple-choice
questions. In the future, we plan to extend our
framework to free-style generation. Besides, due
to hardware limitations, the vast majority of exper-
iments are conducted on models with about 10B
parameters, we only explore 70B models in sev-
eral experiments. Repeating our study on larger
models in more domains will contribute to a deeper
understanding of the IFT for larger models.
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A Data Construction

A.1 Train
As mentioned in Section 3, we collect four multi-choice question datasets from different domains:
medicine, history, engineering, and jurisprudence. The quantity and split of the dataset for each domain
are detailed in Table 5.

Domain Dev Test Train

Medicine 10 1462 20000
History 10 250 8605
Jurisprudence 10 250 6510
Engineering 10 250 4805

Table 5: The number of instances in the development, test, and train sets for each domain.

For each item in each train set, we employ five demonstrations from the corresponding dev set for
in-context learning to assess the parameter knowledge of each base model. The probing prompt is shown
in Table 6.

The following are multiple choice questions about <domain>. Please choose the correct answer.

5-shot
<question1>
<question1 options>
Answer:<question1 answer>

<demo2>
.
.
.
<demo5>

<question>
<question options>
Answer:

Table 6: Prompt design based on Yang et al. (2023) for probing model parameter knowledge.

Because model’s responses are influenced by the selection and order of demonstrations in in-context
learning (Gao et al., 2023; Min et al., 2022), we regard responses with a confidence level exceeding 0.5 as
reflective of the model’s parameter knowledge to ensure the reliability of identification. For every domain
and base model combination, we establish train datasets on the three different settings as described in
Section 3. We report the amount of training data for each combination in Table 7. We employ the prompt
in Table 8 for constructing instruction-response pairs.

Model Engineering History Jurisprudence Medicine

LLaMA-2-7B 738 996 1033 2507
LLaMA-2-13B 668 1236 676 1782
LLaMA-2-70B 712 1072 1002 2518
Mistral-7B 534 838 639 1400

Table 7: The number of train sets for each domain and base model combination.

For <explanation> in the prompt, if the answer is consistent with the model’s parameter knowledge but
incorrect, we employ prompt in Table 9 for prompting the base model to generate explanations for its
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# Input
The following are multiple choice questions about domain. Please choose the correct answer.

<question>
<question options>

# Output
<answer>
Explanation: <explanation>

Table 8: Format of instruction-response pair for Vanilla IFT.

choice; if the answer is correct, we directly use the explanation in MedMCQA for medicine and employ
prompt in Table 10 for prompting GPT3.5 to generate explanations for the golden answer for the other
three domains.

For stable and real IFT, we incorporate an equal proportion of general instruction data sampled from
alpaca-gpt4-en (Peng et al., 2023) which is identical for each domain and base model combination. We
use vicuna-v1.5 (Zheng et al., 2024) format to train models.

A.2 Test

To compare the performance across three settings for each domain and base model combination, we
devise three evaluation types: homogeneous, in-domain, and out-of-domain tests. The first evaluation
involves a holdout from the same multi-choice question set, while the subsequent two, in-domain and
out-of-domain, are derived from MMLU’s splits. The specific details of the splits for each domain are
detailed in Table 11.

B Details about Contextualized IFT

In Section 5, we use the prompt in Table 12 to employ GPT-3.5 to provide the knowledge required for the
inconsistent IFT data. For contextualized IFT, we employ the prompt in Table 13 for building instruction-
response pairs to train models. Note we do not provide the knowledge required for the instruction during
the testing phase.

C Performance of Models Fine-tuned in Different Consistency Ratios

In Exp-III, due to page limitations, we only report the performance of Mistral-7B fine-tuned with
instruction datasets of varying consistency ratios. In Figure 4, we supplement the results of the other two
base LLMs: LLaMA-2-7B and LLaMA-2-13B.

D Details about Spearman Partial Correlation Analysis

Partial correlation measures the degree of association between two variables (here, the model performance
after IFT and the knowledge consistency between the base model and fine-tuned model) while controlling
the effect of one or more additional variables (the accuracy on the same test set of the base model in our
case).

To calculate the Spearman partial correlation between the model performance after IFT and the
knowledge consistency between the base model and fine-tuned model, we first calculate the knowledge
consistency, measured by the correlation coefficient of model prediction ranking before and after IFT
using the following formula.

pr =
1

n

|Dtest|∑

i=1

pearson(sort(mbase, qi, ci), sort(mtuned, qi, ci))
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# Instruction

Below is a list of conversations between a human and an AI assistant (you).
Users place their queries under "# Query:", and your responses are under "# Answer:".
You are a helpful, respectful, and honest assistant. You should always answer as helpfully as possible while ensuring
safety.
Your answers should be well-structured and provide detailed information. They should also have an engaging tone.
Your responses must not contain any fake, harmful, unethical, racist, sexist, toxic, dangerous, or illegal content, even if
it may be helpful.
Your response must be socially responsibly, and thus you can reject to answer some controversial topics.

# Query:
```Can you tell me some common types of renewable energy sources? ```
# Answer:
```
Absolutely, below are some of the most common types of renewable energy sources:

1. Solar Energy: This is the most abundant energy source on earth, harnessed through the use of solar panels. These
panels convert sunlight into electricity without any moving parts, noise, pollution, or damage to the environment.
2. Wind Energy: Wind turbines convert the kinetic energy in the wind into mechanical power. This mechanical power
can be used for specific tasks (such as pumping water) or converted into electricity to power homes, businesses, and
schools.
3. Hydropower: Generated by using electricity generators to capture the energy from falling or fast-moving water. This
renewable source can come from various ways, including a large dam on a river, tidal or wave energy from the ocean, or
using small scale turbines in streams.
4. Geothermal Energy: This type of energy is generated from the heat deep within the Earth. This heat can be used
directly for heating buildings or to generate electricity. It is continuously produced inside the Earth and is nearly as
reliable as the tides.
5. Biomass Energy: Biomass is organic material that comes from plants and animals, and it contains stored energy from
the sun. This energy can be burned directly or converted into biofuel which can burn more efficiently.

Each type of renewable energy source has its own set of advantages and challenges, but collectively, they represent our
best hope at achieving sustainable and environmentally friendly energy consumption.
```

# Query:
```
Below is a multiple-choice question and the answer. Please give the explanation.
Question: <question>
Choices: <question options>
Answer: <answer>
```

# Answer:

Table 9: Prompt design based on URIAL (Lin et al., 2024) for employing base model to generate explanations for
its predicted answer.

The following is a multi choice question about <domain>.

<question>
<choice>

The answer is "<answer>". Please explain why.

Table 10: Prompt design for employing GPT-3.5 to generate explanations for the golden answer.

where qi and ci represent the i-th question and its corresponding set of candidate choices. The terms
mbase and mtuned denote the base model and its fine-tuned model, respectively. Dtest represents any test set
like HOMO, ID, or OOD. |Dtest| denotes the size of the test set. The ‘sort‘ function ranks the candidate
choices based on the predicted probability distribution from the input model. pr reflects the average
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Domain In-domain Subcategories

Engineering ["electrical_engineering"]

History ["high_school_european_history", "high_school_us_history",
"high_school_world_history", "prehistory"]

Jurisprudence ["econometrics", "high_school_geography", "high_school_government_and_politics",
"high_school_macroeconomics", "high_school_microeconomics",
"high_school_psychology", "human_sexuality", "international_law",
"jurisprudence", "professional_law", "sociology", "public_relations",
"professional_psychology", "security_studies", "us_foreign_policy"]

Medicine ["anatomy", "clinical_knowledge", "college_medicine", "human_aging",
"medical_genetics", "nutrition", "professional_medicine", "virology"]

Table 11: In-domain and out-of-domain split of MMLU subcategories for our four experimental domains. The
out-of-domain subcategories comprise the remaining subcategories not included in the in-domain classification.

Given a multi-choice question and the answer, please write a short piece of evidence to support it so that a layman who
has read the evidence you give can answer the question correctly.
If your response contains words "listed", "option" or "choice" like "among the listed/given options’, you will be penalized.

Question:
<question>
<question options>

Answer:
<answer>

Evidence:

Table 12: Prompt design for employing GPT-3.5 to generate the knowledge required for the instruction.

# Input
The following are multiple choice questions about <domain>. Given the context. Please choose the correct answer.

<context>
<question>
<question options>

# Output
<answer>

Table 13: Format of instruction-response pair for our contextualized IFT.

Pearson correlation coefficient between the rankings predicted by the base model and the fine-tuned model
of each question.

For each base model, its every fine-tuned model, and each test set, we calculate the corresponding above
pr and organize them along with the corresponding accuracy on the same test set of the base model and
fine-tuned model to three lists, denoted as prs, pbase and ptuned. Then we compute the Spearman partial
correlation. The formulas are:

e(prs) = prs − ˆprs(pbase)

e(ptuned) = ptuned − ˆptuned(pbase)

r, p-value = spearman(e(prs), e(ptuned))

Here, ˆprs(pbase) and ˆptuned(pbase) present the estimated value of prs and ptuned predicted based on
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(a) LLaMA-2-7B (b) LLaMA-2-13B

Figure 4: The performance of LLaMA-2-13B and LLaMA-2-7B fine-tuned with instruction datasets of varying
consistency ratios. Each dataset is composed of a mixture of incompatible and self-aligning data, and the consistency
ratio represents the proportion of self-aligning samples.

pbase, respectively. The residuals of prs and ptuned relative to pbase are denoted as e(prs) and e(ptuned),
respectively. We finally calculate Spearman’s correlation coefficient and the corresponding p-values
between the residuals, denoted as r and p-value.

In this way, we can find the direct relationship between the model performance after IFT, and the
knowledge consistency between the base model and fine-tuned model by removing the influence of base
model performance that affects them both.
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Abstract

In recent years, text-image joint pre-training techniques
have shown promising results in various tasks. However, in
Optical Character Recognition (OCR) tasks, aligning text
instances with their corresponding text regions in images
poses a challenge, as it requires effective alignment between
text and OCR-Text (referring to the text in images as OCR-
Text to distinguish from the text in natural language) rather
than a holistic understanding of the overall image content.
In this paper, we propose a new pre-training method called
OCR-Text Destylization Modeling (ODM) that transfers di-
verse styles of text found in images to a uniform style based
on the text prompt. With ODM, we achieve better alignment
between text and OCR-Text and enable pre-trained models
to adapt to the complex and diverse styles of scene text de-
tection and spotting tasks. Additionally, we have designed a
new labeling generation method specifically for ODM and
combined it with our proposed Text-Controller module to
address the challenge of annotation costs in OCR tasks, al-
lowing a larger amount of unlabeled data to participate
in pre-training. Extensive experiments on multiple pub-
lic datasets demonstrate that our method significantly im-
proves performance and outperforms current pre-training
methods in scene text detection and spotting tasks. Code is
available at ODM.

1. Introduction

Optical Character Recognition (OCR) has garnered signif-
icant attention in the field of computer vision for its re-
markable performance in automated data entry, document
analysis, instant translation, and more. Most existing meth-
ods for obtaining OCR results involve a two-stage pro-
cess, including a text detection model and a text recogni-
tion model, or directly utilizing an end-to-end text spotting

*First Author and Second Author contribute equally to this work.

Figure 1. Comparisons of different pre-training strategies. (a)
Obtain the pre-trained model through mask image modeling, tak-
ing only image embeddings as inputs. (b) Obtain the pre-trained
model through mask language modeling, which simultaneously
takes both OCR-Text and image as inputs. (c) Our approach ob-
tains the pre-trained model through OCR-Text destylization mod-
eling.

model. Furthermore, many of these methods initialize the
model through pre-training on the ImageNet dataset [37].

Pre-training techniques have recently gained significant
attention for their outstanding performance across a wide
range of computer vision tasks. Two commonly used pre-
training methods in computer vision are: (1) Masked Im-
age Modeling (MIM) pre-training [1, 3, 10, 49], which
focuses on learning visual contextualized representations
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solely from images. This method is typically applied to
vision-dominated tasks, such as image classification. (2)
Masked Language Modeling (MLM) [6, 51, 52], which uti-
lizes both text and image as inputs and extracts semantic in-
formation from both modalities. However, when applying
these pre-training methods in the OCR field, two specific
issues arise: (1) With the MIM-based method, there are in-
stances where the text in the image is completely obscured
by the masked patch, primarily due to the relatively small
proportion of the text. This has the potential to hinder the
pre-trained model’s ability to effectively learn textual fea-
ture information. (2) The MLM-based method, although
achieving weakly supervised training by masking the text
input, does not explicitly exploit text location information
during training. This can lead to ineffective alignment be-
tween text and image features, as well as inadequate han-
dling of image information. These challenges highlight the
need for innovative approaches that specifically address the
unique requirements of OCR.

In this paper, we propose a novel pre-training technique
called OCR-Text Destylization Model (ODM) to address
the challenges of text-image alignment in OCR tasks. As
illustrated in Fig. 1, unlike existing MIM and MLM meth-
ods, ODM introduces a new pixel-level image reconstruc-
tion modeling based on text prompts. Since OCR tasks pri-
marily focus on the text within the image while consider-
ing other pixels irrelevant, ODM aims to reconstruct a bi-
nary image that removes the text style and enforces align-
ment between the text and OCR-Text. This is achieved
by utilizing a pixel-level reconstruction approach instead
of the traditional three-channel reconstruction. To further
enhance the model’s understanding of the text, we propose
a Text-Controller module. This module guides the image
encoder to identify and interpret the OCR-Text, facilitating
the alignment between the text and OCR-Text. Addition-
ally, we have designed a novel method for generating ODM
labels, effectively addressing the issue of inadequate pixel-
level labels in the dataset. By leveraging font files, text, and
location labels, we generate binary images with a unified
font style, as illustrated in Fig. 2, which showcases some ex-
amples of OCR-Text destylization images. These advance-
ments in ODM and the Text-Controller module, along with
the novel label generation method, contribute to improved
text-image alignment in OCR tasks.

In summary, the main contributions are three-fold:
(1) We propose a simple yet effective pre-training

method called ODM, which focuses on learning features
specifically for OCR-Text. By using pixel-level labels with
a uniform style, we successfully destylize OCR-Text, im-
proving text comprehension. This crucial feature informa-
tion enables the pre-trained model to adapt well to various
scenarios in text detection and spotting tasks.

(2) We introduce a novel Text-Controller module that

(a) (b) (c) (d)

Figure 2. The upper row and lower row represent the original im-
ages and their corresponding destylized labels, respectively. (a),
(b), (c), and (d) are taken from the ICDAR15 [15], CTW1500 [26],
TotalText [5], and LSVT [41] datasets, respectively.

helps regulate the model’s output, enhancing its understand-
ing of OCR-Text. With this module, our method does not
require a perfect match between the input image and the
text pair. As a result, we can utilize weakly annotated data
(i.e., using other OCR recognition engines to obtain the text
and location in the image and filter it based on recognition
confidence, text size, etc.), which can greatly reduce the an-
notation cost.

(3) Experimental results on public datasets demonstrate
that ODM delivers outstanding performance and surpasses
existing pre-training techniques across a range of scene text
detection and spotting datasets.

2. Related Work

Scene Text Detection. Scene text detectors based on
deep learning can primarily be categorized into regression
based [11, 18, 32, 38, 42, 57] and segmentation based
[22, 23, 46, 47, 50, 55, 58] methods. Regression-based
methods perceive scene text as an object and directly regress
the bounding box of the text instance. Segmentation-based
methods treat the text detection task as a semantic segmen-
tation problem. They obtain a segmentation map by directly
segmenting the text instance and subsequently group the
segments into a box through post-processing.
Scene Text Spotting. Scene text spotting represents the
unification of detection and recognition processes within
a singular framework. Numerous studies have improved
performance by simultaneously learning detectors and rec-
ognizers. In [2, 7, 12, 19, 20, 25], end-to-end implemen-
tation is achieved by training the detection and recogni-
tion separately. The Mask TextSpotter [21, 30, 31] se-
ries performs character segmentation during the recogni-
tion process. The ABCNet [27, 28] series obtains detec-
tion coordinates through control points of the Bezier curve.
SwinTextSpotter [13] and ESTextSpotter [14] use separate
detection-recognition heads corresponding to different an-
notation formats.
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Figure 3. The overall architecture of ODM. The text is encoded by the Text-Controller to get the encoded text features, and the image is
encoded by the image encoder to get the encoded image features. The text features and image features interact through cross-attention, and
finally output destylization binary image.

Furthermore, some methods directly decode coordinates
and recognition results directly by predicting sequence, uti-
lizing the structure of transformer encoder and decoder.
Both SPTS [34] and SPTS V2 [29] obtain coordinates by
predicting the central point of the text instance, employing
an auto-regressive approach to predict the central point and
word transcription tokens. UNITS [16] can handle various
types of detection formats through prompts, and they can
extract text beyond the number of trained text instances.
DeepSolo [54] inspired by DETR, enables the decoder to
simultaneously perform text detection and recognition.

Vision-Language Pre-training. Modern pre-training
methods generally involve MLM [6] or MIM [3, 10, 49],
or a combination of both. The MLM task randomly masks
a set of text tokens from the input and reconstructs them
based on the context around the masked tokens. MIM,
on the other hand, randomly masks a percentage of image
patches and predicts the RGB values of raw pixels. STKM
[45] learns text knowledge from datasets with image-level
text annotations, the acquired text knowledge can subse-
quently be transferred to various text detectors. Inspired by
CLIP [35], VLPT [40] adopts fine-grained cross-modality
interaction to align unimodal embeddings for learning bet-
ter representations of backbone via carefully designed pre-
training tasks. oCLIP [52] proposes an MLM-based vision-
language pre-training method, which has achieved excellent

performance in text detection and text spotting tasks. Struc-
TexTv2 [56] implements pre-training through MIM, where
it randomly masks some text word regions in the input im-
ages and feeds them into the encoder.

While these methods have shown the effectiveness of
pre-training in enhancing OCR performance, they either do
not utilize higher-level textual semantic information as in-
put or do not explicitly utilize the positional information of
OCR-Text, making it difficult to achieve effective alignment
between text and OCR-Text. Inspired by MaskFeat [48],
which achieves pre-training by reconstructing the HOG fea-
tures of masked image regions, and considering that glyph
has been employed in some OCR tasks [4, 33, 43, 53] with
proven efficacy. We propose utilizing the Text Controller
module to reconstruct the corresponding destylized glyph
of the text. This approach enables visible alignment be-
tween text and OCR-Text. As shown in Fig. 4, our method
can better attend to OCR-Text, highlighting its superiority
in learning visual text representations for scene text image
tasks.

3. Methodology

We introduce ODM, a pre-training technique that effec-
tively aligns text and OCR-Text, leveraging the intrinsic
characteristics of OCR-Text and explicitly learning the lo-
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(a) Origin (b) No change (c) Drop-Text (d) Noise-Text

Figure 4. Illustration of the proposed Text-Controller Module:
The attention heatmap (from the cross-attention layer) of the text
branch under different input scenarios is depicted. (a)The original
image. (b) The text input consists of three instances: “Rootin”,
“Ridge”, and “Toymakers”. (c) The “Toymakers” instance is dis-
carded. (d) A non-existent instance “Sjehf” is added.

cation information. The overall pipeline of our method
is depicted in Fig. 3. Our network consists of two input
branches: the image encoder, which employs ResNet50 [9]
to extract features from input images, and the text encoder,
designed to extract textual features. By applying cross-
attention between the extracted textual and visual features,
we generate image features that align with textual features.
These aligned features are then processed by a decoder to
generate destylization binary images.

3.1. The Text-Controller Module

To address the challenge of the image encoder-decoder ar-
chitecture in comprehending the significance of characters,
we introduce the Text-Controller module to regulate the fea-
ture extraction of the image and align the OCR-Text fea-
tures with textual features in the hidden space.
Drop-Text. General text encoders, such as CLIP [35], are
designed to process text descriptions as input, with the pri-
mary objective of establishing alignment between text and
image features. In the Text-Controller Module, control
over the decoder is executed through prompts. Specifically,
when a portion of the OCR-Text is input, the model is ex-
pected to only reconstruct that part of the binary image,
treating the remaining OCR-Text as the background. Dur-
ing the training phase, the input OCR-Text is selected ran-
domly, with a ratio varying from 0% to 100%. This strategy
encourages the model to focus more on aligning the text
with the corresponding OCR-Text.
Noise-Text. Noise, such as inaccurate labels, can poten-
tially impact the model’s training effectiveness. In contrast,
we have introduced a concept termed Noise-Text, which
leverages noise to augment the model’s performance. This
approach entails adding noise to the text encoder’s input, in-
troducing non-existent OCR-Text by altering its Token en-
coding value. The integration of these disruptive elements
empowers the model to align the features of the text and
OCR-Text more effectively, even in more intricate and chal-
lenging scenarios.

In Fig. 4, we demonstrate the performance of cross-

Figure 5. The upper row and lower row represent the original im-
ages and their corresponding predicted results, respectively.

attention on images when employing different strategies in
Text-Controller Module. Our approach achieves alignment
between the text and corresponding OCR-Text while re-
maining unaffected by noisy text.

3.2. OCR-Text Destylization

To ensure that the image encoder can learn the fundamental
features of OCR-Text, we have designed a simple decoder
to reconstruct the destylized glyph of the text. This decoder
comprises only basic FPN [24] layer upsampling and 1*1
convolution.

Fig. 5 demonstrates the predicted results on some real
images using our proposed method. The training dataset
only consists of SynthText [8] and does not include these
real images. From the results, it can be observed that our
proposed method effectively achieves OCR-Text destyliza-
tion.

3.3. Loss Function

The ODM produces a binary image, conceptualizing super-
vised training as a pixel-level segmentation task. As a re-
sult, we optimize the model using a binary cross-entropy
loss function for training:

Lseg =
1

N

N∑

i=1

− [yi log(pi) + (1− yi) log(1− pi)] (1)

where N represents the number of pixels, pi represents the
predicted result, and yi represents the Ground Truth.

On the other hand, the training output of ODM is to
generate a destylization binary image, rather than a text
segmentation map that maintains proportional consistency
with the original image. Consequently, relying exclusively
on pixel-level cross-entropy loss poses a challenge in ef-
fectively guiding the model to learn the destylization of
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characters. To optimize at the feature level, we incor-
porate the OCR LPIPS loss function proposed by OCR-
VQGAN [36]. Specifically, we utilize a well-trained detec-
tor (Unet-VGG16[39]) to input both the Ground Truth and
the model’s predicted binary images. Subsequently, the L1
Loss is computed to foster the learning of a rich latent space
and the destylized character glyph images, which is defined
as follows:

Locr =
∑

l

1

HlWl
‖V GGl(ŷ)− V GGl(y)‖1 (2)

where Hl and Wl respectively represent the height and
width of the output feature map in the l-th layer, V GG rep-
resents a well-trained detector, ŷ represents the predicted
value, and y represents the Ground Truth.

At the same time, drawing upon the batch-level con-
trastive loss proposed by CLIP, we expedite the mapping of
text and images into the same semantic space by maximiz-
ing the similarity among positive samples and minimizing
that among negative samples, which is defined as follows:

Lbc = CE(
exp(I, T+)∑B
i=1 exp(I, Ti)

, y(I))

+ CE(
exp(T, I+)∑B
i=1 exp(T, Ii)

, y(T ))

(3)

where CE represents the cross-entropy loss, I represents
image features, T represents text features, I+ represents the
image feature corresponding to the current text feature, T+

represents the text feature corresponding to the current im-
age feature, and y(∗) represents the Ground Truth.

The loss function Ltotal is the sum of segmentation loss
Lseg, OCR LPIPS loss Locr, and batch contrastive loss Lbc,
formulated as follows:

Ltotal = αLseg + βLocr + γLbc (4)

where the weights α, β, and γ are empirically set to 1, 1,
and 0.5, respectively.

3.4. Label Generation

One of the challenges in supervised training for ODM is the
creation of data labels, particularly the acquisition of fine-
grained pixel-level labels, which is both challenging and
costly. To address this, we propose a method for generat-
ing pixel-level labels.

For four-point annotations, we calculate the dimensions
of the quadrilateral and estimate the size and position of
each character based on the number of characters. We
then populate these characters using a font file, such as
“NotoSans-Regular”. For multi-point annotations, we em-
ploy the image synthesis approach from ABCNet [27] and
utilize the Bezier curves provided by the labels to compute

the curvature of the text. Similar to four-point annotations,
we determine the size and position of each character from
the multi-point annotations and calculate the slope using the
top-left point of each character and the subsequent point.
Once we obtain the slope, we adjust the orientation of the
characters accordingly. Some examples of the generated la-
bels are shown in Fig. 2.

During the process of acquiring pixel-level labels, there
may be discrepancies in the spacing between the original
OCR-Text and the pixel-level labels. As a result, there
might be instances where individual characters in our gener-
ated labels do not align precisely with the position of OCR-
Text characters in the original image. However, this dis-
crepancy does not impact our task since our approach in-
volves transforming the original image into a destylization
binary image rather than performing pixel-by-pixel text seg-
mentation.

4. Experiment
4.1. Datasets

In our experiments, we employ a substantial quantity of
publicly accessible datasets, executing pre-training on the
SynthText [8] dataset and fine-tuning on text detection and
text spotting tasks utilizing datasets like ICDAR15 [15],
CTW1500 [26], and TotalText [5].
SynthText is a synthetic dataset for text detection and
recognition, consisting of more than 800K synthesized im-
ages. Each image is annotated with text regions and their
corresponding textual content. The synthetic texts in the
dataset are generated by integrating real texts into natural
images. The positions, orientations, sizes, and appearances
of the synthetic texts are randomly varied to simulate text in
real-world scenarios.
ICDAR2015 consists of 1500 images, allocates 1000 im-
ages for training, and the remaining 500 for testing. The
ICDAR2015 contains different types of text, including hor-
izontal text and multi-oriented text.
CTW1500 is a dataset for curved text instances, consisting
of 1500 images, comprising 1500 images, of which 1000
are allocated for training and the remaining 500 for testing.
TotalText is a dataset for curved text instances, consisting
of 1555 images, with 1255 designated for training and the
remaining 300 for testing.

4.2. Implementation Details

Training. In our proposed method, we employ ResNet50
as the image encoder, with a 6-layer transformer [44] serv-
ing as the text encoder. The reconstruction decoder is con-
structed from FPN and 1x1 convolutions. During the train-
ing phase, we configure the image size to 512x512, set the
text length for the Text-Controller to 25, and cap the max-
imum number of text instances at 32. The learning rate is
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Table 1. The performance of different models on ICDAR15, CTW1500, and TotalText for scene text detection is presented in the table.
“PD” and “Syn” refer to the pre-training dataset and SynthText dataset, respectively. “+ODM” refers to our pre-trained model on the
SynthText dataset, which is adopted for fine-tuning. † represents the scores obtained after reproducing the model, and ∆ represents the
improvement.

Method PD ICDAR 15 CTW1500 TotalText

P R H P R H P R H

FCENet[58]† - 82.43 88.34 85.28 85.7 80.1 83.1 78.1 84.85 81.34
FCENet + ODM Syn 91.38 82.19 86.54 84.92 82.33 83.60 84.05 80.67 82.32

∆ + 1.26 + 0.5 + 0.98

DBNet++[23]† - 91.61 81.46 86.24 79.06 79.50 79.28 81.84 80.22 81.02
DBNet++ + ODM Syn 91.87 85.94 88.81 81.99 81.98 81.97 88.01 82.25 85.03

∆ + 2.57 + 2.69 + 4.01

Table 2. Comparison with existing scene text pre-training techniques on PSENet. “PD” and “Syn” refer to the pre-training dataset and
SynthText dataset, respectively. “+ODM” refers to our pre-trained model on the SynthText dataset, which is adopted for fine-tuning. †
represents the scores obtained after reproducing the model, and ∆ represents the improvement.

Method PD ICDAR 15 CTW1500 TotalText

P R H P R H P R H

PSENet[46]† - 83.96 76.36 79.98 80.6 75.6 78.0 75.1 81.8 78.3
PSENet[46] Syn 86.2 79.4 82.7 81.8 77.8 79.7 87.8 79.0 82.6

PSENet + STKM[45] Syn 87.78 84.06 85.88 85.08 78.23 81.51 85.08 78.23 81.51
PSENet + oCLIP[52] Syn 88.95 80.98 84.78 86.3 79.6 82.8 90.7 80.8 85.5
PSENet + oCLIP[52] Web - - - 87.5 79.9 83.5 92.2 82.4 87.0

PSENet + ODM Syn 88.43 85.41 86.90 85.86 85.38 85.62 88.56 83.37 85.94
∆ + 6.92 + 7.62 + 7.64

established at 1e-4. The network training is conducted on
8 A100 GPUs, with each card handling a batch size of 64,
resulting in a total batch size of 512. The entire training
process spans 100 epochs.
Fine-tuning. We executed evaluations on a variety of OCR
tasks, encompassing text detection methods such as DB++
[23]1, FCENet [58]2, and PSENet [46]3, as well as text spot-
ting techniques including ABCNet [27]4, DeepSolo [54]5,
and SPTS [34]6. In the comparative experiments, the only
variable altered is the backbone weights, with all other set-
tings maintained consistently.

1https://github.com/open-mmlab/mmocr/tree/main/
configs/textdet/dbnetpp

2https://github.com/open-mmlab/mmocr/tree/main/
configs/textdet/fcenet

3https://github.com/open-mmlab/mmocr/tree/main/
configs/textdet/psenet

4https://github.com/aim- uofa/AdelaiDet/blob/
master/configs/BAText

5https://github.com/ViTAE-Transformer/DeepSolo
6https://github.com/shannanyinxiang/SPTS

Evaluation protocol. We use intersection over union (IoU)
to determine whether the model correctly detects the re-
gion of text, and we calculate precision (P), recall (R), and
Hmean (H) for comparison following ICDAR2015 [15].

4.3. Comparison with Detection Methods

To evaluate the effectiveness of our proposed method on
text detection tasks, we conducted comparable experiments
with DB++, PSENet, and FCENet. Our model underwent
initial pre-training on the SynthText dataset and was subse-
quently fine-tuned on different datasets. The results of these
experiments are shown in Tab. 1 and Tab. 2. The networks
utilizing our pre-trained backbone demonstrated improve-
ments compared to their original counterparts, with PSENet
showing particularly notable improvement. This suggests
that our pre-trained model weights can effectively focus on
text regions within the scene, showcasing the significant po-
tential of our pre-trained weights.
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Table 3. The performance of different models on ICDAR15 for
scene text spotting is presented in the table. “PD” and “Syn” re-
fer to the pre-training dataset and SynthText dataset, respectively.
“+ODM” refers to our pre-trained model on the SynthText dataset,
which is adopted for fine-tuning. † represents the scores obtained
after reproducing the model, and ∆ represents the improvement.
‘D’ and ‘E’ represent Detection and End-to-End, respectively. ‘S’,
‘W’, and ‘G’ donate using strong, weak, and generic lexicons, re-
spectively.

Method PD D-H E-S E-W E-G

ABCNet[27]† - 85.22 78.01 73.86 68.09
ABCNet + ODM Syn 87.56 80.87 75.75 70.01

∆ + 2.34 + 2.86 + 1.89 + 1.92

DeepSolo[54]† - 86.44 83.50 79.36 74.19
DeeoSolo + ODM Syn 88.08 85.83 80.67 75.2

∆ + 1.64 + 2.3 + 1.31 + 1.01

SPTS[34]† - - 77.5 70.2 65.8
SPTS + ODM Syn - 78.8 72.1 67.8

∆ + 1.3 + 1.9 + 2.0

Table 4. The performance of different models on CTW1500 for
scene text spotting is presented in the table. “PD” and “Syn” re-
fer to the pre-training dataset and SynthText dataset, respectively.
“+ODM” refers to our pre-trained model on the SynthText dataset,
which is adopted for fine-tuning. † represents the scores obtained
after reproducing the model, and ∆ represents the improvement.
‘D’ and ‘E’ represent Detection and End-to-End, respectively. ‘N’
and ‘F’ represent None and Full, respectively.

Method PD D-H E-N E-F

ABCNet[27]† - 83.69 64.17 78.66
ABCNet + ODM Syn 85.40 65.06 79.79

∆ + 1.71 + 0.89 + 1.13

DeepSolo[54]† - 86.31 76.35 84.31
DeeoSolo + ODM Syn 86.58 78.07 85.65

∆ + 0.27 + 1.72 + 1.34

SPTS[34]† - - 74.2 82.4
SPTS + ODM Syn - 78.2 84.2

∆ + 4.0 + 1.8

4.4. Comparison with Spotting Methods

To evaluate the effectiveness of our proposed method on
text spotting tasks, we conducted comparable experiments
with ABCNet, DeepSolo, and SPTS, covering a wide range
of task scenarios. Our model was initially pre-trained on the
SynthText dataset and then fine-tuned on different datasets.
The results of these experiments are presented in Tab. 3
and Tab. 4. The experimental results demonstrate that uti-
lizing our pre-trained weights for fine-tuning significantly
improves the performance of the models across various
datasets. This indicates that the pre-trained weights ac-

Table 5. The performance of different models on LSVT for scene
text detection is presented in the table. “PD” and “LSVT” refer to
the pre-training dataset and LSVT dataset, respectively. “+ODM”
refers to our pre-trained model with 400,000 pseudo-label images
in the LSVT dataset, which is adopted for fine-tuning. † represents
the scores obtained after reproducing the model, and ∆ represents
the improvement.

Method PD P R H

PSENet[46]† - 64.61 72.29 68.23
PSENet + ODM LSVT 66.33 73.60 69.78

∆ + 1.55

DBNet++[23]† - 71.21 79.28 75.02
DBNet++ + ODM LSVT 75.81 77.16 76.48

∆ + 1.46

quired through our proposed pre-training method accurately
locate the positions of OCR-Text and extract image features
that capture the semantic information of the text instance.

4.5. Weakly Supervised Pre-training

To evaluate the effectiveness of our proposed method in
aligning text with images in weakly labeled data, we as-
sess its efficacy. We first employ PPOCRv3 [17] to gen-
erate pseudo labels (i.e., text and position in the image)
on the 400,000 weakly annotated images from the LSVT
[41] dataset. We then generate the corresponding pixel-
level destylized annotations using our proposed label gen-
eration method. To ensure the quality of pre-training, we
only select labels with inference confidence exceeding 0.9
and a text size larger than 32 pixels. We pre-train our model
with these generated labels and subsequently fine-tune dif-
ferent scene text detectors using 30,000 fully annotated im-
ages from the LSVT dataset. The results presented in Tab. 5
demonstrate that our proposed method, when exclusively
utilizing the pseudo labels for pre-training, achieves ap-
proximately a 1.5% improvement in the Hmean score af-
ter fine-tuning on both DBNet++ and PSENet models. This
demonstrates that our method can perform consistently even
under weakly supervised scenarios and partially addresses
the issue of a large amount of unlabeled data not being able
to participate in pre-training.

4.6. Comparison with Pre-training Methods

We compare our proposed method with existing scene text
pre-training strategies, including STKM and oCLIP. To in-
vestigate the effectiveness of different pre-training objec-
tives, we conducted ablative experiments with PSENet on
three datasets: ICDAR15, CTW1500, and TotalText. As
shown in Tab. 2, when pre-training on the same set of
data, our proposed method outperforms the existing pre-
training techniques. Furthermore, when fine-tuning on the
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Table 6. Proportion ablation study of the proposed Text-Controller
module on CTW1500. “PD” and “Syn” refer to the pre-training
dataset and SynthText dataset, respectively. “TP” refers to the se-
lected text proportion. “+ODM” refers to our pre-trained model
on the SynthText dataset, which is adopted for fine-tuning. † rep-
resents the scores obtained after reproducing the model.

Method PD TP P R H

PSENet[46] - - 80.6 75.6 78.0
PSENet[46] Syn - 81.8 77.8 79.7

PSENet + ODM Syn 0% 82.41 84.19 83.29
PSENet + ODM Syn 30% 84.83 82.18 83.48
PSENet + ODM Syn 50% 83.76 84.78 84.27
PSENet + ODM Syn 70% 85.32 82.37 83.82

Table 7. Ablation study of our proposed components on TotalText.
We fine-tune PSENet by using the pre-trained models with differ-
ent modules. “TE”, “DT”, “NT”, and “OL” refer to Text Encoder,
Drop-Text, Noise-Text, and OCR Loss, respectively.

Method TE DT NT OL P R H

PSENet[46] 75.10 81.80 78.30

PSENet + ODM 85.08 78.55 81.68
PSENet + ODM � 86.66 82.75 84.66
PSENet + ODM � � 88.06 82.97 85.44
PSENet + ODM � � 88.10 82.57 85.24
PSENet + ODM � � � 88.17 83.21 85.62
PSENet + ODM � � � � 88.56 83.37 85.94

CTW1500 dataset, our proposed method, which was pre-
trained on SynthText alone, even surpasses the performance
of oCLIP, which was pre-trained on 40 million web images.

4.7. Ablation Experiments

Proportion Ablation We conducted experiments to assess
the influence of selected proportions in our Drop-Text and
Noise-Text strategies. Four groups of experiments were per-
formed with selected proportions of 0%, 30%, 50%, and
70% respectively. The selected proportions for these strate-
gies were the only variables adjusted, while all other config-
urations remained constant. We pre-trained the models on
the SynthText dataset with varying proportions and trans-
ferred the pre-trained weights to fine-tune PSENet on the
CTW1500 dataset. The results are presented in Tab. 6. The
performance of the model was effectively enhanced by fa-
cilitating text-image alignment through the Drop-Text and
Noise-Text strategies. The impact of varying proportions on
performance was substantial. A small proportion of text in-
stances resulted in minimal performance improvement, pos-
sibly due to the insufficient changes in a small number of
words to achieve effective text-image alignment. This min-
imal improvement can be attributed to the errors introduced
during training due to the lack of significant changes in the

text instances. On the other hand, using a large proportion
of text instances also had a limited effect on performance.
This can be attributed to the fact that when a substantial
number of words are either eliminated or added as noise, the
model captures fewer valid features during training, leading
to difficulties in convergence and potentially biased learn-
ing. Hence, it is important to select an appropriate propor-
tion that ensures the model captures an adequate number of
valid features. This helps the model align text with OCR-
Text in more complex scenarios and enhances the robust-
ness of the model.
Module Ablation: In our research, we investigated the con-
tributions of several proposed modules. We trained the
models with different combinations of these modules on
the SynthText dataset and subsequently fine-tuned the pre-
trained weights using PSENet on the TotalText dataset, as
shown in Tab. 7. The empirical results indicated that for the
task of OCR-Text Desytlization, the text feature furnished
by the Text-Controller module aids the model in better un-
derstanding and locating OCR-Text. Additionally, our pro-
posed Drop-Text and Noise-Text strategies effectively bol-
ster the model’s performance by intensifying the alignment
between text and OCR-Text.

5. Conclusion
This paper introduces ODM, a novel pre-trained method
that aims to transform diverse styles of text found in images
into a uniform style based on the text prompt. By leveraging
the pre-trained model generated through ODM, it can seam-
lessly integrate into existing detection and spotting net-
works, resulting in significant performance improvements.
To address the challenge of annotation costs in OCR tasks,
we propose a new labeling generation method designed
specifically for ODM. Additionally, we introduce the Text-
Controller module, which helps regulate the model output
and improves its understanding of OCR-Text. By combin-
ing these approaches, we enable a larger amount of unla-
beled data to be used in the pre-training process, effectively
reducing annotation costs. Our extensive ablation and com-
parative experiments demonstrate the effectiveness and ro-
bustness of our model. The results highlight the potential
of ODM in OCR pre-training and its valuable contributions
to the advancement of scene text detection and spotting
tasks. Looking ahead, we plan to explore the potential of
this method in other domains, such as document analysis,
handwriting recognition, and other complex scene text sce-
narios.
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Abstract

The recent advancements in large language
models (LLMs) have been extraordinary, yet
the escalating inference costs associated with
them present challenges in real-world applica-
tions. To address these challenges, we propose
a novel approach called Early-exiting Specu-
lative Decoding (EESD) with lossless acceler-
ation. Specifically, EESD utilizes a segment
of the LLM to generate draft tokens, incorpo-
rating Early-exiting structures after the first N
layers. To enhance the quality of draft tokens,
a self-distillation method is integrated. This
early-exiting design not only reduces deploy-
ment and training costs but also significantly ac-
celerates the token generation speed. Moreover,
we introduce a novel sampling mechanism that
leverages Thompson Sampling to regulate the
generation processes, automatically determin-
ing the quantity of draft tokens in each round.
The original LLM is then employed to validate
these draft tokens through a single forward pass,
and thus guarantees that the final output text
maintains a distribution consistent with vanilla
auto-regressive decoding. The experimental re-
sults on both 13B and 70B models demonstrate
that our approach decodes tokens at a markedly
accelerated rate compared to prior methods,
showing the effectiveness of our approach.

1 Introduction

Large Language Models (LLMs) excel in vari-
ous NLP tasks due to their immense parameters
and complex network (OpenAI, 2023; Chowdh-
ery et al., 2023; Touvron et al., 2023a,b). How-
ever, these models generate tokens one-by-one in
an auto-regressive manner during inference, mak-
ing the generation exceedingly resource-intensive
and time-consuming. To overcome this bottleneck,
researchers have introduced an effective decoding
technique - Speculative Decoding (SD) (Leviathan
et al., 2023; Chen et al., 2023; Miao et al., 2023).

∗ Jingang Wang is the corresponding author.
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(b) Cost vs. drafting steps

Figure 1: Experimental results using LLaMA-2-70B on
the Gsm8k. (a) Speedup comparison with Medusa (Cai
et al., 2023) and Self-SD (Zhang et al., 2023b). EESD
achieves a highest speedup with a best tradeoff between
draft token generation speed and acceptance rate. (b)
Generation costs (seconds) with different drafting steps
(K) in randomly select five samples from Gsm8k. The
optimal value of K varies across different samples, indi-
cating that a fixed K value for all samples is not ideal.

SD essentially introduces two models, a small
model (the draft model) which is used to concur-
rently generate multiple draft tokens, and the orig-
inal LLM (the target model) which is employed
for draft token verification. In this way, SD main-
tains the same performance as the auto-regressive
decoding while boosting the inference speed.

Compared to vanilla Speculative Decod-
ing (Leviathan et al., 2023; Chen et al., 2023),
several advanced models such as Medusa (Cai
et al., 2023) and Self-SD (Zhang et al., 2023b) have
been introduced, which only require deploying
one LLM instead of two models, resulting in
fewer resources required for both training and
deployment. While these approaches achieve
promising results, there are two main limitations.
First, they fail to optimize the trade-off between
the quality and speed of the draft token generation.
For example, as shown in Figure 1a, while Medusa
can generate draft tokens rapidly, the quality of
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these tokens tends to be subpar1. On the other
hand, Self-SD manages to produce high quality
draft tokens but does so at a much slower speed,
resulting in lower overall speedup. Second, most
SD approaches commence verification after
generating a pre-defined length of draft tokens
(referred to as drafting steps K). The choice of
K significantly influences the acceleration of the
inference process. Typically, larger drafting steps
result in faster end-to-end generation, but there is
a potential trade-off as the acceptance rate may
decrease if the quality of the longer draft sequence
is not high. As illustrated in Figure 1b, the optimal
value of K varies across different examples. This
variation suggests that utilizing a fixed K may
not yield the most effective strategy. Instead, an
adaptive method is preferable to determine when
to terminate the drafting process.

To address these challenges, in this paper, we
propose a novel Early-Exiting Speculative Decod-
ing method, named EESD, to facilitate efficient and
qualitative generation of draft tokens. Specifically,
EESD introduce an Early-exiting layer that is su-
perimposed on the first-N layers of the LLM, which
has shown powerful predictive potential in previous
research (Bae et al., 2023; Schuster et al., 2022).
A self-distillation method is further employed to
enhance the learning of the Early-exiting layer. To
identify the optimal drafting steps, we reformulate
the task of determining the length of draft token
generation as a multi-armed bandit (MAB) prob-
lem, and propose a novel Control Mechanism based
on Thompson Sampling (TS) that is well-studied
for estimating unknown parameters and facilitating
optimal decision making. Comprehensive evalua-
tions on both 13B and 70B models demonstrate the
superior performances of our approach over several
baselines. The main contributions of this paper are
summarized as follows:

• We introduce a novel Early-exiting framework
for generating draft tokens, which allows a
single LLM to fulfill the drafting and verifica-
tion stages. We train it using self-distillation.
Our investigations indicate that this frame-
work strikes an excellent balance between the
quality and speed of draft token generation.

• We conceptualize the generation length of
draft tokens as a MAB problem and propose a

1We use the acceptance rate to represent the quality of the
draft tokens, which is percent of draft tokens are accepted by
the target model during the verification.

novel control mechanism based on Thompson
Sampling, which leverages sampling to devise
an optimal strategy.

• We conducted extensive experiments on three
benchmarks. The results affirm that EESD can
significantly improve the model’s inference
speed, outperforming existing SD methods.

2 Related Work

LLM Compression The central objective of
model compression is to alleviate computational
demands and enhance inference speed. The re-
search on LLM compression mainly includes three
directions, including knowledge distillation (Zhang
et al., 2023a; Li et al., 2023; Gu et al., 2023), net-
work pruning (Ma et al., 2023; Xia et al., 2023;
Frantar and Alistarh, 2023) and quantization (Xiao
et al., 2023; Liu et al., 2023; Frantar et al., 2022;
Lin et al., 2023; Gong et al., 2023). The methods
mentioned above work by reducing the model’s
footprint, thereby decreasing memory demand and
enhancing the speed of inference. However, these
methods sacrifices a degree of LLM’s capability.

Efficient Decoding Leviathan et al. (2023); Chen
et al. (2023) propose a method that uses a small
model to generate draft tokens and then uses LLM
for verification, which accelerates the decoding pro-
cess while guaranteeing lossless outputs, named as
Speculative Decoding. However, some researchers
suggest that the extra small model is not essential
for SD. For instance, Medusa (Cai et al., 2023) gen-
erates draft tokens by leveraging additional param-
eters instead of small model, while Self-SD (Zhang
et al., 2023b) uses the substructure of LLM to gen-
erate draft tokens. In addition, He et al. (2023)
unveil a method that replaces the generation of
draft tokens with a large text database. In the other
hand, some researchers introduce an Early-exiting
method. This method dynamically modifies the
depth of the decoder for each token generation,
making predictions at an intermediate layer (Teer-
apittayanon et al., 2016; Elbayad et al., 2020). Fur-
thermore, Bae et al. (2023) propose a new Early-
exiting method that incorporates a shallow-deep
module and synchronized parallel decoding.

3 Methodology

The overall model architecture of EESD is illus-
trated in Figure 2. Essentially, our model is com-
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Figure 2: The framework of EESD which consists of three components: (1) Early-exiting layer which generate draft
tokens efficiently and effectively; (2) Self-distillation which distills knowledge from the LLM (the target model); (3)
TS control mechanism which can predict the optimal timing of terminating the draft token generation in each round.
We divide the LLM (the target model) into two parts: the first-N layers and the last-M layers.

posed of three key components. 1) the Early-
exiting layer that built on top of the first few layers
of the LLM as a draft model; 2) the self-distillation
method to enhance the learning of the draft model
and boost the text generation quality; and 3) the
Thompson Sampling control mechanism that adap-
tively determines the length of the draft tokens
conditioned on its quality. We present the details
of these components in the following sections.

3.1 Early-exiting Layer
Most previous methods (Bae et al., 2023; Kave-
hzadeh et al., 2023) use non-continuous sub-
network of original LLM (target model) as their
draft model. In this work, we utilize the continuous
first-N layers approach, which yields one signifi-
cant advantage: the kv-cache of the draft model
and the target model can share the first-N layers,
thereby trimming redundant computation. Concre-
ately, we formulated an Early-exiting Layer with
the computation process as elucidated below,

p(yt) = softmax(WTTransformere(HN
t )), (1)

where HN
t represents the hidden state of the N-th

layer, which is calculated from the first-N layers
of the origin LLM. And t represents t-th token.
p(yt) is obtained from HN

t through one layer of
transformer. For LLaMA model, we also add RM-
SNorm layer before the output prediction head,
which is RMSNorm(Transformere(HN

t )).
As mentioned above, we incorporate an learn-

able Transformer layer subsequent to the first-N
layers, and train this layer and W in Eq.(1) (RM-
SNorm parameters are trained as well for LLaMA

model). In order to speed up the model conver-
gence, we initialize the Transformere and W
with the last layer and predict head of the original
LLM respectively. Since the training is confined to
only a single Transformer layer and W , with the
first-N layers being frozen, this approach dramati-
cally reduce the computational resources.

3.2 Self-Distillation

To further enhance the effectiveness of the draft
model, we employ self-distillation to learn the
knowledge from the LLM. The key idea is that
there is a large amount of valuable data used dur-
ing the training of the LLM. However, it is usually
impossible to obtain these original data as most of
them are not directly accessible. Therefore, we pro-
pose to bridge the gap with self-distillation, which
guides the learning of the early-exiting layer by
transfering the knowledge from the generated text
of the LLM. Specifically, Liu et al. (2023) suggest
that a hybrid generation strategy of greedy and sam-
pling is effective, and we adopt this approach for
text generation from LLM. It is worth noting that
the text generated by the LLM may contain certain
lower-quality samples. We thus retain a subset of
the open-source data for training purposes. The
parameters of the Early-exiting Layer are trained
utilizing an amalgamation of data generated by
the LLM and open-source datasets, with the cross-
entropy loss between the prediction of it and the
ground truth of mixed datasets.
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3.3 Thompson Sampling Control Mechanism
The above methods can effectively improve the
quality and speed of draft token generation. How-
ever, as we mentioned in the introduction, a pre-
determined drafting step is not a good strategy.
Consequently, we view the controlling draft model
generation as a MAB problem. Specifically, we
view it as a Bernoulli process, where the model in-
dependently determines whether to continue draft
token generating, denoted as PB(θ). And the prob-
ability θ is uncertain, related to the input sample.
The Thompson Sampling (TS) method can better
estimate unknown variables through balancing ex-
ploration and exploitation (Slivkins, 2019). As
illustrated in Algorithm 1, we utilize TS algorithm
to adaptively estimate θ. The crux of the TS al-
gorithm involves modeling uncertain parameters
θ as a posterior distribution using Bayesian the-
ory, i.e. P (θ|D), with D representing observed
environmental samples. The core of this algorithm
lies in designing a reasonable posterior distribution,
which we will detail in the following chapters.

TS with Beta Distribution Considering that the
sample adheres to the Bernoulli distribution, we
adopt the conjugate distribution approach and se-
lect the Beta distribution as posterior distribution.
This setup means the prior and posterior distribu-
tions share the same distribution function but with
different parameters, which greatly simplifies the
computational process. The probability density
function of the Beta distribution is as follows:

Beta(θ;α, β) =
1

B(α, β)
θα−1(1− θ)β−1, (2)

where B(α, β) is a standardization function. The
Beta distribution has two parameters, α and β, so
Φ = {α, β} and Φ0 = {α0, β0} in Algorithm 1.
According to Bayesian inference, we can update
parameters α and β according to the following
formula, which is the 18-th step in Algorithm 1,

αt = α{t−|Qv|} + r, (3)

βt = β{t−|Qv|} + (n− r), (4)

where r represents the number of successful exper-
iments in the observed samples, and n represents
the total number of experiments. And in Algorithm
1, the value of r is set to |Qv| − 1, indicating that
the draft model should continue to generate on this
set of tokens (i.e., χ = 1). And the value of n is
set to min(|Qv|+ 1, |Qd|), indicating the number
of tokens that have been validated by the target

model. Because we stop verifying when we en-
counter an inconsistent token, subsequent tokens
are not considered.

Algorithm 1 TS Control Algorithm
Require: Target Model Mt; Draft Model Md; Max Gen-

eration Length L; Hyperparameters Φ0; Input Prompt
{x0, ..., xn}.

1: Initialize prior probability P (θ|Φ0) according to user-set
hyperparameters Φ0.

2: Initialize the result set Qg ← {x0, ..., xn} and t ← 0.
3: while t < L do
4: Initialize the draft model result set and i,

Qd ← Null, i ← 0.
5: while t + i < L do
6: Get new token xi ← Md(Qg

⋃
Qd).

7: Add token xi to set Qd.
8: Sample θt+i from P (θ|Φt;D).
9: Sample χ ∈ {0, 1} from Bernoulli distribution

PB(θt+i).
10: i ← i+ 1.
11: if χ = 0 then
12: Break
13: end if
14: end while
15: Verify the results Qd by Target Model Mt and get Qv

received by Mt, Qv ⊆ Qd.
16: Add the set Qv to Qg ,

Qg ← Qg

⋃
Qv .

17: Update t according to length of Qv ,
t ← t+ |Qv|.

18: Update the parameters Φt of the posterior distribution.
19: end while
20: return Qg

TS with Calibration In the prior segment, we
introduce a TS algorithm with Beta distribution to
improve the estimation of θ. However, according
to MAB theory, initial phases are more exploration-
focused, which may result in less accurate θ esti-
mations (Ou et al., 2019; Peng et al., 2019). To alle-
viate this issue, we propose a novel hybrid method
that combines Model Prediction and Sampling Pre-
diction. We rely more on model prediction to miti-
gate inaccuracies from initial exploration. As the
sampling prediction begins to converge later, we
calibrate the model prediction with sampling pre-
diction to achieve a more precise θ.

We train a single-layer to predict the value of θ.
The computation formula for this is as follows,

θt+i
M = Sigmoid(Wp(W

iH
(T )
t , H

(D)
t+i )), (5)

where t is the number of tokens that have already
been generated, and i is the number of new tokens
generated by the draft model in the current loop.
H

(T )
t represents the hidden state of the LLM (tar-

get model) at position t in the last layer, while the
corresponding H

(D)
t+i represents the hidden state of
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the draft model at position t + i in the last layer.
W i is the transformation matrix at the i-th posi-
tion for target model, and considering that i might
be very large, we have restricted the number of
W i ∈ Rd×d, i.e. i = min(i, 10). We sample a
portion of training dataset to train the parameters
{W 1,W 2, ...,W 10} and Wp ∈ R2×2d. The labels
for this data are acquired by comparing the tokens
produced by both the target and draft models, signi-
fying the true value of χ. Following this, we update
the parameters using cross-entropy loss.

According to the central limit theorem, when the
sample size is sufficiently large, the sample mean
adheres to a Gaussian distribution. Therefore, we
make an assumption that sample mean χ̃ of χ in
one drafting round follows a Gaussian distribution,
i.e. χ̃ ∼ N (µ, σ2

S). As supported by Bayesian the-
ory, when the random variable follows a Gaussian
distribution with a known variance but an unknown
mean and the prior distribution is also a Gaussian
distribution, it satisfies the conjugate distribution.
Consequently, we define µ to follow a Gaussian
distribution with the model’s predict score as mean
and predict error as variance, µ ∼ N (θM , σ2

M ). In
Algorithm 1, we set Φ0 = {σM , σS , θ̂0}, where
σM , σS and θ̂0 are hyperparameters set by the user.
In Step 8 of Algorithm 1, we sample θ value from
Gaussian distribution, θt+i ∼ N (µt+i, σ

2
t+i), and

compute the values of µ and σ using the formula
provided,

µt+i =
σ2
S

nσ2
M + σ2

S

θt+i
M +

nσ2
M

nσ2
M + σ2

S

θ̂t, (6)

1

σ2
t+1

=
1

σ2
M

+
n

σ2
S

, (7)

Where n is verification times. We update parameter
Φ based on the following formula in step 18,

θ̂t =
θ̂{t−|Qv|} ∗ (t− |Qv|+ 1) + |Qv|

t+ 1
, (8)

For a more detail, please refer to Appendix B.

4 Experiment

4.1 Setup

Training stage We randomly extract 100,000
samples from the SlimPajama (Soboleva et al.,
2023) to train LLaMA-2-70B, LLaMA-2-13B
and CodeLLaMA-2-13B. And use the ShareGPT2

2https://huggingface.co/datasets/Aeala/ShareGPT_Vicuna
_unfiltered

dataset to train LLaMA-2-70B-chat and Vicuna-
13B (Zheng et al., 2023a). We choose the first-5
layers as the draft model for 70B models and first-
3 for 13B models. For fair comparison, we train
our model and Medusa (Cai et al., 2023) using the
same data and set Medusa head at 4. More training
details can be found in Appendix C

Evaluation stage We conduct experiments
on three benchmarks under 1-shot setting:
Gsm8k (Cobbe et al., 2021), XSum (Narayan et al.,
2018) and Humaneval (Chen et al., 2021). And we
also evaluate EESD on the MT-bench (Zheng et al.,
2023b). We randomly select 500 instances from
the test set for evaluation. And we set final output
length at 512 and batch size at 1. We set the draft-
ing step K at 10 for Vanilla SD (Chen et al., 2023)
and Self SD (Zhang et al., 2023b). The reported
results are the average of 10 different runs. We
have only conducted on greedy generation3, as the
findings from the top-p sampling exhibit similar
trends.

Metrics We propose a Harmonic Mean (HM) to
assess the quality of the draft tokens and strategy
for generating them, while the specific calculation
formula is as S = 2∗vd∗rd

vd+rd
∗ 100%, where vd indi-

cates the percent of draft tokens that are accepted by
the target model, and rd represents the proportion
of tokens that come from the draft model. More
detailed explanation in Appendix D. Due to the ver-
ification process, all baseline and EESD methods
can assure that the generation results are identi-
cal to the original LLM, hence we only need to
compare their speedup.

All experiments are conducted on NVIDIA
A100-80GB GPUs.

4.2 Main Results

We report evaluation results for Gsm8k and XSum
in Table 1, for Humaneval in Table 2 and for MT-
bench in Table 3. As shown in Table 1, 2 and 3,
it is clear that EESD significantly outperforms the
previous methods on both 13B and 70B models,
especially on LLaMA-2-70B, which demonstrates
the effectiveness of our approach. There are sev-
eral key observations from these results. First, we
observe that EESD can yield 2.45× times speedup
on CodeLLaMA-2-13B for coding task, suggesting

3For all experiments, we only generate one top-1 draft
token candidate in Step 6 of Algorithm 1, and retain the result
consistent with the target model’s top-1 token on verifying at
Step 15 of Algorithm 1.
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Target Model Method Draft Model Trainable Deployment Gsm8k XSum
Params Params HM Speedup HM Speedup

LLaMA-2-70B

Vanilla SD LLaMA-2-7B 7B† 77B 80.35 1.88× 67.30 1.46×
Self SD∗ Self - 70B 78.64 1.37× 68.60 1.23×
Medusa∗ Self 1.32B 71.3B 33.75 1.73× 25.69 1.42×
EESD (+Beta-TS) Self 1.12B 71.1B 58.79 2.13× 51.91 1.80×
EESD (+Cali-TS) Self 1.12B+0.67B‡ 71.8B 62.25 2.29× 53.41 1.86×

LLaMA-2-70B-chat

Vanilla SD LLaMA-2-7B-chat 7B† 77B 63.90 1.44× 62.75 1.39×
Self SD∗ Self - 70B 67.99 1.13× 68.38 1.16×
Medusa∗ Self 1.32B 71.3B 22.86 1.42× 17.02 1.20×
EESD (+Beta-TS) Self 1.12B 71.1B 47.76 1.79× 40.73 1.51×
EESD (+Cali-TS) Self 1.12B+0.67B‡ 71.8B 48.23 1.82× 41.85 1.55×

LLaMA-2-13B

Vanilla SD LLaMA-2-7B 7B† 20B 84.59 0.96× 75.63 0.77×
Vanilla SD TinyLLaMA-1.1B4 1.1B† 14.1B 82.49 1.19× 75.42 1.05×
Self SD∗ Self - 13B 80.53 1.37× 77.61 1.35×
Medusa∗ Self 760M 13.8B 31.71 1.77× 25.03 1.53×
EESD (+Beta-TS) Self 481M 13.5B 57.22 1.91× 55.46 1.84×
EESD (+Cali-TS) Self 481M+262M‡ 13.7B 58.97 2.04× 56.45 1.92×

Vicuna-13B

Vanilla SD Vicuna-7B 7B† 20B 64.22 0.69× 53.77 0.55×
Vanilla SD Vicuna-68M5 68M† 13.1B 26.87 1.28× 23.05 1.17×
Self SD∗ Self - 13B 68.07 1.24× 60.38 1.12×
Medusa∗ Self 760M 13.8B 26.08 1.53× 15.55 1.21×
EESD (+Beta-TS) Self 481M 13.5B 43.01 1.57× 32.23 1.25×
EESD (+Cali-TS) Self 481M+262M‡ 13.7B 43.53 1.59× 32.50 1.27×

Table 1: Evaluation on Gsm8k and XSum with different methods. Speedup signifies the acceleration effect in
comparison with the auto-regression method. † For all Vanilla SD, we use the Homologous small model as the
draft model, and we think that this small model needs to be trained. ‡ Model prediction requires the training of
additional parameters. ∗ Due to differences in experimental setups, our results are slightly different from their
paper. Nevertheless, all experimental results for both the baselines and EESD are obtained under the same settings,
ensuring a fair and consistent comparison. Results are statistically significant with respect to all baselines (all
p-value < 0.005).

Target Model Method Trainable Humaneval
Params HM Speedup

LLaMA-2-13B

Vanilla SD 7B† 87.32 0.97×
Self SD - 79.93 1.36×
Medusa 760M 26.67 1.61×
EESD (+Beta-TS) 481M 61.43 2.08×
EESD (+Cali-TS) 481M+262M 62.87 2.15×

CodeLLaMA-2-13B

Vanilla SD 7B† 91.12 1.09×
Self SD - 83.51 1.38×
Medusa 761M 49.14 1.97×
EESD (+Beta-TS) 481M 68.94 2.21×
EESD (+Cali-TS) 481M+262M 70.15 2.45×

Table 2: Evaluation on Humaneval with different specu-
lative decoding methods. † We use LLaMA-2-7B and
CodeLLaMA-2-7B as draft models, respectively. Re-
sults are statistically significant with respect to all base-
lines (all p-value < 0.005).

our method exhibits particular effectiveness within
this domain. Second, compared to Vanilla SD and
Medusa, EESD shows superior results with fewer
training and deployment parameters. For instance,
EESD achieves up to 2.13× and 1.80× times faster
speeds on llama-2-70b model with just 1.12B pa-
rameters being trained. While we introduce an
additional training process as compared to Self-SD,
we manage to significantly improve speed effective-
ness, utilizing minimal training resources. Third,
we discover that a stronger capability of the draft
model, indicated by a higher HM value, does not
necessarily result in higher speedup. It is essential

Target Model Method Trainable Humaneval
Params HM Speedup

LLaMA-2-13B

Vanilla SD 7B† 90.01 1.02×
Self SD - 89.25 1.58×
Medusa 760M 43.08 1.89×
EESD (+Beta-TS) 481M 62.15 2.03×
EESD (+Cali-TS) 481M+262M 64.31 2.11×

Vicuna-13B

Vanilla SD 7B† 81.50 0.91×
Self SD - 86.20 1.46×
Medusa 761M 30.11 1.71×
EESD (+Beta-TS) 481M 52.82 1.82×
EESD (+Cali-TS) 481M+262M 54.83 1.89×

Table 3: Evaluation on MT-bench with different specu-
lative decoding methods. † We use LLaMA-2-7B and
Vicuna-7B as draft models, respectively. Results are
statistically significant with respect to all baselines (all
p-value < 0.005).

to consider the generation speed of draft tokens,
and our approach can strike an optimal balance be-
tween the two to achieve higher speedup (detailed
in Appendix D).

5 Analysis and Discussion

5.1 Ablation Study
To elucidate the impact of different components
within our approach, we conduct a series of abla-
tion studies. In Table 4, we exhibit experimental

4https://huggingface.co/TinyLlama/TinyLlama-1.1B-
intermediate-step-1431k-3T

5https://huggingface.co/double7/vicuna-68m
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Method Gsm8k (HM) XSum (HM)

Vanilla SD (LLaMA-2-7B) 0.96× 0.77×
Vanilla SD (TinyLLaMA-1.1B) 1.19× 1.05×
EESD (Beta-TS) 1.91× (57.22) 1.84× (55.46)

w/o Early-exiting Layer 1.18× (23.69) 1.15× (23.10)
w/o Self-Distillation 1.82× (54.12) 1.73× (51.84)

EESD (Cali-TS) 2.04× (58.97) 1.92× (56.45)
w/o Sampling-Prediction 1.82× (54.03) 1.78× (53.49)
w/o Model-Prediction 1.88× (57.10) 1.82× (55.38)

EESD w/o TS† 1.66× (44.76) 1.58× (41.77)

Table 4: Ablation studies of different components based
on LLaMA-2-13B. We exhibit the Speedup on Gsm8k
and XSum, and also release the HM value in parentheses.
† We set the drafting step K at 10. Other models yield
similar patterns to LLaMA-2-13B.

results, and several significant insights can be in-
ferred. First, we notice a substantial decrement in
the model’s performance when we replace the TS
control with a fixed K value, which signifies the
effectiveness of our proposed method for manag-
ing the generation of draft tokens. Second, similar
to the prior approach, we introduce a trainable lm
head just after the first-N layers, dispensing with
the Early-exiting Layer. However, such a modifi-
cation result in a significant decline in the model’s
performance, strongly indicating the fundamental
role of the Early-exiting Layer in maintaining the
quality of draft tokens. Third, a noteworthy obser-
vation is that our approach attains commendable
results solely with only open-source data, espe-
cially on XSum. Furthermore, the performance can
be improved with the addition of self-distillation,
demonstrating the utility of data generated by origi-
nal LLM. Fourth, within the Cali-TS approach, the
role of sample prediction surpasses that of model
prediction, and an integration of both can yield
more optimal results.

5.2 Can the TS control mechanism predict the
optimal drafting steps?

To investigate the ability of the TS control mech-
anism to automatically determine the quantity of
draft tokens in each round, we conducted experi-
ments on the effects of varying drafting steps K. As
illustrated in Figure 3, the optimal K value differs
across models and datasets, but the TS with Beta
distribution consistently slightly exceeds the effect
of the optimal K value. Moreover, with the boost
from the model prediction, the TS with calibration
can achieve a better acceleration effect. The experi-
ment confirmed that the TS control mechanism can
adaptively predict the optimal length for generating
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(b) LLaMA-2-70B

Figure 3: We evaluate the speedup in generating 512
tokens using the EESD method at varying K values.

Model Method Gsm8k XSum

LLaMA-2-70B

Vanilla SD 1.88× 1.46×
+ Beta-TS 2.02× (+0.14) 1.67× (+0.21)
Self SD 1.37× 1.23×

+ Beta-TS 1.44× (+0.07) 1.25× (+0.04)

LLaMA-2-13B

Vanilla SD 0.96× 0.77×
+ Beta-TS 0.99× (+0.03) 0.85× (+0.08)
Self SD 1.37× 1.35×

+ Beta-TS 1.41× (+0.04) 1.40× (0.05)

Table 5: Speedup of other SD methods with TS control
mechanism. We use LLaMA-2-7B as draft model for
Vanilla SD.

draft tokens in each round.

5.3 The generality of TS control mechanism

To verify the generality and effectiveness of the pro-
posed TS control mechanism, we further apply it
to other SD models instead of a pre-defined K. The
results are reported in Table 5. According to the
results, we can observe that TS control mechanism
could be easily integrated into other SD methods
to lift their performances. Note that the results in
Table 5 are different from the results of w/o TS in
ablation study. In ablation study, we set K at 10,
which is not a superior setting, and as shown in
Figure 3, K=5 is a better setting for the EESD of
LLaMA-2-13B. However, for vanilla SD and self
SD, K=10 is a suitable setting.

5.4 Effect of the first-N layers

Our experiments explore the impact of varying the
number of first-N layers. As shown in Figure 4,
using more layers improves the quality of the draft
tokens, as measured by a higher HM value. How-
ever, end-to-end speedup does not correspondingly
increase along with draft quality. This suggests that
the extra time required to generate draft tokens with
more layers offsets some of the end-to-end speedup.
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Figure 4: Effect of the different first-N layers. We
valuate EESD (+Beta-TS) across varying N values of
the first-N layers.
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Figure 5: Effect of varying the number of Early-exiting
layers.

The results indicate that layer augmentation only
leads to slight improvements in the quality of draft
tokens. Therefore, utilizing fewer layers for gener-
ating draft tokens proves to be an effective strategy.
In addition, for larger models, such as 70B, the
value of N needs to be slightly larger. And it is
empirically suggested that N should be 5%-10% of
the total number of LLM layers.

5.5 One Transformer layer is best for
Early-exiting layer?

As demonstrated in Table 4, it has been proven
that adding one Transformer layer after the First-N
layers significantly improves the draft model’s per-
formance. To further investigate, we evaluate the
effect of increasing the number of Transformer lay-
ers. Figure 5 illustrates that augmenting the number
of Transformer layers following the First-N layers
does yield an improvement in draft token quality.

Model Method Seq. Loaded Trainable Num. Batch Time
Params Params of GPU Size per batch

70B
Vanilla SD 4k 7B 7B 8 64 4.1s

Medusa 4k 70.0B 1.32B 8 64 30.0s
EESD 4k 5.6B 1.12B 8 64 2.3s

13B
Vanilla SD 2k 7B 7B 2 64 15.5s

Medusa 2k 13.6B 760M 2 64 9.5s
EESD 2k 1.6B 481M 2 64 1.6s

Table 6: Training efficiency of three methods on A100-
80GB for LLaMA-2-70B and LLaMA-2-13B. And we
use LLaMA-2-7B as draft model for Vanilla SD.

Model Method Gsm8k XSum

LLaMA-2-70B

EESD (Beta-TS) 2.13× 1.80×
+ Tree Attention 2.31× (+0.18) 1.91× (+0.11)
EESD (Cali-TS) 2.29× 1.86×
+ Tree Attention 2.48× (+0.19) 1.96× (+0.10)

LLaMA-2-13B

EESD (Beta-TS) 1.91× 1.84×
+ Tree Attention 2.04× (+0.13) 1.89× (+0.05)
EESD (Cali-TS) 2.04× 1.92×
+ Tree Attention 2.18× (+0.14) 2.12× (+0.20)

Table 7: Speedup of EESD with implementing tree at-
tention. We generate multiple draft token candidates and
only retain the result consistent with the target model’s
top-1 token on verifying process.

However, because degree of this improvement is
relatively small, it results in a reduction in the over-
all end-to-end speedup. Therefore, the experiment
indicates that a single Transformer layer is enough
to ensure the quality of draft tokens, and perfectly
balance the quality and generation speed of draft
tokens to achieve the optimal end-to-end speedup.

5.6 Training Efficiency

We compare training efficiency of three methods,
which are tested on NVIDIA A100-80G GPUs.
We set batch size to 64 and used SlimPajama
datasets to train these models. As shown in Ta-
ble 6, EESD only requires loading the parameters
of First-N layers and Early-exiting layer, while
Medusa requires loading all parameters of LLM
and Medusa heads. Notably, during training, al-
though both Medusa and EESD only update a por-
tion of parameters, Medusa requires each sample
to be computed across the whole LLM network.
In contrast, EESD only needs to compute across
First-N layers. Consequently, compared to Medusa
and Vanilla SD, EESD significantly reduces in both
training time and memory consumption.

5.7 Implement Tree Attention

Tree attention has been a prevalent technique in
inference acceleration (Miao et al., 2023; Spector
and Ré, 2023). This technique functions by struc-
turing numerous draft token candidates within a
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Model Method Drafting Verification Sampling Others

LLaMA-2-70B EESD(+Beta-TS) 5.517s 25.203s 0.017s 4.076s
EESD(+Cali-TS) 5.022s 24.106s 0.426s 4.023s

LLaMA-2-13B EESD(+Beta-TS) 3.656s 7.986s 0.014s 0.526s
EESD(+Cali-TS) 3.436s 7.392s 0.355s 0.507s

Table 8: Breakdown of computational time (seconds)
for EESD on 200 instances randomly sampled from
XSum. We set final output sequence length at 512.

tree framework, allowing the LLM to concurrently
verify several potential draft sequences through par-
allel decoding. It significantly increases the accep-
tance rate, thereby augmenting the overall speed
of end-to-end generation. As shown in Table 7,
we can easily implement the tree attention mecha-
nism to EESD, resulting in significant increases in
speed. It can achieve up to 2.48× and 1.96× times
speedup on LLaMA-2-70B, as well as up to 2.18×
and 2.12× times speedup on LLaMA-2-13B.

5.8 Breakdown of Computation

Table 8 presents an analysis of the computational
time required for EESD generating on 200 in-
stances randomly selected from XSum. The re-
sults indicate that Cali-TS exhibits higher time con-
sumption compared to Beta-TS during the sam-
pling phase. However, Cali-TS significantly dimin-
ishes the time usage in the drafting and verification
stages, due to its superior control over the draft
token generation process. Consequently, Cali-TS
can yield a lower total time consumption.

6 Conclusion

In this work, we propose EESD, a novel method
designed to lossless accelerate LLM by leverag-
ing its first-N layers for generating draft tokens
and employing Thompson Sampling to regulate
this process. Specifically, we introduce an Early-
exiting layer after first-N layers and train it using
self-distillation, which strike an optimal balance
between efficiency and performance of draft token
generation. Furthermore, we devise a novel hybrid
method that effectively combines model prediction
and sampling prediction, resulting in remarkable
generation speed enhancement. After conducting
exhaustive experiments, the results demonstrate
that EESD not only achieves a significant inference
speedup but also substantially reduces both train-
ing time and memory consumption, compared to
previous speculative decoding methods.

Limitations

In this section, we discuss the limitations of our
work as follows. First, while we have given an em-
pirical suggestion for the setting of N value in the
First-N layers, we have not thoroughly studied the
function of these first layers and how they affect the
final outputs. We believe that a more detailed inves-
tigation of this is helpful for choosing the optimal
N value. As such, we will conduct this research in
future work. Second, we propose a model for pre-
dicting whether the draft token is consistent with
the LLM’s token in Section 3.3. However, this
model has a large number of parameters, which
is not very friendly for training and deployment.
Therefore, we plan to refine the model’s structure
to improve its efficiency in future work.
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A Thompson Sampling with Beta
Distribution

Given that the samples follow a Bernoulli distribu-
tion, we can infer using Bayes’ theorem that when
the prior distribution is Beta, the posterior distribu-
tion is also Beta. This phenomenon, known as a
conjugate distribution, means that the prior and pos-
terior share the same distribution function but with
different parameters. Using a conjugate distribu-
tion greatly simplifies the computational derivation,
leading us to select the Beta distribution as the prior.
As shown in Algorithm 2, we implement Thomp-
son Sampling algorithm with Beta distribution to
iteratively estimate the value of θ. The prior dis-
tribution of θ is Beta, and as previously described,
the posterior distribution of θ is also Beta.

Algorithm 2 Thompson Sampling with Beta Dis-
tribution Algorithm
Require: Target Model Mt; Draft Model Md; Max Gener-

ation Length L; Hyperparameters α0,β0; Input Prompt
{x0, ..., xn}.

1: Initialize prior probability Beta(θ;α0, β0).
2: Initialize the result set Qg ← {x0, ..., xn} and t ← 0.
3: while t < L do
4: Initialize the draft model result set and i,

Qd ← Null, i ← 0.
5: while t + i < L do
6: Get new token xi ← Md(Qg

⋃
Qd).

7: Add token xi to set Qd.
8: Sample θt+i from Beta(θ;αt, βt).
9: Sample χ ∈ {0, 1} from Bernoulli distribution

PB(θt+i).
10: i ← i+ 1.
11: if χ = 0 then
12: Break
13: end if
14: end while
15: Verify the results Qd by Target Model Mt and get Qv

received by Mt, Qv ⊆ Qd.
16: Add the set Qv to Qg ,

Qg ← Qg

⋃
Qv .

17: Update t according to length of Qv ,
t ← t+ |Qv|.

18: Calculate r ← |Qv| − 1.
19: Calculate n ← min(|Qv|+ 1, |Qd|)
20: Update αt, αt ← α{t−|Qv|} + r.
21: Update βt, βt ← β{t−|Qv|} + (n− r).
22: end while
23: return Qg

B Thompson Sampling with Calibration

In the previous section, we unveiled a Thompson
Sampling algorithm with Beta distribution (Beta-
TS). This method progressively update the param-
eters of Beta distribution to enhance the precision
of the estimated θ. However, based on the Multi-
Arm Bandit (MAB) theory, the early phase is more

exploration-oriented, this predisposition can lead
to a less accurate initial estimation of the θ. To
escalate the efficiency of the Thompson Sampling
method, we further propose a hybrid approach of
model prediction and sampling prediction. In early
stage, we rely more on model prediction to curtail
the inaccuracies introduced by exploration. In later
stages, as the sampling prediction converges, we
calibrate the model prediction with the result of
sampling to obtain an accurate estimate of θ. The
details are illustrated in Algorithm 3.

Algorithm 3 Thompson Sampling with Calibration
Algorithm
Require: Target Model Mt; Draft Model Md; Max Gener-

ation Length L; Hyperparameters σM ,σS ,µ0,σ0; Input
Prompt {x0, ..., xn}.

1: Initialize prior probability N (µ0, σ
2
0).

2: Initialize the result set Qg ← {x0, ..., xn} , n ← 0 and
t ← 0.

3: while t < L do
4: Initialize the draft model result set and i,

Qd ← Null, i ← 0.
5: while t + i < L do
6: Get new token xi ← Md(Qg

⋃
Qd).

7: Add token xi to set Qd.
8: Get model predict score, θt+i

M ←
Sigmoid(MLP (W iH

(T )
t , H

(D)
t+i )).

9: Calculate µt+i ← σ2
S

nσ2
M

+σ2
S
θt+i
M +

nσ2
M

nσ2
M

+σ2
S
θ̂t.

10: Calculate σ2
t+i ←

σ2
Mσ2

S

σ2
S
+nσ2

M
.

11: Sample θt+i from Gaussian distribution
N (µt+i, σ

2
t+i).

12: Sample χ ∈ {0, 1} from Bernoulli distribution
PB(θt+i).

13: i ← i+ 1.
14: if χ = 0 then
15: Break
16: end if
17: end while
18: Verify the results Qd by Target Model Mt and get Qv

received by Mt, Qv ⊆ Qd.
19: Add the set Qv to Qg ,

Qg ← Qg

⋃
Qv .

20: Update t according to length of Qv ,
t ← t+ |Qv|.

21: Update n ← n+ 1.

22: Update θ̂t, θ̂t ←
θ̂{t−|Qv|}∗(t−|Qv|+1)+|Qv|

t+1
.

23: end while
24: return Qg

According to the central limit theorem, when
the sample size is sufficiently large, the sample
mean adheres to a Gaussian distribution. There-
fore, we make an assumption that sample mean χ̃
of χ in one drafting iteration follows a Gaussian dis-
tribution, i.e χ̃ = χ1+χ2+χ3+...+χk

k ∼ N (µ, σ2
S).

And According to the central limit theorem, σS
equals σχ/sqrt(k), where σχ is the standard devi-
ation of the random variable χ and we assume σχ
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is known. In this case, we make the assumption
that k is a fixed value and pre-determined by the
user, which guarantees that χ̃ is independently and
identically distributed. Furthermore, we employ a
model to estimate the value of µ. It can be posited
that µ follows a Gaussian distribution, character-
ized by the model’s predicted value as the mean
and the model’s predicted error as the variance,
i.e. µ ∼ N (θM , σ2

M ), where θM is model’s pre-
dicted value. Here, we presume that the model’s
predicted error is a known entity. As supported by
Bayesian theory, when the random variable follows
a Gaussian distribution with a known variance but
an unknown mean and the prior distribution is also
a Gaussian distribution, it satisfies the conjugate
distribution. Therefore, the posterior distribution is
following,

P (µ|D)

∝ P (D|µ, σ2
S)P (µ|θM , σ2

M )

∝ N (
σ2
S

nσ2
M + σ2

S

θt+i
M +

nσ2
M

nσ2
M + σ2

S

θ̂t,
σ2
Mσ2

S

σ2
S + nσ2

M

)

(9)

where n is the number of verification by LLM,
{σM , σS , θ̂0} is pre-determined by the user and θ̂t
is the observed sample mean of the random variable
χ̃. Due to k is a constant, we set θ̂t to observed
sample mean of the random variable χ, i.e.

θ̂t =
θ̂{t−|Qv|} ∗ (t− |Qv|+ 1) + |Qv|

t+ 1
, (10)

Carefully thinking Eq.(6) and Eq.(9), we can
observe that when n is small, the mean µ tends
to θt+i

M , and when n is large, µ tends to θ̂t. This
achieves the reduction of uncertainty in sampling
prediction through model prediction in the early
exploration stage. In the later stage, as the number
of observed samples increases, the accuracy of θ̂t
markedly enhances. Concurrently, µ draws closer
to θ̂t, thereby yielding more accurate prediction.
Therefore, our proposed method of mixing model
prediction and sampling prediction can outperform
the Beta-TS algorithm.

C Training Details

We implement all experiments with the deep learn-
ing framework PyTorch on NVIDIA A100-80G
GPUs. We set the learning rate to 1e-3 and the
batch size to 64, for training EESD and Medusa.
The hyperparameter settings we adopt are shown
in Table 9

D Harmonic Mean Metrics

We believe that two indicators, the acceptance rate
and the proportion of draft tokens, will affect the
end-to-end acceleration effect. The acceptance rate,
denoted as vd, indicates the percentage of draft
tokens that are accepted by the target model. It is
calculated as follows,

vd =
Nright

Nall_draft
, (11)

where Nright is the number of draft tokens that
are accepted by the target model, and Nall_draft
denotes the total count of tokens generated by the
draft model. The proportion of draft tokens, de-
noted as rd, represents the proportion of tokens that
come from the draft model, which is calculated as
follows,

rd =
Nright

L
, (12)

where L is the total number of tokens in the final
output sequence.

Once we have computed the aforementioned two
metrics, we can infer the speedup. The inference
time of end-to-end generation can be calculated
according to the following formula,

T =
rd ∗ L
vd

Td + (1− rd) ∗ L ∗ Tt, (13)

Where Td represents the time taken by the draft
model to generate one token, and Tt represents
the time taken by the target model to generate one
token. We can compute speed of the method by
sp = L

T and speedup by speedup = sp
Tt

. Therefore,
by integrating Eq.(13), we obtain the following
formula,

speedup =
vd

(α− vd) ∗ rd + vd
, (14)

where α equals Td
Tt

. To achieve speedup greater
than 1.00×, the term α− vd must be less than zero,
given that both vd and rd are positive values. The
speedup of the method is influenced by the factors
α, vd and rd. Under the premise that α < vd,
ideally, α should be as low as possible, while vd
and rd should be as high as possible. Both vd and
rd are influenced by the quality of the draft tokens
and the strategy for generating the draft tokens.
A well-devised strategy for draft token generation
can increase the values of vd and rd, but the upper
bound is restricted by the inherent quality of the
draft tokens themselves. In our experiments, we
observe that as the increasing of the drafting steps
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Model Method Train Dataset Seq. # Epoch Learning Rate Batch Size # GPUs

LLaMA-2-70B Medusa SlimPajama 4k 6 1e-3 64 8
EESD SlimPajama 4k 6 1e-3 64 8

LLaMA-2-70B-chat Medusa ShareGPT 4k 6 1e-3 64 8
EESD ShareGPT 4k 6 1e-3 64 8

LLaMA-2-13B Medusa SlimPajama 2k 4 1e-3 64 2
EESD SlimPajama 2k 4 1e-3 64 2

Vicuna-13B Medusa ShareGPT 2k 4 1e-3 64 2
EESD ShareGPT 2k 4 1e-3 64 2

CodeLLaMA-2-13B Medusa SlimPajama 16k 4 1e-3 64 8
EESD SlimPajama 16k 4 1e-3 64 8

Table 9: The hyperparameter values for EESD and Medusa training.

Target Model Method Draft Model Harmonic Mean Inference Time Speed Speedup
vd rd HM (/s) (token/s)

LLaMA-2-70B

Auto-regressive - - - - 56.32 9.10 1.00×
Vanilla SD LLaMA-2-7B 0.74 0.88 80.35 29.89 17.13 1.88×
Self SD Self 0.90 0.70 78.64 41.09 12.46 1.37×
Medusa Self 0.25 0.50 33.75 32.56 15.72 1.73×
EESD (+Beta-TS) Self 0.52 0.68 58.79 26.44 19.36 2.13×
EESD (+Cali-TS) Self 0.56 0.71 62.25 24.61 20.80 2.29×

LLaMA-2-70B-chat

Auto-regressive - - - - 56.53 9.06 1.00×
Vanilla SD LLaMA-2-7B-chat 0.52 0.83 63.90 39.17 13.07 1.44×
Self SD Self 0.66 0.70 67.99 49.89 10.26 1.13×
Medusa Self 0.16 0.39 22.86 39.97 12.81 1.41×
EESD (+Beta-TS) Self 0.39 0.62 47.76 31.57 16.22 1.79×
EESD (+Cali-TS) Self 0.39 0.62 48.23 31.04 16.49 1.82×

LLaMA-2-13B

Auto-regressive - - - - 21.93 23.35 1.00×
Vanilla SD LLaMA-2-7B 0.81 0.89 84.59 22.78 22.48 0.96×
Vanilla SD TinyLLaMA-1.1B 0.76 0.90 82.49 18.43 27.78 1.19×
Self SD Self 0.90 0.73 80.53 16.04 31.92 1.37×
Medusa Self 0.24 0.47 31.71 12.42 41.22 1.77×
EESD (+Beta-TS) Self 0.50 0.67 57.22 11.46 44.68 1.91×
EESD (+Cali-TS) Self 0.52 0.69 58.97 10.77 47.54 2.04×

Vicuna-13B

Auto-regressive - - - - 22.26 23.00 1.00×
Vanilla SD Vicuna-7B 0.52 0.83 64.22 32.40 15.80 0.69×
Vanilla SD Vicuna-68M 0.17 0.60 26.87 17.39 29.44 1.28×
Self SD Self 0.76 0.62 68.07 17.91 28.59 1.24×
Medusa Self 0.19 0.42 26.08 14.57 35.14 1.53×
EESD (+Beta-TS) Self 0.34 0.58 43.01 14.16 36.16 1.57×
EESD (+Cali-TS) Self 0.35 0.59 43.53 14.00 36.57 1.59×

Table 10: The detailed evaluation results on Gsm8k with different methods of Table 1. We present the result from
our assessment of Harmonic Mean, inference time, and the speed of end-to-end generation. Additionally, we also
present the speedup in comparison with the auto-regression method.

K, the acceptance rate vd usually decreases, while
the proportion of draft tokens rd increases in most
cases. Therefore, we hope to come up with a metric
that can help us understand the optimality of K.
And then, we use the harmonic mean of vd and rd
to assess it.

As shown in Table 10, 11, 12 and 13, we present
the vd and rd scores of each baseline method as
well as our method across three benchmark evalua-
tions, as detailed explanations of Table 1, 2 and 3.

E Inference Time and Speed up

We present the comprehensive results of end-to-end
inference time and tokens generated per second

for the auto-regressive method, three speculative
decoding methods and EESD. These results pro-
vide detailed explanations of the data shown in
Table 1, 2 and 3. These results, gathered from
evaluations using the Gsm8k benchmark, are de-
tailed in Table 10. Furthermore, we provide the
additional results from the XSum dataset in Ta-
ble 11, the Humaneval dataset in Table 12 and the
MT-bench dataset in Table 13.

F Case Study

As shown in Figure 6, we demonstrated two Xsum
samples. As described in Section 4.1, we adopt a
1-shot setting and use a greedy generation strategy.
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Figure 6: A visualization of the generation process of EESD with Cali-TS on LLaMA-2-70B. We present two
examples from the XSum dataset, and demonstrate the input text, the text generated by the original LLM using auto-
regression strategy, the generation process of EESD, and the final result generated by EESD. In EESD generation
process, the green color represents the draft token that are accept by LLM, and the red color represents the rejected
draft tokens, and gray color represents the draft tokens that will be discarded after the rejected token. And in the
EESD final output, the green color represents tokens generated by the draft model, and the red color represents the
tokens generated by the original LLM.
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Target Model Method Draft Model Harmonic Mean Inference Time Speed Speedup
vd rd HM (/s) (token/s)

LLaMA-2-70B

Auto-regressive - - - - 62.59 8.18 1.00×
Vanilla SD LLaMA-2-7B 0.57 0.83 67.30 42.85 11.95 1.46×
Self SD Self 0.80 0.60 68.60 51.72 9.90 1.21×
Medusa Self 0.19 0.42 25.69 44.21 11.58 1.42×
EESD (+Beta-TS) Self 0.44 0.63 51.91 34.81 14.71 1.80×
EESD (+Cali-TS) Self 0.46 0.65 53.41 33.58 15.25 1.86×

LLaMA-2-70B-chat

Auto-regressive - - - - 62.57 8.18 1.00×
Vanilla SD LLaMA-2-7B-chat 0.70 0.66 62.75 44.98 11.38 1.39×
Self SD Self 0.66 0.70 68.38 53.93 9.49 1.16×
Medusa Self 0.12 0.31 17.02 52.01 9.85 1.20×
EESD (+Beta-TS) Self 0.32 0.55 40.73 41.32 12.39 1.51×
EESD (+Cali-TS) Self 0.33 0.57 41.85 40.43 12.66 1.55×

LLaMA-2-13B

Auto-regressive - - - - 22.46 22.80 1.00×
Vanilla SD LLaMA-2-7B 0.67 0.86 75.63 29.09 17.60 0.77×
Vanilla SD TinyLLaMA-1.1B 0.67 0.86 75.42 21.39 23.94 1.05×
Self SD Self 0.87 0.70 77.61 16.63 30.79 1.35×
Medusa Self 0.18 0.41 25.03 14.67 34.90 1.53×
EESD (+Beta-TS) Self 0.48 0.66 55.46 12.18 42.04 1.84×
EESD (+Cali-TS) Self 0.49 0.67 56.45 11.69 43.80 1.92×

Vicuna-13B

Auto-regressive - - - - 22.82 22.44 1.00×
Vanilla SD Vicuna-7B 0.41 0.79 53.77 40.71 12.58 0.55×
Vanilla SD Vicuna-68M 0.15 0.56 23.05 19.50 26.26 1.17×
Self SD Self 0.69 0.54 60.38 20.14 25.42 1.12×
Medusa Self 0.11 0.29 15.55 18.28 28.01 1.21×
EESD (+Beta-TS) Self 0.24 0.47 32.23 17.96 28.51 1.25×
EESD (+Cali-TS) Self 0.25 0.48 32.50 17.75 28.85 1.27×

Table 11: The detailed evaluation results on XSum with different methods of Table 1. We present the result from
our assessment of Harmonic Mean, inference time, and the speed of end-to-end generation. Additionally, we also
present the speedup in comparison with the auto-regression method.

We observe that during the generation process of
EESD, those draft tokens that are inconsistent with
the original LLM’s output will be discarded. This
ensures that the final result generated by EESD is
the same as auto-regression. Furthermore, we find
that for samples with a high draft token acceptance
rate, the EESD tends to generate longer draft se-
quence in one drafting round, as shown in example
1. Conversely, for samples with a lower acceptance
rate, the EESD displays a tendency to generate
shorter draft sequence, minimizing the quantity of
discarded draft tokens, as shown in example 2. The
examples in Figure 6 shows that our method is ef-
fective in adaptively determining the length of draft
token generation, leading to significant improve-
ment in the final end-to-end generation speed.
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Target Model Method Draft Model Harmonic Mean Inference Time Speed Speedup
vd rd HM (/s) (token/s)

LLaMA-2-13B

Auto-regressive - - - - 21.83 23.45 1.00×
Vanilla SD LLaMA-2-7B 0.86 0.89 87.32 22.60 22.65 0.97×
Self SD Self 0.89 0.72 79.93 16.09 31.82 1.36×
Medusa Self 0.19 0.42 26.67 13.57 37.73 1.61×
EESD (+Beta-TS) Self 0.54 0.72 61.43 10.52 48.67 2.08×
EESD (+Cali-TS) Self 0.55 0.73 62.87 10.14 50.49 2.15×

CodeLLaMA-2-13B

Auto-regressive - - - - 22.82 22.44 1.00×
Vanilla SD CodeLLaMA-2-7B 0.92 0.90 91.12 20.84 24.57 1.09×
Self SD Self 0.92 0.76 83.51 16.58 30.88 1.38×
Medusa Self 0.45 0.55 49.14 11.56 44.29 1.97×
EESD (+Beta-TS) Self 0.64 0.75 68.94 10.31 49.66 2.21×
EESD (+Cali-TS) Self 0.65 0.76 70.15 9.32 54.94 2.45×

Table 12: The detailed evaluation results on Humaneval with different methods of Table 2. We present the result
from our assessment of Harmonic Mean, inference time, and the speed of end-to-end generation. Additionally, we
also present the speedup in comparison with the auto-regression method.

Target Model Method Draft Model Harmonic Mean Inference Time Speed Speedup
vd rd HM (/s) (token/s)

LLaMA-2-13B

Auto-regressive - - - - 21.61 23.69 1.00×
Vanilla SD LLaMA-2-7B 0.91 0.89 90.01 21.19 24.16 1.02×
Self SD Self 0.94 0.85 89.25 13.68 37.43 1.58×
Medusa Self 0.38 0.50 43.08 11.43 44.79 1.89×
EESD (+Beta-TS) Self 0.56 0.70 62.15 10.65 48.08 2.03×
EESD (+Cali-TS) Self 0.58 0.72 64.31 10.24 49.99 2.11×

Vicuna-13B

Auto-regressive - - - - 21.38 23.95 1.00×
Vanilla SD Vicuna-7B 0.79 0.85 81.50 23.49 21.80 0.91×
Self SD Self 0.93 0.80 86.20 14.64 34.97 1.46×
Medusa Self 0.22 0.46 30.11 12.50 40.96 1.71×
EESD (+Beta-TS) Self 0.45 0.63 52.82 11.75 43.57 1.82×
EESD (+Cali-TS) Self 0.47 0.66 54.83 11.31 45.27 1.89×

Table 13: The detailed evaluation results on MT-bench with different methods of Table 3. We present the result
from our assessment of Harmonic Mean, inference time, and the speed of end-to-end generation. Additionally, we
also present the speedup in comparison with the auto-regression method.
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Abstract

Online controlled experiments play a crucial role in enabling data-

driven decisions across a wide range of companies. Variance re-

duction is an e�ective technique to improve the sensitivity of ex-

periments, achieving higher statistical power while using fewer

samples and shorter experimental periods. However, typical vari-

ance reduction methods (e.g., regression-adjusted estimators) are

built upon the intuitional assumption of Gaussian distributions and

cannot properly characterize the real business metrics with heavy-

tailed distributions. Furthermore, outliers diminish the correlation

between pre-experiment covariates and outcome metrics, greatly

limiting the e�ectiveness of variance reduction.

In this paper, we develop a novel framework that integrates the

Student’s �-distribution with machine learning tools to �t heavy-

tailed metrics and construct a robust average treatment e�ect es-

timator in online controlled experiments, which we call STATE.

By adopting a variational EM method to optimize the loglikehood

function, we can infer a robust solution that greatly eliminates the
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negative impact of outliers and achieves signi�cant variance reduc-

tion. Moreover, we extend the STATE method from count metrics

to ratio metrics by utilizing linear transformation that preserves

unbiased estimation, whose variance reduction is more complex

but less investigated in existing works. Finally, both simulations

on synthetic data and long-term empirical results on Meituan ex-

periment platform demonstrate the e�ectiveness of our method.

Compared with the state-of-the-art estimators (CUPAC/MLRATE),

STATE achieves over 50% variance reduction, indicating it can reach

the same statistical power with only half of the observations, or

half the experimental duration.

CCS Concepts

• Mathematics of computing → Probability and statistics; • Gen-
eral and reference→ Experimentation.
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1 Introduction

Online controlled experiments (also known as A/B tests) are the

most widely adopted method for measuring causal e�ects, and
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play a crucial role in enabling data-driven decisions across a wide

range of companies, including Facebook [3, 13], Airbnb [8, 10],

Google [14], Microsoft [9] and LinkedIn [15, 26]. These experiments

are critical for businesses, as even small di�erences detected in key

metrics can have signi�cant implications for the total revenue [9].

For example, a strategy that increases one user’s revenue by $0.1

can result in millions of dollars in the total revenue for ten million

users.

In the typical settings of controlled experiments, online tra�c

is randomly partitioned into two groups: a treatment group and a

control group. They keep almost the same con�guration except that

the treatment group receives an additional intervention (e.g., a new

production version or a promotion email). The average treatment

e�ect (ATE) measures the causal e�ect of a treatment or interven-

tion, but its groundtruth is unknown. Thanks to the central limit

theorem, the di�erence-in-means estimator (DIM) produces an un-

biased estimation of ATE, which is calculated by the di�erence

between the treatment and control group outcomes.

Although DIM o�ers unbiased estimates, it still su�ers from

high variance, further leading to poor sensitivity and low statisti-

cal power. For online businesses, the sensitivity of experiments is

particularly important. With thousands of experiments run each

year, any bene�ts of increased sensitivity will be ampli�ed due to

economies of scale. On the other hand, the improvement in sensi-

tivity allows experiments to be run on a smaller user population or

for shorter durations while achieving the same statistical power. It

is signi�cant for improving the product feedback cycle and agility.

In mathematics, variance reduction techniques are used to ob-

tain higher precision for the metric of interest and have been in-

troduced to online controlled experiments recently. For examples,

CUPED [9] utilizes pre-experiment covariates to reduce metric vari-

ability between the treatment and control groups, constructing an

unbiased estimator with lower variance. However, the e�ectiveness

is limited by the linear assumption and the correlation between

the covariates and outcome metrics. Hence, to develop a nonlinear

multi-covariate proxy that is highly correlated with the outcome

metric, several machine learning (ML) based estimators have been

explored [2, 13, 15, 24, 25]. CUPAC [23] and MLRATE [13] are two

state-of-the-art (SOTA) estimators in this class, both of which are

based on the regression-adjusted method. To tackle the optimal-

ity, Yin [15] has demonstrated that if ML predicators converge to

the conditional mean function, the asymptotic variance of ATE

estimators can reach the semi-parametric variance lower bound.

Notably, the discussion on optimality is conducted under the

assumption that the regression residuals follow a Gaussian distri-

bution. However the business metrics of interest are often heavy-

tailed (e.g., watch time on video sites, user Gross Merchandise Vol-

ume(GMV) on e-commerce platforms, the amount of live broadcast

rewards, etc.). The observations for these metrics usually contain

some outliers (observations far away from the bulk of the probabil-

ity density). The signi�cant impact of outliers on the squared loss

may lead to bias and high variance in the ATE estimates. As shown

in Fig. 1, the residuals of user GMV on the Meituan food delivery

platform exhibit a heavy-tailed distribution due to the presence of

users with extremely high-priced orders. In the Gaussian distribu-

tion, the probability of observations falling beyond six standard

deviations should be extremely small (less than 0.0000002%). How-

ever, it is obvious that a larger portion of the observations exceeds

six standard deviation in Fig. 1. Therefore, the Gaussian distribution

does not properly characterize heavy-tailed metrics.

Figure 1: The distribution of residuals for user GMV on the

Meituan food delivery platform. The Y-axis represents the

sample count. The X-axis represents the residuals between

the real value and the model predicted value, where the ex-

tremely large values are clipped to the upper bound.

To address this problem,we introduce the Student’s �-distribution
to variance reduction. The Gaussian distribution is a special case of

the �-distribution, corresponding to the situation where the degree

of freedom tend to in�nity. As the degree of freedom decreases,

the �-distribution has heavier tails, giving non-zero probability to

observations that fall outside the bulk of the density. This char-

acteristic endows the �-distribution with an important property

called robustness. As is shown in Fig. 1, the GMV metric can be

better characterized when the regression residuals are modeled as

a generalized �-distribution.
In this paper, we mainly focus on the variance reduction of

ATE estimation of heavy-tailed metrics, and propose an easy-to-

implement robust ATE estimator, called STATE. Speci�cally, our

work has the following key contributions.

• We integrate the machine learning regression adjustment

method with the Student’s �-distribution to estimate ATE for

count metrics and derive a variational EM framework to infer

parameters. The estimation procedure takes full advantage

of both the powerful �tting ability of machine learning tools

and the robustness of the �-distribution to outliers, thereby

signi�cantly reducing the variance of ATE estimation in

online controlled experiments.

• We extend this method to ratio metrics, which are more

complex but less investigated. We introduce linear transfor-

mation for ratio metrics while preserve unbiased estimation

and consistent variance, under which regression-adjusted

methods and the Student’s �-distribution can be introduced

to reduce variance and improve sensitivity.

• We conduct large-scale experiments on synthetic data and

real business data on the Meituan food delivery platform to
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verify the e�ectiveness of our method in this paper. Exten-

sive experimental results demonstrate that when the met-

rics follow Gaussian distribution, the STATE method per-

forms equivalently to the state-of-the-art estimators (CU-

PAC/MLRATE). When the metric is a heavy-tailed distri-

bution, our method can reduce the variance by about 50%

compared to the CUPAC andMLRATE. This indicates that we

can achieve the same statistical power in online controlled

experiments with only half of the observations, or half the

experimental duration.

2 Setup and Related Work

2.1 Setup

Let � be the pre-experiment covariates, � be the binary treat-

ment variable, and �, � be two outcome variables. In an online

controlled experiment, suppose that there are � samples denoted

by (�� ,�� , �� , �� ), which are drawn independently from an identical

distribution. The treatment � ∈ {0, 1} is assigned randomly and

independently of the covariates � , where�� = 1 represents that the
�-th sample receives the treatment. Denote the number of samples

with �� = 1 and �� = 0 by �� and �� , repectively. Following the

Rubin Causal Model (RCM) [21], let �� (1), �� (1), �� (0), �� (0) be the
corresponding potential outcome when the sample is assigned with

the treatment or not.

The count metrics are de�ned as the samplemeans (e.g.,

∑
��=1 ��
��

),
whose analysis unit is exactly the randomization unit in experi-

ments. The average treatment e�ect (ATE) for count metrics is

�� = � [�� (1)] − � [�� (0)] .
The common di�erence-in-mean (DIM) estimator is taken as

Δ� =

∑
��=1 ��
��

−
∑
��=0 ��
��

. (1)

According to the central limit theorem, it gives an unbiased estima-

tion of �� with the variance � [Δ� ] = �2� /�� + �2� /�� , where �
2
� , �

2
�

are the variance of samples in the treatment group and control

group respectively.

The ratio metrics are usually regarded as the ratio of two count

metrics, e.g.,

∑
��=1 ��∑
��=1 ��

. For ratio metrics, ATE is de�ned as

�� =
� [�� (1)]
� [�� (1)]

− � [�� (0)]
� [�� (0)]

.

The corresponding DIM estimator is

Δ� =

∑
��=1 ��∑
��=1 ��

−
∑
��=0 ��∑
��=0 ��

. (2)

Notice that DIM is not an unbiased estimator because

� [Δ�] ≠ �� .

Fortunately, it gives a consistent estimation for �� according to the

delta method [7].

2.2 Related Work

Variance reduction is a key technology and a longstanding chal-

lenge to improve the sensitivity of online control experiments. The

original literatures mainly discuss the univariate linear adjustment

method [9, 12, 17, 27]. For instance, the CUPED [9] estimator, which

is widely applied in industry, utilizes relevant covariate from the

pre-experiment period to reduce the variability of the outcome met-

ric, and shows that the higher correlation between covariate and

outcome, the better the performance of variance reduction. Alter-

natively, an equivalent technique to CUPED is the linear regression

method, �� = �0 + �1�� + �2�� + �� , which assumes the outcome is a

linear combination of the treatment e�ect and the covariate term.

To overcome the limitations of the linear model, researchers

have explored multivariate adjustment methods [2, 13, 15, 23–25]

by introducing the cross-�tting technique [6, 28] and “agnostic”

regression [12, 17]. Typically, they utilize many covariates in a ma-

chine learning(ML) model � predicting � from� to develop a proxy

variable �(� ). Subsequently, estimate the ATE in a linear regression

model �� = �0 + �1�� + �2�(�� ) + �� . Since the proxy incorporates

more prior information about the outcome, it generates further

variance reduction gains.

However, the regression-adjusted methods assume that the resid-

ual � follows a Gaussian distribution, which is not applicable to

the heavy-tailed metrics in online businesses. If outliers are not

properly dealt with, they may lead to bias and high variance in

parameter estimation.

Furthermore, the majority of variance reduction methods focus

on count metrics. In fact, ratio metrics are equally important in prac-

tice, and are more complex but less investigated. Existing solutions

for ratio metric are mostly extensions to those of count metrics.

For examples, researchers utilize the delta method to extend the

CUPED estimator to the variance reduction of ratio metrics. The

study conducted by [15] focuses on ratio metrics by separately

minimizing the variances of the numerator and denominator, but

disregards their correlation. A novel work proposed in [4] is the

consistent transformation, which transforms ratio metrics into user-

level linear metrics. However, it is based on a strong hypothesis

where the denominator in ratio metrics is extremely large and can

be approximatively taken as a constant.

In this paper, we develop more e�cient estimators for count met-

rics and ratio metrics respectively. For count metrics, we propose a

robust estimator called STATE by modeling the regression residual

as a Student’s �-distributionwhichwas put forth and adopted as a ro-
bust building block, for clustering [20, 22] and robust projections[1].

The heavy-tailed nature of the �-distribution makes it much less sen-

sitive to outliers compared to the Gaussian distribution, resulting in

a substantial reduction in the variance of the ATE estimate. For ratio

metrics, we adopt the main idea of the transformation method [4]

while relaxing its assumptions, and introduce STATE method for

ratio metrics to decrease the negative in�uence of outliers.

3 Robust Estimation for Count Metrics with

STATE

3.1 Robust Modeling

Following the framework of typical regression adjustment tech-

niques, our proposed ATE estimation procedure can be summarized

in two stages: machine learning stage and linear regression stage.

Machine learning stage: utilize machine learning tools � to cap-

ture the relationship between the outcome metric � and the covari-

ates � . Then, we can obtain a proxy variable �̂� [13, 23] composed
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of ML predictions �(�� ). Notably, we employ the cross-�tting tech-

nique [6, 28] here to ensure that the proxy �̂� and treatment�� are
independent.

Linear regression stage: include the proxy �̂� as a regressor in
the linear regression step. The ATE estimation is the estimate of �1.

�� = �0 + �1�� + �2�̂� + �� (3)

for simplicity, we denote the Eq. (3) as �� = �� �� + �� , where
� = (�0, �1, �2)� , and �� = (1,�� , �̂� )� .

To capture the structure of the typical observations while deal-

ing with outliers automatically, we model the residuals using the

Student’s �-distribution instead of the Gaussian distribution, here.

�� ∼ �� (� |�, �2, �) (4)

As noted in [18], the �-distribution can be re-written as a convo-

lution of a Gaussian distribution with a Gamma distribution placed

on its precisions by introducing a latent variable �� .

�� (� |�, �2, �) =
∫ ∞

0
N(� |�, �

2

��
)G(�� |

�

2
,
�

2
)��� (5)

without loss of generality, the expectation � of the residuals is set

to 0. G is the Gamma density, G(� |�, �) = ��

Γ (�) �
�−1�−�� , and Γ(·)

represents the Gamma function.

It should be noted that the maximum likelihood estimate of

�1 based on Eq. (3),(4) is the ATE estimation. Now we derive the

log-likelihood function of the observations in the following form.

L = ln

�∏

�=1

� (�� |�� , � )

=
�∑

�=1

ln �� (�� |�� �� , �2, �)

=
�∑

�=1

ln

∫ ∞

0
N(�� |�� �� ,

�2

��
)G(�� |

�

2
,
�

2
)���

≥
�∑

�=1

∫ ∞

0
�(�� ) ln

N(�� |�� �� , �
2

��
)G(�� | �2 ,

�
2 )

�(�� )
���

≡ F (� |�, �, �)

(6)

where �(�� ) is the posterior of latent variable �� , � = {�� , �2, �} is
the set of parameters of the model. F is called the variational free

energy function. The inequality holds due to Jensen Inequality.

3.2 The Variational Likelihood Bound

The variational free energy F , which is also called the Evidence

Lower Bound(ELBO) of the likelihood function. Optimizing the like-

lihood function L directly is intractable, we can optimize the ELBO

instead by the EM algorithm according to Minorize-Maximization

optimization[16, 19]. F can be evaluated as follows:

F (� |�, �, �) =
�∑

�=1

(〈lnN(�� |�� �� ,
�2

��
)〉+〈lnG(�� |

�

2
,
�

2
)〉−〈ln�(�� )〉)

(7)

where

〈lnN(�� |�� �� ,
�2

��
)〉 = −1

2
ln 2��2 + 1

2
〈ln�� 〉 −

〈�� 〉
2�2

(�� − �� �� )2

(8)

〈lnG(�� |
�

2
,
�

2
)〉 = �

2
ln

�

2
− ln Γ( �

2
) + ( �

2
− 1)〈ln�� 〉 −

�

2
〈�� 〉 (9)

〈ln�(�� )〉 = �� ln �� − ln Γ(�� ) + (�� − 1)〈ln�� 〉 − �� (10)

where 〈·〉 represents the expectation of the term conditional on the

posterior distribution �(�� ), 〈ln�� 〉 = Ψ(�� ) − ln �� and Ψ(·) is the
di-gamma function.

In the E-step of the (� + 1)-th iteration of EM algorithm, we

maximize F w.r.t the variational distribution � while �xing the

parameters in the �-th iteration, �� :

��+1 (�� ) = �������F (�� |�� , �� , �)
In the M-step, we maximize F w.r.t the parameters � to obtain

the new parameter values ��+1

��+1 = �������F (�� |�� , �, ��+1)

3.3 Deriving the EM Algorithm

3.3.1 Variational E-step.
The posterior distribution of latent variable �� can be derived

by taking functional derivative of F (�� |�� , �, �(�� )) w.r.t. the term
of �(�� ),

�(�� ) =
��� 〈lnN(�� |�� �� , �

2

��
)G(�� | �2 ,

�
2 )〉∫ ∞

0
��� 〈lnN(�� |�� �� , �

2

��
)G(�� | �2 ,

�
2 )〉���

After simpli�cation, we can �nd �(�� ) is Gamma density.

�(�� ) = G(�� |�� , �� )
where

�� =
�

2
+ 1

2
, �� =

�

2
+ (�� − �� �� )2

2�2
, 〈�� 〉 =

��
��

(11)

3.3.2 M-step.
The parameter � = {�� , �2, �} are obtained by solving the sta-

tionary equations of F w.r.t �� = {�0, �1, �2}, �2, � respectively,

�0 =

∑�
�=1 (�� − �1�� − �2�̂� )〈�� 〉

∑�
�=1〈�� 〉

(12)

�1 =

∑�
�=1 (�� − �0 − �2�̂� )�� 〈�� 〉

∑�
�=1〈�� 〉� 2

�

(13)

�2 =

∑�
�=1 (�� − �0 − �1�� )�̂� 〈�� 〉

∑�
�=1〈�� 〉�̂ 2

�

(14)

�2 =
1

�

�∑

�=1

(�� − �0 − �1�� − �2�̂� )2〈�� 〉 (15)

� is the solution of the following non-linear equation.

�∑

�=1

(ln �

2
+ 1 + 〈ln�� 〉 − 〈�� 〉 − Ψ( �

2
)) = 0 (16)
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In summary, the inference procedure of the STATE method for

count metrics is shown in Algorithm 1.

Algorithm 1 Variational EM Inference with STATE

1: Input: Data(�� ,�� , �� )��=1.
2: Output: STATE �̂1
3: ML stage: train a model �(�) to predict � [� |� ] by cross-�tting.
4: EM stage: estimate �̂1 as the ATE estimation.

�� = �0 + �1�� + �2�̂� + ��

initialize: (�0, �1, �2, �2, �) ← (�
(0)
0 , �

(0)
1 , �

(0)
2 , �2(0) , � (0) ).

5: while Free energy F not converged do

6: E-step obtain the optimal posterior distribution of �� :

� (�+1) (�� ) = G(�� |�
(�+1)
� , �

(�+1)
� )

7: where �
(�+1)
� , �

(�+1)
� are computed by Eq. (11).

8: M-step estimate the model parameters ��+10 , ��+11 , ��+12 ,

9: �2(�+1) , � (�+1) by Eq. (12)-(16).

10: Evaluate F by Eq. (7)-(10)

11: end while

12: return STATE: �̂1

3.4 Computational Complexity

Compared to the CUPAC and MLRATE estimators, STATE incurs

extra computational costs, primarily due to the implementation of

the EM algorithm. Speci�cally, in each iteration, calculating the

posterior distribution parameters {�� , �� }��=1 and model parameters

� = {�� , �2, �} each takes � (� ) operations. Consequently, the
overall computational complexity of EM algorithm amounts to

� (�� ), where � denotes the number of iterations. According to

the empirical experience on the Meituan experimental platform,

the EM procedure typically requires 30 to 60 seconds to process

500,000 observations.

4 Consistent Transformation of Ratio Metrics

The ratio metrics are also common in the industry, which can be

regarded as the ratio of two count metrics. For example, the click-

through rate is a ratio metric, which is a ratio of the click number

and the pageview number. Addressing the variance reduction of

ratio metrics is more complex but much less investigated in existing

works. In this section, we will introduce consistent transformation

so that STATE can be utilized to reduce variance of ratio metrics.

Following the notations in Sec. 2.1, let �� , �� , �� , �� be the corre-
sponding count metrics, i.e.,

�� =

∑
��=1 ��
��

, �� =

∑
��=0 ��
��

, �� =

∑
��=1 ��
��

, �� =

∑
��=0 ��
��

.

Let �� and �� be the ratio metrics of the treatment group and the

control group respectively, i.e.,

�� =

∑
��=1 ��∑
��=1 ��

=
��
��

, �� =

∑
��=0 ��∑
��=0 ��

=
��
��

.

According to the delta method [7], the variance of ratio metrics can

be approximately computed by

��� =
1

[��� ]2
��� +

[��� ]2

[��� ]4
��� −

2���
[��� ]3

cov(�� , �� ) (17)

=
� [�� − ���� ]

[��� ]2
,

where �� = ���/��� . Therefore, we have

� [Δ�] = � [�� − �� ]
= ��� + ���

=
� [�� − ���� ]

[��� ]2
+ � [�� − ���� ]

[��� ]2
,

where �� = ���/��� and the second equality holds due to �� ⊥ �� .
Since the analysis unit in ratio metrics does not match the ran-

domization unit, the common regression-adjusted method and ro-

bust estimation cannot directly perform variance reduction for ratio

metrics [15]. The work [4] transformed ratio metrics �� = ��/��
to linear metrics �� = �� − ��� , where � = (1 − �)�� + ��� . After
such linear transformation, regression adjustment can be applied

for variance reduction of Δ� = �� −�� , and the signi�cance level of
Δ� can be obtained by performing student t test for Δ�. However,
there are two crucial defects in this work. Firstly, it is showed that

Δ� = ((1 − �)�� + ��� )Δ�. The coe�cient (1 − �)�� + ��� is not
a constant and thus the signi�cance level of Δ� is not equivalent

to that of Δ�. Secondly, the analysis for the variance of Δ� in this

work is based on the hypothesis where the parameter � is taken as

a constant, but it actually consists of random variables �� and �� .
In this section, we follow the main idea in [4] (transforming

ratio metrics to linear metrics), but mitigate the above two defects

simultaneously. Speci�cally, we construct a new linear metric Δ�
and let Δ� = Δ�

������
, which preserves both unbiased estimation

and consistent variance, i.e.,

Property 1. Unbiased estimation: � [Δ� ] = �� ,
Property 2. Consistent variance: � [Δ� ] ≈ � [Δ�],

where�� = � [�� (1) ]
� [�� (1) ] −

� [�� (0) ]
� [�� (0) ] is ATE of ratiometrics. Since������

is a constant, Property 1 guarantees that the signi�cance level of

Δ� is equivalent to that of �� . Although the value of ������ is

unknown in practice, we can obtain the signi�cance level of �� by
making hypothesis testing for Δ� . Based on Property 2, performing

regression adjustment for Δ� will result in a consistent estimator of

Δ� with smaller variance than Δ�. Furthermore, robust estimation

can be introduced and eliminate the in�uence of the atypical and

outlying observations.

Construction of Δ� . For each sample, construct the new label

as �� = �1�� − �2�� . Hence, we have �� =
∑
��=1 ��
��

= �1�� − �2�� ,

�� =
∑
��=0 ��
��

= �1�� − �2�� and Δ� = �� − �� = �1Δ� − �2Δ� .
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Proof of Property 1. Follow the above construction of Δ� and

set �1 = �� and �2 = �� . We further have Δ� = ���� − ���� and

� [Δ� ] = � [���� − ���� ]
������

=
������ − ������

������

=
���
���

− ���
���

=
� [�� (1)]
� [�� (1)]

− � [�� (0)]
� [�� (0)]

= �� ,

where the second equality holds due to �� , �� ⊥ �� , �� .
Proof of Property 2. De�ne �(�� , �� , �� , �� ) = ���� − ���� .

According to the delta method, the variance of Δ� can be rewritten

as

� [Δ� ] = � [���� − ���� ]
[������ ]2

=
∇��(�)

∑∇�(�)
[������ ]2

,

where � = (��� , ��� , ��� , ��� ), ∇��(�) = (��� ,−��� ,−��� , ��� )
is the Jacobian and

∑
=
����
�

��� cov(�� , �� ) 0 0
cov(�� , �� ) ��� 0 0

0 0 ��� cov(�� , �� )
0 0 cov(�� , �� ) ���

����
�

is the covariance matrix. Therefore, we further have

� [Δ� ] =∇
��(�)∑∇�(�)
[������ ]2

=
1

[��� ]2

[
��� +

[��� ]2

[��� ]2
��� −

2���
���

cov(�� , �� )
]
+

1
[��� ]2

[
��� +

[��� ]2

[��� ]2
��� −

2���
���

cov(�� , �� )
]

=
� [�� − ���� ]

[��� ]2
+ � [�� − ���� ]

[��� ]2
,

where �� = ���/��� and �� = ���/��� . As stated in [4], in the real

online experiments of the industry, the increment in ratio metrics

of the treatment group is usually small and is tightly bounded

with deviation of several percents. Hence, we have �� ≈ �� , which
indicates that � [Δ� ] ≈ � [Δ�] holds.

5 Experimental Evaluation

In this section, we construct large-scale experiments to demonstrate

the e�ectiveness of STATE using both simulated data and real user

data from the Meituan food delivery platform. Firstly, we validate

the performance of various methods in reducing the variance of

count metrics and ratio metrics in simulation data. For complete-

ness, we also investigate the impact of the proportion of outliers in

the data set on STATE. Secondly, to show the magnitude of vari-

ance reduction that can be achieved in practice, we perform a series

of A/A tests on key metrics of interest for Meituan food delivery

business. Finally, we discuss limitations of the STATE estimator.

5.1 Experimental Setup

Simulation data.The generating process is almost the same as [13].

Denote each sample by (�� ,�� , �� , �� ). The covariates �� is dis-

tributed as �� ∼ N(�, �5×5), where � is generated from a uniform

distribution � (0, 10). The outcome variables �� and �� are con-

structed by�� = � (�� )+��∗�� (�� )+�� and�� = � (�� )+��∗�� (�� )+��
respectively, where �� and �� are the error terms distributed as

�� ∼ N(0, 252) , �� ∼ N(0, 102). Let � (�� ) and � (�� ) be nonlinear
functions with the forms{

� (�� ) = 10 sin(���1��2) + 6� 2
�3 + 10|��4 | + 5|��5 | + 50,

� (�� ) = 10 sin(���4)��5 + 15(��2 + ��3)2 + 5|��1 | + 30.

The treatment e�ect is also given by a nonlinear form as
{
�� (�� ) = ��1��3 + log(1 + ���2 ),

�� (�� ) = � 2
�2 + 3 log(1 + ���4 + |��5 |).

Additionally, in order to validate the performance of our STATE

estimator in dealing with heavy-tailed metrics, we also add a certain

proportion of outliers to the simulation data set. The outliers are

randomly generated from two uniform distributions� (� + 4��, � +
20��) and� (� + 4�� , � + 20��), where �� and �� are the standard

deviation of �� and �� respectively.
We generate 200K samples in total and perform 1000 simulation

experiments. In each simulation, we randomly choose 20K samples

and divide them equally into the treatment group and the control

group according to the treatment indicator �� which follows �� ∼
Bernoulli(0.5). Finally, we compare the variance of di�erent ATE

estimators in all the simulations.

Real user data. The real user data is collected from Meituan food

delivery platform, which contains over 2.3 million samples and

58 covariates. Each sample records all the transaction information

for a user during an experiment in this platform. To show the

e�ectiveness of the STATE estimator, we select two count metrics,

the count of orders per user (orders in short) and GMV per user,

and a ratio metric, the average price per order (AvgOrdPrice). Here,

GMV refers to the total price paid by each user on the food delivery

platform during the trial period. The average price per order is

calculated by dividing the sum of GMV of all users by the total

number of orders of all users.

For each metric, we perform A/A tests by selecting 200k users

randomly and assigning the treatment indicator�� ∼ Bernoulli(0.5)
for each user. Similarly, the A/A test is also repeated 1000 times.

Notice that the A/A test is a controlled experiment where treatment

is identical to control, hence the ground truth of ATE is 0.

Benchmark. For both count and ratiometrics, multiplemethods for

variance reduction are implemented and taken as the benchmarks.

• Count metrics

– DIM. The di�erence-in-mean estimator that computes

ATE by Eq. (1) for count metrics.

– CUPED. The state-of-the-art linearmethod proposed in [9],

which reduces variance of count metrics by utilizing the

pre-experiment covariates and gives an unbiased estima-

tion of ATE.

– CUPAC. Similar to CUPED, but replace the pre-experiment

covariates with a proxy highly correlated with the out-

come variable [23].
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– MLRATE. The machine learning regression-adjusted esti-

mator proposed in [13].

– STATE. The robust regression-adjusted estimator for vari-

ance reduction proposed in this paper.

• Ratio metrics

– DIM. The di�erence-in-mean estimator that computes

ATE of ratio metrics by Eq. (2).

– CUPED. The generalization to ratio metrics proposed in

Appendix B of [9].

– CTRM. The consistent transformation method of ratio

metrics proposed in [4].

– STATE. The robust regression-adjusted estimator for ratio

metrics after consistent transformation.

Evaluation Metrics.We compare various variance reduction tech-

niques on two primary evaluation metrics: bias and variance. Con-

sistent with previous studies[13, 15], we assess the bias by utilizing

the empirical coverage rate of the 95% con�dence intervals (CI).

The closer the empirical coverage rate is to the nominal cover-

age rate(95%), the smaller the bias of the estimator. On the other

hand, for the variance metric, the smaller the value, the shorter the

con�dence interval and the higher the e�ciency of the estimator.

• Empirical coverage. The empirical coverage represents the

proportion of 1000 simulations in which the 95% con�dence

interval covers the ground truth.

• Variance. The variance of ATE estimates across 1000 simula-

tion experiments.

5.2 Simulation Experiment

In this section, we utilize simulation experiments to validate the

e�ectiveness of the algorithms proposed in this paper. First of all,

Table 1, 2 and Fig. 2 show the simulation results for count metrics

and ratio metrics on the dataset with 0.5% outliers. Furthermore,

we investigate the impact of the proportion of outliers on vari-

ous variance reduction techniques. "Var.Red%" displays the vari-

ance reduction gains for each method compared to DIM estimator.

"Emp.Cov%" displays the empirical coverage of the 95% CIs.

Table 1: Simulation Results for count metric

Methods DIM CUPED CUPAC MLRATE STATE

Emp.Cov% 94.6 94.6 94.2 94.0 95.6

Var.Red% 0 28.7 32.6 32.4 84.1

Table 2: Simulation results for ratio metric

Methods DIM CUPED CTRM STATE

Emp.Cov% 95.1 94.3 94.6 94.8

Var.Red% 0 6.7 55.7 90.1

5.2.1 Count Metrics.

As shown in Table 1, the empirical coverage of all count metric

estimators closely approximates the nominal coverage (95%), indi-

cating that the biases associated with these estimators are minimal.

Fig. 2(a) depicts the probability density of ATE estimates, reveal-

ing that STATE’s ATE distribution is markedly more compact, with

its variance being substantially reduced compared to that of other

methods. Speci�cally, the CUPED method reduces the variance

by 28.7% compared to the DIM estimator; CUPAC and MLRATE

perform similarly and deliver additional gains relative to CUPED.

It indicates that the proxy variable constructed by the ML model

has a superior correlation with the outcome than a single covariate.

In contrast, the performance of the STATE estimator is remarkable,

achieving an over 80% variance reduction compared to the DIM

estimator and signi�cantly enhancing the precision of ATE estima-

tion. Considering both the empirical coverage rate and estimator

variance, STATE clearly emerges as the preferred ATE estimator.

5.2.2 Ratio Metrics.

Fig. 2(b) and Table 2 present the detailed experimental results of

variance reduction for ratio metrics in simulation data. As is shown

by Table 2, the empirical coverage of all the estimators are close

to the nominal coverage, in which STATE achieves the best per-

formance on variance reduction. Speci�cally, CUPED only reduces

6.7% of variance compared to DIM duo to the weak correlation

between the pre-experiment covariates and the ratio metric. CTRM

performs much better, which achieves over 55.7% variance reduc-

tion compared with DIM. However, the e�ectiveness of CTRM is

also limited by the correlation between the ML-based predictors

and the outcome metrics, which is easily in�uenced by big outliers.

As a robust estimator, STATE can signi�cantly decrease the neg-

ative e�ects for variance caused by outliers, which contributes to

over 90.1% variance reduction relative to DIM.

5.2.3 Factors A�ecting STATE E�ectiveness.

Now let’s look at the factors that a�ect the performance of STATE.

Here, we discuss the problem from a general setting to speci�c

settings by constructing a Gaussian distribution dataset and adding

di�erent proportions of outliers from 0 to 1%. Fig. 3(a) and Fig. 3(b)

display the results of empirical coverage and variance reduction

respectively.

From the Fig. 3(b), we can see that when the dataset does not

contain outliers, more precisely, the metrics follow a Gaussian distri-

bution, STATE, CUPAC, and MLRATE perform similarly in variance

reduction. As the proportion of outliers increases, STATE and base-

line methods exhibit drastically di�erent performance. The reason

is that the degree of variance reduction of typical methods such as

CUPED, CUPAC and MLRATE depends on the correlation between

the constructed covariates or proxy variables and business metrics.

(a) PDF of ATE for count metric (b) PDF of ATE for ratio metric

Figure 2: Simulation results of ATE estimation
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Table 3: Summary of A/A test results for count metrics

Metric
DIM CUPED CUPAC MLRATE STATE

Emp.Cov% Var.Red% Emp.Cov% Var.Red% Emp.Cov% Var.Red% Emp.Cov% Var.Red% Emp.Cov%

orders 94.9 47.2 94.9 54.6 94.5 54.6 94.5 70.5 95.1

GMV 94.8 33.3 93.9 44.3 94.5 44.4 94.4 80.7 95.2

Table 4: Summary of winsorized results at the 99.9th percentile threshold

Metric
Winsorized DIM Winsorized CUPED Winsorized CUPAC Winsorized MLRATE Huber Regression

Var.Red% Emp.Cov% Var.Red% Emp.Cov% Var.Red% Emp.Cov% Var.Red% Emp.Cov% Var.Red% Emp.Cov%

orders 1.1 94.7 49.0 94.5 55.9 94.4 55.9 94.3 54.9 95.0

GMV 12.4 94.7 38.3 93.9 57.3 94.3 54.6 94.4 47.3 94.5

Table 5: Summary of winsorized results at the 99th percentile threshold

Metric
Winsorized DIM Winsorized CUPED Winsorized CUPAC Winsorized MLRATE Huber Regression

Var.Red% Emp.Cov% Var.Red% Emp.Cov% Var.Red% Emp.Cov% Var.Red% Emp.Cov% Var.Red% Emp.Cov%

orders 9.76 94.1 53.0 94.0 60.4 94.1 60.5 94.0 54.9 95.0

GMV 21.7 94.5 49.8 93.5 71.0 94.0 67.7 93.8 47.3 94.5

(a) Empirical coverage for all estimators (b) Variance reduction compared to DIM

Figure 3: Impact of proportions of outliers

However, with the existence of outliers, correlation learning be-

comes increasingly di�cult. The result is that the performance of

these typical techniques deteriorates gradually, degrading to the

variance scale of the DIM method. The STATE estimator we pro-

posed is designed to address such challenges by modeling the noise

as a Student’s �-distribution. Because of the excellent robustness
of the T estimate, the rate of variance increase of STATE is signi�-

cantly slower than the DIM method with the increase of outliers.

Consequently, the more pronounced the heavy tail phenomenon of

business metrics, the more apparent the advantage of the STATE

method in variance reduction.

5.3 Empirical Results

In this section, we perform two real experiments on the Meituan

food delivery platform, analyzing the count metrics and ratio met-

rics, respectively. Here, we focus on the A/A tests, not the A/B

tests running in production. This is because the true e�ect of the

A/B tests is unknown, which makes it impossible to evaluate the

empirical coverage rate of the con�dence interval. Since the aver-

age treatment e�ect (ATE) in online experiments is typically small

and unlikely to signi�cantly change the relationship between the

outcomes and covariates, the reduction in variance in A/B tests

should be very similar to that in A/A tests.

(a) PDF of ATE for orders (b) PDF of ATE for GMV

(c) PDF of ATE for AvgOrdPrice

Figure 4: Empirical results of ATE estimation

5.3.1 Count metrics.

On the food delivery platform, business metrics with a heavy-

tailed distribution are quiet common. This is typically caused by
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Table 6: Summary of A/A test results for ratio metrics

Metric
DIM CUPED CTRM STATE

Emp.Cov% Var.Red% Emp.Cov% Var.Red% Emp.Cov% Var.Red% Emp.Cov%

AvgOrdPrice 95.0 6.4 95.6 21.8 94.9 91.6 95.7

users’ accidental consumption behavior. For example, a user orders

takeaway to treat friends to dinner, the consumption price of her

order may be a extremely large value relative to her historical

consumption pattern. These sample points that fall on the tail (also

known as outliers) are not a�ected by treatment, but has great

impact on the sensitivity of measuring ATE.

To get a better sense of the magnitudes of variance reduction

that the STATE method might achieve in practice, we select two

key count metrics: orders per user and GMV per user, both of which

have heavy-tail distributions. For each metric, we construct A/A

tests. Table 3 and Fig. 4 show the empirical results. It indicates

that the STATE performs substantially better than the CUPED,

CUPAC and MLRATE estimators on both orders metric and GMV

metric. On average, the STATE estimator reduces the variance of

the order metric and GMV metric by 70.5% and 80.7% respectively

compared to the DIMmethod, whereas the analogous �gures for the

state-of-the-art methods are about 54.6% and 44.4%. It demonstrates

that STATE can indeed considerably improve the sensitivity of

real business metrics, which is of great signi�cance for increasing

business pro�ts and reducing the cost of experimental time.

Furthermore, we compare STATE method with the typical win-

sorization [11] method and Huber regression [5] for dealing with

heavy-tailed metrics. Table 4 and 5 display the results of winsoriza-

tion at di�erent thresholds(99% and 99.9% quantiles of the observa-

tions). It is observed that estimation is sensitive to the threshold.

A lower threshold results in more observations beyond threshold

being restrained, which consequently yields a reduced variance in

parameter estimation. However, there is a concomitant decline in

the empirical coverage rate, suggesting an incremental increase in

bias. Consequently, employing the Winsorization process necessi-

tates a meticulous balance between the impact of bias and variance.

As shown in Table 3 and 4, the variance of the parameters estimated

by the Huber regression method is slightly smaller than that of

the CUPAC and MLRATE methods (without winsorization). This is

because Huber regression transforms the mean square loss function

of extreme observations into a linear form, thereby partially reduc-

ing the impact of outliers. However, the results also show that the

robustness of the Huber regression method is limited, exhibiting a

considerable disparity when compared to the STATE method.

5.3.2 Ratio metrics.

Fig. 4(c) and Table 6 present the results for ratio metric named

AvgOrdPrice in real user data, which is calculated by dividing the

sum of GMV of all users by the total number of orders. As is shown

by Table 6, the empirical coverage of all the estimators converges

to 95%, and STATE still performs the best because of the strong

capacity of resisting disturbance for outliers that exactly exists in

real data. In summary, the variance reduction of STATE is about

91.6% relative to DIM, relative to CUPED is 91.0%, relative to CTRM

is 89.3%.

5.4 Limitations

In the preceding discussions, STATE has achieved notable success

in the application of variance reduction for both count metrics

and ratio metrics. Now let’s discuss the applicability of the STATE

method. Inspired by section 5.2.3, we �nd the e�ectiveness of the

STATE method varies from metric to metric, depending on whether

the distribution of the metric has a heavy tail. When metric follows

a Gaussian distribution, the STATE method is comparable with the

state-of-the-art methods, but introduces extra computational cost.

If the metric exhibits a heavy tail distribution, the STATE method

demonstrates a strong advantage.

6 Conclusion

Variance reduction is the common technology to improve the sensi-

tivity in online controlled experiments, which contributes to smaller

user population and shorter experimental period. However, typical

methods cannot characterize the heavy-tailed distributions in real

business metrics, whose e�ciency is greatly limited by the outlying

observations. In this paper, we proposed a machine-learning-based

regression adjustment method with Student’s �-distributed errors

to reduce the impact of outliers in variance reduction for count

metrics. Furthermore, we transform ratio metrics into a linear com-

bination but preserve unbiased estimation and consistent variance,

and apply the above method to the variance reduction of ratio

metrics. Both synthetic and real data demonstrate a signi�cant

decrease in variance for both count and ratio metrics compared

to state-of-the-art methods. It bene�ts from our robust estimator

that is stronger to resist disturbance of outliers. We recommend to

use the method especially in the experiments where the treatment

e�ect is not very signi�cant. In this case, the in�uence of outliers

is relative larger but can be e�ectively mitigated by our method.

As the method signi�cantly improves the robustness of con-

trolled experiment results, we would like to expand it to the esti-

mation of individual treatment e�ects (ITE) in future works, which

also su�ers from the negative e�ects of outliers.
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ABSTRACT

Recommendation systems, which assist users in discovering their

preferred items among numerous options, have served billions of

users across various online platforms. Intuitively, users’ interac-

tions with items are highly driven by their unchanging inherent

intents (e.g., always preferring high-quality items) and changing

demand intents (e.g., wanting a T-shirt in summer but a down

jacket in winter). However, both types of intents are implic-

itly expressed in recommendation scenario, posing challenges

in leveraging them for accurate intent-aware recommendations.

Fortunately, in search scenario, often found alongside recommen-

dation on the same online platform, users express their demand

intents explicitly through their query words. Intuitively, in

both scenarios, a user shares the same inherent intent and his/her

interactions may be in�uenced by the same demand intent. It is

therefore feasible to utilize the interaction data from both scenarios

to reinforce the dual intents for joint intent-aware modeling. But

the joint modeling should deal with two problems: (1) accurately

modeling users’ implicit demand intents in recommendation;

(2) modeling the relation between the dual intents and the

interactive items. To address these problems, we propose a novel
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model named Uni�ed Dual-Intents Translation for joint modeling

of Search and Recommendation (UDITSR). To accurately simulate

users’ demand intents in recommendation, we utilize real queries

from search data as supervision information to guide its genera-

tion. To explicitly model the relation among the triplet <inherent

intent, demand intent, interactive item>, we propose a dual-intent

translation propagation mechanism to learn the triplet in the same

semantic space via embedding translations. Extensive experiments

demonstrate that UDITSR outperforms SOTA baselines both in

search and recommendation tasks. Moreover, our model has been

deployed online on Meituan Waimai platform, leading to an aver-

age improvement in GMV (Gross Merchandise Value) of 1.46% and

CTR(Click-Through Rate) of 0.77% over one month.
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1 INTRODUCTION

Aiming to help users discover items of interest from a vast array of

options, recommendation systems have become an essential com-

ponent of various online platforms, such as e-commerce [26, 48, 49]

and digital news services [7, 19, 35]. Existing recommendation mod-

els [15, 16, 48, 49] typically exploit users’ implicit feedback, such

as click history, to predict their interests. For instance, traditional

Collaborative Filtering (CF) [16] assumes that users will interact

with items similar to those with which they’ve previously inter-

acted. Furthermore, various models [48, 49] have been developed

to capture the sequential dynamics of users’ implicit feedback to

model their evolving interests.

In practice, user feedback patterns in recommendation systems

are highly driven by their complex intents, which can be broadly

categorized into unchanging inherent intents and changing demand

intents. For example, Amy and Tom may have the same noodle

demand but choose di�erent restaurants due to Amy’s inherent

intent for spicy �avors and Tom’s for sweet. Besides, a single user’s

interactions can vary due to their changing demands. Yet, these

intents are often implicitly expressed in the recommendation, pre-

senting a challenge for accurate intent-aware recommendations.

Existing intent-aware recommendation models [5, 23, 50] typically

rely on users’ implicit feedback to learn their intents. However,

these models encounter a signi�cant problem: di�erent users may

have di�erent inherent or demand intents despite similar historical

feedback. As shown in Figure 1(a), Amy’s interaction with Pizza

Hut might indicate a demand intent for pasta, while Tom may

demand pizza instead. Ideally, recommendation systems should

suggest pasta-related options to Amy and pizza-related ones to

Tom. However, without any explicit intent information, existing

models struggle to distinguish between these intents, resulting in

inaccurate recommendations.

Fortunately, in search services, which often accompany recom-

mendation services on the same online platform, users explicitly

express their demand intents through query words, as shown in

Figure 1(b). Such explicit search demand information can serve as

additional explicit information to assist in learning implicit demand

intents for recommendation. Indeed, both search and recommenda-

tion tasks aim to comprehend users’ intents to aid them in obtaining

desired items [2]. In addition, in search scenario, users’ interactions

are in�uenced not only by their explicit demand intents but also by

their personalized inherent intents. Yet, search models typically fo-

cus on the match between search results and users’ demand intents,

often overlooking the impact of their personalized inherent intents,

which are indeed signi�cant [33]. Intuitively, in both scenarios, a

user maintains the same inherent intent and his/her behaviors are

likely to be determined by the same demand intent. Therefore, it

is feasible to leverage interaction data from both scenarios to rein-

force or complement each other’s dual intents for joint intent-aware

modeling. Nevertheless, this joint modeling is not trivial due to the

following challenges:

(1) How to accurately model a user’s implicit demand in-

tent in recommendation with search data? A user’s demand

intent is implicit within recommendation but is explicitly indicated

by search queries. If the changing demand intents in recommen-

dation can be accurately generated, search and recommendation
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Figure 1: Examples of interaction behaviors in recommenda-

tion and search scenarios.

can be well modeled in a uni�ed manner. The existing method, SR-

JGraph [47], employs the unchanging padding query in recommen-

dation for uni�ed modeling. This approach assumes an unchanging

demand intent across all recommendation interactions, which may

hinder recommendation performance. To learn demand intents, an

intuitive approach is to simply incorporate users’ historical queries

as additional demand information into the recommendation model.

However, without explicit supervision to verify the accuracy of

demand intents, there may be a signi�cant discrepancy between

the learned and the actual demand intents.

(2) How to couple the dual intents to model the relation

among the intents and the interactive items? Both inherent

intent and demand intent a�ect the interactive item. Intuitively, the

superimposition of inherent intents (e.g., preferring cheap items)

and changing demand intents (needing a T-shirt in summer but a

down jacket in winter) leads to changing interactive results (inter-

acting with a cheap T-shirt and cheap down jacket, respectively).
In essence, the demand intent can be regarded as the changing

deviation from the inherent intent to the changing interactive item.

A common approach is to simply feed the two intents as input

features, but it cannot fully capture the relation between the dual

intents and the interactive item.

To tackle these challenges, we propose a novel model named

Uni�ed Dual-Intent Translation for joint modeling of Search and

Recommendation (UDITSR). Overall, UDITSR comprises a search-

supervised demand intent generator and a dual-intent translation

module. Speci�cally, in the demand intent generator, search queries

serve as supervision information, allowing us to learn and under-

stand a user’s changing demand intent for recommendations both

reliably and accurately. Moreover, we develop a dual-intent transla-

tion propagation mechanism. This mechanism explicitly models the

interpretable relation among the triplet elements–user’s <inherent
intent, demand intent, interactive item>–within a shared semantic

space by employing embedding translations. Particularly, we de-

sign an intent translation contrastive learning to further constrain

the translation relation. Extensive o�ine and online experiments

were conducted to demonstrate our model’s e�ectiveness. To gain

deeper insights into the e�ectiveness of our model, we also provide

a visual analysis of relevant intents.
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2 RELATEDWORK

2.1 Recommendation and Search Models

Recommendation aims to �lter items from vast candidate pools

to match user interests. Traditional models, such as Collabora-

tive Filtering (CF), assume users with similar behaviors share item

preferences [6, 13, 15, 31]. Later studies [11, 34, 49] focus on de-

coding users’ evolving interests from their historical behaviors,

using techniques like DIN [49], which employs attention mecha-

nism to connect past behaviors with current targets. Recognizing

that users’ interactions are driven by their intrinsic intents, recent

studies [5, 37, 38, 50] exploit users’ historical behavior sequences

to understand their changing intents, aiming to better meet user

needs. For instance, KA-MemNN [50] uses item categories from user

behavior as intent proxies, implementing memory networks for

dynamic intent modeling. However, these approaches often deduce

intents from interaction behaviors or directly equate behavior with

intent, without mining real intrinsic intents. In contrast, our model

utilizes the user’s actual demand intents in the search scenario as

supervision information to imitate the intents in recommendation.

Search and recommendation services often coexist on the same

platform [27]. Earlier research [2] suggests their goals are essen-

tially equivalent–helping people get the items theywant, prompting

studies on their joint optimization. For example, JSR [44] intro-

duces a shared-parameter framework, with user and item embed-

dings shared. USER [43] treats recommendation behavior as a form

of search behavior with unchanging padding query, unifying the

modeling of search and recommendation sequences. Furthermore,

SRJgraph [47] constructs a uni�ed graph from search and recom-

mendation behaviors, incorporating search queries and a padding

query for recommendation as attributes of user-item edges. These

models assume the query-related intents in recommendation are

unchanging while the matching degree between the query and the

candidate items signi�cantly a�ects search performance. This as-

sumption creates a signi�cant gap between the modeling of search

and recommendation, greatly hindering the e�ectiveness of joint

modeling approaches. Our model, however, adapts to learn person-

alized and changing query-related intents for distinct user-item

pairs in recommendation, thus enhancing the uni�cation of joint

search and recommendation.

2.2 Graph Neural Network

Graph Neural Networks (GNNs) [32, 41] have gained tremendous

attention in recent years due to their remarkable ability to process

graph-structured data. For instance, Graph Convolutional Network

(GCN) [18] employs a localized �lter to aggregate information from

neighbors, and Graph Attention Network (GAT) [36] leverages the

attention mechanism to weigh the importance of each neighbor

node during the aggregation process. Since then, numerous vari-

ants of GNNs [8, 42, 46] have been proposed to tackle various types

of graphs. Nowadays, Graph Neural Networks have shown great

potential in a wide range of applications, such as recommenda-

tion [14, 39, 40] and search [10, 22, 25] scenarios. In this work, we

propose incorporating demand intents that are generated through

search supervision in recommendation scenario, as well as explic-

itly stated search intents, into the construction of a uni�ed graph.

Speci�cally, these demand intents serve as the attributes of the

edges connecting users and items. Moreover, the invariant node

representations for a user across di�erent interactions are used to

indicate their inherent intents. Based on the graph, we propose a

novel dual-intent translation propagation for uni�ed dual intent-

aware modeling.

3 PRELIMINARY

LetU and I denote the universal sets of users and items in both

search and recommendation scenarios. In order to distinguish these

two scenarios, we de�ne the interaction records in each scenario

as follows:

De nition 1.search scenario: In the search data X� , each in-

teraction record �� ∈ X� can be formulated as �� = (�, �, �), which
represents that user � ∈ U clicked item � ∈ I with the explicit

query �. The query � can be segmented into several shorter terms

as � = [�1, · · · ,� |� | ], where�� denotes the �-th term and |� | is the
number of terms in query �.

De nition 2.recommendation scenario: In the recommenda-

tion data X� , each interaction record �� ∈ X� can be formulated as

�� = (�, �), which represents user� ∈ U clicked item � ∈ I without

an explicit query.

Thereby, the double-scenario graph including all user click be-

haviors in both scenarios can be constructed as follows:

De nition 3.double-scenario graph: Given the set of all user

click behaviors in both scenarios, denoted as X = X� ∪ X� , the

double-scenario graph can be formulated as G = (U ∪ I, E� ∪ E� ).
Each search edge � ∈ E� corresponds to a record (�, �, �) inX� , while

each recommendation edge � ∈ E� corresponds to a record (�, �) in
X� .

In Figure 2(a), there is an example of our double-scenario graph.

For instance, user �1 searches for query �12 and then clicks item �2
in search scenario. Thus, an edge exists between nodes �1 and �2,
with query �12 assigned as an attribute of this edge. Likewise, in

recommendation scenario, when user �1 clicks item �1, an edge also

exists between user �1 and item �1, but without any query attribute.

Based on the above de�nitions, the joint modeling of search and

recommendation can be de�ned as follows:

Problem de nition. Given search data X� , recommendation

data X� and double-scenario graph G, this task is to train a joint

model of search and recommendation to predict the most appropri-

ate items � ∈ I that user � ∈ U will interact.

4 METHODOLOGY

In this section, we introduce UDITSR for dual intent-aware joint

modeling of search and recommendation, as depicted in Figure 2.

We begin with the model’s embedding layer in Section 4.1. Then, in

Section 4.2, we detail a search-supervised demand intent generator

that leverages search query data to infer recommendation intents,

which allows us to convert the double-scenario graph into a uni�ed

graph. Utilizing this graph, we describe dual-intent translation prop-

agation to couple inherent intents and demand intents, enhanced

by a contrastive loss to constrain the translation relation. Finally,

the prediction layer and optimization are illustrated in Section 4.4.
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Figure 2: Overall framework of our proposed UDITSR. The mean in dual-intent translation represents the mean-pooling

operation in Eq. 5. For clarity, only two interaction examples are displayed for each graph aggregation in the dual-intent
translation.

4.1 Embedding Layer

By feeding the user ID and item ID into the user and item embedding
matrices respectively, we can obtain the embeddings of user � and
item � as e� , e� . Since each query � is a sequence of shorter terms
as [�1,�2, · · · ,� |� | ], we can obtain the representation of query �
by combining the embeddings of its terms:

e� = � (e�1 , e�2 , · · · , e�|� | ), (1)

where e�� represents the embedding of the �-th query term in �
and � (·) denotes a combination function. In this study, we choose
the element-wise sum-pooling operation because it is both e�cient
and e�ective for this combination through empirical analysis.

4.2 Demand Intent Generation

4.2.1 Search-Supervised Demand Intent Generator. The notable dif-
ference between search and recommendation is that a user explic-
itly expresses demand intents in search, whereas recommendation
lacks such explicit intents. To bridge this gap, we propose to uti-
lize the abundant query information from search to supervise the
generation of users’ demand intents in recommendation. Below we
describe the generator in detail.

Since the user’s historical queries �� = [��
1 ,�

�
2 , · · · ,�

�
|�� | ] and

the item’s historical queries �� = [��
1,�

�
2, · · · ,�

�
|�� | ] contain abun-

dant demand intent information, we leverage them as auxiliary
information to simulate the user’s demand intent for recommenda-
tion. Similar to the processing of � in Eq. 1, we adopt the element-
wise sum-pooling operation to obtain the representation of �� as

e�� =
|�� |∑
�=1

e��
�
, where e��

�
is the embedding of the �-th query term

in �� . Since �� contains query words from multiple users, we intro-

duce a user-aware gate mechanism to model personalized demand

intents. Particularly, the user-aware gating network� yields a distri-
bution over the |�� | query words. The personalized representation

of �� is then formulated as the weighted sum of the embeddings of

its query words, as follows:

Kg = Wg (e� ‖e��
1
‖ · · · ‖e��

|�� |
),

�(��
� ) =

exp(Kg × e��
�

�)
|�� |∑
�=1

exp(Kg × e��
�

�)
,

e�� =
|�� |∑

�=1
�(��

� )e��
�
,

(2)

where ·‖· denotes the concatenation operation;Wg is used to match

the dimensions of vector e��
�
and the concatenated vector. Then,

with user-related representations e� , e�� and item-related repre-

sentations e� , e�� , the user’s demand intent about the item can be

estimated as follows:

ê� = MLP(e� ‖e� ‖e�� ‖e�� ), (3)

where MLP denotes a multi-layer perceptron. Since the ground

truth queries in search data serve as the supervision information

for generating demand intent, we design the generation loss as
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follows:

L�� =
∑

(�,�,�) ∈X�

(e� − ê�)2 . (4)

4.2.2 Unified Graph. After generating the demand intents, each

recommendation record (�, �) in X� can be converted into a triplet

(�, �, �̂), where the embedding of �̂ corresponds to the generated in-

tents ê� . For simplicity,we directly generate the representation

of intent ê� instead of indirectly predicting the speci�c query

�̂. With the generated demand intents, the double-scenario graph

can be converted into a uni�ed graph. Speci�cally, an additional

attribute �̂ is attached to each recommendation edge (�, �) in G. For

brevity, we use �̃/̃e� to uniformly represent the real �/e� in search

scenario and the generated �̂/ê� in recommendation scenario corre-

spondingly. Based on the uni�ed graph, we implement the uni�ed

modeling of recommendation and search below.

4.3 Dual-Intent Translation Propagation

To explicitly model the relation among the dual intents and the

interactive items, we propose a dual-intent translation module

inspired by the triplet-based representation learning in knowledge

graphs [4]. Speci�cally, we use the user’s embedding representation,

which remains inherent for a single user, to represent their inherent

intent. The search query representation and the generated demand

intent in recommendation represent the user’s demand intent. The

representation of an interactive item is given by its embedding. We

assume that a user’s changing interactive item should be close to

their inherent intent plus changing demand intent. Consequently,

we aggregate the neighbor embeddings as follows:

e
�
� =����_�������({e�−1� + ẽ�,∀� ∈ N� }),

e
�
� =����_�������({e�−1� − ẽ�,∀� ∈ N� }),

(5)

where N� and N� denote the neighboring nodes of user � and

item � respectively, in the uni
ed graph; e0� = e� and e
0
� = e� . In

particular, the subtraction aggregation operation, as opposed to

the addition operation, for aggregating the embeddings of user

neighboring nodes to simulate users’ inherent intents. Finally, the

weighted-pooling operation is applied to generate the aggregated

representations by operating on the propagated � layers:

e
∗
� =

�∑

�=0

��e
�
� , e

∗
� =

�∑

�=0

��e
�
� , (6)

where �� indicates the importance of the �-th layer representation

in constituting the 
nal embedding. Following LightGCN [14], we

set �� as
1

(�+1) , as the focus of our work is not on its selection.

To further constrain the translation relation, we design an intent

translation contrastive learning approach that adopts a margin-

based ranking criterion. Speci�cally, we aim to ensure that e∗� + ẽ� ≈
e
∗
� (i.e., the ground truth interactive item e

∗
� should be near to the

translated intent e∗� + ẽ� ), while the negative e
∗
�′ should be distant

from e
∗
� + ẽ� , as follows:

L�� =
∑

(�,�,�′ ) ∈�
− ln� [(e∗� + ẽ� − e

∗
�′ )

2 − (e∗� + ẽ� − e
∗
� )

2],
(7)

where ẽ� denotes the representation of real query in search or the

generated demand intent in recommendation for (�, �) pair; � =

{(�, �, �′) | (�, �) ∈ �+, (�, �′) ∈ �−} denotes the pairwise training

data where �+ indicates the positive observed interaction set, and

�− represents the randomly-sampled negative set; � (·) stands for
the sigmoid function.

4.4 Model Prediction and Optimization
After obtaining the representations e∗� , e

∗
� , ẽ� , we fuse them to ob-

tain the overall representation for the input sample � = (�, �, �̃):
e�,�,�̃ = e

∗
� ‖e∗� ‖ẽ� . (8)

Then, two di�erent MLPs are employed to make prediction for

search and recommendation tasks, respectively:

�̂�,�,�̃ =

{
MLPs (e�,�,�̃) if � ∈ X� ,
MLPr (e�,�,�̃) if � ∈ X� .

(9)

We adopt pairwise training to train the model. Speci�cally, we

adopt the Bayesian Personalized Ranking (BPR) [30] loss to empha-

size that the observed interaction should be assigned a higher score

than the unobserved one as follows:

L� =
∑

(�,�,�′ ) ∈�
− ln� (�̂�,�,�̃ − �̂�,�′,�̃′ ), (10)

where the representation of �̃′ denotes the demand intent for the

negative pair (�, �′). Finally, the overall loss L is de�ned using

hyper-parameters �1 and �2 as:

L = L� + �1L�� + �2L�� . (11)

5 EXPERIMENTS
In this section, we present empirical results to demonstrate the

e�ectiveness of our proposed UDITSR. These experiments are de-

signed to answer the following research questions: RQ1 How does

UDITSR perform compared with state-of-the-art search and recom-

mendation models? RQ2What are the e�ects of the demand intent

generator and dual-intent translation mechanism in UDITSR? RQ3
Why could UDITSR perform better? RQ4 How does UDITSR per-

form in real-world online recommendations with practical metrics?

RQ5 How do the hyper-parameters in UDITSR impact the search

and recommendation performance?

5.1 Experimental Settings
5.1.1 Dataset Description. We conducted experiments on two real-

world datasets, denoted asMT-Large andMT-Small datasets1. These

two datasets are obtained from the Meituan platform, one of the

largest takeaway platforms in China. Both datasets span eight days

across two cities. Each sample in the datasets contains a user and an

item, and each search sample additionally contains a query. Speci�-

cally, with 111,891 search and 65,035 recommendation interactions

collected, our MT-Small dataset comprises 56,887 users and 4,059

items and the average number of split words per query record is

1.6801. With 1,527,869 search and 1,168,491 recommendation inter-

actions collected, theMT-Large dataset contains 433,573 users and
22,967 items and the average number of split words per query is

1.5561. To evaluate model performance, we split the �rst six days’

data for training, the seventh day’s data for validation, and the

1We collected this dataset because there was no public dataset that includes
both search and recommendation data. Our code and data will be available at
https://github.com/17231087/UDITSR.
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last day’s data for testing. For each ground truth test record, we

randomly sampled 99 items that the user did not interact with as

negative samples.

Table 1: Network Con�guration

Name Value

optimizer AdamW

batch size 256

learning rate 1e-4

weight decay 1e-5

vocab size of words in querys 5,000

dimension of embeddings 100

depth of aggregation 2

number of words per query 3

number of words per user’s historical query 3

number of words per item’s historical query 10

hidden sizes of MLP in demand intent generator [200,100]

hidden sizes ofMLPs/MLPr [150,75]

5.1.2 Implementation Details. We implement all models using Py-

Torch2, a well-known software library for deep learning. In Sec-

tion 5.6, we report the impact of essential hyper-parameters in our

model, including the loss weights �1 and �2, and we utilize the best
settings for these hyper-parameters. The remaining network con-

�gurations are presented in Table 1. To ensure a fair comparison,

we apply the above-mentioned settings across all models. Moreover,

we search for optimal values of the other hyper-parameters of the

baseline models as suggested in their respective original papers.

Finally, we employ the early stopping strategy based on the models’

performance on the validation set to avoid over�tting.

5.1.3 Evaluation Metrics. To evaluate our model’s performance,

we utilize four widely-used ranking metrics: Hit@K, NDCG@K [17]

(we set K as 5 by default), MRR [28] and Average position of the

Clicked items (Avg.C) [43]. Additionally, we adopt an accuracy

metric, AUC [12] for the recommendation task.

5.1.4 Baselines. In our work, we evaluate the performance of our

model with two groups of baselines to examine its e�ectiveness.

(1) Graph-free baselines
• NeuMF [15] combines traditional matrix decomposition with the

MLP to extract low-dimensional and high-dimensional features

simultaneously.

• DNN combines the embedding layer described in Section 4.1

with the prediction layer described in Section 4.4.

• xDeepFM [21] consists of a compressed interaction network

(CIN) and an MLP for prediction, where CIN generates explicit

feature interactions at the vector-wise level.

• DIN [49] utilizes an attention mechanism between the historical

behavior sequence and the target item to model the evolving

interests.

• AEM [1] allocates di�erent attention values to the previous be-

havior sequence based on the current search queries.

2https://pytorch.org/

• TEM [3] feeds the sequence of query and user behavior history

into a transformer layer to extract the search intents.

• JSR [45] integrates neural collaborative �ltering and language

modeling to reconstruct query text descriptions, enabling the

joint model of search and recommendation.

• SimpleX [24] is a simpli�ed variant of the two-tower model with

user behavior modeling.

• MGDSPR [20] utilizes an attention mechanism to model the

relationship between users’ query multi-grained semantics and

their personalized behaviors for prediction.

(2) Graph-based baselines
• GAT [36] utilizes the attention mechanism to measure the im-

portance of neighbor nodes during the aggregation process.

• NGCF [39] enhances the Graph Convolutional Networks (GCN)

by incorporating user-item interactions.

• LightGCN [14] streamlines GCN by relying solely on neigh-

borhood aggregation to capture collaborative �ltering, omitting

feature transformation and non-linear activation components.

• GraphSRRL [22] exploits three speci�c structural patternswithin
a user-query-item graph.

• SRJGraph [47] incorporates padding queries for recommen-

dation and search queries as attributes into interaction edges,

enabling joint modeling of both tasks.

• DCCF [29] leverages an adaptive self-supervised augmentation

to disentangle intents behind user-item interactions.

Speci�cally, NeuMF, xDeepFM, DIN, DCCF, SimpleX, NGCF and

LightGCN are proposed for the recommendation task, while
AEM, TEM, MGDSPR and GraphSRRL are proposed for the search
task. JSR and SRJGraph are designed for joint learning of both
tasks. To adapt these baselines for both tasks, real query repre-
sentations for search and padding query representations for
recommendation are incorporated into the prediction layer
described in Section 4.4. Previous studies [44, 47] have demon-

strated that joint optimization of search and recommendation mod-

els can improve performance, so all baselines are directly trained

on both search and recommendation data. All baselines use the

same settings for the embedding layer and the prediction layer, and

the interaction graph is built on both search and recommendation

interactions.

5.2 Overall Performance Comparison (RQ1)
We present the results on the two adopted datasets in Table 2. From

the results, we can observe that:

• UDITSR signi�cantly outperforms all the competitive baselines

on both tasks. Speci�cally, compared to the best-performing

baselines, UDITSR gains an average improvement of 6.22% and

3.06% in the search and recommendation tasks, respectively.

• Most graph-based methods, such as NGCF, LightGCN, and Graph-

SRRL, perform well in both tasks, potentially due to their ability

to e�ectively capture complex high-order interactive patterns.

• SRJgraph assumes that query-related intents in recommenda-

tion remain unchanging whereas in search, the matching degree

between the query and the candidate items is deemed crucial.
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Dataset Model
Search Recommendation

Hit@5 NDCG@5 MRR Avg.C↓ Hit@5 NDCG@5 MRR AUC

MT-Small

NeuMF 0.5510 0.4264 0.4150 12.1907 0.3147 0.2306 0.2374 0.8160

DNN 0.5877 0.4594 0.4465 9.6208 0.3241 0.2177 0.2246 0.8150

xDeepFM 0.5053 0.3886 0.3815 14.3603 0.3184 0.2139 0.2218 0.8155

DIN 0.5892 0.4726 0.4613 11.6023 0.3632 0.2510 0.2545 0.8213

AEM 0.5053 0.3666 0.3568 11.7953 0.3967 0.2703 0.2686 0.7982

TEM 0.5362 0.4185 0.4084 13.6472 0.2933 0.1970 0.2078 0.7947

JSR 0.6143 0.4828 0.4678 8.6276 0.3460 0.2448 0.2457 0.7532

SimpleX 0.6237 0.4864 0.4699 8.0841 0.3314 0.2288 0.2336 0.8081

MGDSPR 0.6150 0.4743 0.4570 8.5362 0.2974 0.2032 0.2122 0.7862

GAT 0.6025 0.4679 0.4497 10.8707 0.4202 0.3109 0.3032 0.7935

NGCF 0.6418 0.5173 0.5000 9.7943 0.4564 0.3346 0.3284 0.8232

LightGCN 0.6665 0.5402 0.5195 9.9139 0.4577 0.3296 0.3185 0.8174

GraphSRRL 0.6688 0.5267 0.5042 8.0724 0.4540 0.3249 0.3159 0.7883

SRJgraph 0.6186 0.4850 0.4647 12.1989 0.4140 0.3074 0.2997 0.7474

DCCF 0.5013 0.3760 0.3615 19.6477 0.4323 0.3380 0.3304 0.7239

UDITSR 0.7008* 0.5691* 0.5470* 7.5257* 0.4841* 0.3528* 0.3422* 0.8285*

Impr.% 4.7847 5.3499 5.2936 6.7725 5.7680 4.3787 3.5714 0.6438

MT-Large

NeuMF 0.8668 0.7855 0.7682 3.3001 0.5390 0.4235 0.4129 0.8573

DNN 0.8788 0.7874 0.7664 3.0520 0.5153 0.3962 0.3881 0.8610

xDeepFM 0.8552 0.7417 0.7147 4.0106 0.4926 0.3897 0.3828 0.8077

DIN 0.8914 0.7934 0.7693 2.7283 0.6005 0.4489 0.4292 0.9082

AEM 0.8760 0.7654 0.7389 2.9007 0.5865 0.4597 0.4435 0.8940

TEM 0.8611 0.7522 0.7269 3.4096 0.5031 0.3526 0.3419 0.8899

JSR 0.8691 0.7748 0.7537 3.0903 0.5023 0.3789 0.3683 0.8393

SimpleX 0.8896 0.7895 0.7651 2.6466 0.5004 0.3790 0.3691 0.8640

MGDSPR 0.8726 0.7709 0.7473 3.0325 0.5412 0.4037 0.3888 0.8751

GAT 0.8761 0.7796 0.7572 2.9530 0.5880 0.4540 0.4347 0.8706

NGCF 0.8821 0.7892 0.7670 2.7377 0.6325 0.4966 0.4780 0.9096

LightGCN 0.8937 0.8016 0.7795 2.4076 0.6158 0.4785 0.4593 0.8920

GraphSRRL 0.8966 0.7992 0.7755 2.3504 0.6106 0.4726 0.4543 0.8891

SRJgraph 0.8836 0.7883 0.7659 2.6849 0.5873 0.4494 0.4315 0.8942

DCCF 0.8568 0.7459 0.7205 3.2666 0.6201 0.5007 0.4802 0.8292

UDITSR 0.9178* 0.8382* 0.8183* 1.9819* 0.6566* 0.5157* 0.4936* 0.9146*

Impr.% 2.3645 4.5659 4.9775 15.6782 3.8103 2.9958 2.7905 0.5497

Table 2: Overall performance on both datasets. ↓ represents that a smaller Avg.C metric value indicates better performance.

Impr.% indicates the relative improvements of the best-performing method (bolded) over the strongest baselines (underlined). *

indicates 0.05 signi�cance level from a paired t-test comparing UDITSR with the best baselines.

Consequently, such an assumption may limit the model’s per-

formance, particularly when compared to our UDITSR, which

learns and adapts to changing query-related intents.

5.3 Ablation Study (RQ2)

As the demand intent generator and dual-intent translation propa-

gation are the core of our model, we conduct the following ablation

studies to investigate their e�ectiveness:

• UDITSR(w/o DeIntGen) masks all generated demand intents ẽ�
by assigning the embedding of the padding query to each recom-

mended record.

• UDITSR(w/o IntTrans) replaces dual-intent translation with clas-

sical mean-pooling propagation between the user and item nodes.

• UDITSR(w/o DeIntGen & IntTrans) removes both the demand

intent generator and dual-intent translation propagation, as de-

scribed in the two ablation studies above.

From the results of ablation studies in Table 3, we can �nd that:

• UDITSR(w/o DeIntGen & IntTrans) performs the worst on both

search and recommendation tasks, suggesting that the signi�cant

improvement of our model stems from our proposed demand

intent generator and dual-intent translation propagation.

• UDITSR(w/o IntTrans) performs worse than the original UDITSR,

highlighting the e�ectiveness of our proposed intent translation

propagation mechanism.

• UDITSR(w/o DeIntGen) performs worse than UDITSR, especially

for recommendation task, indicating that the search-supervised
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Dataset Ablation
Search Recommendation

Hit@5 NDCG@5 MRR Avg.C↓ Hit@5 NDCG@5 MRR AUC

MT-Small

UDITSR(w/o DeIntGen & IntTrans) 0.6479 0.5152 0.4949 10.1960 0.4185 0.3052 0.3032 0.8179

UDITSR(w/o IntTrans) 0.6454 0.5130 0.4924 10.5527 0.4352 0.3206 0.3154 0.8225

UDITSR(w/o DeIntGen) 0.6959 0.5543 0.5307 8.1389 0.4510 0.3237 0.3178 0.8186

UDITSR 0.7008* 0.5691* 0.5470* 7.5257* 0.4841* 0.3528* 0.3422* 0.8285*

MT-Large

UDITSR(w/o DeIntGen & IntTrans) 0.8660 0.7586 0.7337 3.1185 0.6183 0.4818 0.4623 0.9031

UDITSR(w/o IntTrans) 0.8870 0.7866 0.7623 2.6399 0.6228 0.4879 0.4696 0.9061

UDITSR(w/o DeIntGen) 0.9089 0.8192 0.7969 2.2053 0.6303 0.4890 0.4685 0.9058

UDITSR 0.9178* 0.8382* 0.8183* 1.9819* 0.6566* 0.5157* 0.4936* 0.9146*

Table 3: Ablation study on our proposed search-supervised demand intent generator and dual-intent translation propagation.

(a) Intents in UDITSR(w/o
IntTrans) for search data

(b) Inherent intents in
UDITSR for search data

(c) Translated intents in
UDITSR for search data

(d) Intents in UDITSR(w/o
IntTrans) for recommenda-
tion data

(e) Inherent intents in
UDITSR for recommenda-
tion data

(f) Translated intents in
UDITSR for recommenda-
tion data

Figure 3: t-SNE visualization of learned intents and interac-

tive items. Blue dots represent the interactive items(i.e., e∗� )
and orange dots represent the learned intents.

demand intent generator can help UDITSR learn implicit intents

more accurately in recommendation.

5.4 Intent Visualization (RQ3)

In this section, we visualize the learned intents to further investigate

why our model performs better. We compare UDITSR with its

ablated version without the dual-intent translation propagation

(UDITSR(w/o IntTrans), detailed in Section 5.3). We employ the

default setting of the t-SNE [9] provided by Scikit-learn to visualize

the distribution of the learned intents and the interactive items.

For clarity, we randomly sample 100 positive records from the

search and recommendation test datasets respectively for plotting.

Speci�cally, in UDITSR(w/o IntTrans), user embeddings (i.e.,e∗� )
are regarded as the learned intents, as shown in Figures 3(a) and

(d), similar to preference/intent captured by models like NGCF and

LightGCN. UDITSR, however, couples inherent and demand intents

via intent translation to form the �nal intents (i.e., e∗�+ẽ� ), as shown
in Figure 3(c) and (f). To ensure a fair comparison, we present the

inherent intents (i.e., e∗� ) learned by UDITSR in Figure 3(b) and (e).
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Figure 4: Performance w.r.t �1 of search-supervised demand

intent generator for search and recommendation tasks.
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Figure 5: Performance w.r.t �2 of the intent translation con-

trastive learning for search and recommendation tasks.

Ideally, the distribution of learned intents should match that of

interactive item representations. Figures 3(a) and (d) reveal that the

intents learned by UDITSR(w/o IntTrans) are concentrated while

the positive interactive items are scattered, indicating a mismatch.

Meanwhile, the inherent intents learned by UDITSR are relatively

scattered, indicating that our model can better learn the personal-

ized inherent intents of di�erent users. However, there still exist

obvious gaps between the intents and items, highlighting the neces-

sity of learning demand intents. In contrast, the translated intents

learned by UDITSR are scattered in the space of the target interac-

tive items, demonstrating its excellent intent modeling capability.

The better �t of the distribution of translated intents to the target

interactive distribution could be the fundamental reason for the

better overall performance of UDITSR.

5.5 Online A/B test (RQ4)

Owing to the distinct architectural di�erences between the search

and recommender systems on the Meituan Waimai platform, we

have initially focused our methodological deployment on the home-

page recommender systems. We conducted a month-long online

A/B test from December 18, 2023, to January 17, 2024. Speci�cally,
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we utilized the search data with query information to guide the
learning of user demand intent representation and leveraged the
learned graph embeddings as additional features in the downstream
recommendation model. The control bucket was the original on-
line recommendation method of Meituan Waimai platform. The
deployment of our method increased the GMV(Gross Merchandise
Volume) by 1.46% and CTR(Click-Through Rate) by 0.77%, which
demonstrated the e ectiveness of our method. In the future, we
will continue to conduct comprehensive online experiments that
encompass both search and recommendation scenarios.

5.6 Hyper-Parameter Studies (RQ5)
In this section, we conduct experiments on the loss weights (�1, �2)
in Eq. 11 on MT-Small dataset to explore their impact.

(1) Loss weight of the demand intent generator (�1). We vary
�1 within {0, 0.5, 1.0, 1.5, 2.0}. The results in Figure 4 indicate that
performance improves and then declines with increasing �1. With
�1 = 0, the demand intent generator degenerates to an ordinary
generator without any search-supervision information. All models
with search supervision (i.e. �1 ≠ 0) outperform models without it
(i.e. �1 = 0). This may stem from UDITSR’s e�ective learning
of user demand intents through explicit supervision from
search. Furthermore, our model excels across most metrics for both
search and recommendation tasks at �1 = 1.5. Thus, we set �1 = 1.5
for MT-Small dataset. After a similar experiment conducted on
MT-Large dataset, we adopt the best-performing setting (�1 = 1).

(2) Loss weight of the intent translation contrastive learning
(�2). To investigate the impact of our proposed intent translation
contrastive learning, we vary �2 in {0.0, 0.2, 0.4, 0.6, 0.8, 1.0}. Over-
all, the performance initially increases and then decreases with
the increase of �2. Particularly, our model with �2 set in {0.2, 0.4,
0.6} outperforms the version without translation contrastive learn-
ing �2 = 0 on all metrics, demonstrating a proper loss weight
of intent translation contrastive learning can aid in intent
relation modeling. The optimal �2 for search is 0.2 while for
recommendation task, it is 0.2 for Hit@5 and 0.4 for NDCG@5.
Therefore, we set �2 = 0.2 for MT-Small dataset. Also, after con-
ducting a similar experiment on MT-Large dataset, we adopt the
best-performing setting �2 = 0.4.

6 CONCLUSION
This paper introduced a novel approach to uni�ed intention-aware
modeling for joint optimization of search and recommendation
tasks. We recognized that user behaviors were motivated by their
inherent intents and changing demand intents. To accurately learn
users’ implicit demand intents for recommendation, we innovated
a demand intent generator that utilized explicit queries from search
data for supervised learning. Furthermore, we proposed a dual-
intent translation propagationmechanism for interpretivemodeling
of the relation between users’ dual intents and their interactive
items. In particular, we introduced an intent translation contrastive
method to further constrain this relation. Our extensive o�ine
experiments demonstrated that UDITSR outperformed the leading
baselines in both search and recommendation tasks. Besides, online
A/B tests further con�rmed the superiority of our model. Finally,

the intent visualization clearly explained the deeper reason for the
remarkable improvement of our model.
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