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Introduction

Welcome to the proceedings of the Frontier Forum of the twenty second China National Conference on
Computational Linguistics (22nd CCL). The conference were hosted and co-organized by Harbin Institute
of Technology, China.

CCL is an annual conference (bi-annual before 2013) that started in 1991. It is the flagship conference of
the Chinese Information Processing Society of China (CIPS), which is the largest NLP scholar and expert
community in China. CCL is a premier nation-wide conference for disseminating new scholarly and
technological work in computational linguistics, with a major emphasis on computational processing of the
languages in China such as Mandarin, Tibetan, Mongolian, and Uyghur.

The Program Committee selected 9 overviews for the Frontier Forum of CCL 2023, in order to give a
general view of the NLP in the past year and increase the sense of the edge-cutting works for the
attendees. The 9 overviews encompass the compelling facets of large language models, including
selection, training, evaluation, and integration with the knowledge graph, among others.

We thank the Program and Organizing Committees for helping to make the forum successful, and we
hope all the participants enjoyed the CCL conference and a wonderful days in Harbin.

July 2023

Jiajun Zhang
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摘摘摘要要要

ChatGPT以对话形式的交互方式，降低了使用大模型的门槛，因此迅速在全球范
围内流行起来。尽管OpenAI并未公开ChatGPT的技术路线，但一些后续的工作宣
称已经在开源的基座模型上复现了ChatGPT的性能。然而，尽管这些模型在某些评
测上表现出与ChatGPT相似的性能，但在实际的知识量和推理能力上，它们仍然不
如ChatGPT。为了更接近ChatGPT甚至GPT4的性能，我们需要对基座模型的训练进
行更深入的研究。本文针对基座模型训练的数据以及模型架构进行讨论，首先总结了
当前预训练数据的来源以及基本处理流程，并针对目前关注较少的代码预训练数据和
中文预训练数据进行了分析；然后对当前已有基座模型的网络架构进行了回顾，并针
对这些架构调整背后的动机进行了阐述。

关关关键键键词词词：：： 基座模型数据 ；基座模型架构

1 引引引言言言

从2022年11月底，美国OpenAI公司推出ChatGPT1后，大语言模型（Large Language
Model，简称LLM）在学术界和工业界都引起了轰动。ChatGPT可以通过对话的形式完成
各种任务，例如撰写代码、整理数据、润色论文等，并且当其没有输出预期结果时，还可以
通过多轮对话逐步优化自身输出，这种通过对话交互的方式极大降低了模型的使用门槛，因
此ChatGPT迅速在全球范围内出圈，热度扩散到了人工智能领域之外。OpenAI公司并未公
开ChatGPT的技术路线，但他们在InstructGPT (Ouyang et al., 2022)论文中提到，可以通过
一个基座语言模型，结合人类对齐（Human Alignment）训练来让模型跟随人类的指令完成
特定任务。使用InstructGPT中类似的方法，后续的一些工作在开源的基座模型 (Nijkamp et
al., 2023b; Touvron et al., 2023)上一定程度复现了ChatGPT的性能 (Sun et al., 2023; Taori et
al., 2023)。不过最近来自美国伯克利大学的研究指出，尽管现在这些模型从一些评测上展现出
与ChatGPT相似的性能，但从知识量及推理能力方面，它们均不及ChatGPT，只是由于回答
形式上接近ChatGPT，才获得了不错的评测性能。为了能够更加接近ChatGPT乃至GPT4的性
能，还需要在基座模型的训练上进行更深入的研究 (Gudibande et al., 2023)。
为了得到一个好的基座模型，我们首先需要大量的预训练数据，在图1中我们对

比了近年来不同预训练模型的大小与使用的预训练数据大小。从GPT-2(Radford et al.,
2019)到PaLM2(Anil et al., 2023)，模型的大小增长了200倍，但是预训练的数据量大小增长
了450倍。因此，预训练模型对数据的需求是巨大的。表1中罗列了几个基座模型训练所需要的
计算资源。除了对预训练数据进行总结之外，我们也将对比不同的基座模型的网络架构，并对
各种基座模型的架构进行归纳。

2 预预预训训训练练练数数数据据据

数据是知识的载体，也是大规模预训练模型训练的基础，自深度学习技术发展以来，数据
就是决定模型性能的重要因素。对于基座模型的训练而言，预训练数据在一定程度上决定了其
能力的边界。Kaplan等人(2020)研究发现，训练基座模型的过程中，模型大小与数据规模是决

∗共同一作.
1https://chat.openai.com
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模型 训练Token数 计算资源 训练时长

GPT3 (Brown et al., 2020) 300B 10000张V100 14天
GLM-130B (Zeng et al., 2023) 450B 992张A100 60天
LLaMA-65B (Touvron et al., 2023) 1.4T 2048张A100 21天
MPT-7B (Team, 2023) 1T 440张A100 10天

Table 1: 基座模型对训练资源需求

Figure 1: 近年的预训练模型大小以及它们使用的预训练数据大小

定预训练模型的关键因素，这也是GPT-3(Brown et al., 2020)乃至后面ChatGPT成功的理论基
础。Hoffmann等人(2022)进行了类似的探究，发现在给定的计算量条件下，所需要的数据量相
比较于Kaplan等人预计的要更多，并基于此训练了性能更好的Chichilla模型。本章将从数据入
手，总结当前预训练数据的处理流程，并对其问题展开讨论。

2.1 预预预训训训练练练数数数据据据的的的来来来源源源

预训练数据的来源直接关系到语料的多样性。不同来源的语料往往是不同的主题，不
同的格式以及不同的组织方式，补充不同来源的数据可以很好地提升模型的鲁棒性与泛化
性(Longpre et al., 2023)。目前，大规模预训练语料主要来源于互联网中的文本信息。
互联网作为人类信息交换的重要方式，积累了巨量的信息。根据谷歌公司CEO Eric

Schmidt预计，整个互联网数据数量高达5000 PB2。由于总量巨大且居于此的信息时刻在发生
改变，因此如何获取这一份数据是一项巨大的挑战。受益于互联网爬虫计划Common Crawl 3的
开展，研究人员可以更加便利地收集网络中的数据，并将精力集中于数据处理阶段。Common
Crawl是一项开放网络爬虫的数据存储库的开源项目，其爬取并保存了自2013年以来开放互联
网中的各种数据，为研究人员提供了一个海量、非结构化、多语言的网页数据集。Common
Crawl可自动爬取整个互联网上的数据，并采用时间作为刻度，每隔一段时间将会放出一部分
数据集，不同时间片的URL以及内容尽量保证不重复。每一个时间片大概存有1.5 Billon个文
档，包含该时间段内互联网中更新的绝大部分内容。

Common Crawl 数据集具有总量巨大和来源渠道多样化等特点，但正是这些特点导致
从中提取高质量文本变得异常困难。因此，之前的几份工作均引入更多的预处理数据，或
针对指定网站的数据进行定向收集。例如，在Brown等人(2020)提到，除了预处理Common
Crawl的数据外，他们同样添加了高质量图书数据集以及维基百科等。Pile语料 (Gao et al.,
2021)除了Common Crawl收集的数据外，还收集了将近21个站点的数据，其中包括学术论文
网站PubMed、Arxiv，代码共享平台Github，编程交流平台Stack Exchange，预处理图书数据
集BookCorpus 2、Books3以及其他相关高质量数据集等。悟道 (Yuan et al., 2021)同样的采用

2https://www.easytechjunkie.com/how-big-is-the-internet.htm
3https://commoncrawl.org/
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Figure 2: 预训练数据处理流程图示(Zhao et al., 2023)

了大量的网络语料，与前面不同的是，其主要筛选中文语料，并丢弃中文字符少于10个的网
页。

此外，经过我们的调查发现，Pile(Gao et al., 2021)作为处理质量较高的数据集在开源后被
广泛使用，后续的一系列工作倾向于在预训练语料中加入Pile或者Pile CC，以节省数据处理的
时间，同时加入部分更新时间戳下的Common Crawl语料，以保证模型的质量与时效性。

2.2 预预预训训训练练练数数数据据据的的的处处处理理理

一般而言，从网页中获取的数据往往不能直接使用。一方面，这一类数据以HTML的格式
组织在一起，一般的大语言模型无法通过训练从中提取纯文本信息；另一方面，预训练数据中
往往充斥着各种虚假信息，模版信息，广告信息以及黄色暴力内容等，此外还有自动生成的信
息，这一类信息我们统称为脏数据。脏数据的引入不利于语言模型对于语言建模任务的学习。
因此，目前的主流模型通常会对收集到的网络数据进行处理，以使模型可以更好地学习其语言
内部的分布。

如图2所示，预训练数据的处理流程主要分为四部分：质量筛选，数据去重，隐私信息删除
与文本词元化。如果获取到的信息为网页信息，还需要对网页信息进行提取，尽量提取纯净的
内容数据而避免模版数据。为此，除了采用一些网页信息抽取工具来对Common Crawl的信息
进行抽取之外，Common Crawl本身同样提供了纯文本的.WET格式数据。在处理预训练语料的
流程中，删除隐私信息可以避免大语言模型泄露隐私，文本词元化将文本转化为token，以作为
预训练模型的输入。而数据质量筛选与数据去重将在内容层面直接关系预训练数据的属性与性
质，从而影响基座模型的训练。本节将着重介绍数据质量筛选与数据去重，以及目前主流的处
理方法。

2.2.1 质质质量量量筛筛筛选选选

预训练数据的质量直接关系到大语言模型的性能，而对于数据的质量筛选直接关系到预训
练语言模型的性能。目前主流预训练模型采用的质量筛选方案包含两种，分别为规则过滤及训
练分类器方法。

规则过滤方法，其最简单的方式是通过URL筛选数据。但由于数据量过于庞大，我们无法
遍历所有的URL进行筛选，因此研究人员提出了多种自动化的方法以解决此类问题：

启发式规则过滤方法。人为设计一部分启发式规则，直接对文本进行筛选。C4即采用了这
种方法，通过大量启发式规则对数据筛选，包括删除所有非停止符号结尾的段落，根据不良单
词列表删除文档，删除过短的语句，删除带有“javascript”字样的段落等 (Raffel et al., 2020)。
这一类筛选规则虽可以筛选出一些不流畅的语句以及不良语句，但无法避免数据重复或者广告
等问题。为了筛选出重复性的数据，在MassiveText 语料构建过程中，研究人员提出通过计算
不同gram的重复性 (Rae et al., 2021)，以及选择不同的筛选阈值来筛选重复性数据。

基于模型的数据过滤方法。之前的工作通常旨在减少直接的脏数据，例如数据中不符合人
类规范的，重复多次的数据，带有不良词汇的数据，更多的脏数据可能是混入了HTML模版，
机器自动生成的看起来是文字实际是乱码的数据。为了筛选掉这部分脏数据，主流的预训练方
法提出引入基于模型的数据过滤方法。例如，GPT-3通过Wiki等高质量数据集训练了一个简单
的分类器，并通过分类器对数据进行筛选，LLaMA等工作训练了一个KenLM的小型统计语言
模型，用以筛选出脏数据。

2.2.2 数数数据据据去去去重重重

在网页数据中，数据可能会存在重复，Lee等人(2022)主张通过n-gram结合MinHash的方式
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Figure 3: 符尧(2022)等人整理的OpenAI模型进化图

来删除数据中的重复数据，删掉重复数据可以让训练更加有效。Hernandez等人(2022)指出如果
训练数据中存在10%的重复数据，将导致模型的有效大小减半，即400M参数量的模型其效果
仅相当于一个200M参数量的模型。除此之外，PaLM模型(Chowdhery et al., 2022)也在论文中
提到在新数据上训练将更有可能让模型获得更好的性能。尽管数据去重已经成为了基座训练中
的标准一环(Zhang et al., 2022; Zeng et al., 2023; Scao et al., 2022; Touvron et al., 2023)，但
也有研究表明适当的重复使用数据不会对模型的性能造成很严重的问题，在T5论文(Raffel et
al., 2020)中，作者尝试了重复使用数据，模型的性能并没有受到特别严重的损害，不过由于
作者使用的模型是编码器-解码器架构，其规律可能与语言模型的规律不一致。Muennighoff等
人(2023)在9B参数量的语言模型上测试了重复数据对模型的影响，他们发现数据重复量只要
在4次以内，就几乎不会对模型造成性能损害。综上所述，数据去重应避免留下重复过多次的数
据，但如果重复量控制在4次以内，对训练产生的影响应该都不致命。

2.3 代代代码码码数数数据据据的的的引引引入入入

传统的大语言模型对于代码的关注度并不高，而对于训练纯文本模型十分感兴
趣。OpenAI的CodeX (Chen et al., 2021)模型中首次将代码引入大模型预训练中。根据符尧
等人(2022)的观察，引入代码，使得OpenAI的GPT系列模型有了重大性能突变。不过目前还没
有非常直接的证据可证实这个猜想，但由于让语言模型能够生成代码本身也是一种非常重要的
特性，且该方式也提供了一种未来大模型与现实世界发生交互的接口，因而将代码数据加入到
预训练中也非常有必要。

在之前的模型训练中，代码数据的处理均较为粗粒度 (Touvron et al., 2023; Nijkamp et
al., 2023b)，他们都只在代码文件粒度进行了去重，但实际上由于各种脚手架代码不断重复，
代码数据中存在非常严重的重复问题。为了更好地使用代码数据，Li等人 (2023)发现，对于
代码的精细化处理，可以使模型更好地学习代码中蕴含的能力与知识。例如，其筛选了一部
分的Github中的数据，并对其分语言进行处理，处理了Jupyter Notebook，使其更符合人类语
言的特点等，诸如此类的操作使得他们的模型在代码任务上的性能得到了显著提高。进一步
地，Gunasekar等人(2023)认为大部分的代码是无用且低效的，他们提出，一个好的代码数据集
应该是清晰的、独立的、有启发性的和平衡的。由此，他们对The Stack数据集 (Kocetkov et
al., 2022)进行了过滤，同时采用ChatGPT生成了一部分数据，使其具有更强的启发性。

2.4 中中中文文文预预预训训训练练练数数数据据据

尽管之前已有部分工作开源了部分中文语料，例如Wudao (Yuan et al., 2021)、Yuan
1.0T (Wu et al., 2021)，但这部分数据一方面是时效性不足，另一方面是数量和质量都还不足
以训练一个性能较好的基座模型，因此需要获取更多的中文语料。受到Pile语料的启发，我们
也对中文语料进行了分类，并尝试寻找对应的数据来源，结果如表2所示。

我们对中文互联网上的数据进行了粗略的估计，结果如表3中所示，我们发现，目前可获
取的中文token不足1T，对于目前动辄上T token级别的预训练，中文数据还是非常缺乏。除此
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数据类别 英文来源 中文对照数据来源

Pile-CC https://commoncrawl.org/the-
data/

WuDao、CC中抽取中文数据

PubMed Central https://pubmed.ncbi.nlm.nih.gov/ 各类医学网站、开源数据库
Books3 https://bibliotik.me 豆 瓣 阅 读 、Kindle电 子

书、sobooks
OpenWebText2 https://www.reddit.com/ 微博、百度贴吧、小红书
ArXiv https://arxiv.org/
Github https://github.com/
FreeLaw https://www.freelaw.in/ 中国法院网、北大法宝、威

科先行法律信息库
Stack Exchange https://stackexchange.com/ 中文问答社区、百度知道、

头条问答
USPTO Backgrounds https://www.uspto.gov/ 中国专利信息网、壹专利、

开源专利数据库
PubMed Abstracts https://pubmed.ncbi.nlm.nih.gov/ 各类医学网站、开源数据库
EuroParl https://www.statmt.org/europarl/ 翻译数据
Gutenberg (PG-19) https://www.gutenberg.org/ 古典文学网、中国古典文

学、古书房
OpenSubtitles https://www.opensubtitles.org/en 字幕库、SubHD、诸神字幕

组
Wikipedia(en) https://www.wikipedia.org/ 中 文 维 基 百 科 、 百 度 百

科、MBA智库百科
DM Mathematics https://github.com/deepmind/

mathematics dataset
作业帮、各类数学题网站

Ubuntu IRC https://webchat.freenode.net/ 微博超话在线聊天、各类聊
天机器人、多轮对话数据集

BookCorpus2 https://www.smashwords.com/ 起点中文网、纵横中文网
HackerNews https://news.ycombinator.com/ 36氪、极客公园、虎嗅网
Youtube Subtitles https://www.kaggle.com/datasets/

wadzim/youtube-subtitles
Subscene网站

PhilPapers https://philpapers.org/ 哲学中国网、学术·哲学 爱思
想、中国哲学书电子化计划

NIH Grant Abstracts https://reporter.nih.gov/exporter/
abstracts

财政部公开信息

Enron Emails https://www.cs.cmu.edu/∼enron/ 互联网中免费共享的电子邮
件数据库

Table 2: Pile中的各类语料对应的中文来源
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之外，处理难度较大也是困扰中文大语言模型训练的一大难题。目前主流的数据清洗代码大都
支持英文而不支持中文，需重新适配，例如上述提到的启发式规则，对于中文数据需要重新编
写。中文数据中的广告处理相对于英文数据也存在难点，中文数据中，广告通常存在于语句内
部，比较难将其筛选出来。

来源 Token数量

古文诗词 0.8B
百科 5B
各类小说 120B
社区问答 200B
新闻 100B
中文专利 9.5B
法律判决 90B
博客 64B
学术论文 9.5B
总计 598.8B

Table 3: 中文不同类型数据Token数量粗略统计

2.5 预预预训训训练练练语语语料料料质质质量量量的的的评评评估估估

由于大语言模型的训练成本巨大，对于处理好的预训练语料，研究人员希望对其进行质量
评估。Gopher(Rae et al., 2021)论文中采用训练一个1.4B左右的语言模型的方式来评估不同处
理流程对于下游任务的影响。他们发现，随着数据清洗与处理的不断深入，经由这些数据训练
得到的模型的效果也越好。在经过质量筛选与数据去重之后，得到的数据训练的模型相比于原
始数据与开源数据（OpenWebText与C4）在语言建模任务上性能存在明显的上升。采用同样的
方法，Longpre等人(2023)在1.5B模型的基础上，研究了不同质量的数据对于大语言模型在处理
不同下游任务上的性能差异。研究人员不仅希望评估语料质量对于模型训练的影响，更希望探
究不同质量语料对于模型不同维度能力激发之间的差异。

这种采用小模型进行验证的方法成本较低，且可以在正式训练之前发现数据存在的诸多问
题，以及对于基座模型的训练进行预测。但由于大语言模型涌现现象的存在，可能在某些能力
上，模型需要达到一定量级才可以看出性能的差异。另外，生成式模型的能力评估也十分困
难，由于Prompt的引入，评测本身也带有一定的不确定性，表4中展示了在评测过程中，如果
使用不同的Prompt进行评测，得到的结论会大相径庭。因此，如何低成本地评估预训练语料的
质量与不同数据对于模型能力的影响，仍然是自然语言处理社区活跃的研究问题。

训练Token数 验证集损失 Prompt #1 Prompt #2

20B 1.335 66.5 71.55
40B 1.334 65.6 73.88
60B 1.329 64.2 74.37
80B 1.328 64.8 76.17
100B 1.324 64.7 77.09

Table 4: 随着训练的进行，验证集损失在不断下降。如果使用Prompt #1的结果作为判断，模
型的性能在变差，但如果使用Prompt #2的结果，则性能在变好。

2.6 开开开源源源预预预训训训练练练数数数据据据集集集

随着大语言模型在自然语言处理领域的广泛应用，高质量的开源模型与预训练数据集的需
求迅速增长。正如Together公司4宣称的那样：“AI正在迎来Linux时代”，高质量大规模的开源

4https://together.ai/blog/redpajama
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模型 位置编码 自注意力 归一化层位置 归一化层类型 损失函数

GPT3-175B Absolute Standard PreNorm LayerNorm LM(+FIM) Loss
CodeGen-16B RoPE Standard ParallelLayer LayerNorm LM Loss
PaLM-540B RoPE Multi-Query ParallelLayer LayerNorm LM(+UL2) Loss
OPT-175B Absolute Standard PreNorm LayerNorm LM Loss
GLM-130B RoPE Standard PostNorm LayerNorm GLM+LM Loss
BLOOM-176B ALiBi Standard PreNorm LayerNorm LM Loss
LLaMA RoPE Standard PreNorm RMSNorm LM Loss
CodeGen2-16B RoPE Standard ParallelLayer LayerNorm LM Loss
MPT-7B ALiBi Standard PreNorm LayerNorm LM Loss
StarCoder Absolute Multi-Query PreNorm LayerNorm LM+FIM Loss
Falcon RoPE Multi-Query ParallelLayer LayerNorm LM Loss
ChatGLM2-6B RoPE Multi-Query PreNorm RMSNorm -

Table 5: 各种基座模型

预训练数据集已经成为自然语言处理领域重要的基础设施与关键资源。2019年，Google开源了
用于训练T5的C4数据集 (Raffel et al., 2020)，该数据集从Common Crawl中提取并对其进行了
抽取与启发式的质量筛选。2020年，EleutherAI开源了Pile数据集(Gao et al., 2021)，该数据集
不仅处理了Common Crawl的部分数据分片，还获取了部分高质量英文数据用以提升预训练数
据的质量与多样性。此后，一些开源模型（如OPT (Zhang et al., 2022)和GLM-130B (Zeng et
al., 2023)）均采用此数据集进行基座模型的训练。

受到LLaMA模型 (Touvron et al., 2023)的启发，Together公司处理并开源了一份大
约3TB的预训练数据集RedPajama(Computer, 2023)。RedPajama采用了CCNet流水线处理
方式 (Wenzek et al., 2020)，涵盖了2017年至2020年间的Common Crawl数据分片，并补
充了如C4、Wikipedia等高质量开源数据集。借助RedPajama数据集，Together公司训练出
了3B至7B参数规模的完全开源模型5。随后，在RePajama数据集的基础上，Together公司采用
了更严格的数据处理方法得到了一个约600B Token的更高质量的SlimPajama数据集 (Soboleva
et al., 2023)。此外，Falcon组织整理了2008年至2023年初的所有Common Crawl数据分片，并
形成了一个约5T tokens的RefinedWeb数据集(Penedo et al., 2023)，其中600B数据子集可以公
开获取到6。

此外，代码数据集也引起了NLP领域的广泛关注。开源社区组织的BigCode项目对预训
练所需的代码数据进行了深入思考，他们收集并处理了网络中的开源代码库，对特殊代码，
如Jupyter，Github issue等进行了特殊处理，并最终开源了大小达到6TB、包含358种编程语言
的开源代码预训练数据集The Stack(Li et al., 2023)。

OpenLLaMA项目尝试了使用RedPajama、RefinedWeb和The Stack数据进行预训练，发现
结合这三类数据可以取得很好的预训练效果 (Geng and Liu, 2023)。

3 基基基座座座模模模型型型架架架构构构

在这一节中，我们主要对当前的基座模型的模型架构进行讨论。在表5中对最近的基座模型
的几个重要部件进行汇总，然后针对不同的部件进行简要介绍。

3.1 位位位置置置编编编码码码

位置编码从大类上来说可以分成绝对位置编码(Vaswani et al., 2017)和相对位置编码(Shaw
et al., 2018; Su et al., 2021)两类。其中绝对位置编码一般有两类，正余弦函数的位置编码和可学
习的位置编码，其中可学习的位置编码在之前的预训练模型中被广泛采用，例如BERT(Devlin
et al., 2019)、RoBERTa(Liu et al., 2019)和GPT2(Radford et al., 2019)等，Wang (2020)将这
几个预训练模型的位置编码两两位置计算了相似度，其结果如图4所示，可以看出不同位置

5https://huggingface.co/togethercomputer/RedPajama-INCITE-7B-Base
6https://huggingface.co/datasets/tiiuae/falcon-refinedweb
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有一定的邻域关系，越靠近的两个位置，相似度也会越大，因此在Transformer中引入相对位
置编码来体现这种归纳偏执应该是有益的。Shaw等人(2018)提出了相对位置编码的概念，苏
剑林等人 (2021)从虚数的角度出发推导了乘性位置编码RoPE，这种位置编码提出之后便被广
泛使用到了基座模型训练之中。尽管RoPE可以高效地表示相对位置，但是它的外推能力较
差，即模型只能在训练数据长度以内的数据表现得不错，超出这个长度性能便大幅下降，如
图5所示。ALiBi (Press et al., 2022)首先提出了相对位置编码应该具备良好外推性的概念，通
过使用ALiBi可以实现在较短的训练语料上训练但在较长的语料上测试，使用ALiBi位置编码
的MPT模型 (Team, 2023)甚至可以支持到65,000个词元的输入。

Figure 4: 不同预训练模型位置嵌入中两两位置的相似度

Figure 5: 不同位置编码在长度外推时的性能表现，ALiBi位置编码可以在训练时没有见过的长
度上取得良好的性能

3.2 自自自注注注意意意力力力

自注意力是Transformer模型的核心模块，但其计算复杂度为O(L2)，导致了其计算效率随
着输入长度的增加二次增长，之前的工作提出了很多高效自注意力机制(Tay et al., 2023a)，
例如Longformer(Beltagy et al., 2020)、Linformer(Wang et al., 2020)等。但在基座模型中这
一类直接改良计算复杂度的工作没有被广泛采用，可能的原因有两个，第一个是这类高
效Transformer一般都需要引入稀疏计算，这导致它们的计算可能不是GPU友好的，而预训练又
是对计算效率非常敏感的任务；第二个原因是现在的预训练模型的隐藏层维度一般都是好几千
以上，而目前的基座模型上下文多是两千左右，因此数据长度带来的二次增长，实际上并没有
主导模型的计算量。

在基座模型中采用较多的用来降低计算量的方法是Multi-Query方法，Multi-Query方法通
过在不同注意力头之间共享自注意力中的Key值和Value值减少显存占用，Multi-Query如图6所
示。由于现在的基座模型大部分都是从左到右生成的语言模型，因此在生成过程中，需要使
用KV缓存来缓存前面词元的Key值和Value值，在Multi-Query场景下，由于不同注意力头共享
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了Key值和Value值，因此可以只保留一份缓存。这种方式可以极大地减少在推理过程中的显存
占用，我们以65B模型为例，在图7中展现了在推理过程中Multi-Query的显存占用和常规自注
意力的对比。随着输入长度的增加，常规自注意力机制的显存占用增长显著高于Multi-Query方
案，因此未来如果想要将基座模型的输出长度扩充到更大长度，Multi-Query方法值得尝试。

Figure 6: 常规自注意力和Multi-Query自注意力

Figure 7: 常规自注意力和Multi-Query自注意力在推理时显存占用的对比

3.3 归归归一一一化化化层层层

不同的基座模型一方面在归一化层的位置上有所区别，另一方面也会使用不同的归一化层
类型。目前基座模型使用的归一化层位置主要有三类，这三类的区别如图8所示。PreNorm在语
言模型中被广泛采用(Radford et al., 2019; Brown et al., 2020)；PostNorm则是在BERT(Devlin
et al., 2019)、RoBERTa(Liu et al., 2019)等编码器模型中采用较多；Parallel Layer由于将自
注意力计算和前馈神经网络并行计算，因此在计算的时候，可以将两个模块的计算同步进
行，这样可以让训练的速度更快。归一化层的类型在LLaMA模型发布之前大部分模型都采
用的是LayerNorm层归一化，而在LLaMA之后，类似于ChatGLM27、Baichuan8等都开始尝
试RMSNorm (Zhang and Sennrich, 2019)的方案。

3.4 损损损失失失函函函数数数

目前大部分的基座模型都使用了语言模型损失作为优化的损失函数，但也有一些其他的尝
试。

7https://github.com/THUDM/ChatGLM2-6B
8https://github.com/baichuan-inc/Baichuan-7B
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Figure 8: 三种不同的归一化层位置示例

在代码补全场景中存在给定上下文补齐中间代码的场景，因此有研究人员提出FIM（Fill
in the Middle）损失函数(Bavarian et al., 2022)，该损失函数在训练的时候会将正常文本进行
打乱，首先将文档随机分成三段，例如“document: (prefix, middle, suffix)”，之后在训练阶段
将输入顺序调整为“(prefix, suffix, middle)”，这样即可让语言模型学会通过上下文预测中间缺
失的地方。尽管这种训练损失函数和语言模型不一致，但加入这种损失并未影响语言模型的正
常训练。不过近期也有论文指出，加入FIM损失函数会导致语言模型性能下降(Nijkamp et al.,
2023a)。

Tay等人 (2023b)融合了编码器、解码器以及编码器-解码器预训练模型的损失函数，提出
了一种融合的损失函数，这种损失函数包含了GPT (Radford et al., 2019)、BERT(Devlin et al.,
2019)、T5(Raffel et al., 2020)、UniLM(Bao et al., 2020)等各种预训练模型的损失函数。通过
这种损失函数的设计，作者发现可以训练得到性能最好的预训练模型。同时，在后续的研究
中，作者发现如果将这种损失函数应用到一个已经训练过的语言模型上，可使得该语言模型仅
需少量训练便大幅提升下游性能 (Tay et al., 2022)。

3.5 新新新的的的架架架构构构

除了基于Transformer的尝试，还有一些其他架构的尝试。例如基于状态空间模型（State
Space Model，简称SSM）的模型(Gu et al., 2022; Dao et al., 2023)，这一类模型提出的目标是
实现超长文本输入，仅需卷积神经网络量级的计算复杂度即可完成训练（避免了Transformer的
二次计算复杂度），而在推理阶段只需固定的计算量，类似于循环神经网络（Transformer的
计算量随着长度的增加而增加）。从数学上和实际效果上，状态空间模型在拟合长序列方
面确实较Transformer有优势，但目前缺乏更大规模的模型验证，不确定能否成为新的基座模
型。除了状态空间模型外，Peng等人(2023)提出了RWKV的方案，RWKV结合了RNN的思想，
在Transformer状态更新的时候会融合上一个时刻的状态，在注意力计算过程中，模型将不再
进行Query值和Key值的内积计算，而是设计为一个随着距离衰减的函数计算，从而在推理阶
段，模型可将过去所有时刻的状态进行累加，无需进行类似于Transformer将Query值与过去的
每个Key值做内积的计算，实现了推理时常数级计算复杂度。

总体而言，关于基座模型的架构选择方案仍未确定。一方面，即使是基于经
典Transformer架构的基座模型，其在每个单元构件的设计上也并非一致，当前并未有实验
表明哪种架构选型是性能更好的；另一方面，在Transformer之外的架构中，在当前的上下文长
度下（10,000词元以内），还没有架构能够在运算效率以及性能上都达到与Transformer类模型
匹配的效果。由于预训练的代价非常高，因此基座模型架构的运行效率非常关键；此外，由于
自注意力机制的二次计算复杂度，未来针对超长序列，我们也许需要更高效的架构设计。

4 总总总结结结

本文首先对基座模型训练中的数据进行了回顾，介绍当前基座模型常用的数据来源，并讨
论了这些数据的清洗方式，然后针对代码数据处理中的问题进行了讨论，此外，我们简要汇总
了一些可能的中文预训练数据来源。如何评估这些收集到的数据质量是一个开放性的问题，不
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同的评测Prompt可能使得结论发生反转，因此在选取数据质量评估方式时需格外小心。同时，
我们还汇总了当前不同的预训练基座以及对应的模型架构，并针对这些架构做了初步说明，以
期让读者可较快地把握当前基座模型架构的发展方向。
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Albert Gu, Karan Goel, and Christopher Ré. 2022. Efficiently modeling long sequences with structured
state spaces. In The Tenth International Conference on Learning Representations, ICLR 2022,
Virtual Event, April 25-29, 2022. OpenReview.net.

Arnav Gudibande, Eric Wallace, Charlie Snell, Xinyang Geng, Hao Liu, Pieter Abbeel, Sergey Levine,
and Dawn Song. 2023. The false promise of imitating proprietary llms. CoRR, abs/2305.15717.

Suriya Gunasekar, Yi Zhang, Jyoti Aneja, Caio César Teodoro Mendes, Allie Del Giorno, Sivakanth
Gopi, Mojan Javaheripi, Piero Kauffmann, Gustavo de Rosa, Olli Saarikivi, Adil Salim, Shital Shah,
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Sagot, Niklas Muennighoff, Albert Villanova del Moral, Olatunji Ruwase, Rachel Bawden, Stas
Bekman, Angelina McMillan-Major, Iz Beltagy, Huu Nguyen, Lucile Saulnier, Samson Tan, Pe-
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Abstract

In recent years, large language models (LLMs) have garnered significant attention across various
domains, resulting in profound impacts. In this paper, we aim to explore the potential of LLMs
in the field of human-machine conversations. It begins by examining the rise and milestones
of these models, tracing their origins from neural language models to the transformative impact
of the Transformer architecture on conversation processing. Next, we discuss the emergence of
large pre-training models and their utilization of contextual knowledge at a large scale, as well
as the scaling to billion-parameter models that push the boundaries of language generation. We
further highlight advancements in multi-modal conversations, showcasing how LLMs bridge the
gap between language and vision. We also introduce various applications in human-machine con-
versations, such as intelligent assistant-style dialogues and emotionally supportive conversations,
supported by successful case studies in diverse fields. Lastly, we explore the challenges faced
by LLMs in this context and provide insights into future development directions and prospects.
Overall, we offer a comprehensive overview of the potential and future development of LLMs in
human-machine conversations, encompassing their milestones, applications, and the challenges
ahead.

1 Introduction

In recent years, there has been a remarkable surge in the interest and impact of LLMs across diverse
domains (Rodriguez, 2022; Khan et al., 2023). These models have revolutionized various fields, and the
ability of LLMs to generate coherent and contextually relevant responses has opened up new possibilities
for human-machine interaction (OpenAI, 2023). Within this expansive landscape, the realm of human-
machine conversations has emerged as a particularly dynamic and rapidly evolving domain. The ability
to engage in natural and meaningful dialogue with machines has long been a goal of AI research, and big
models have played a pivotal role in making this aspiration a reality.

LLMs are sophisticated artificial intelligence systems that have the ability to process and understand
human language at a remarkable scale. These models, such as GPT-3.5(Lin, 2023) and GPT-4 (OpenAI,
2023), are designed to generate text that is coherent and contextually relevant, making them valuable
tools for a wide range of applications. In the context of human-machine conversations, LLMs excel at
engaging in a natural and interactive dialogue with users. They can comprehend and respond to ques-
tions, provide information, offer suggestions, and even simulate human-like conversations. These models
leverage vast amounts of pre-existing textual data to learn patterns and generate responses that mimic hu-
man conversation, enabling them to understand user input, adapt to different conversational styles, and
provide meaningful and coherent answers. The characteristics of LLMs, including their immense size,
computational power, and training on diverse datasets, contribute to their ability to generate accurate and
contextually appropriate responses, making them valuable assets in enhancing human-machine interac-
tions.
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To comprehend the significance of big models in human-machine conversations, it is essential to un-
derstand their background and evolution. We provide a diagram to help readers familiarize the overall
structure (Figure 1). Section 2 gives a comprehensive overview of the development and milestones of
LLMs, tracing their origins from neural language models to the transformative impact of the Transformer
architecture on conversation processing. The rise of large pre-training models and their utilization of con-
textual knowledge at an unprecedented scale will also be explored. Furthermore, this section discusses
the scaling to billion-parameter models, pushing the boundaries of language generation and paving the
way for more advanced conversational capabilities. One key aspect that will be addressed is the advance-
ment of LLMs in facilitating multi-modal conversations, bridging the gap between language and vision
understanding. This opens up opportunities for more natural and immersive interactions between hu-
mans and machines. Section 3 focuses on two prominent areas: intelligent assistant-style dialogues and
emotionally supportive conversations. Through successful case studies, we demonstrate how LLMs can
assist users in various tasks and provide emotional support in sensitive contexts. Despite the promising
potential, LLMs face challenges in the context of human-machine conversations as mentioned in Section
4. Ethical concerns, biases, and the need for interpretability are some of the key challenges that need
to be addressed to ensure the responsible deployment of these models. Lastly, Section 5 highlights the
future directions of development.

Figure 1: The overall diagram of this article

2 The Rise and Milestones of LLMs in Human-Machine Conversations

2.1 Early Conversations: Tracing the Roots of Conversational AI

Early conversations, such as ELIZA (Weizenbaum, 1966) and ALICE(Marietto et al., 2013), were pio-
neers in the field of human-machine conversations. However, these early systems had limitations. They
could not truly understand the meaning of the user’s input and relied heavily on pre-defined rules and
patterns. Consequently, these systems often provided generic and impersonal responses.

Despite their shortcomings, early conversations paved the way for advancements in natural language
processing and machine learning techniques. Researchers realized the need for more sophisticated mod-
els that could learn from data and context, leading to the development of modern LLMs like GPT-3.5.

2.2 Neural Language Models: Opening the Doors to Language Understanding

Neural Language Models (NLMs) have revolutionized the field of human-machine conversations, en-
abling more dynamic and contextually aware conversations, which leverage deep learning techniques,
such as recurrent neural networks (RNNs), to process and understand human language (Sutskever et
al., 2014). By training on large-scale datasets, these models learn the statistical patterns and semantic
relationships within the language, allowing them to generate more natural and contextually relevant re-
sponses. The integration of NLMs into human-machine conversations has significantly improved the
quality and naturalness of conversations. These models can consider the context of the conversation,
understand nuances, and generate coherent and contextually appropriate responses. Furthermore, they
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can also exhibit a sense of personality, empathy, and adaptability, which enhances user engagement and
satisfaction.

While there are still challenges to overcome, such as handling ambiguous queries and maintaining
privacy, NLM-based conversations have become invaluable tools for various applications in natural lan-
guage understanding and interaction. Their ability to generate human-like responses and engage in mean-
ingful conversations opens up new possibilities for human-machine conversations.

2.3 Transformer Architecture: Revolutionizing Conversation Processing

The Transformer (Vaswani et al., 2017) architecture has emerged as a breakthrough in the field of arti-
ficial intelligence, particularly in the realm of human-machine conversations. The Transformer model
revolutionized the way neural networks process and generate human language. Unlike earlier recurrent
neural networks (RNNs) that relied on sequential processing (Sutskever et al., 2014), the Transformer
introduced a novel attention mechanism that allowed for parallel processing of words in a sentence. In
addition, this architectural innovation overcame the limitations of sequential models, enabling the Trans-
former to capture long-range dependencies and contextual relationships more effectively. In the context
of human-machine conversations, the Transformer architecture has proven highly effective. It excels at
understanding and generating coherent responses, exhibiting a level of contextual awareness that makes
conversations feel more natural and engaging. Furthermore, the Transformer’s architecture allows for
parallel processing, making it highly efficient for large-scale training and inference. This scalability has
played a pivotal role in training LLMs, such as GPT-3.5, which have pushed the boundaries of human-
machine conversations by generating human-like responses across a wide range of topics.

The transformer has significantly improved the quality and coherence of responses, allowing dialogue
models to engage in more interactive and contextually aware conversations. With its scalability and ver-
satility, the Transformer architecture continues to drive advancements in natural language understanding
and conversational AI systems.

2.4 Emergence of Large Pre-training Models: Harnessing Contextual Knowledge at Scale

Large pre-training models have emerged as game-changer in the field of artificial intelligence, particu-
larly in the domain of human-machine conversations. In the context of human-machine conversations,
large pre-training models have shown tremendous potential, which possesses the ability to engage in
natural and interactive dialogues with users, simulating human-like conversations.

Model Publishing Agency #Parameters Architecture

BERT (Devlin et al., 2019) Google AI 110M/340M

Encoder

RoBERTa (Liu et al., 2019) Facebook 123M/354M
SpanBERT (Joshi et al., 2020) Stanford 110M/340M

ERNIE (Sun et al., 2019) Baidu 110M
ERNIE-2.0 (Sun et al., 2020) Baidu 110M/340M
ALBERT (Lan et al., 2020) Google 12M-235M

DistilBERT (Sanh et al., 2019) Hugging Face 66M
ELECTRA (Clark et al., 2020) Google 14M/110M

SqueezeBERT (Iandola et al., 2020) Hugging Face 62M

GPT (Radford et al., 2018) OpenAI 117M Decoder
XLNet (Yang et al., 2019) CMU & Google 110M/340M

Encoder/Decoder
UniLM (Dong et al., 2019) Microsoft 340M
BART (Lewis et al., 2020) Facebook 140M,406M

Encoder-Decoder
PEGASUS (Zhang et al., 2020) Google 223M,568M

Table 1: Overview of Large Pre-training Models

In large pre-training models, as shown in Table 1, we can categorize them into three types based
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on their model architectures: Encoder-Only, Encoder-Decoder, and Decoder-Only. The Encoder-Only
models primarily focus on encoding input data, which transforms textual or other forms of input data into
semantic vector representations, where the encoder is responsible for encoding the input information into
high-dimensional representations. The Encoder-Decoders model combines the functionalities of both an
encoder and a decoder. The encoder encodes the input data into high-dimensional vector representations,
while the decoder generates output based on the semantic information provided by the encoder. The
Decoder-Only model specializes in generating task-related outputs. This model generates appropriate
output sequences by utilizing a decoder based on given conditions or context.

• Encoder-Only: BERT (Bidirectional Encoder Representations from Transformers) (Devlin et al.,
2019) pioneered this trend by leveraging Transformer-based pre-training and utilizing masked lan-
guage model (MLM) to generate deep bidirectional language representations for comprehensive
contextual understanding. Subsequently, RoBERTa (Liu et al., 2019) improved upon BERT by
enlarging the dataset, increasing model parameters and batch size, as well as removing the next
sentence prediction (NSP) task, leading to enhanced performance through improved text encod-
ing and dynamic masking. SpanBERT (Joshi et al., 2020) introduced novel pre-training objectives
specifically designed to better represent the context and establish long-distance dependencies.

In parallel, Baidu introduced two pre-training models, ERNIE (Sun et al., 2019) and ERNIE 2.0
(Sun et al., 2020), which leveraged large-scale Chinese corpora such as Baidu Baike, Baidu Search,
Baidu Zhidao, along with the English Wikipedia, for pre-training. ERNIE 2.0 (Sun et al., 2020)
further incorporated a continuous learning semantic understanding framework that continuously
learns from massive data and knowledge using techniques like deep neural networks and multi-task
learning. ALBERT (Lan et al., 2020), on the other hand, is a lightweight version of BERT that
reduces model size while maintaining high performance through parameter factorization of word
embeddings and cross-layer parameter sharing.

The development of these pre-training language models is closely related to the advancements in
conversation models. By better understanding context, effectively representing language, and estab-
lishing long-distance dependencies, these models provide a foundation and inspiration for conver-
sation construction and optimization. From the lightweight model DistilBERT (Sanh et al., 2019)
to the adversarial training-based ELECTRA (Clark et al., 2020) and the smaller and faster Squeeze-
BERT, these models have not only achieved breakthroughs in performance but also significantly
reduced model size and computational costs. They have made important contributions to both aca-
demic research and practical applications in the field of human-machine conversation.

• Encoder-Decoder: XLNet (Yang et al., 2019), UniLM (Dong et al., 2019), BART (Lewis et al.,
2020), and PEGASUS (Zhang et al., 2020) are pre-training models closely related to the devel-
opment of human-machine conversation. XLNet (Yang et al., 2019) significantly improves text
understanding by freely capturing contextual information through a ”permutation-based training”
prediction approach. UniLM (Dong et al., 2019), combining the BERT encoder structure with
diverse pre-training tasks, demonstrates excellent performance across various natural language pro-
cessing tasks, making it highly applicable to human-machine conversation research. BART, with
its combination of bidirectional encoders and autoregressive decoders, possesses broad adaptability
and efficiency, effectively addressing the generation models in conversational systems. PEGASUS
(Zhang et al., 2020), utilizing the Transformer architecture and employing the Gap Sentences Gener-
ation pre-training objective, comprehends context by generating missing sentences and leverages the
Fine-tuning with an Easy Data Selection method for performance enhancement. The introduction
of these models has provided new insights and techniques for the development of human-machine
conversations, leading to improved performance and efficiency in dialogue modeling, including
enhanced contextual processing and generation capabilities.

• Decoder-Only: The GPT series (Radford et al., 2018), proposed by OpenAI, is a powerful pre-
training language model that achieves remarkable performance in complex NLP tasks without re-
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quiring supervised fine-tuning. By increasing the scale of training data and the number of network
parameters, the GPT series continually improves its model capacity, thus demonstrating the effec-
tiveness of continuously enhancing model capacity and corpus size.

As a result, large pre-training models have revolutionized human-machine conversations by providing
a powerful tool for generating high-quality and contextually appropriate responses.

2.5 Scaling to Billion-Parameter Models: Pushing the Limits of Language Generation

In this paper, we refer to large pre-training models with billion-parameter parameters as LLMs. Billion-
parameter models represent a significant milestone in the development of LLMs and have ushered in a
new era of human-machine conversations. These models are characterized by their immense size and
computational power, pushing the boundaries of what was previously thought possible. It are built upon
the foundations of their predecessors, such as GPT-3.5, but with significantly increased capacity. They
are trained on vast amounts of textual data from diverse sources, allowing them to capture a wide range
of linguistic patterns and semantic relationships. The sheer scale of these models grants them a deeper
understanding of human language, resulting in more accurate and contextually appropriate responses.

In the domain of human-machine conversations, billion-parameter models have demonstrated remark-
able capabilities. They can engage in natural and interactive dialogues, understand complex queries, and
generate highly coherent and contextually relevant responses. These models have the potential to pro-
vide users with more personalized and tailored experiences, as they can adapt to different conversational
styles and preferences.

Similar to the pre-training models mentioned in the subsection 2.4, as shown in Table 2, billion-scale
language models are primarily divided into Encoder-Decoder architectures and Decoder-only architec-
tures. Moreover, as the model size increases, the model structures tend to become more standardized.

• Encoder-Decoder: The large-scale language models, namely T5 (Raffel et al., 2020), ERNIE-3.0
(Sun et al., 2021), ERNIE-3.0 Titan (Wang et al., 2021), PaLM-2 (Google, 2023), and GLM-130B
(Zeng et al., 2022), which adopt the Encoder-Decoder architecture, play a significant role in the
human-machine conversation. Google’s T5 (Raffel et al., 2020) approaches all NLP tasks as ”text-
to-text” problems, which grants it excellent adaptability when dealing with human-machine conver-
sation tasks. Baidu’s ERNIE-3.0 (Sun et al., 2021) and ERNIE-3.0 Titan (Wang et al., 2021) demon-
strate outstanding performance in knowledge enhancement and self-supervised learning, making
them particularly effective in handling knowledge-driven human-machine conversations. Google’s
PaLM-2 (Google, 2023), with its advanced reasoning capabilities, is especially well-suited for han-
dling complex human-machine conversation scenarios. On the other hand, Tsinghua University’s
GLM-130B model (Zeng et al., 2022), as a bilingual model, is particularly suitable for addressing
cross-lingual human-machine conversation tasks. The development and application of these models
have greatly enhanced the capabilities of human-machine conversation in understanding, reasoning,
and generating dialogue content, thereby significantly improving the performance and user experi-
ence of such systems.

• Decoder-Only: Large-scale pre-training models such as GPT2 (Brown et al., 2020), GPT3 (Ye et
al., 2023), GPT3.5(Lin, 2023), FLAN (Wei et al., 2022), InstructionGPT (Ouyang et al., 2022),
PaLM (Chowdhery et al., 2022), OPT (Zhang et al., 2022), Bloom (Scao et al., 2022), FLAN-
PaLM (Chung et al., 2022), and LLaMA (Touvron et al., 2023) have played a crucial role in various
domains, including human-machine conversation, natural language understanding, and generation.
The GPT series models from OpenAI (Brown et al., 2020; Ye et al., 2023; Lin, 2023), along with
OPT (Zhang et al., 2022) and LLaMA(Touvron et al., 2023) from Meta AI, leverage their extensive
parameters and complex model structures to provide robust semantic understanding and response
generation capabilities for human-machine conversation. Google’s FLAN and FLAN-PaLM en-
hance the model’s handling of unknown questions and generalization abilities in human-machine
conversation through instruction fine-tuning techniques. The InstructionGPT (Ouyang et al., 2022)
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optimizes GPT-3 to address toxic language and misinformation issues that may arise in human-
machine conversation. The PaLM (Chowdhery et al., 2022), trained by Google using large-scale
datasets and a distributed training architecture, enables the handling of complex human-machine
conversation tasks. Bloom (Scao et al., 2022), as an open-source model with extensive parameters
that supports multiple languages, offers powerful support for multilingual human-machine conver-
sation scenarios.

Model Publishing Agency #Parameters Architecture

T5 (Raffel et al., 2020) Google Brain 220M-11B

Encoder-Decoder
ERNIE-3.0 (Sun et al., 2021) Baidu 10B
ERNIE-3.0 Titan (Wang et al., 2021) Baidu 260B
PaLM-2 (Google, 2023) Google 1.04B-2.7B
GLM-130B (Zeng et al., 2022) Zhipu.AI 100M-515M
GPT-2 (Brown et al., 2020)

OpenAI
1.5B

Decoder

GPT-3 (Ye et al., 2023) 2.6B-200B
GPT-3.5 (Lin, 2023) -
FLAN (Wei et al., 2022) Google 137B
InstructGPT (Ouyang et al., 2022) OpenAI 1.3B-175B
PaLM (Chowdhery et al., 2022) Google 8B-540B
OPT (Zhang et al., 2022) Meta AI 6.7B-175B
Bloom (Scao et al., 2022) HuggingFace 560M-176B
FLAN-PaLM (Chung et al., 2022) THUNLP 250M-11B
LLaMA (Touvron et al., 2023) Stanford 780M-65B

Table 2: Overview of Large Laguage Models

Nevertheless, billion-parameter models hold tremendous promise for the future of human-machine
conversations. As they continue to evolve, they have the potential to revolutionize various domains,
including customer support, virtual assistants, education, creative writing, and more. Their ability to
generate human-like responses and engage in meaningful interactions opens up new possibilities for
enhancing user experiences and pushing the boundaries of conversational artificial intelligence.

2.6 Multi-modal Conversations with LLMs: Bridging Language and Vision
Multi-modal conversation in LLMs represents an exciting frontier in the field of artificial intelligence,
particularly in the context of human-machine conversations. Traditionally, language models have focused
primarily on text-based interactions. However, with advancements in computer vision and multi-modal
learning, there is a growing interest in incorporating visual and other modalities into conversations.

In recent years, a major focus in the field of artificial intelligence has been on multi-modal large-scale
pre-training models, as shown in Table 3, which goal is to enable machines to understand and generate
various modalities of human conversations, including text, images, and sound. These models have played
a crucial role in making human-machine conversations more natural, rich, and intelligent. For example,
the PaLM-E (Driess et al., 2023), jointly developed by Google and the TUB, is an embodied vision and
language model. It is a generative model that takes multi-modal sentences as input to generate text,
providing natural and coherent responses for human-machine conversations. OpenAI’s CLIP (Radford
et al., 2021), on the other hand, employs contrastive learning to enable machines to understand the
relationship between images and text, providing a powerful tool for understanding user-provided image
inputs and generating relevant descriptions.

DeepMind’s Flamingo (Alayrac et al., 2022) and Google’s CoCa (Yu et al., 2022) establish connec-
tions between visual and language modalities. They are capable of processing and understanding both
visual and textual data, providing support for image understanding and description in human-machine
conversations. The Flamingo, in particular, can handle arbitrary interleaved sequences of visual and
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textual data, seamlessly processing image or video inputs. Google’s PaLI (Chen et al., 2022a) and Al-
ibaba DAMO Academy’s OFA (Wang et al., 2022a), both with multilingual and multi-modal capabilities,
support multiple languages and understand inputs from various modalities, allowing them to adapt to dif-
ferent human-computer dialogue environments and requirements.

Microsoft’s BEiT-3 (Wang et al., 2022b) and Salesforce Research’s BLIP (Li et al., 2022) and BLIP-2
(Li et al., 2023) establish deeper connections between visual and language modalities. Through their
deep understanding and generation of images and text, these models provide richer and more accurate
responses. The KOSMOS-1 (Huang et al., 2023b), a multi-modal large-scale language model, has a
Transformer-based causal language model as its backbone. It can integrate inputs from language, vision,
and other modalities, enabling it to consider information from multiple modalities when understanding
user input and generating responses.

Finally, OpenAI’s GPT-4 (OpenAI, 2023) is a novel language model that has been improved in terms of
creativity, visual input, and longer contexts, which allows it to generate more natural, coherent, and rele-
vant responses. Overall, these multi-modal large-scale pre-training models have their unique advantages
and characteristics, and they have all contributed to the advancement of human-machine conversations
to varying degrees.

Model Publishing Agency #Parameters

PALM-E (Driess et al., 2023) Google & TUB 562B
CLIP (Radford et al., 2021) OpenAI 428M
Flamingo (Alayrac et al., 2022) DeepMind 3B-80B
CoCa (Yu et al., 2022) Google 383M-2.1B
PaLI (Chen et al., 2022a) Google 3B-17B
OFA (Wang et al., 2022a) DAMO Academy, Alibaba 33M-930M
BEiT-3 (Wang et al., 2022b) Microsoft 1.9B
BLIP (Li et al., 2022) Salesforce 446M
BLIP-2 (Li et al., 2023) Salesforce 474M-1.2B
KOSMOS-1 (Huang et al., 2023b) Microsoft 1.6B
GPT-4 (OpenAI, 2023) OpenAI -

Table 3: Overview of Multimodal LLMs

Multi-modal conversation in LLMs also holds promise for applications such as virtual assistants, in-
teractive storytelling, and social chatbots. For instance, a virtual assistant equipped with multi-modal
capabilities can process both text and images to provide more accurate and contextually relevant re-
sponses. Multi-modal dialogue in LLMs has the potential to reshape the landscape of human-machine
conversations, creating more immersive and context-aware interactions that better align with human com-
munication modalities. The integration of multi-modal capabilities in LLMs enables them to comprehend
not just the text but also the contextual visual information, allowing for more contextually appropriate
responses. This opens up new possibilities for more dynamic and engaging human-machine interactions.

3 Applications of Human-Machine Conversations with LLMs

The application of LLMs for human-machine conversations is revolutionizing various industries by har-
nessing the capabilities of intelligent assistant systems and emotionally supportive conversations. In
the field of intelligent assistant-based human-machine conversation, LLMs have significantly improved
user experiences through natural language interactions and personalized recommendations. Another no-
table application of human-machine conversation with LLMs is emotional support conversations. These
systems aim to establish empathy with users, provide emotional support, and engage in meaningful con-
versations. By analyzing user inputs and offering appropriate responses, emotional support dialogues
can help individuals cope with stress, anxiety, or loneliness. Such systems have shown promising results
in supporting mental health by providing users with a safe and confidential environment to express their
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feelings and receive guidance. Successful cases of LLMs in human-machine conversation have emerged
across various domains, demonstrating their transformative impact.

3.1 Intelligent Assistant-style Conversations with LLMs
Intelligent Assistant-Style Human-Machine conversations system, exemplified by popular platforms such
as Siri, Alexa, and ChatGPT, has revolutionized the way users interact with technology. These systems
are primarily designed to address information needs and provide personalized assistance to users. With
a deep understanding of various business processes, they can offer comprehensive responses and fulfill a
wide range of user inquiries. Their rich knowledge base allows them to handle tasks such as answering
questions, providing recommendations, and assisting with navigation, making them invaluable tools for
traditional customer service products.

Modern Human-Machine conversations system are rapidly advancing, giving rise to a series of re-
markable models. OpenAI’s GPT-4 (OpenAI, 2023) is a large-scale multi-modal model that accepts both
image and text inputs and produces text outputs. While its capabilities still fall short of humans in certain
real-world scenarios, GPT-4 has demonstrated human-level performance on many professional and aca-
demic benchmarks, particularly in the domains of creativity, visual input processing, and understanding
longer contexts. Furthermore, OpenAI has developed an AI chatbot called ChatGPT (Lin, 2023), based
on GPT-3.5 and GPT-4 architectures. It engages in text-based interactions and leverages reinforcement
learning techniques to provide useful outputs.

In contrast, Google’s Bard (bar, 2023) is a chatbot built on the large language model LaMDA. Its
lightweight version extends to a broader user base while collecting and applying user feedback to con-
tinuously improve model performance. Claude (Bai et al., 2022), developed by Anthropic, is another
large-scale language model designed to detect and avoid pitfalls such as logical errors and inappropriate
content that ChatGPT may encounter. The model emphasizes usefulness and harmlessness, employing
the RLAIF algorithm.

For the Chinese-English bilingual environment, ChatGLM-6B (Du et al., 2022) from Tsinghua Uni-
versity is a language model with billions of parameters optimized specifically for Chinese. It supports
local deployment on consumer-grade graphics cards. Baidu’s ERNIE Bot (Sun et al., 2021) is a genera-
tive dialogue product built on the ERNIE model series, leveraging the power of the large language model
ERNIE 3.0-Titan, showcasing excellent text understanding and generation capabilities. Finally, MOSS
(mos, 2023) from Fudan University, as the first large-scale language model in China similar to ChatGPT,
offers enhanced functionalities through plugins, such as support for search engines, image generation,
calculators, equation solvers, and more, providing a richer interactive experience.

3.2 Emotionally Supportive Conversations with LLMs
Emotionally Supportive Human-Machine conversations have revolutionized the field of human-machine
interaction by focusing on emotions and social interaction. These systems aim to provide users with
information, emotional support, and engaging conversations. With rich emotions, knowledge, and per-
sonality as their main characteristics, these conversations can empathize with users, understand their
emotional states, and respond accordingly.

In the field of emotion-aware human-machine conversations, leading technology giants and academic
institutions such as Google, Meta, and Baidu have developed various outstanding models. Google’s
Meena (Adiwardana et al., 2020), a chatbot developed with 2.6 billion parameters and trained on 341GB
of social media conversation text, demonstrates human-level coherence and specificity in its responses.
Meta’s BlenderBot (Roller et al., 2021), on the other hand, is an open-domain dialogue bot with capa-
bilities for online searching and long-term memory. It is built upon deep learning models and is trained
to engage in interactive and responsive conversations. Another conversational application model by
Google, LaMDA (Thoppilan et al., 2022), can learn discussions on various topics and exhibits impres-
sive coherence and specificity in its responses after training and fine-tuning.

Baidu’s PLATO (Bao et al., 2020) is a large-scale open-domain dialogue generation network that mod-
els background knowledge using discrete latent variables. In the Chinese dialogue model domain, EVA
(Zhou et al., 2021) and OPD(opd, 2023) have demonstrated notable performance. EVA is a large-scale
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Chinese open-domain dialogue pre-training model that surpasses other Chinese pre-training dialogue
models in both automatic and human evaluation metrics. Its subsequent version, EVA2.0, has been opti-
mized in various aspects, and the 300M-parameter EVA2.0 (Gu et al., 2023) achieves the performance of
the 2.8B-parameter EVA1.0. OPD (opd, 2023), on the other hand, is currently the world’s largest open-
source Chinese dialogue pre-training model with 6.3 billion parameters. It exhibits excellent chit-chat
capability and knowledge question-answering ability, enabling in-depth multi-turn dialogue interactions
with users.

3.3 Successful Case Studies of Human-Machine Conversations with LLMs in Diverse Fields
Successful case studies of LLM in human-machine conversations have demonstrated their effective-
ness and impact across various fields. These systems have streamlined tasks such as content generation
(Alkaissi and McFarlane, 2023; Rodriguez, 2022), disease diagnosis and treatment(Duong and Solomon,
2023; Khan et al., 2023; Rao et al., 2023a; Rao et al., 2023b), and assisted software development(Amos,
2023; Castelvecchi, 2022; Surameery and Shakor, 2023), enhancing user experiences and improving
productivity. In addition, The integration of ChatGPT into the realm of data processing has the potential
to revolutionize the landscape of scientific research (Macdonald et al., 2023).

In the field of biomedicine, LLMs such as LLaMa (Touvron et al., 2023) and ChatGLM (Du et al.,
2022) often underperform due to a lack of specialized medical knowledge. To address this issue, HuaTuo
(Wang et al., 2023) has developed a Chinese medical instruction dataset using a combination of medical
knowledge graph and the GPT3.5 API. Additionally, leveraging the same medical data, this project
also trained a healthcare-oriented version of the ChatGLM model: ChatGLM-6B-Med.Bloomberg has
released BloombergGPT (Wu et al., 2023a), which is specifically trained on various financial data to
comprehensively support natural language processing tasks in the financial domain.

Overall, the successful case studies of LLM human-machine conversations in various fields highlight
their potential to transform industries, optimize processes, and enhance human-machine interactions.

4 Challenges of LLMs in Human-Machine Conversation

The use of LLMs in human-machine conversations presents several challenges that researchers and de-
velopers need to address:

• Data Bias and Ethical Issues: LLMs are trained on vast amounts of data, which may inadvertently
reflect biases present in the data. This can lead to biased responses or perpetuation of stereotypes
(Azaria, 2023). It is crucial to identify and mitigate these biases to ensure fair and inclusive in-
teractions. Additionally, the ethical implications of deploying powerful conversations should be
carefully considered, such as the potential for misuse or manipulation of information (Liebrenz et
al., 2023).

• Explainability and Transparency: LLMs operate as complex black boxes, making it difficult to
understand their decision-making processes. Users and stakeholders may have concerns about how
the models arrive at their responses or recommendations(Larsson and Heintz, 2020). Ensuring
transparency and providing explanations for the system’s behavior are essential to build trust and
accountability (Wischmeyer, 2020; OpenAI, 2023).

• Security and Malicious Use: As LLMs become more powerful, there is an increased risk of them
being exploited for malicious purposes, such as generating deceptive or harmful content(Ali and
others, 2023). Protecting the integrity of conversations and preventing malicious use is a significant
concern that requires robust security measures and monitoring (Hargreaves, 2023; Kasneci et al.,
2023).

• Incorrect, Long-term Memory and Persistence: Despite advancements, conversation models can
still produce inaccurate or nonsensical responses. Ensuring the systems have reliable mechanisms
for validation and error correction is essential. Additionally, conversations should be able to main-
tain a coherent context and memory over extended conversations, as well as recognize and address
inconsistencies in their responses. (Blog, 2023; Borji, 2023; Zhuo et al., 2023; OpenAI, 2023).
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Addressing these challenges is essential for the responsible and effective use of large models in human-
machine conversations. Researchers and practitioners need to collaborate and innovate to ensure ethical
considerations, transparency, security, reliability, and resource efficiency in the development and deploy-
ment of these powerful conversations.

5 Future Development Direction and Prospects

This section explores the future development direction and prospects, outlining the potential pathways
and opportunities that lie ahead in the field:

• Support and Research for Low-Resource Languages: LLMs have demonstrated remarkable per-
formance in high-resource languages, resources and data are scarce available for low-resource lan-
guages (Huang et al., 2023a). It is crucial to invest in research and develop techniques to make
these models more accessible and effective in low-resource language settings, enabling users from
diverse linguistic backgrounds to benefit from conversations (Mohtashami et al., 2023).

• Model Explainability and Transparency: Enhancing model explainability and transparency is
another significant prospect. Ensuring that these models provide interpretable and transparent re-
sponses is essential to build user trust and understand how the system arrives at its conclusions (Wu
et al., 2023b). Explainability and transparency is an ongoing area of research in the field.

• Personalized Conversations and Intelligent Assistants: LLMs have the potential to offer person-
alized experiences, but there are challenges in understanding and adapting to individual user pref-
erences, needs, and contexts. Designing conversations that can accurately capture and incorporate
user feedback, dynamically adapt to user preferences, and provide personalized recommendations
is a complex task that requires further research and development (Chen et al., 2022b).

• Social Applications and Industrial Adoption: There is a need to explore social applications and
promote the industrial adoption of large models in human-machine conversations. Integrating con-
versations into social platforms and applications can enhance user experiences, facilitate social in-
teractions, and offer new opportunities for information access and engagement (Zhao et al., 2023).
Encouraging the adoption of large models in various industries, such as healthcare, finance, and
entertainment, can lead to significant advancements and real-world impact in these domains.

These prospects will contribute to the advancement and responsible deployment of large models in
human-machine conversations. Continued research, collaboration, and innovation are necessary to over-
come these obstacles and unlock the full potential of large models in transforming the way humans
interact with machines.

6 Summary

In this paper, we investigates the role of LLMs in facilitating human-machine dialogue. It examines the
rise and development of these models, explores their applications in various domains, and discusses the
challenges associated with their deployment. Furthermore concludes by outlining future directions and
prospects, highlighting the need for ongoing research and addressing ethical considerations. It serves as
a valuable resource for researchers and practitioners interested in leveraging the potential of large models
in human-machine conversations.
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摘摘摘要要要

机器翻译旨在通过计算机自动将一种自然语言翻译成另一种自然语言，这个过程对于
机器翻译模型的语言理解、语言生成能力有着极高的要求。因此机器翻译一直以来都
是一项极具研究价值和研究难度的自然语言处理任务。近期研究表明，大语言模型能
够根据人类指令完成包括翻译在内的许多任务，在这一过程中展现出强大的语言理解
和生成能力，为自然语言处理范式革新提供了新的可能。为了在大语言模型支持下更
好地完成机器翻译任务，研究人员对大语言模型的机器翻译和多语言能力进行了大量
的研究和分析。本文从以下三方面介绍相关研究热点和最新进展，包括：大语言模型
翻译能力评估、大语言模型翻译能力激发、大语言模型在不同语言上的能力展现。

关关关键键键词词词：：： 机器翻译 ；大语言模型 ；情景学习 ；指令微调 ；多语言
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Abstract

Machine translation aims to automatically translate one natural language into another.
This process requires great ability of language understanding and language generation,
making machine translation a challenging task. Recent studies have shown that large
language models (LLMs) are capable of performing various tasks, including machine
translation, based on human instructions. The powerful ability of LLM provides new
possibilities for the innovation of natural language processing paradigms. To better
accomplish machine translation tasks with the support of LLMs, researchers have con-
ducted extensive research and analysis on the translation and multilingual capabilities
of these models. This paper introduces the latest developments in this field from the
following three aspects: evaluating translation capabilities of large language models;
eliciting translation capabilities of large language models; language ability of large
language models in different languages.
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1 引引引言言言

机器翻译（Machine Translation，MT）是利用计算机把一种自然语言自动地转换为另一
种自然语言的过程。相较于人工翻译，机器翻译这种快速便捷的翻译方式可以更好地满足人们
的基础翻译需求，对促进信息传播和社会经济发展有着重要的实际意义。机器翻译任务的完成
依赖于对源语言的准确理解和对目标语言的准确生成，对机器翻译模型的语言能力有着极高的
要求 (Nirenburg, 1989; Och and Ney, 2002; Vaswani et al., 2017)。

近年来，在大规模语料上训练的具有大规模参数的大语言模型（Large Language Model,
LLM）展现出了极强的语言能力。大语言模型能够理解人类指令，并根据指令完成包括翻译
在内的各类任务；还具备情景学习（In-Context Learning，ICL）(Brown et al., 2020),思维链
（Chain-of-Thought，CoT）(Wei et al., 2023)等涌现能力,能够利用上下文中的额外信息对自身
生成预测结果进行优化调整。大语言模型的强大能力为机器翻译范式革新提供了可能。

目前，针对大语言模型在机器翻译方面的分析和应用已有大量研究。本文整理和综述这些
工作，从三个方面介绍大语言模型在机器翻译方面的最新进展：大语言模型翻译能力评估、大
语言模型翻译能力激发、大语言模型在不同语言上的能力展现。

通过对这些研究工作进行整理和总结，我们可以得出以下结论：(1）先进的大语言模型
（如ChatGPT）已经可以在部分语言对上超过传统的有监督神经机器翻译模型，但是在低资
源语言上仍然存在较大差距；(2）情景学习与指令微调是两种最常见的翻译能力激发方式，
情景学习可以以较小的代价让模型进行机器翻译，而指令微调能够更好地激发模型的翻译能
力；(3）大语言模型在不同语言上的语言能力高度不平衡，但是通过平行数据可以帮助大语言
模型建立不同语言之间的对应关系，帮助模型在非英语语言上也展现出不错的语言能力。总体
来说，大语言模型的出现为机器翻译研究带来了新的契机和挑战，基于大语言模型建立新的机
器翻译范式展现出巨大的潜力，而提升大语言模型翻译能力也可以帮助大语言模型在更多的语
言上展现其强大的能力。

本文的后续内容安排如下：第2节将介绍机器翻译和大语言模型的相关背景，第3、4、5节
分别介绍大语言模型的翻译能力评估、翻译能力激发和跨语言能力展现相关研究进展，第6节将
对整体研究进展和研究趋势进行总结和展望。

2 背背背景景景

2.1 机机机器器器翻翻翻译译译

从基于规则的机器翻译(Nirenburg, 1989)到统计机器翻译(Och and Ney, 2002)，再到神经
机器翻译(Vaswani et al., 2017)，机器翻译范式不断转变，机器翻译效果不断提升。目前，最
好的神经机器翻译模型已经可以在少部分高资源语言对(如德语-英语)上超过人类专家翻译水
平(Ng et al., 2019)。但是，只构建支持单一翻译方向的机器翻译模型还无法充分满足实际需
求。当机器翻译系统需要支持的语言数量增多时，为每一个翻译方向单独部署机器翻译模型代
价巨大。于是,构建同时支持多个翻译方向的多语言机器翻译系统逐渐成为近年来的热点研究内
容(Johnson et al., 2017; Costa-jussà et al., 2022; Yuan et al., 2022)。此前，多语言机器翻译模
型基本均采用编码器-解码器架构。而掌握多种语言的大语言模型为多语言机器翻译系统构建提
供了新的可能(Garcia et al., 2023; Zhu et al., 2023)。

2.2 大大大语语语言言言模模模型型型

大语言模型的基本架构是Transformer(Vaswani et al., 2017)，基本训练任务是语言建模
任务(Bengio et al., 2000)，训练数据基本是以英语为主的多语言单语语料(Zhang et al., 2022;
Lin et al., 2022)。其中，语言建模任务要求模型根据前缀序列，准确预测下个词语。在大规
模语料上使用语言建模任务进行训练可以使模型掌握语料中蕴含的海量知识，包括事实性知
识(Petroni et al., 2019)、语言学知识(Tenney et al., 2019)等，并且具备极强的语言理解和语言
生成能力(Pavlick, 2022)。这种强大语言能力也使大语言模型其能够根据人类指令完成各类下游
任务。

由于语言模型最初的训练目标仅为预测后续可能的符号，与特定任务并不存在明确的关
联。研究人员提出了两种方法教会模型理解某个给定的人类指令，并遵照指令进行对应任务的
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执行，这两种方法分别是情景学习和指令微调。情景学习(Brown et al., 2020)利用上下文情景
中包含的描述和示例进行学习，仅作用于推断阶段。以翻译任务为例，根据提供任务描述T和
示例{(Xi,Yi)}ki=1，构造上下文提示P = T (X1,Y1) ⊕ T (X2,Y2) ⊕ · · · ⊕ T (Xk,Yk)和待翻译源
语言句子X，并将其输入模型。则模型根据示例理解指定的任务，并生成翻译结果Y。翻译结
果Y一般通过采样算法获得：arg maxY p(P ⊕ T (X ,Y))。情景学习能够让模型在不更新参数的
情况下理解和完成指定任务。Figure 1展示了一个大语言模型利用情景学习进行机器翻译的例
子。

指令微调(Wei et al., 2021; Ouyang et al., 2022)则作用于训练阶段。通过包含特定指令的
样本来训练模型，通过调整模型参数，使模型能够更加准确地完成指定任务。相对而言，指令
微调方案由于需要改变大语言模型参数，所以对计算资源的要求比较高。

Figure 1: 大语言模型通过情景学习进行机器翻译的示意图

3 大大大语语语言言言模模模型型型翻翻翻译译译能能能力力力评评评估估估

训练大语言模型所使用的海量语料往往以单语数据为主，且其中英文语料占主导地位，而
其他语言的语料往往只有很小的比例。大语言模型在这样的数据分布上能否建模好不同语言之
间的对应关系，并进一步学习得到可靠的翻译知识，是研究者非常关心的一个问题。因此，研
究人员对大语言模型的多语言翻译能力进行了考察和评估(Lin et al., 2022; Moslem et al., 2023;
Jiao et al., 2023b; Bang et al., 2023; Hendy et al., 2023; Garcia et al., 2023; Zhu et al., 2023)。

这些研究工作采用情景学习的方式，考察了众多流行的大语言模型在多个翻译方向上
的翻译能力。Table 1中列举了这些研究工作的基本情况。其中Zhu et al. (2023)的评测工作
是相对最为全面的，他们基于Flores-101多语言机器翻译数据集，在102个语言，202个方向上
对XGLM、BLOOMZ、OPT和ChatGPT这四个流行的大语言模型的多语言翻译能力进行了评
估，并与现有的强大的监督学习基线模型NLLB-1.3B(Costa-jussà et al., 2022)、M2M-12B(Fan
et al., 2021)进行了对比。他们的研究结果表明：在众多被评测的大语言模型中，ChatGPT目
前的翻译表现最好。相比于此前的大语言模型，ChatGPT在不同语言间的表现更加平衡，并且
在20%左右以英语为核心的翻译方向已经可以超过强大的有监督基线模型NLLB。但与此同时，
在大部分翻译方向上，尤其是低资源语言翻译上，ChatGPT仍然落后于有监督模型和商用机器
翻译系统（如Figure 2所示）。

评评评估估估工工工作作作 语语语言言言数数数量量量 语语语言言言对对对数数数量量量 大大大语语语言言言模模模型型型

Lin et al. (2022) 13 182 GPT-3, XGLM
Moslem et al. (2023) 6 5 GPT-3, BLOOMZ
Jiao et al. (2023b) 5 8 ChatGPT,GPT4
Bang et al. (2023) 13 24 ChatGPT
Hendy et al. (2023) 18 10 ChatGPT
Zhu et al. (2023) 102 202 XGLM, BLOOMZ, OPT, ChatGPT

Table 1: 翻译能力评估工作概览

值得注意的是 Zhu et al. (2023)发现在使用公开测试集评测大语言模型能力时容易出现
数据泄漏问题。由于大语言模型训练数据往往覆盖范围较广且透明度较差，在利用现有数据
进行评测时，很容易发生测试数据被包含在训练数据中的情况，导致对应模型的测试表现高

CC
L 
20
23

第二十二届中国计算语言学大会论文集，第30页-第39页，哈尔滨，中国，2023年8月3日至5日。
卷2：前沿综述

(c) 2023 中国中文信息学会计算语言学专业委员会 32



计算语言学

Figure 2: 大语言模型ChatGPT与有监督机器翻译模型NLLB，商用机器翻译系统Google Trans-
late的翻译表现对比(结果摘自(Zhu et al., 2023))

于实际翻译水平。例如，由于BLOOMZ (Scao et al., 2022)利用了Flores-200作为训练数据，
在Flores-101数据集上评测BLOOMZ的翻译表现时，就存在数据泄漏的问题，导致评测结果无
法准确反映模型的翻译能力 (Zhu et al., 2023)。考虑到不同模型的数据使用各不相同，如何更
加公正合理地评估大语言模型的翻译能力，仍然是一个值得关注的问题。
综合而言，大语言模型的翻译能力评估简单有效，展现了大语言模型在翻译上的强大能

力，也体现了这种翻译范式的潜在能力。但是，该类研究仅通过情景学习进行翻译，有可能仅
发挥了大模型的部分翻译能力。如何进一步激发大语言模型的翻译能力，提升大语言模型的翻
译质量，仍然是一个有待解决的开放性问题。

4 大大大语语语言言言模模模型型型翻翻翻译译译能能能力力力激激激发发发方方方式式式研研研究究究

采取不同的方式激发大语言模型的翻译能力可能会得到不同的翻译表现，研究人员研究了
情景学习和指令微调等不同激发方式对翻译表现的影响(Table 2)。

激激激发发发方方方式式式 影影影响响响因因因素素素 研研研究究究工工工作作作

情景学习

模版内容 Zhu et al. (2023)
模版语言 Zhang et al. (2023a)
示例来源 Vilar et al. (2022)
示例挑选 Agrawal et al. (2022),Zhang et al. (2023a),Moslem et al. (2023),Zhu et al. (2023)
示例个数 Moslem et al. (2023),Agrawal et al. (2022),Zhang et al. (2023a),Zhu et al. (2023)
示例语言 Zhu et al. (2023)
示例粒度 Zhu et al. (2023)

指令微调
数据规模 Li et al. (2023),Yang et al. (2023)
数据质量 Li et al. (2023)
数据来源 Jiao et al. (2023a),Zhang et al. (2023b)

Table 2: 翻译能力激发研究工作概览

4.1 利利利用用用情情情景景景学学学习习习激激激发发发大大大语语语言言言模模模型型型翻翻翻译译译能能能力力力

情景学习中是用任务描述和示例来描述特定任务，其中，示例往往以某个指定的模板形式
给出。在利用情景学习激发大语言模型的翻译能力时，模版的选择、示例的选择等许多因素都
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对最终的翻译表现有影响。为了找到更好的情景学习方案，研究人员对这些因素进行了全面
的分析研究(Lin et al., 2022; Vilar et al., 2022; Chowdhery et al., 2022; Agrawal et al., 2022;
Zhang et al., 2023a; Moslem et al., 2023; Zhu et al., 2023)。

4.1.1 设设设计计计合合合适适适的的的情情情景景景学学学习习习模模模版版版

情景学习模版内容是对任务的具体描述，情景学习模板会直接影响翻译能力激发效果。大
语言模型在不同模版下的翻译表现有着很大的差距(Zhu et al., 2023; Zhang et al., 2023a)。因此
如何为翻译任务设计适合机器翻译任务的模板便成为了一个重要的研究问题。

然而，模板的设计面临着许多困难。首先，模板有效程度不一定符合人类直觉。Zhu et al.
(2023)指出，在激发大语言模型XGLM的实验中，“<X>\n can be summarized as \n <Y>”这
种不合理模版甚至比“<X>\n can be translated to\n <Y>”这种合理模版更能激发大语言模型
的翻译表现（Table 3）。模版有效性与人类直觉之间的冲突不仅对模板设计工作提出了巨大的
挑战，也促使人们对情景学习的工作原理进行更加深入的思考。

其次，最优模板难以通用，需要按照模型和任务单独定制。现有工作发现，同一模版在不
同大语言模型上的使用效果是差别极大的。例如，一种经典的翻译任务模板是“[SRC]: <X>\n
[TGT]: <Y>”，其中“[SRC]”与“[TGT]”分别为源语言和目标语言的名称，<X>”与“<Y>”则
是源端与目标端句子。这种模版对于PaLM(Vilar et al., 2022)，GLM(Zhang et al., 2023a)模型
效果很好，但是对于XGLM模型却效果很差(Zhu et al., 2023)。另外，即使是同样的大模型在
不同语言方向上进行翻译时，最优的模板也不同(Lin et al., 2022; Zhang et al., 2023a; Zhu et
al., 2023)。这些发现都说明想要为翻译任务设计通用有效的情景学习模版是非常有挑战的。

In-context Template Deu-Eng Eng-Deu Rus-Eng Eng-Rus Rus-Deu Deu-Rus Average

reasonable instructions:

<X>=<Y> 37.37 26.49 29.66 22.25 17.66 17.31 25.12
<X> \n Translate from [SRC] to [TGT]: \n <Y> 37.95 26.29 29.83 20.61 17.56 15.93 24.70

<X> \n Translate to [TGT]: \n <Y> 37.69 25.84 29.96 19.61 17.44 16.48 24.50
<X> \n [TGT]: <Y> 29.94 17.99 25.22 16.29 12.28 11.71 18.91

<X> is equivalent to <Y> 23.00 4.21 17.76 9.44 8.14 9.84 12.07
<X> \n can be translated to\n <Y> 37.55 26.49 29.82 22.14 17.48 16.40 24.98

[SRC]: <X> \n [TGT]: <Y> 16.95 8.90 14.48 6.88 7.86 4.01 9.85

unreasonable instructions:

<X>$<Y> 37.77 26.43 29.53 20.99 17.72 17.27 24.95
<X> \n Translate from [TGT] to [SRC]: \n <Y> 38.18 26.21 29.85 20.35 17.75 16.63 24.83

<X> \n Compile to [TGT]: \n <Y> 37.39 26.35 29.68 19.91 17.52 16.15 24.50
<X> \n [SRC]: <Y> 27.86 16.69 24.41 18.16 11.98 12.60 18.62

<X> is not equivalent to <Y> 23.50 3.92 16.90 7.80 8.06 9.23 11.57
<X> \n can be summarized as \n <Y> 37.46 26.24 29.42 22.62 17.68 17.15 25.10

[SRC]: <X> \n [SRC]: <Y> 19.03 8.21 15.96 6.37 7.57 4.40 10.26

Table 3: 不同情景学习模版对翻译表现的影响(该结果摘自(Zhu et al., 2023))

4.1.2 选选选择择择合合合适适适的的的情情情景景景学学学习习习示示示例例例

情景学习效果的另一个重要影响因素是情景学习示例。如何为翻译任务提供合适的情景学
习示例同样是研究者们关注的问题。情景学习示例一般从有监督数据如训练集、验证集中挑选
而来，Vilar et al. (2022)发现从高质量的验证集中挑选情景学习示例比从训练集中挑选效果更
好。而为了从候选集合中挑选出最有效的示例，研究人员也尝试了包括稀疏检索、稠密检索、
混合检索等多种示例挑选方案(Agrawal et al., 2022; Zhang et al., 2023a; Moslem et al., 2023)，
但是相比于随机检索取得收益都比较有限。Zhu et al. (2023)进一步发现，即使根据给定源句的
参考译文进行检索，也很难带来进一步的增益。

增加情景学习示例个数是一种简单有效提升翻译表现的途径(Moslem et al., 2023; Agrawal
et al., 2022; Zhang et al., 2023a; Zhu et al., 2023)。但是Zhang et al. (2023a)和Zhu et al. (2023)都
发现随着示例个数的增加，大语言模型的翻译性能提升幅度会不断放缓。当示例个数在10个以
上时，再增加示例个数则很难带来进一步的增益。

此外，情景学习示例中的具体内容会对翻译表现有很大的影响。Zhu et al. (2023)发现使用
与测试样例翻译方向不同的跨语言翻译数据作为示例时，能够在某些语言对（如中文-英文）上
带来大幅的翻译性能提升，这是一种非常有趣的现象。而如果使用不匹配的源端与目标端句子
作为样例，则大语言模型将无法进行翻译任务，这说明大语言模型从示例中了解到需要保持源
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句与目标句之间的语义一致性。如果使用词级别与文档级别的翻译作为样例，则会使大语言模
型进行句子级别翻译的性能下降，这说明大语言模型需要根据示例中确定翻译任务的粒度。如
果使用重复的句子作为样例时，翻译性能同样会下降，这说明保持情景学习示例的多样性是很
重要的。

4.2 利利利用用用指指指令令令微微微调调调激激激发发发大大大语语语言言言模模模型型型翻翻翻译译译能能能力力力

另一种激发大语言模型翻译能力的方式是指令微调，通过让大语言模型学习包含指令的有
监督数据，可以促使模型更加准确地遵循指令，完成下游任务(Wei et al., 2022; Muennighoff et
al., 2022; Chung et al., 2022)。近期研究者开始尝试对大语言模型进行翻译指令微调，针对性
激发大语言模型的翻译能力(Li et al., 2023; Jiao et al., 2023a; Yang et al., 2023; Zhang et al.,
2023b)。

已有研究发现在特定翻译方向上，仅通过小规模翻译数据（千条至万条数据）微调大
语言模型就可以大幅提升大语言模型的翻译能力(Jiao et al., 2023a; Li et al., 2023; Yang et
al., 2023; Zhang et al., 2023b)。具体来说，Jiao et al. (2023a)使用翻译数据和通用任务数
据对LLaMA、BLOOMZ等大语言模型进行指令微调，发现模型不仅可以完成简单的翻译任
务还可以根据人类的特殊需求调整翻译内容。Li et al. (2023)专注于使用单纯的翻译数据微
调XGLM模型，其发现随着数据规模增大，以及数据质量提高，模型的翻译性能可以不断提
高，这显示了大模型的翻译能力仍存在巨大的提升空间。Yang et al. (2023)使用了102种语言
的平行数据对LLaMA模型进行了指令微调，发现利用多语言翻译数据可以同时提升模型在
多种语言上的翻译能力，尤其是增强了模型在维语、藏语、蒙古语等低资源语言上的翻译水
平。Zhang et al. (2023b)使用了多轮交互式机器翻译数据进行指令微调，发现可以同时提升模
型的翻译能力和语言理解能力，让模型能够更好地完成词约束翻译等有特殊需求的翻译任务。

指令微调的研究表明，大模型的潜在翻译能力比使用情景学习展现出来的要高得多。相比
于情景学习的激发方式，使用指令微调激发大语言模型的翻译能力存在以下四点优势(Li et al.,
2023):(1)激发效果更好，可以取得更强的翻译表现，尤其是在中低资源语言上的翻译效果更好
（如Figure 3所示); (2)泛化性能更好，在未见语言对上，指令微调的翻译表现比情景学习更好;
(3)对于指令理解程度更好，在不同的翻译相关指令下，模型的翻译性能稳定，不会出现情景学
习中对翻译相关指令非常敏感的情况; (4)推断时不再依赖翻译任务示例，这可以大大减少上下
文长度，减少解码计算开销。而相比于情景学习，指令微调的主要劣势在于需要训练大规模参
数，对计算资源要求更高。总体来说，指令微调是一种激发大语言模型翻译能力的有效方案，
并且随着LoRA(Hu et al., 2023)、QLoRA(Dettmers et al., 2023)等高效微调方案的出现，指令
微调的计算代价不断降低，这种方案是非常值得研究人员进一步研究和关注的。

Figure 3: 使用情景学习和指令微调时大语言模型翻译效果对比(结果摘自(Li et al., 2023))

5 大大大语语语言言言模模模型型型在在在不不不同同同语语语言言言上上上的的的能能能力力力展展展现现现

大语言模型的预训练语料以英文为主，且指令微调时使用的通用任务数据，如alpaca数
据(Taori et al., 2023)，也以英文为主。这一方面让模型有着极强的英语语言能力，另一方面
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也导致其非英语语言能力较弱。如果大模型能够学会翻译，是否其语言能力也可以在不同语言
之间进行迁移呢？对于这一问题，研究者展开了初步研究(Cui et al., 2023; Yang et al., 2023;
Zhang et al., 2023b)。

Cui et al. (2023)和Yang et al. (2023)关注于在预训练阶段提升大语言模型在中文上的能
力，他们提出可以通过在词表中添加中文字符以及利用中文单语数据进行继续预训练的方式提
升模型的中文能力。

Zhang et al. (2023b)则关注于在指令微调阶段提升大语言模型在中文、德语等语言上的能
力。他们发现在指令微调阶段，增强大语言模型在英语与非英语之间的翻译能力，是帮助提
升模型非英语语言能力的一种有效手段。该方法还可以避免继续预训练大语言模型和收集大
规模数据带来的巨大开销。在训练数据设计上，Zhang et al. (2023b)提出使用多轮交互式翻译
数据来进行指令微调。从其实验结果来看(Table 4)，相比于没有进行语言能力迁移的Alpaca模
型(Taori et al., 2023)、Vicuna模型(Chiang et al., 2023),使用多轮交互式翻译数据微调得到
的Bayling模型(Zhang et al., 2023b)在中文能力评估测试集GaoKao上取得了一定的性能提升。
这一结果表明增强大语言模型的翻译能力是帮助模型展现多语言能力的有效手段。

Systems Avg.
GaoKao(%)

chinese english mathqa physics chemistry biology history geography mathcloze

GPT-3.5-turbo 43.87 42.68 86.27 30.48 21.00 44.44 46.19 59.57 63.32 0.85
BayLing-13B 32.13 29.27 69.28 29.34 21.50 36.71 30.00 34.04 38.19 0.85
BayLing-7B 28.20 27.64 55.56 26.78 24.50 29.95 29.05 33.19 27.14 0.00
ChatGLM-6B 31.83 31.71 52.29 26.50 16.00 27.54 28.10 54.04 47.74 2.54
Vicuna-13B 29.36 21.14 71.24 21.94 23.00 31.88 27.14 33.19 34.67 0.00
Alpaca-7B 20.03 24.80 36.27 17.95 6.00 20.77 20.95 24.68 27.14 1.69

Table 4: 不同大语言模型在中文能力评估数据集GaoKao上的表现对比(结果摘自(Zhang et al.,
2023b))

6 总总总结结结

近期，大语言模型迅猛发展，并凭借其惊人的语言能力在各项自然语言处理任务上都展现
了巨大的潜力。本文聚焦于机器翻译任务，对大语言模型在机器翻译方面的相关进展进行了综
述，具体介绍了以下三个方面的内容，包括：1）大语言模型翻译能力评估；2）大语言模型机
器翻译能力激发；3）大语言模型在不同语言上的能力展现。总体来说，大语言模型已经展现
出较强的多语言机器翻译能力，且仍有进一步提升的空间；但其在不同语言上的能力非常不平
衡，在大部分中低资源语言上仍然与有监督基线模型有着较大的差距。在未来，如何更好地激
发大语言模型的翻译能力，尤其是低资源语言上的翻译能力仍然有待解决。此外，为了让大语
言模型在更多语言上发挥其强大的语言能力，多语言翻译的研究和探索可能有着重要的价值。
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Yoshua Bengio, Réjean Ducharme, and Pascal Vincent. 2000. A neural probabilistic language model. In
Advances in Neural Information Processing Systems (NeurIPS).

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, et al. 2020. Language models are
few-shot learners. In Advances in Neural Information Processing Systems (NeurIPS).

CC
L 
20
23

第二十二届中国计算语言学大会论文集，第30页-第39页，哈尔滨，中国，2023年8月3日至5日。
卷2：前沿综述

(c) 2023 中国中文信息学会计算语言学专业委员会 36



计算语言学

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng, Siyuan
Zhuang, Yonghao Zhuang, Joseph E. Gonzalez, Ion Stoica, and Eric P. Xing. 2023. Vicuna: An
open-source chatbot impressing gpt-4 with 90%* chatgpt quality.

Aakanksha Chowdhery, Sharan Narang, Jacob Devlin, Maarten Bosma, Gaurav Mishra, Adam Roberts,
Paul Barham, Hyung Won Chung, Charles Sutton, Sebastian Gehrmann, et al. 2022. Palm: Scaling
language modeling with pathways. arXiv preprint arXiv:2204.02311.

Hyung Won Chung, Le Hou, Shayne Longpre, Barret Zoph, Yi Tay, William Fedus, Eric Li, Xuezhi
Wang, Mostafa Dehghani, Siddhartha Brahma, et al. 2022. Scaling instruction-finetuned language
models. arXiv preprint arXiv:2210.11416.
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A Systematic Evaluation of Large Language Models for Natural
Language Generation Tasks

Abstract

Recent efforts have evaluated large language models (LLMs) in areas such as com-
monsense reasoning, mathematical reasoning, and code generation. However, to the
best of our knowledge, no work has specifically investigated the performance of LLMs
in natural language generation (NLG) tasks, a pivotal criterion for determining model
excellence. Thus, this paper conducts a comprehensive evaluation of well-known and
high-performing LLMs, namely ChatGPT, ChatGLM, T5-based models, LLaMA-based
models, and Pythia-based models, in the context of NLG tasks. We select English and
Chinese datasets encompassing Text Summarization, Dialogue Generation, Story Gen-
eration, and Data-to-Text tasks. Moreover, we propose a common evaluation setting
that incorporates input templates and post-processing strategies. Our study reports both
automatic and manual metric results, accompanied by a detailed analysis.

1 Introduction

Recent studies have emphasized the importance of scaling large language models (LLMs),
referring to both the dimensions of the model size themselves and the amount of data used,
resulting in enhanced capability of the models for tasks downstream (Chung et al., 2022).
Numerous investigations have been conducted to explore the limits of performance by training
increasingly larger pre-trained language models, such as GPT-3 175B (Brown et al., 2020) and
PaLM 540B (Chowdhery et al., 2022). Although scaling primarily involves increasing the model
size while maintaining similar architectures and pre-training tasks, these large-sized PLMs exhibit
distinct behaviors from their smaller counterparts and demonstrate surprising emergent abilities
in solving complex tasks (Zhang et al., 2017; Frankle and Carbin, 2019; Zhang et al., 2021). An
example of this is the contrasting performance of GPT-3 and GPT-2 when it comes to solving
few-shot tasks. GPT-3 demonstrates effective problem-solving abilities by utilizing in-context
learning, whereas GPT-2 faces difficulties in this aspect. As a result, these large-scale language
models (LLMs) has become a huge research topic in current NLP area. In existing literature,
remarkable LLMs such as ChatGPT0, ChatGLM1, have been widely adopted as powerful AI
assistants, benefiting from their exceptional generation capabilities.

©2023 China National Conference on Computational Linguistics
Published under Creative Commons Attribution 4.0 International License

0https://chat.openai.com/
1https://chatglm.cn/
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We hypothesis that a language model’s performance in executing natural language generation
(NLG) tasks is a crucial factor in determining its excellence (Dong et al., 2023). NLG tasks
involve LLMs that are capable of accepting diverse types of input, such as texts and tables, and
generating coherent and appropriate output text. We intuitively think that generate fluent, coherent,
and consistent texts is the foundation of a language model, so as to large language models (Raffel
et al., 2020). When some research institutions release their large language models, they tend
to evaluate these models first. Community workers are also interested in testing well-known
large language models. However, most of these evaluations focus on checking LLMs’ ability of
commonsense reasoning (Davis and Marcus, 2015; Wei et al., 2022), mathematical reasoning
(Saxton et al., 2019; Wei et al., 2022), code completion (Allamanis et al., 2018), etc., but ignore
the basic NLG tasks, such as dialogue generation (Chen et al., 2017), text summarization (Dong et
al., 2023), and story generation (Al-Hussain and Azmi, 2022). Besides, Some researchers pointed
out that the performance of a large model is determined not only by its size and architecture, but
more by the quality and quantity of training data. Based on this point of view, researchers open
source and propose that some smaller-scale models trained on more and higher-quality data sets
can achieve the same performance as models with more parameters than them. For example,
LLaMA-13B (Touvron et al., 2023) outperforms GPT-3 on most benchmarks, despite being 10
times smaller. This notable discovery makes us curious about the performance of models with
different architecture, data size, and mode size, trying to figure out which factor is more important.
Therefore, we aim to address this gap by conducting a comparative analysis of LLM performance
on NLG tasks, considering different architectures and scales throughout the evaluation process.

In this paper, we present a systematic evaluation of existing LLMs for NLG tasks. The main
objective is to enhance our understanding of instruction and prompt design by conducting a
comparative analysis of these models. Initially, we provide an overview of classic NLG tasks,
including their definitions and associated English and Chinese datasets. Subsequently, we devise
a model input template that includes instructions for each dataset. Following that, we introduce
various LLMs, considering factors such as model size and architecture. Finally, we present the
results of both automatic and manual evaluation of LLMs on NLG datasets, and discuss the
strengths and weaknesses of their performance across different models.

2 Natural Language Generation

In this section, we will introduce the definition of NLG, and its sub-tasks with some corresponding
datasets that we will use to evaluate LLMs.

2.1 Definition

Natural Language Generation is the process of producing a natural language text in order to meet
specified communicative goals. The texts that are generated may range from a single phrase
given in answer to a question, through multi-sentence remarks and questions within a dialog, to
full-page explanations. In our evaluation, we mainly focus on text-to-text styles. In general, the
task of NLG targets at finding an optimal sequence y<T+1 = (y1, y2, . . . , yT ) that satisfies:

y<T+1 = argmax
y<T+1∈Y

logPθ (y<T+1 | x) = argmax
y<T+1∈Y

T∑
t=1

logPθ (yt | y<t, x) (1)
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where T represents the number of tokens of the generated sequence, Y represents a set containing
all possible sequences, and Pθ (yt | y<t, x) is the conditional probability of the next token yt
based on its previous tokens y<t = (y1, y2, . . . , yt−1) and the source sequence x with model
parameters θ.

Next, we will introduce some classic and widely-researched sub-tasks of NLG, with several
corresponding datasets.

2.2 Text Summarization

Text summarization is the process of condensing a piece of text, such as an article, document,
or news story, into a shorter version while preserving its key information and main ideas (El-
Kassas et al., 2021; Dong et al., 2023). Text summarization can be performed through two main
approaches: Extractive Summarization and Abstractive Summarization. In our evaluation, we
utilize multiple abstractive summarization datasets, specifically choosing two renowned datasets
for the English and Chinese languages.

• CNN/DailyMail (Nallapati et al., 2016) is a large scale English summarization dataset
which contains 93k and 220k articles collected from the CNN and Daily Mail websites,
respectively, where each article has its matching abstractive summary.

• XSum (Narayan et al., 2018) is an extreme English summarization dataset containing BBC
articles and corresponding single sentence summaries. In this dataset, 226,711 Wayback
archived BBC articles are collected, which range from 2010 to 2017 and cover a wide variety
of domains.

• THUCNews (Li and Sun, 2007) is a Chinese summarization dataset, which comes from
filtering the historical data of the Sina News RSS subscription channel from 2005 to 2011,
including 740,000 news documents.

• LCSTS (Liu, 2020) is a large corpus of Chinese short text summarization dataset constructed
from the Chinese micro-blogging website Sina Weibo. This corpus consists of over 2 million
real Chinese short texts with short summaries given by the author of each text.

2.3 Dialogue Generation

Dialogue generation refers to the process of automatically generating coherent and contextually
appropriate responses in a conversational setting (Chen et al., 2017; Ma et al., 2020; Dong et
al., 2023). The ultimate goal of dialogue generation task is to create responses that are relevant,
informative, and engaging to the user.We utilize two English dialogue datasets characterized
by clear emotional flow and topic constraints, as well as one English dataset that incorporates
speakers’ personalities. Furthermore, we employ a Chinese open-domain dialogue dataset for
evaluation purposes.

• DailyDialog (Li et al., 2017) is a comprehensive, human-authored, and relatively noise-free
English dataset that captures everyday communication styles and encompasses various topics
related to our daily lives.

• PersonaChat (Zhang et al., 2018) is a persona-grounded dialogue dataset which contains
10k English multi-turn dialogues conditioned on personas, and each persona is described
with at least 5 profile sentences.
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• EmpatheticDialogue (Rashkin et al., 2019) is a large-scale multi-turn dialogue English
dataset that contains 25k empathetic conversations between a speaker and a listener.

• LCCC (Wang et al., 2020) is a large-scale cleaned Chinese conversation dataset.

2.4 Story Generation

Story generation aims at automatically creating coherent and engaging stories (Al-Hussain and
Azmi, 2022). The input of story generation task can take various forms, including beginning
(Chen et al., 2019), outline (Fang et al., 2021), prompt (Fan et al., 2018), or abstract (Fang et
al., 2021), etc. Advanced methods or models of this task typically involve defining the story
structure, characters, settings, and desired narrative elements (Martin et al., 2018). We employ
two datasets in Chinese and English, where story beginnings serve as inputs. Additionally, we
utilize an English dataset in which story outlines are provided for evaluation purposes.

• ROCStories (Mostafazadeh et al., 2016) is a compilation of 100,000 short stories, each
consisting of five sentences, that display a general sense of understanding. These stories
adhere to a daily theme and incorporate a variety of common-sense causal and temporal
relationships found in everyday occurrences..

• WritingPrompts (Fan et al., 2018) is a large English dataset of 300K human-written stories
paired with writing prompts from an online forum.

• LOT (Guan et al., 2022) is a benchmark dataset for evaluating Chinese long text understand-
ing and generation.

2.5 Overview for LLMs

Typically, large language models (LLMs) refer to Transformer-based models containing tens or
hundreds of billions of parameters and trained on extensive corpora of texts (Zhao et al., 2023).
These LLMs demonstrate significant capabilities in understanding natural language and solving
complex tasks. Furthermore, they have showcased their ability to perform new tasks based on
textual instructions or with just a few examples (Chung et al., 2022). The emergence of these
few-shot properties is a result of scaling models to a sufficient size, leading to a line of research
that focuses on further scaling these models (Rae et al., 2021).

Previous LLMs, such as T5 (Raffel et al., 2020), GPT-3 (Brown et al., 2020), OPT (Zhang et
al., 2022), and PaLM (Chowdhery et al., 2022), primarily emphasized scaling model size rather
than considering the quality and quantity of data. However, recent studies have demonstrated
that, given a fixed compute budget, the best performance is achieved by smaller models trained
on larger datasets (Hoffmann et al., 2022). Additionally, most of these models are not open-
source and can only be accessed through APIs for inference, which poses inconveniences for
model evaluation and usage. In order to address this issue, numerous researchers have proposed
excellent open-source architectures and trained models, including GLM-130B (Zeng et al., 2022),
ChatGLM (Du et al., 2022), LLaMA (Touvron et al., 2023), and Pythia (Biderman et al., 2023).
Furthermore, advancements in fine-tuning techniques have contributed to the success of deploying
these models with limited resources, such as Lora (Hu et al., 2022) and P-Tuning (Li and Liang,
2021). Therefore, this paper aims to conduct systematic evaluations of these models and their
fine-tuned versions, categorized into four groups: ChatGPT, ChatGLM, T5-based models,
LLaMA-based models, and Pythia-based models.
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2.6 ChatGPT

ChatGPT2 is a large language model based on OpenAI’s GPT-3.5 architecture (Brown et al.,
2020). It is designed specifically for generating conversations and answering user queries.
ChatGPT employs large-scale pretraining and fine-tuning methodologies, utilizing vast amounts
of textual data to learn statistical patterns and semantic knowledge of language, and perform well
in zero-shot and few-shot settings, and can understand the input instructions.

2.7 ChatGLM

ChatGLM3 is a freely available dialogue language model that operates in both Chinese and
English languages. It follows the GLM architecture and boasts an impressive parameter count
of 6.2 billion. ChatGLM-6B incorporates similar technology as ChatGPT, with a specific focus
on Chinese question answering and dialogue. The model undergoes extensive training on a
dataset containing approximately 1 trillion tokens in Chinese and English. The training process
includes supervised fine-tuning, feedback bootstrap, and reinforcement learning with human
feedback. Despite having only 6.2 billion parameters, the model demonstrates the ability to
generate responses that align with human preferences.

2.8 T5-Based models

T5 (Raffel et al., 2020), which stands for Text-To-Text Transfer Transformer, is a transformer-
based language model developed by Google Research. Instead of training separate models for
different tasks, T5 is trained in a text-to-text pattern. This means that it is trained to perform a
wide range of NLP tasks by transforming the input text into a standardized format that specifies
the task to be performed. In our evaluation, we select two new fine-tuned versions of T5, namely:
Flan-T5-XXL4 and FastChat-T55.

Flan-T5-XXL Flan-T5 (Chung et al., 2022) is a fine-tuned version model class of T5 that has
been trained on a variety of datasets phrased as instructions. It has shown impressive performance
on several benchmarks, demonstrating strong zero-shot, few-shot, and Chain-of-Thought (CoT)
(Wei et al., 2022) abilities. Flan-T5-XXL is the largest released checkpoint of this model, boasting
a parameter volume of 13B. It inherits the extensive knowledge base of T5 while also being
capable of understanding natural language instructions and performing the corresponding tasks.

FastChat-T5 FastChat (Zheng et al., 2023a) is an open platform for training, serving, and
evaluating large language model based chatbots. And FastChat-T5 is an open-source chatbot
trained on this platform by fine-tuning Flan-T5-XL (3B parameters) on user-shared conversations
collected from ShareGPT.

2.9 LLaMA-Based Models

LLaMA (Touvron et al., 2023) is a collection of foundation language models ranging from 7B
to 65B parameters proposed by Meta AI. Unlike other famous LLMs, LLaMA is only trained

2https://chat.openai.com/
3https://chatglm.cn/
4https://huggingface.co/google/flan-t5-xxl
5https://huggingface.co/lmsys/fastchat-t5-3b-v1.0
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on publicly avaiable data, making it compatible with open-sourcing. Numerous remarkable and
impressive models have emerged as a result, built upon the LLaMA framework and trained using
diverse datasets. Among these models, we have chosen a few prominent ones for evaluation:
Open-LLaMA, Vicuna, Alpaca, and GPT4ALL.

Open-LLaMA Open-LLaMA (Geng and Liu, 2023) is an open reproduction of LLaMA trained
on the RedPajama dataset (Computer, 2023). We leverage the 7B version6 of this model for
evaluation.

Alpaca (Taori et al., 2023) is fine-tuned based on a 7B LLaMA model using a dataset con-
sisting of 52,000 instances of instruction-following data. This dataset is generated using the
techniques outlined in the Self-Instruct paper (Wang et al., 2022), which aims to address the
limited instruction-following capabilities of LLaMA models. To create the training data, the
authors initially generate the data using OpenAI’s GPT-3 and subsequently convert it into 52,000
instances of instruction-following conversational data using the Self-Instruct pipeline. This
dataset is referred to as the Alpaca dataset. The Alpaca model is then fine-tuned to generate
responses in conversations similar to ChatGPT.

In our evaluation, we utilize Alpaca-Lora-7B7, a low-rank adapter for LLaMA-7b fit on the
Stanford Alpaca dataset, and Chinese-Alpaca-13b8, a Chinese model version of Alpaca.

Vicuna (Zheng et al., 2023b) is fine-tuned based on LLaMA models using user-shared conversa-
tions collected from ShareGPT. It is an auto-regressive language model, based on the transformer
architecture. So it is basically fine-tuned with ChatGPT conversations. We utilize two versions of
Vicuna, which are Vicuna-13B9 and Chinese-Vicuna-13B10.

GPT4ALL (Anand et al., 2023) is a fine-tuned LLaMA 13B model and the GPT4All commu-
nity11 has built the GPT4All Open Source datalake as a staging ground for contributing instruction
and assistant tuning data for future GPT4All model trains.

2.10 Pythia-Based Models

Pythia (Biderman et al., 2023) is a project by EleutherAI12 that combines interpret-ability
analysis and scaling laws to understand how knowledge develops and evolves during training in
autoregressive Transformers. We utilize two versions of Pythia which are Oasst-Pythia and Dolly.

Oasst-Pythia13 is an open assistant model developed by the Open-Assistant project. It is based
on a Pythia 12B model that was fine-tuned on human demonstrations of assistant conversations
collected through the Open-Assistant human feedback web app.

6https://github.com/openlm-research/open llama
7https://huggingface.co/chainyo/alpaca-lora-7b
8https://huggingface.co/shibing624/chinese-alpaca-plus-13b-hf
9https://huggingface.co/eachadea/vicuna-13b-1.1

10https://huggingface.co/Chinese-Vicuna/Chinese-Vicuna-lora-13b-belle-and-guanaco
11https://home.nomic.ai/
12https://github.com/EleutherAI/pythia
13https://huggingface.co/OpenAssistant/pythia-12b-sft-v8-7k-steps
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Below is an instruction that describes
a task. Write a response that appropr-
iately completes the request.
### Instruction: {instruction}
### Input: {text}
### Response:

以下是描述任务的说明。 编写准确的回复来
完成这个任务。

### 说明：{instruction}
### 输入：{text}
### 回复：

Figure 1: Input templates for English (left) and Chinese (right) datasets. instruction and text
will be replaced with content corresponding different datasets.

Dolly14 is a Language Model (LLM) with 12B parameters, designed to follow instructions
accurately. It has been trained on approximately 15,000 instruction/response fine-tuning records
known as databricks-dolly-15k. These records were created by Databricks employees and cover
various capability domains sourced from InstructGPT (Ouyang et al., 2022). These domains
include brainstorming, classification, closed QA, generation, information extraction, open QA,
and summarization.

3 Experimental Settings

3.1 Dataset

In our evaluation, we aim to showcase the generation capabilities of LLMs in zero-shot scenarios.
Therefore, we refrain from providing any additional information to the model for each of the
aforementioned datasets. Specifically:

• For datasets of Text Summarization task, we input the text, document, or article to allow the
model to extract key information and generate concise summaries.

• For datasets of Dialogue Generation task, we input the dialogue history, enabling the model
to generate appropriate responses for the final round of the conversation.

• For datasets of Story Generation task, we input the story beginning, outline, or prompts to
provide the necessary context for the model to generate coherent and engaging stories.

3.2 Input Template

Because LLMs that we evaluate possess the ability to comprehend instructions and perform
corresponding tasks, so in order to ensure fairness, we develop an input template that is applied
to every dataset for each task, serving as the input for every large language model. This template
consists of two components: the instruction and the input. Figure 1 illustrates the templates
designed for both the Chinese and English datasets, and Table 1 shows the content of instruction
and text for each dataset.

3.3 Hyperparameters

Although each LLM may have its own optimal decoding strategy, for the sake of fairness, we
have standardized these hyperparameters across all LLMs. We employ the Top-k and Top-p
sampling, with k = 40 and p = 0.75. Additionally, a temperature value of 0.2 and a repetition

14https://huggingface.co/databricks/dolly-v2-12b
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Dataset Instruction Text

Empathetic
Dialogues

This is an open-domain empathetic dialogue completion task.The
input is the Dialogue. You act as System in the dialogue. You need to
fully understand the situation and combine the speaker’s emotion to
complete the dialogue with natural content and a way closer to human
speech. There is no need for any additional notes or clarifications,
you just give the response in English.

Dialogue Context

DailyDialog

This is an open-domain topic-aware dialogue completion task. The
input is the Dialogue. You act as System in the dialogue. You need
to fully understand the topic and complete the dialogue with natural
content and a way closer to human speech. There is no need for any
additional notes or clarifications, you just give the response in English

Dialogue Context

PersonaChat

This is an open-domain personality-aware dialogue completion task.
The input is the Dialogue. You act as System in the dialogue. You
need to fully understand the personality and complete the dialogue
with natural content and a way closer to human speech. There is
no need for any additional notes or clarifications, you just give the
response in English.

Dialogue Context

LCCC

这是一个开放域的中文对话补全任务。输入是待完成的对话内
容。你在对话中扮演系统。你需要完全理解说话者的话语，并
用自然的内容和更接近于人类说话的方式完成对话，而不是用
语言模型或者AI的身份。不需要任何额外的注释或者说明，你
只需用中文给出回复。

Dialogue Context

Table 1: Instruction and Text for each dataset.

penalty factor of 1.15 are imposed. Furthermore, we specify a maximum token length of 128 and
a minimum token length of 10 for the generated content.

3.4 Post-Processing Strategy

Through case study, we observe that despite emphasizing the exclusion of any additional output in
the input, regrettably, most LLMs still generate redundant information in their output. Therefore,
we find it necessary to apply post-processing to the outputs of these models. To ensure fairness,
we adopt the same post-processing strategy for all LLMs. Specifically, we utilize the keywords
“### response:” or “###回复：” for segmentation. If the segmented content consists of a
single line, we consider it as the final result. If the segmented content spans multiple lines, we
use “\n” as segmentation keywords and select the first sentence with a length not less than 16 as
the final result.

3.5 Baselines

There have been numerous previous works on datasets we used, and these works have achieved
good results. Therefore, despite the fact that most of these works have proposed models much
smaller than LLMs and have predominantly utilized supervised fine-tuning methods, we still
compare them with LLMs to highlight some characteristics of LLMs. For each dataset, we select
several recent works with better performance and report their results.
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• For EmpatheticDialogues, we utilize EP-PG (Li et al., 2022) that first generates event
transition plans and then obtains the final response, and MoEL (Lin et al., 2019) that are
consist of one emotion tracker and n emotion listeners.

• For DailyDialog, we utilize PLATO (Bao et al., 2020), a pre-trained dialogue generation
model, and DialogWAE (Gu et al., 2019), a conditional wasserstein autoencoder (WAE)
specially designed for dialogue modeling.

• For PersonaChat, we utilize PLATO as mentioned above, and CTRLStruct (Yin et al.,
2023) for dialogue structure learning to effectively explore topic-level dialogue clusters.
clusters as

3.6 Evaluation Metrics
Automatic Metrics We utilize several common automatic metrics for NLG tasks. PPL is
used to assess the difficulty or confusion of a language model in predicting a sequence of words.
BLEU (B-1, B-2, B-4) (Papineni et al., 2002) is used to assess the quality of machine-generated
translations by comparing them to human reference translations. Meteor (MT) (Banerjee and
Lavie, 2005) considers the accuracy and recall based on the entire corpus, and get the final
measure. Rouge-L (R-L) (Lin, 2004) calculates the overlap between the generated output and
the reference summaries or translations using various techniques such as N-gram matching.
DISTINCT (D-1, D-2) (Li et al., 2016) quantifies how many distinct or different N-grams are
present in the generated text, providing an indication of the model’s ability to produce varied and
non-repetitive output.

Besides these widely-used metrics, we also develop a new metric called PostProcess Rate
(PPR), which means the proportion of samples that need to be post-processed to the total number
of samples.

Human Evaluation We conduct a human evaluation on open-domain dialogue generation. We
recruit university students to evaluate the quality of conversations. We follow up previous dialogue
generation efforts (Yu et al., 2022) and employ several metrics to evaluate the dialogue quality :
Coherence measures relevance to the dialogue context, Informativeness evaluates information
provided, and Fluency checks grammatical accuracy. We also check for Hallucination↓ and
factual errors.

Note that the Coherence, Informativeness, and Fluency scale is [0, 1, 2, 3, 4], whose higher
score indicates a better performance. Moreover, the scale of Hallucination is [0, 1, 2], whose
lower score indicates a better performance.

4 Results and Analysis

The automatic metrics results of LLMs on the four datasets are shown in Tables 2, 3, 4. Since
Flan-T5-XXL and FastChat-T5 do not possess the ability to generate Chinese textual content,
we do not report their results on LCCC. Although automatic metrics cannot fully reflect the
performance of the models, we can still draw the following conclusions from them.

First, apart from ChatGPT that has the largest scale of 175B, the two T5-based models
consistently outperform others in terms of the PPR metric. This indicates that the generated
content of Flan-T5-XXL and FastChat-T5 largely aligns with the instruction requirements stated
in the input template: ”without any additional output.” Interestingly, both of these models follow
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Model Scale Arch PPL↓ B-1 B-2 B-4 MT R-L D-1 D-2 PPR↓

EP-PG – – – 16.74 6.94 2.39 – – 2.19 8.25 –
MoEL 23.1M DO 33.58 – – 2.90 – – 1.06 4.29 –

ChatGPT 175B DO 10.52 7.35 2.40 0.52 9.26 8.75 4.71 27.75 0.00%

ChatGLM 6B DO 11.73 6.05 1.82 0.27 8.58 7.71 3.57 22.82 12.61%

Flan-T5-XXL 13B ED 19.97 5.62 2.40 0.61 5.38 7.41 5.66 24.97 0.00%
FastChat-T5 3B ED 9.25 7.33 2.35 0.45 8.50 8.62 3.55 20.81 0.12%

Open-LLaMA 7B DO 15.90 8.50 2.97 0.63 6.43 8.74 3.93 17.91 40.05%
Vicuna 13B DO 14.31 6.18 1.93 0.35 8.91 7.81 4.09 25.84 38.86%
Alpaca-Lora 7B DO 16.10 7.95 2.52 0.40 7.34 6.69 7.59 39.58 0.24%
Chinese-Alpaca 13B DO 12.05 6.51 1.86 0.35 7.53 6.64 5.32 29.14 0.20%
GPT4ALL 13B DO 11.14 5.20 1.47 0.24 8.75 6.78 3.94 25.60 1.81%

Dolly 12B DO 131.75 8.29 2.64 0.46 6.91 7.96 7.46 42.69 58.61%
Oasst-Pythia 12B DO 8.71 5.48 1.53 0.26 8.79 6.92 3.38 21.18 0.04%

Table 2: Automatic evaluation results of LLMs on EmpatheticDialogues. Scale stands for the
model size.ED and DO respectively stand for encoder-decoder and decoder-only. Arch is an
abbreviation for Architecture. The bold numbers in the results represent the best scores, whereas
the underlined numbers indicate the second-best scores.

Model Scale Arch PPL↓ B-1 B-2 B-4 MT R-L D-1 D-2 PPR↓

PLATO – DO – 39.70 31.10 – – – 5.30 29.10 –
DialogWAE – ED – 32.30 – – – – 31.30 59.70 –

ChatGPT 175B DO 11.41 7.58 2.71 0.56 10.13 8.17 10.98 47.20 0.00%

ChatGLM 6B DO 17.52 10.54 3.86 0.93 9.14 11.91 9.60 42.69 12.05%

Flan-T5-XXL 13B ED 16.31 3.85 1.61 0.42 6.64 5.52 14.54 47.59 0.00%
FastChat-T5 3B ED 10.27 7.45 2.59 0.50 9.15 7.86 9.58 41.16 0.50%

Open-LLaMA 7B DO 21.23 6.72 2.31 0.46 5.94 5.59 11.65 38.72 64.36%
Vicuna 13B DO 78.66 6.13 2.11 0.42 8.89 6.96 10.15 45.18 38.55%
Alpaca-Lora 7B DO 28.63 6.40 2.16 0.00 6.04 5.02 17.49 61.66 3.41%
Chinese-Alpaca 13B DO 22.23 6.52 2.18 0.38 7.49 5.93 13.06 51.02 2.01%
GPT4ALL 13B DO 14.72 4.84 1.24 0.13 7.72 5.77 10.24 43.53 25.50%

Dolly 12B DO 58.29 6.09 2.01 0.40 5.70 4.25 14.14 52.33 74.80%
Oasst-Pythia 12B DO 10.68 5.40 1.45 0.19 7.62 6.09 9.23 38.91 16.47%

Table 3: Automatic evaluation results of LLMs on DailyDialog.

an encoder-decoder architecture, while all other models follow a decoder-only architecture. This
suggests that encoder-decoder models demonstrate superior understanding of input instructions
under the same model scale. We speculate that having an encoder allows the model to comprehend
the input content effectively, thereby executing the corresponding task more successfully.

Second, Alpaca-Lora consistently ranks either first or second in the richness of output content.
Moreover, the models using the same architecture as Alpaca-Lora also achieve higher scores in
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Model Scale Arch PPL↓ B-1 B-2 B-4 MT R-L D-1 D-2 PPR↓

PLATO – DO – 40.60 31.50 – – – 2.10 12.10 –
CTRLStruct – ED – 31.60 11.90 – – 16.10 3.20 11.40 –

ChatGPT 175B DO 10.97 6.36 2.37 0.52 9.78 8.42 9.10 40.65 0.00%

ChatGLM 6B DO 13.89 5.98 2.07 0.40 8.85 8.67 6.85 34.86 12.05%

Flan-T5-XXL 13B ED 51.50 6.51 2.53 0.43 6.15 7.46 12.23 39.82 0.00%
FastChat-T5 3B ED 10.61 5.53 2.00 0.43 8.98 7.94 7.30 33.66 0.50%

Open-LLaMA 7B DO 15.69 4.43 1.16 0.00 5.86 5.43 7.83 28.90 64.36%
Vicuna 13B DO 12.53 3.20 1.01 0.14 7.30 4.82 5.88 30.12 38.55%
Alpaca-Lora 7B DO 17.20 4.19 1.21 0.24 6.29 4.40 12.28 50.33 3.41%
Chinese-Alpaca 13B DO 14.95 4.93 1.66 0.29 7.70 6.21 10.18 44.62 2.01%
GPT4ALL 13B DO 11.68 2.74 0.55 0.07 6.52 4.39 7.56 35.23 25.50%

Dolly 12B DO 29.76 4.51 1.39 0.24 5.02 4.59 10.55 41.62 74.80%
Oasst-Pythia 12B DO 9.57 3.34 0.69 0.07 6.58 4.66 6.48 28.56 16.47%

Table 4: Automatic evaluation results of LLMs on PersonaChat.

terms of D-1 and D-2. This indicates that LLAMA-based models are capable of producing more
diverse and less repetitive content.

Last, ChatGPT, the model with the largest parameter scale, performs the best overall on all
four datasets, securing the first or second position most frequently. This suggests that increasing
the parameter size and training data volume of LLMs is consistently one of the most important
methods for improving model performance.

5 Conclusion

In this paper, we conduct a comprehensive assessment of several existing large-scale language
models (LLMs) in the context of natural language generation (NLG) tasks. Our evaluation
encompasses English and Chinese datasets to examine the multilingual capabilities of these
LLMs. The results and analyses from both automatic and manual evaluations of LLMs reveal
notable trends and phenomena.
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摘摘摘要要要

信息检索（坉坮坦坯坲坭坡坴坩坯坮 坒坥坴坲坩坥坶坡坬圬 坉坒）旨在从大规模的语料集合中找到与用户查询相
关的信息，已经成为人们解决日常工作和生活中问题的最重要工具之一。现有的坉坒系
统主要依赖于坜索引圭召回圭重排圢的框架，将复杂的检索任务建模成多阶段耦合的搜索
过程。这种解耦建模的方式，一方面提升了系统检索的效率，使得检索系统能够轻松
应对数十亿的语料集合；另一方面也加重了系统架构的复杂性，无法实现端到端联合
优化。为了应对这个问题，近年来研究人员开始探索利用一个统一的模型建模整个搜
索过程，并提出了新的生成式信息检索范式，这种新的范式将整个语料集合编码到检
索模型中，可以实现端到端优化，消除了检索系统对于外部索引的依赖。当前，生成
式检索已经成为坉坒领域热门研究方向之一，研究人员提出了不同的方案来提升检索的
效果，考虑到这个方向的快速进展，本文将对生成式信息检索进行系统的综述，包括
基础概念，文档标识符和模型容量。此外，我们还讨论了一些未解决的挑战以及有前
景的研究方向，希望能激发和促进更多关于这些主题的未来研究。

关关关键键键词词词：：： 信息检索 ；检索模型 ；生成式检索

Challenges and Advances in Generative Information Retrieval

Yixing Fan1,2, Yubao Tang1,2, Jiangui Chen1,2, Ruqing Zhang1,2, Jiafeng Guo1,2

1. CAS Key Lab of Network Data Science and Technology,
Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190

2. University of Chinese Academy of Sciences, Beijing 100190
{fanyixing, tangyubao21b,chenjiangui18z, zhangruqing, guojiafeng}@ict.ac.cn

Abstract

坉坮坦坯坲坭坡坴坩坯坮 坲坥坴坲坩坥坶坡坬 在坉坒圩 坡坩坭坳 坴坯 坳坥坥坫 坲坥坬坥坶坡坮坴 坩坮坦坯坲坭坡坴坩坯坮 坩坮 坲坥坳坰坯坮坳坥 坴坯 坵坳坥坲 坱坵坥坲坩坥坳圮
坅坸坩坳坴坩坮坧 坉坒 坳坹坳坴坥坭坳 坭坡坩坮坬坹 坲坥坬坹 坯坮 坴坨坥 坜坩坮坤坥坸圭坲坥坴坲坩坥坶坥圭坴坨坥坮圭坲坡坮坫圢 坦坲坡坭坥坷坯坲坫圬 坷坨坩坣坨
坭坯坤坥坬坳 坴坨坥 坣坯坭坰坬坥坸 坲坥坴坲坩坥坶坡坬 坴坡坳坫坳 坡坳 坡 坭坵坬坴坩圭坳坴坡坧坥 坳坥坡坲坣坨 坰坲坯坣坥坳坳圮 坓坵坣坨 坡 坤坥坣坯坵坰坬坩坮坧
坰坲坯坣坥坳坳 坩坭坰坲坯坶坥坳 坴坨坥 坥圎坣坩坥坮坣坹 坯坦 坴坨坥 坳坹坳坴坥坭圬 坭坡坫坩坮坧 坩坴 坰坯坳坳坩坢坬坥 坦坯坲 坲坥坴坲坩坥坶坡坬 坳坹坳坴坥坭
坴坯 坨坡坮坤坬坥 坢坩坬坬坩坯坮坳 坯坦 坤坯坣坵坭坥坮坴坳圮 坈坯坷坥坶坥坲圬 坩坴 坡坬坳坯 坩坮坣坲坥坡坳坥 坴坨坥 坣坯坭坰坬坥坸坩坴坹 坯坦 坴坨坥 坳坥坡坲坣坨
坡坲坣坨坩坴坥坣坴坵坲坥圬 坭坡坫坩坮坧 坩坴 坤坩圎坣坵坬坴 坴坯 坡坣坨坩坥坶坥 坥坮坤圭坴坯圭坥坮坤 坯坰坴坩坭坩坺坡坴坩坯坮圮 坔坯 坡坤坤坲坥坳坳 坴坨坩坳
坩坳坳坵坥圬 坲坥坳坥坡坲坣坨坥坲坳 坨坡坶坥 坢坥坧坵坮 坴坯 坥坸坰坬坯坲坥 坡 坮坥坷 坰坡坲坡坤坩坧坭 坯坦 坧坥坮坥坲坡坴坩坶坥 坩坮坦坯坲坭坡坴坩坯坮
坲坥坴坲坩坥坶坡坬圮 坔坨坩坳 坮坥坷 坰坡坲坡坤坩坧坭 坥坮坣坯坤坥坳 坴坨坥 坥坮坴坩坲坥 坣坯坲坰坵坳 坩坮坴坯 坴坨坥 坳坥坡坲坣坨 坭坯坤坥坬圬 坥坮圭
坡坢坬坩坮坧 坥坮坤圭坴坯圭坥坮坤 坯坰坴坩坭坩坺坡坴坩坯坮 坡坮坤 坥坬坩坭坩坮坡坴坩坮坧 坴坨坥 坤坥坰坥坮坤坥坮坣坥 坯坮 坥坸坴坥坲坮坡坬 坩坮坤坩坣坥坳圮
坃坵坲坲坥坮坴坬坹圬 坧坥坮坥坲坡坴坩坶坥 坩坮坦坯坲坭坡坴坩坯坮 坲坥坴坲坩坥坶坡坬 坨坡坳 坢坥坣坯坭坥 坡 坨坯坴 坲坥坳坥坡坲坣坨 坤坩坲坥坣坴坩坯坮 坩坮 坉坒圬
坡坮坤 坲坥坳坥坡坲坣坨坥坲坳 坨坡坶坥 坰坲坯坰坯坳坥坤 坤坩國坥坲坥坮坴 坳坯坬坵坴坩坯坮坳 坴坯 坩坭坰坲坯坶坥 坲坥坴坲坩坥坶坡坬 坥國坥坣坴坩坶坥坮坥坳坳圮
均坩坶坥坮 坴坨坥 坲坡坰坩坤 坰坲坯坧坲坥坳坳 坩坮 坴坨坩坳 坤坩坲坥坣坴坩坯坮圬 坴坨坩坳 坡坲坴坩坣坬坥 坰坲坯坶坩坤坥坳 坡 坳坹坳坴坥坭坡坴坩坣 坲坥坶坩坥坷 坯坦
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坧坥坮坥坲坡坴坩坶坥 坩坮坦坯坲坭坡坴坩坯坮 坲坥坴坲坩坥坶坡坬圬 坩坮坣坬坵坤坩坮坧 坢坡坳坩坣 坣坯坮坣坥坰坴坳圬 坤坯坣坵坭坥坮坴 坩坤坥坮坴坩圌坥坲坳圬 坭坯坤坥坬
坡坲坣坨坩坴坥坣坴坵坲坥坳圬 坡坮坤 坭坯坤坥坬 坣坡坰坡坣坩坴坹圮 坉坮 坡坤坤坩坴坩坯坮圬 坷坥 坡坬坳坯 坤坩坳坣坵坳坳 坳坯坭坥 坵坮坲坥坳坯坬坶坥坤 坣坨坡坬圭
坬坥坮坧坥坳 坡坮坤 坰坲坯坭坩坳坩坮坧 坲坥坳坥坡坲坣坨 坤坩坲坥坣坴坩坯坮坳圬 坨坯坰坩坮坧 坴坯 坩坮坳坰坩坲坥 坡坮坤 坰坲坯坭坯坴坥 坦坵坴坵坲坥 坲坥坳坥坡坲坣坨
坯坮 坴坨坥坳坥 坴坯坰坩坣坳圮

Keywords: 坉坮坦坯坲坭坡坴坩坯坮 坒坥坴坲坩坥坶坡坬 圬 坒坥坴坲坩坥坶坡坬 坍坯坤坥坬 圬 均坥坮坥坲坡坴坩坶坥 坉坮坦坯坲坭坡坴坩坯坮
坒坥坴坲坩坥坶坡坬

1 引引引言言言

信息检索（坉坮坦坯坲坭坡坴坩坯坮 坲坥坴坲坩坥坶坡坬圬 坉坒）在众多领域中起着重要的作用，包括网络搜
索在坃坨坡坰坥坬坬坥 坥坴 坡坬圮圬 圲地圱圱圩、问答系统在坋坡坲坰坵坫坨坩坮 坥坴 坡坬圮圬 圲地圲地圻 坌坥坥 坥坴 坡坬圮圬 圲地圱圹圩、对话系统在坃坨坥坮
坥坴 坡坬圮圬 圲地圱圷圩等任务。坉坒的核心是从海量文档集合中根据用户查询快速查找满足用户信息需求的
文档，为了保证检索的效率，大多数现有的坉坒系统在坍坡 坥坴 坡坬圮圬 圲地圲圱坢圻 坍坡 坥坴 坡坬圮圬 圲地圲圱坣圩通常采
用多阶段分步检索的流水线架构，即坜索引圭召回圭重排序圢。具体而言，在坩圩 索索索引引引: 创建文档集中
的文档表示、索引以及存储结构； 在坩坩圩 召召召回回回: 从全部文档集中快速找回与查询潜在相关的小批
量文档，形成初始的候选文档集，侧重于检索结果的召回率；以及 在坩坩坩圩 重重重排排排序序序: 基于召回的候
选文档集进一步计算文档与查询相关性，对候选文档进行精排，侧重于检索结果的准确率。 这
种流水线架构具有多方面的优势：在坩圩 高效性：它利用索引实现高效检索，适用于大规模文档集
合； 在坩坩圩 灵活性：该架构允许在检索模型和排序策略上进行灵活定制； 在坩坩坩圩 可解释性：每个检
索阶段都可以进行分析和评估； 在坩坶圩 可扩展性：该框架适用于动态增长的文档集合，能够高效
存储、组织和检索持续更新的数据。 凭借这些优势，该框架在学术界和工业界都广泛的研究和
应用。

尽管这种流水线架构在信息检索中已经证明了其有效性在坃坨坡坰坥坬坬坥 坥坴 坡坬圮圬 圲地圱圱圻 坌坥坥 坥坴 坡坬圮圬
圲地圱圹圻 坍坡 坥坴 坡坬圮圬 圲地圲圱坢圻 坍坡 坥坴 坡坬圮圬 圲地圲圱坣圩，但它也存在一些固有的局限：首先，流水线框架的
目标要求在大规模文档集中搜索数百万个全局文档；其次，多个解耦后的搜索组件通常是独立
设计和优化的，缺乏端到端优化的能力；此外，流水线框架是坜文档模型圢，通常对每个文档进
行独立评分，忽视了整个文档集中可用的全局信息；最后，索引阶段需要大量的存储空间来存
储预计算的索引，这在可扩展性方面可能带来重大挑战。

鉴于这些局限性，均坯坯坬坥的研究人员在坍坥坴坺坬坥坲 坥坴 坡坬圮圬 圲地圲圱圩 最先提出了一种全新的检索范
式，称之为基于模型的信息检索（坍坯坤坥坬圭坢坡坳坥坤 坉坒），以取代长期以来的坜索引圭检索圭排序圢架
构。这种范式旨在通过一个统一的模型来替代传统方法中涉及的索引、召回和重排序模块，
从而彻底改变检索的流程。受到这一蓝图的启发，生成式检索模型（均坥坮坥坲坡坴坩坶坥 坉坮坦坯坲坭坡坴坩坯坮
坒坥坴坲坩坥坶坡坬圬 均坉坒）在坍坥坴坺坬坥坲 坥坴 坡坬圮圬 圲地圲圱圩被提出来实现基于模型的信息检索理念，该模型可以根
据给定的查询直接生成相关文档的标识符（坄坯坣坵坭坥坮坴 坩坤坥坮坴坩圌坥坲坳圬 坄坯坣坉坄坳），从而避免了资
源密集型的索引过程。具体而言，生成式检索将检索任务形式化为序列到序列（坓坥坱坵坥坮坣坥圭坴坯圭
坳坥坱坵坥坮坣坥圬 坓坥坱圲坳坥坱）的生成问题，其核心就是构建一个坓坥坱圲坳坥坱生成模型。在训练阶段，生成模
型将文档内容映射到语义唯一标志符（坄坯坣坉坄）实现文档的索引；而在推断阶段，生成模型将
查询映射到对应的文档坉坄以完成文档检索。这里，模型训练通常使用最大似然估计（坍坌坅）损
失函数来优化索引和检索两个任务，即：

LMLE在θ圩 圽 Lindexing
MLE 在θ圩 圫 Lretrieval

MLE 在θ圩

圽
∑
di∈D

坬坯坧P 在ri|GRθ在di圩圩 圫
∑
qj∈Q

坬坯坧P 在rj |GRθ在qj圩圩,
在圱圩

其中，D 表示给定的语料库，Q 表示查询集合，ri 或rj 表示文档di 或输入查询qj 的目
标坄坯坣坉坄，θ 表示生成模型GRθ在·圩 的模型参数。这种新的生成式检索范式带来了几个重要
的优势：首先，通过解码坄坯坣坉坄 i，搜索空间被减小为万级的词表空间，与传统的全语料文档
库搜索相比，大大降低了搜索复杂性；其次，生成式检索利用统一模型GRθ在·圩 来涵盖整个检
索过程，实现全局性优化；再次，通过使用最大似然估计（坍坡坸坩坭坵坭 坌坩坫坥坬坩坨坯坯坤 坅坳坴坩坭坡坴坩坯坮圬
坍坌坅）损失函数Lindexing

MLE 在·圩 对模型进行编码和使用坍坌坅损失函数Lretrieval
MLE 在·圩 将查询映射到相
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关的坄坯坣坉坄，生成式检索在生成过程中利用了整个语料库的知识；最后，生成式检索避免了索
引相关操作，如文档表示和索引构建。因此，存储需求得到缓解，使得能够处理庞大语料库D
的可扩展检索系统而不会产生过高的存储成本。生成式检索的出现引发了广泛的研究兴趣，旨
在全面了解其底层机制并发挥其全部潜力。因此，在本文中，我们将介绍生成式检索的基本概
念，以及当前相关研究涉及的生成式检索重要的几个方面，分别是坄坯坣坉坄表示、模型架构以及
模型容量。

• DocID表表表示示示场 坄坯坣坉坄表示在生成式检索框架中起着关键作用。一个有效的坄坯坣坉坄应该包含来
自相应文档的丰富语义信息，具备简洁的特点以便于生成，并且要能够有效区分不同的文
档。因此，对坄坯坣坉坄特征的探索对于进一步改进生成式检索至关重要。

• 模模模型型型架架架构构构场 模型架构是生成式检索的基石。因此，对生成式检索中使用的模型架构GRθ在·圩进
行全面的考察对于揭示其潜力是不可或缺的。当前主流的生成式模型包括编码器圭解码器架构
和仅解码器架构两种。

• 模模模型型型容容容量量量场 生成式检索模型的容量，通常与其参数规模相关，显著影响其性能。较大的模型
容量通常具有更强的学习能力，但也可能导致额外的计算成本。直观上期望在一定范围内增
加模型容量可以提高在给定语料库D上的性能。然而，在超过一定阈值后，效果可能会趋于
平稳甚至下降。因此，研究模型容量与性能之间的关系对于优化生成式检索模型并在效果和
效率之间取得平衡至关重要。

本文的结构如下所示。首先，在第圲节中，我们回顾传统流水式信息检索框架。然后，在
第圳节中，我们将介绍生成式检索的基本概念。再次，在第圴节，第圵节和第圶节中深入探讨生成
式检索中的坄坯坣坉坄表示、模型架构以及模型容量三个方面内容。最后，在第圷节中讨论当前研究
中的挑战和潜在研究方向，并在第圸节对本文进行总结。

2 传传传统统统流流流水水水线线线检检检索索索架架架构构构

在正式介绍生成式信息检索之前，我们简要回顾传统坜索引圭召回圭重排序圢三步骤的流水线
框架，这种架构被广泛应用于现有实际检索系统中在坍坡 坥坴 坡坬圮圬 圲地圲圱坢圻 坍坡 坥坴 坡坬圮圬 圲地圲圱坣圩。该架构
通过依次执行索引构建、文档找回和重排序的过程，为信息检索任务提供了系统化的方法。在
索引构建阶段，主要是对文档进行离线的表征计算以及索引构建和存储；召回阶段则是基于索
引库进行查询，利用索引结构特性从大规模文档集合中快速检索一组可能与用户信息需求匹配
的候选文档。最后，在重排序阶段，对查询与召回阶段得到的候选文档进行更加精细化的相关
性计算，目的是将最相关的文档排在列表的前面。根据当前文档表示以及索引结构的不同，现
有检索框架可以分为两种主要类型在均坵坯 坥坴 坡坬圮圬 圲地圲圲圩，即稀疏检索框架和稠密检索框架。

• 稀稀稀疏疏疏检检检索索索通常基于倒排索引来构建文档的索引存储，它将文档与词关联起来形成文档列表，
通过查询词可以快速定位词是否出现在文档集中。一般来说，这类方法利用词项频率和位
置等词项的特征来计算文档得分。代表性的检索方法如坔坆圭坉坄坆和坂坍圲圵已经在实践中被广泛
采用，为了增强语义匹配能力，研究人员也探索了将词向量应用到稀疏检索模型中在坚坨坥坮坧
坡坮坤 坃坡坬坬坡坮圬 圲地圱圵圩。此外，随着预训练技术的发展，研究人员开始研究使用预训练语言模型
估计倒排索引的词项权重，例如，坄坥坥坰坃坔在坄坡坩 坡坮坤 坃坡坬坬坡坮圬 圲地圲地坢圩和坈坄坃坔在坄坡坩 坡坮坤 坃坡坬坬坡坮圬
圲地圲地坡圩利用坂坅坒坔获取上下文化的词项表示，提高了检索性能。

• 稠稠稠密密密检检检索索索则是将文档投影到低维稠密的向量表示，并利用近似最近邻搜索算法进行高效的
检索，这类检索方法由于其在语义匹配方面的优势，近年来受到研究人员的广泛关注，并提
出了各种技术来提高稠密检索模型的性能。一种常见的方法是采用难负样本挖掘在坃坡坩 坥坴 坡坬圮圬
圲地圲圲圩进行双塔模型训练，通过选择具有挑战性的负样本来提高模型的判别能力。另一种策略
则是采用后交互在坌坥坥 坥坴 坡坬圮圬 圲地圱圹圩机制，在较后阶段考虑查询和文档之间的交互计算，从而
实现更有效的信息融合。此外，知识蒸馏在坖坡坫坩坬坩 坔坡坨坡坭坩 坥坴 坡坬圮圬 圲地圲地圩也被用于稠密检索中，
将基于交互的检索模型知识通过蒸馏转移给基于双塔的检索模型，提高稠密检索的效率和效
果。最近的研究表明，在大规模语料库上使用对比学习对稠密检索模型进行预训练是有效
的在块坵 坥坴 坡坬圮圬 圲地圲圲圩。这些方法利用预训练语言模型捕捉的丰富上下文信息，在嵌入空间中学
习区分正样本（相关文档）和负样本（不相关文档），从而提高检索性能。
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在信息检索的重排序阶段，已经提出了各种模型来度量给定查询与候选文档的相关性。代
表性的模型包括向量空间模型在坓坡坬坴坯坮 坥坴 坡坬圮圬 圱圹圷圵圩、概率检索模型在坒坯坢坥坲坴坳坯坮 坥坴 坡坬圮圬 圲地地圹圩、排
序学习模型在坌坩坵圬 圲地地圹圻 坌坩圬 圲地圱圴圩和神经排序模型在坍坡 坥坴 坡坬圮圬 圲地圲圱坢圻 坍坡 坥坴 坡坬圮圬 圲地圲圱坣圩。向量空间
模型在坓坡坬坴坯坮 坥坴 坡坬圮圬 圱圹圷圵圩将文档和查询表示为向量，通过计算二者的相似度来评估相关性。概
率检索模型在坒坯坢坥坲坴坳坯坮 坥坴 坡坬圮圬 圲地地圹圩使用概率框架估计文档和查询之间的相关性概率。排序学习
模型在坂坵坲坧坥坳圬 圲地圱地圩旨在学习一个将文档和查询的特征映射到它们的相关性分数的排序函数，通
常利用机器学习算法根据标记的训练数据优化排序函数。神经排序模型在坌坩坵 坥坴 坡坬圮圬 圲地圱圷圻 坍坡 坥坴
坡坬圮圬 圲地圲圱坢圻 坍坡 坥坴 坡坬圮圬 圲地圲圱坡圩则利用深度学习技术学习文档和查询的表示，捕捉它们的语义相关
性。

尽管流水线检索框架在实际检索系统中已经被广泛应用，然而，它本身架构的复杂性导致
系统难以实现端到端的全局优化，限制了其充分发挥潜力，因此，超越流水线框架并探索替代
方法至关重要。

3 生生生成成成式式式检检检索索索的的的基基基本本本概概概念念念

形式化的，假设D 圽 {d1, d2, . . . } 表示一个大规模的文档语料库，其中di 表示一个个体
文档。给定查询集合Q 中的查询q 和语料库D，生成式检索模型的目标是生成一组相关文档
的坄坯坣坉坄 在坔坡坹 坥坴 坡坬圮圬 圲地圲圲圩。接下来，我们将具体描述索引和检索两种基本操作模式，以及学
习和推断的过程。

3.1 索索索引引引和和和检检检索索索策策策略略略

在生成式检索框架中，索引过程被模型训练所替代，而检索过程则被模型推断所取代。
一般而言，文档检索任务被转化为单一的生成式形式，并通常采用序列到序列（坓坥坱圲坓坥坱）的
编码圭解码架构，以实现索引和检索的端到端学习。当前主流工作基本都基于坔坲坡坮坳坦坯坲坭坥坲网
络来实现编码圭解码架构，比如坔圵在坔坡坹 坥坴 坡坬圮圬 圲地圲圲圻 块坡坮坧 坥坴 坡坬圮圬 圲地圲圲圻 坚坨坵坡坮坧 坡坮坤 坒坥坮圬
圲地圲圲圩、坂坁坒坔在坄坥 坃坡坯 坥坴 坡坬圮圬 圲地圲地圻 坂坥坶坩坬坡坣坱坵坡 坥坴 坡坬圮圬 圲地圲圲圩。

在索引阶段，生成式检索将原来流水线架构中的物理索引转化为一个模型训练任务，
该任务旨在学习文档di 的内容与其对应的文档坉坄 ri 之间的映射关系。一个广泛使用的策略
是坉坮坰坵坴坳圲坔坡坲坧坥坴 在坔坡坹 坥坴 坡坬圮圬 圲地圲圲圩，它以原始文档作为输入，并以直接生成的坄坯坣坉坄 作为输出圬
模型使用坔坥坡坣坨坥坲 坆坯坲坣坩坮坧 策略在坈坡坯 坥坴 坡坬圮圬 圲地圲圲圩 进行训练，采用标准的交叉熵损失函数，如下
所示：

Lindexing
MLE 在θ圩 圽

∑
di∈D

坬坯坧P 在ri|GRθ在di圩圩, 在圲圩

其中D 表示给定的语料库，GR 表示生成式检索模型。

现有关于索引策略的研究可以大体可以分为两类：在坩圩 第一类是基于文档内容生成一个全
新的坉坄，其中包括基于数字的坄坯坣坉坄 在坔坡坹 坥坴 坡坬圮圬 圲地圲圲圻 坚坨坯坵 坥坴 坡坬圮圬 圲地圲圲坢圩、基于单词的坄坯坣坉坄
在坄坥 坃坡坯 坥坴 坡坬圮圬 圲地圲地圻 坃坨坥坮 坥坴 坡坬圮圬 圲地圲圲圻 坂坥坶坩坬坡坣坱坵坡 坥坴 坡坬圮圬 圲地圲圲圻 坃坨坥坮 坥坴 坡坬圮圬 圲地圲圳圩 以及基
于坕坒坌的坄坯坣坉坄在坚坨坯坵 坥坴 坡坬圮圬 圲地圲圲坢圩。 在坩坩圩 第二类旨在建立从文档到相应坄坯坣坉坄的语义映射。
各种文档内容类型已被提出，以增强文档与其坄坯坣坉坄之间的关联在坔坡坹 坥坴 坡坬圮圬 圲地圲圲圻 坚坨坯坵 坥坴 坡坬圮圬
圲地圲圲坢圻 坃坨坥坮 坥坴 坡坬圮圬 圲地圲圲圩，例如不同语义粒度级别的上下文（例如段落、句子和短语）在坃坨坥坮
坥坴 坡坬圮圬 圲地圲圲圻 坚坨坯坵 坥坴 坡坬圮圬 圲地圲圲坡圩 和超链接信息（例如锚文本）在坃坨坥坮 坥坴 坡坬圮圬 圲地圲圲圩。

在检索阶段，生成式检索的目标是为给定输入查询返回一个潜在相关的候选文档的排名列
表。为此，生成式检索模型利用在索引阶段微调好的GR模型，通过自回归生成一个给定输入查
询q ∈ Q的文档坉坄字符串。通常情况下，该模型使用标准的训练目标和交叉熵损失进行训练。
检索任务的损失函数定义为：

Lretrieval
MLE 在θ圩 圽

∑
qj∈Q

坬坯坧P 在rj |GRθ在qj圩圩, 在圳圩

其中Q是查询集合，rj是为qj生成的坄坯坣坉坄。候选坄坯坣坉坄可以通过使用坢坥坡坭 坳坥坡坲坣坨 在坋坯坳坺坥坬坥坷
坡坮坤 坋坡坲坢坯坷坳坫坡圭坃坨坩坬坩坮坳坫坡圬 圲地圲地圩得到，从而得到一个潜在相关的文档排名列表。
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3.2 学学学习习习和和和优优优化化化

训练生成式检索模型存在两种主要策略：在坩圩 第一种策略是先训练GR模型进行索引，然后
再训练模型进行检索。 在坩坩圩 第二种策略是在多任务设置中训练GR同时进行索引和检索。 实验
分析表明，第二种策略在表现上优于第一种策略，尤其面向具有有限标注查询圭文档对的大规模
语料库检索应用在块坡坮坧 坥坴 坡坬圮圬 圲地圲圲圻 坔坡坹 坥坴 坡坬圮圬 圲地圲圲圩。因此，均坒的常用训练策略是采用多任务
学习，其形式化表示为：

LMLE在θ圩 圽
∑
di∈D

坬坯坧P 在ri|GRθ在di圩圩 圫
∑
qj∈Q

坬坯坧P 在rj |GRθ在qj圩圩, 在圴圩

训练的目标是最大化生成正确的坄坯坣坉坄的似然度，用于索引和检索任务。

值得一提的是，在检索阶段的模型训练过程中，为了解决标注数据有限的问题，一些研究
采用了通过查询生成技术在块坡坮坧 坥坴 坡坬圮圬 圲地圲圲圻 坚坨坯坵 坥坴 坡坬圮圬 圲地圲圲坢圩 生成伪查询来加强查询到文
档坉坄的相关性学习；此外，也有利用预训练任务在坃坨坥坮 坥坴 坡坬圮圬 圲地圲圲圩 来改进查询到文档坉坄的相
关性关系学习。

3.3 推推推断断断

在完成生成式检索模型的训练后，可以在推断阶段以端到端的方式使用它来为给定的
查询检索文档。具体而言，经过训练的模型按照从左到右、逐个标记的方式自回归地生成
给定测试查询qj的坄坯坣坉坄字符串中的第p个标记rj,p，直到生成一个特殊的序列结束（坅坮坤圭坯坦圭
坓坥坱坵坥坮坣坥，坅坏坓）标记，即，

rj,p 圽 GR在qj , rj,0, rj,1, . . . , rj,p−1圩. 在圵圩

然而，在实际解码过程中，如果模型的解码空间为整个词汇表中的所有标记，那么生成的输
出可能是一个无效坄坯坣坉坄。为了克服这个挑战，可以采用带约束的束搜索策略在坄坥 坃坡坯 坥坴 坡坬圮圬
圲地圲地圩，以确保每个生成的坄坯坣坉坄都属于预定的候选集，即整个文档集合中的所有坄坯坣坉坄。

具体而言，一般可以利用前缀树建立约束，其中节点标记为从预定义候选集中选择的标
记。对于前缀树中的每个节点，其子节点表示沿着从根节点到给定节点的前缀所建立的所有可
行延续。通常情况下，用于生成坄坯坣坉坄的前缀树相对较小，可以事先计算并预加载到内存中。

4 DocID 表表表示示示

在生成式检索中，生成式检索模型通过坓坥坱圲坳坥坱模型，在给定查询和文档上下文之间建立映
射关系，这些文档上下文的语义内容则时由坄坯坣坉坄的短字符串来刻画。这里，最核心的需要是
设计有效的坄坯坣坉坄表示来捕获文档内容的潜在语义，这里要求坄坯坣坉坄具有语义信息、简洁明了
并能够有效区分不同文档。在本节中，我们介绍当前主流的不同类型坄坯坣坉坄，分别是基于数字
的坄坯坣坉坄和基于词的坄坯坣坉坄，以下将对这两类坄坯坣坉坄方法进行详细描述。

4.1 基基基于于于数数数字字字的的的DocID表表表示示示方方方法法法

基于数字的坄坯坣坉坄 包含了使用数字值表示坄坯坣坉坄的方法，可以使用随机数或具有语义意义
的数值来实现。在没有高质量元数据（例如唯一的、语义丰富的标题）的情况下，这些方法已
被证明具有良好的性能。一般而言，基于数字的坄坯坣坉坄表示方法可分为三种主要类型 在坔坡坹 坥坴
坡坬圮圬 圲地圲圲圩，包括原子坄坯坣坉坄、字符串坄坯坣坉坄 和语义结构化坄坯坣坉坄。

• 原原原子子子DocID 使用唯一且随机的数字表示文档。具体而言，生成式检索模型被训练为为每个
不同的文档输出一个坬坯坧坩坴 值，最后，解码器的输出层大小则为隐藏层大小乘以文档数量。这
种方法的主要优点是构建简单，但缺点是随着文档数量的增长，模型的容量也会增加。

• 字字字符符符串串串DocID 则依赖于整数字符串来构建文档的唯一表征。其核心是通过逐步解码坄坯坣坉坄
字符串中的每个标记，从而消除大型坳坯坦坴坭坡坸 输出空间的挑战。字符串坄坯坣坉坄 方法与原
子坄坯坣坉坄 方法的区别在于前者使用可分词的字符串坄坯坣坉坄，并且涉及多步解码生成，而后者
使用唯一且随机的数字坄坯坣坉坄进行单步解码生成。
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• 语语语义义义结结结构构构化化化DocID 将文档的语义表达压缩成一个较短的数字组合作为文档坉坄。其目标是要
捕捉文档的语义信息，自动生成能传达其对应文档语义信息的坄坯坣坉坄。坄坯坣坉坄 的结构可以在
每个解码步骤后有效地减少搜索空间。例如，通过k圭坭坥坡坮坳 聚类构建的坄坯坣坉坄 可能会在语义
上相似的文档中共享前缀。

4.2 基基基于于于词词词的的的DocID表表表示示示方方方法法法

基于词的坄坯坣坉坄表示方法是指通过直接从原始文档或其元数据中提取坄坯坣坉坄，或者基于文
档的语义信息进行重构，从而与文档建立强大的语义联系来实现。与基于数字的方法相比，基
于词的方法以更自然和易于理解的方式传达语义信息。目前，广泛使用的基于单词的坄坯坣坉坄 方
法包括基于标题、基于坕坒坌 和基于坎圭坧坲坡坭 的方法。

• 基基基于于于标标标题题题的的的DocID 直接使用文档的标题作为其坄坯坣坉坄。标题通常是整个文档的简短而丰富
的摘要，提供了对文档内所含信息的宏观概述。此外，在某些知识库（如维基百科）中，标
题通常是唯一的，因此作为坄坯坣坉坄 是一个理想的选择。这种方法在知识密集型语言任务中也
被证明是有效的在坄坥 坃坡坯 坥坴 坡坬圮圬 圲地圲地圻 坃坨坥坮 坥坴 坡坬圮圬 圲地圲圲圩。然而，缺点是并非所有文档都有高
质量的标题。

• 基基基于于于URL的的的DocID 将与文档对应的网页坕坒坌作为其坄坯坣坉坄。一般来说，坕坒坌 是唯一的且易
于获取，可以快速而准确地与相应的文档进行关联。然而，与基于标题的方法相比，坕坒坌 所
携带的语义信息较弱，并且可能引入额外的噪音（因为坕坒坌 中可能存在无效字段）在坚坨坯坵 坥坴
坡坬圮圬 圲地圲圲坢圩。

• 基基基于于于N-gram的的的DocID利用文档中连续出现的坎圭坧坲坡坭作为其坄坯坣坉坄。坎圭坧坲坡坭容易获取，但
重复率较高，因此需要额外设计去重功能。此外，在推理阶段，无法直接使用束约束搜索，
需要使用坆坍 索引在坃坨坥坮 坥坴 坡坬圮圬 圲地圲圳圩。

5 模模模型型型结结结构构构

检索模型架构的选择塑造了生成式检索的基本结构，对检索性能起着决定性作用。当前
的生成式检索工作在坔坡坹 坥坴 坡坬圮圬 圲地圲圲圻 坄坥 坃坡坯 坥坴 坡坬圮圬 圲地圲地圻 块坡坮坧 坥坴 坡坬圮圬 圲地圲圲圻 坂坥坶坩坬坡坣坱坵坡 坥坴 坡坬圮圬
圲地圲圲圩 使用编码器圭解码器结构的生成模型作为主干模型。目前尚未有工作探索生成式检索结构
中各个结构的作用。然后，模型结构作为生成式检索中最核心的部分，我们这里简单探讨一下
不同的网络结构在生成式检索中的应用模式。在本节，我们重点讨论如何利用编码器圭解码器和
仅解码器架构实现生成式检索。

5.1 编编编码码码器器器-解解解码码码器器器架架架构构构

编码器圭解码器架构是实现生成式检索的常见选择。在这个设置中，编码器接收输入查询，
将其编码为上下文向量，捕捉查询的语义信息。然后，解码器在编码的查询表示基础上生成相
应的坄坯坣坉坄。具体而言，训练阶段和推理阶段的过程如下：在坩圩 在训练阶段，模型使用查询和相
应坄坯坣坉坄的样本进行训练。编码器对输入查询或文章进行编码，解码器以自回归的方式进行训
练，生成准确的坄坯坣坉坄。训练目标则是在给定输入查询的情况下，最大化生成目标坄坯坣坉坄的似
然估计。 在坩坩圩 在推理阶段，编码器圭解码器模型接受查询作为输入，并根据查询和相关文档之间
的相关性得分生成坄坯坣坉坄。

5.2 仅仅仅解解解码码码器器器架架架构构构

除了编码器圭解码器架构，仅解码器架构也可以用于生成式检索任务。事实上，仅解码器架
构已经在大语言模型中发挥了重要作用。在这个设置中，输入序列不会被显式地编码成固定长
度的表示。相反，仅解码器的模型根据初始状态或作为输入查询提供的提示直接生成坄坯坣坉坄。
具体而言，训练阶段和推理阶段的过程如下：在坩圩 在训练阶段，模型根据给定的查询或者文章表
示的初始状态生成正确的坄坯坣坉坄。训练目标同样是最大化生成目标坄坯坣坉坄的似然估计。 在坩坩圩 在
推理阶段，仅解码器模型接受提示或初始状态，并根据从训练数据中学到的模式生成坄坯坣坉坄。
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6 模模模型型型容容容量量量

生成式检索模型的容量直接影响检索模型的性能，本节重点介绍模型容量（即模型参数规
模）和语料库大小之间的关系。直观地说，在一定范围内增加模型容量预计会提高在给定数据
集上的性能，但超过一定阈值后，效果可能趋于平稳甚至下降。

在生成式检索中，模型大小（以参数数量衡量）和语料库大小（以文档数量衡量）是影响
系统性能和可扩展性的两个重要因素。

• 模模模型型型大大大小小小指的是生成式检索模型中可学习参数的数量，包括用于生成坄坯坣坉坄的神经网络架构
的权重和偏置。一般来说，具有更多参数的较大模型有能力捕捉更完整的内容语义以及更复
杂的查询圭文档相关模式。然而，较大的模型在训练和推理时也需要更多的计算资源。

• 语语语料料料库库库大大大小小小指的是检索系统中可用文档的数量。较大的语料库意味着更大的搜索空间和更
复杂的相关模式需要生成式检索模型进行学习。管理和处理大型语料库可能会引入与计算效
率、可扩展性和资源利用相关的挑战。

6.1 内内内存存存空空空间间间：：：生生生成成成式式式检检检索索索与与与传传传统统统检检检索索索的的的外外外部部部索索索引引引

在生成式检索中，索引构建是模型训练的一个特殊情况，所有与语料库相关的信息都被编
码在单个神经模型的参数中。而在传统的多阶段索引圭检索圭排序流程中，外部构建的查询索引
与数据或信息源相关联。在这里，我们介绍单个生成式检索模型所需的内存空间与传统流水线
架构中外部索引所需的内存空间之间的关系。

• 生生生成成成式式式检检检索索索：所需的内存空间主要取决于生成模型本身参数的大小。生成模型通常包含在训
练过程中学习的参数，例如权重和偏置。较大的模型通常需要更多的内存空间。除了模型参
数之外，生成式检索在推理过程中可能还需要内存来存储中间表示，例如前缀树和坆坍索引。
这些中间表示对于生成相关和信息丰富的坄坯坣坉坄是必要的。

• 传传传统统统检检检索索索：传统的检索方法，例如稀疏检索和稠密检索，通常依赖于外部索引来存储和组织
文档集合。这些索引所需的内存空间则取决于文档集合的大小和使用的索引方案。

– 稀疏检索：通常使用倒排索引，将词项映射到包含它们的文档。索引的大小取决于集合
中唯一词项的数量以及每个文档的平均术语数。索引所需的内存空间随着文档集合的大
小和词表中词项数量的增加而增加。

– 稠密检索：采用向量嵌入等技术在连续向量空间中表示文档和查询。这些嵌入通常存储
在索引中，例如近似最近邻索引或稠密向量索引。索引所需的内存空间取决于文档的数
量和向量嵌入的维度。较大的文档集合或更高维度的嵌入将需要更多的内存空间。

在实际场景中部署生成式检索模型时，需要仔细权衡模型大小、语料库大小和计算成本之
间的平衡。一方面，增加模型大小通常会带来性能的提升，较大的模型在捕捉查询圭文档相关性
和生成准确的坄坯坣坉坄方面具有更强的能力。另一方面，更大的语料库能提供更丰富的信息源，
使模型能够更好地理解上下文并生成更相关的响应。然而，这种性能提升是以增加计算要求为
代价的。较大的模型在训练和推理过程中消耗更多的内存和计算资源，导致训练时间更长和推
理成本更高。类似地，增加语料库大小会增加需要处理的数据量，导致训练和推理时间更长。
此外，随着模型大小和语料库大小的持续增长，性能改进的边际效益可能变得不那么显著，而
相比之下计算成本的增加更为显著。

总的来说，在实际部署生成式检索模型时，需要考虑应用程序的特定要求和约束，包括可
用的计算资源、时间限制和所需的性能水平。例如，在实时响应至关重要的场景中，可能需要
通过选择较小的模型大小或限制语料库大小来优先考虑计算效率。相反，如果应用程序需要高
准确性和性能，为了更大的模型和语料库可能会牺牲计算成本。

7 挑挑挑战战战和和和展展展望望望

在这一节，我们讨论生成式检索的几个重要挑战，希望能够给未来研究方向提供一些有价
值的建议。
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7.1 生生生成成成式式式架架架构构构

当前的生成式检索模型还没有完全实现统一传统检索流程中的三个步骤的设想，研究重
点关注在利用生成式模型来替代坜索引圭召回圢两步，而没有覆盖重排序阶段。与此同时，尽管
这些方法在一定程度上提升了性能，但仍难以超越强大的稠密检索方法甚至是稀疏检索方法
（如坂坍圲圵 在坒坯坢坥坲坴坳坯坮 坡坮坤 坚坡坲坡坧坯坺坡圬 圲地地圹圩）。一个重要的原因也在于生成式检索不能覆盖传
统检索流程的重排序阶段，在很多时候性能难以媲美传统检索，这也表明在生成式检索中仍有
很大的改进空间，以实现全面而有效的排序能力。

生成式检索模型主要依赖于坔坲坡坮坳坦坯坲坭坥坲架构，然而，坔坲坡坮坳坦坯坲坭坥坲架构存在一些固有的限
制，比如输入长度的限制。因此，有必要探索新型网络架构以克服这种限制。这里，可以利用
诸如坌坯坮坧坦坯坲坭坥坲网络结构在坂坥坬坴坡坧坹 坥坴 坡坬圮圬 圲地圲地圩、多尺度解码器在坙坵 坥坴 坡坬圮圬 圲地圲圳圩以及扩张注意
力在坄坩坮坧 坥坴 坡坬圮圬 圲地圲圳圩等方法来提升模型的输入长度。

7.2 端端端到到到端端端DocID学学学习习习

在生成式检索中，文档标识的学习通常遵循两阶段的过程。首先，使用诸如坂坅坒坔等单独
的模型来辅助学习坄坯坣坉坄坳的表示。随后，利用学习到的坄坯坣坉坄表示建立文档圯查询和坄坯坣坉坄坳之
间的映射关系。另一种可行的学习方法则是采用端到端学习，这样模型可以直接在统一的框架
内同时优化坄坯坣坉坄表示的学习和文档圯查询与坄坯坣坉坄坳之间的映射关系。这可以简化学习流程，
提高整体效率，并有望进一步改善生成式检索模型的性能。然而，同时优化两个目标需要权衡
二者之间的相互影响，需要仔细设计优化方法，考虑到同时学习与坄坯坣坉坄坳生成相关的各个组成
部分所涉及的复杂性和挑战性。

7.3 场场场景景景受受受限限限

当前生成式检索方法大都在文档规模受限的场景下进行验证，例如坍坓 坍坁坒坃坏中的文档
检索或锻炼检索、块坩坫坩坰坥坤坩坡中的实体检索等，这类检索假设文档语料规模不大，同时文档集相
对固定。然而，实际检索中文档集规模通常很大，且文档会源源不断的增加，如何应对大规模
文档以及动态新增文档的表示学习与坄坯坣坉坄生成是一个重要的挑战。

8 总总总结结结

本文对生成式信息检索进行了系统的综述，区别于现有的坉坒系统主要采用了坜索引圭召回圭重
排圢的框架，生成式检索利用统一的模型来建模整个搜索过程，这种新型的检索架构能够实现了
端到端的优化，消除了对外部索引的依赖。本文对生成式信息检索的基本概念、核心方法以及
难点进行了梳理，同时，探讨了一些未解决的挑战和有前景的研究方向，希望能激发和促进未
来关于生成式检索的研究。
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1中国科学院自动化研究所复杂系统认知与决策实验室
2中国科学院大学人工智能学院

3北京智源人工智能研究院
{yubo.chen, shaoru.guo, kliu, jzhao}@nlpr.ia.ac.cn

摘摘摘要要要

知识图谱作为一种重要的知识组织形式，常被视为下一代人工智能技术的基础设施之
一，引起了工业界和学术界的广泛关注。传统知识图谱表示方法主要使用符号显式地
描述概念及其之间的结构关系，具有语义清晰和可解释性好等特点，但其知识类型有
限，难以应对开放域应用场景。随着大规模预训练语言模型（大模型）的发展，将参
数化的大模型视为知识图谱成为研究热点。在这一背景下，本文聚焦于大模型在知识
图谱生命周期中的研究，总结分析了大模型在知识建模、知识获取、知识融合、知识
管理、知识推理和知识应用等环节中的研究进展。最后，对大模型与知识图谱未来发
展趋势予以展望。

关关关键键键词词词：：： 大模型 ；知识图谱 ；神经符号学习

Large Language Models and Knowledge Graphs

Yubo Chen1,2, Shaoru Guo1, Kang Liu1,2,3, Jun Zhao1,2

1The Laboratory of Cognition and Decision Intelligence for Complex Systems
2School of Artificial Intelligence, University of Chinese Academy of Sciences

3Beijing Academy of Artificial Intelligence

Abstract

As an important form of knowledge organization, knowledge graphs are widely recog-
nized as one of the foundational infrastructures for the next generation of artificial intel-
ligence technologies, receiving considerable interest from both industry and academia.
Traditional methods for representing knowledge graphs mainly employ symbolic repre-
sentations to explicitly describe concepts and their relationships, with clear semantics
and good interpretability. However, these methods have limited coverage of knowledge
types, making it challenging to apply them in open-domain scenarios. With the devel-
opment of large pre-trained language models (large language models), most researchers
have considered parameterized large language models as knowledge graphs. Thus, this
paper focuses on the research of the life cycle of knowledge graphs in large language
models. Specifically, we summarize the related work on knowledge modeling, knowl-
edge acquisition, knowledge fusion, knowledge management, knowledge reasoning, and
knowledge application. Finally, we anticipate the future development trends of large
language models and knowledge graphs.

Keywords: Large Language Models , knowledge graphs , Neural Symbolic Learning
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Figure 2: Language Model相关的论文数量

1 引引引言言言

1977年，在第五届国际人工智能会议上，图灵奖获得者爱德华·费根鲍姆提出了“知识工
程”的概念，确立了知识工程在人工智能中的重要地位(Feigenbaum, 1977)。新时代，随着网络
技术的发展，积累了规模巨大的互联网大数据和行业大数据。为了有效利用这些信息，将大数
据转化为大知识成为一项迫切需求，这也给知识工程研究提出了新的挑战，即大数据知识工
程。知识图谱（Knowledge Graph）正是一种应对大数据知识工程挑战的范式。
知识图谱由Google于2012年提出，是用来支持从语义角度组织网络数据，从而提供智能搜

索服务的知识库。具体来说，知识图谱是一种比较通用的语义知识形式化描述框架，它是以三
元组为基本语义单元，以有向标签图为数据结构，从知识本体和知识实例两个层次，对世界
万物进行体系化、规范化描述，并支持高效知识推理和语义计算的大规模知识系统(赵军et al.,
2018)。知识图谱极大地推动了语义网、自然语言处理、数据库等相关技术的发展，它被认为是
下一代人工智能技术的基础设施之一，受到工业界和学术界的广泛关注。
传统知识图谱使用符号化的方法来进行知识表示，旨在将各种知识对象（如实体、事件、

属性和关系等）记作具体符号，并以某种结构组织起来，通过符号匹配（如索引和检索）和数
理演算（如谓词推理）等形式化方法完成各种语义计算任务。符号化表示方法能够显式地描述
知识，具有语义清晰和可解释性好等特点，但其知识类型有限，且大多数逻辑推理规则需要通
过人工编写和校验的方式获取，难以应对开放域应用场景。
近年来，大规模预训练语言模型（大模型）的发展引起了知识图谱领域的广泛关注。大模

型可以从海量无标注数据中自动挖掘知识，并将知识以隐式的方式存储在参数化的模型中。相
关研究工作表明，大模型涵盖了丰富的知识类型，包括语言学知识(Liu et al., 2019)、世界知
识(Petroni et al., 2019)和常识知识(Li et al., 2022)等，使得模型具备了强大的知识表达能力。
与此同时，大模型无需事先定义类型，能够灵活应用于开放域场景。在知识图谱的构建和应用
中，越来越多的任务开始采用大模型进行建模，并取得了一定的效果。因此，本文聚焦于参数
化大模型在知识图谱生命周期中的研究。

本 文 对 近 五 年 （2019年 至2023年 ） 自 然 语 言 处 理 领 域 国 际 会 议
（ACL、EMNLP、COLING和NAACL）的研究趋势进行了分析。图1 和图2 分别展示了
与知识图谱和语言模型相关的论文数量在自然语言处理国际会议中的变化趋势0。如图所示，与
知识图谱和语言模型相关的研究逐年增加，这表明知识图谱和语言模型在当前的自然语言处理
研究领域中既是热点问题，也是核心问题，同时反映了研究者们对将知识图谱和语言模型应用
于自然语言处理任务的关注和投入。
同时，本文围绕知识图谱生命周期各个环节对ACL2019至ACL2023的论文进行了统计，

包括知识建模、知识获取、知识融合、知识管理、知识推理和知识应用，如图3所示。通过
图中的统计结果可以发现，对知识图谱生命周期各个环节的研究呈现出明显的增长趋势，
重点关注知识获取与知识应用。此外，图4展示了ACL2023论文的词云图，从中可以观察

c©2023 中国计算语言学大会
根据《Creative Commons Attribution 4.0 International License》许可出版

0统计信息来源于ACL Anthology（https://www.aclweb.org/anthology/）。值得注意的是，2020年NAACL会
议未召开，COLING会议每两年举办一次，且截至目前仅公布了ACL2023的论文录用列表。
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Figure 3: 知识图谱生命周期统计 Figure 4: ACL2023词云

到“Knowledge”、“Language Models”等相关研究引起了极大关注，表明知识图谱和语言模型在
当前研究中的重要地位。

大模型逐渐成为人类知识的全新载体，将参数化的大模型视为知识图谱成为当前的研究趋
势。在此背景下，本文聚焦于大模型在知识图谱生命周期各个环节中的研究，总结分析了大模
型在知识建模、知识获取、知识融合、知识管理、知识推理和知识应用等环节的研究进展。

2 知知知识识识建建建模模模

知识建模，也称知识体系构建或本体建模，旨在构建一个本体对目标知识进行描述。该本
体定义了知识的类别体系、类别下所属的概念、概念所具有的属性以及概念之间的语义关系。
目前，实体和事件是知识图谱中典型的知识类型。因此，本节将分别介绍基于大模型的实体本
体建模和事件本体建模的相关研究。

实体本体是指将实体作为知识单元，通过描述实体的概念、属性以及它们之间的分类关系
来刻画客观世界中事物的静态规律。Jullien et al. (2022)采用提示学习和微调方法探测大模型的
概念知识。类似地，Peng et al. (2022)也使用了提示学习和微调方法，不仅探测大模型中的概
念知识，还包括属性知识和概念之间的关系。此外，Wu et al. (2023)同样采用提示学习方法，
在探测概念、属性及概念关系同时，进一步探测了属性之间的关系。这些研究工作表明，大模
型在一定程度上能够建模实体本体知识，但在关系建模方面存在一定困难，并且词语共现可能
会引发概念幻觉等问题。

事件本体是指将事件作为认知单元，通过描述事件类型、事件论元以及它们之间的语义关
系来刻画现实世界中事物的动态变化规律。针对事件本体建模，目前大多数工作聚焦于大模型
在事件类型建模（概念）、原子事件模式建模（概念及属性）和事件图模式建模（概念之间语
义关系）三个方面的研究。事件类型建模是指利用大模型自动地从原始文本中发现新的事件
类别。其中，Edwards and Ji (2023)使用大模型建模文本表示，并通过注意力机制聚合类别特
征，从而归纳出新的事件类别。原子事件模式建模旨在从多个相似事件实例中归纳出一个模
板。为了实现这一目标，Tang et al. (2023)采用情景学习方法，引导大模型构建面向不同领域
的事件模式。事件图模式建模是指从一组相关事件实例中归纳出事件之间的模式和关系，Li et
al. (2023)利用提示学习引导大模型生成特定场景下的关键事件及事件之间的关系。此外，还可
以通过人与大模型协作的方式，由人工干预大模型事件本体建模过程，生成符合人类认知的事
件模式(Zhang et al., 2023b)。目前基于大模型的事件本体建模主要关注时序关系，无法对事件
本体丰富关系进行完整建模。同时，由于事件本体的复杂性，基于大模型自动构建的事件本体
质量难以保证。

3 知知知识识识获获获取取取

知识获取旨在从非结构化数据中抽取结构化知识。根据人们的认知过程，可将获得的知识
分为语言学知识、世界知识和常识知识。因此，本节将分别介绍基于大模型语言学知识获取、
世界知识获取和常识知识获取的相关研究。
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语言学知识是指词性、句法结构以及词语之间的关系等方面的知识。由于语言学知识通常
需要采用特定的标注方式，因此通常使用有训练的探测方法来获取这些知识1。例如，Liu et al.
(2019)通过整合多种语言结构预测任务（如句法分块、命名实体识别等），在预训练的隐层表
示基础上重新训练分类器，探测大模型中与语言结构相关的知识。而Jain and Anke (2022)则通
过将词汇之间的上下位关系转化为自然语言提示模板，来探测大模型中的词汇关系知识。相关
研究表明，大模型的隐层表示中包含了一定程度的词性和句法知识，并且能够捕捉一些词汇关
系。然而，大模型对于自然语言提示模板比较敏感，并且其语言学知识并不完备(Rogers et al.,
2020)。

世界知识是指与特定实体和事件相关的事实性知识。由于世界知识通常可以用自然语言句
子表达，并且在训练语料中广泛存在，因此对于世界知识的探测通常采用无训练的方法。其
中，最具代表性的探测方式是LAMA（Language Model Analysis）(Petroni et al., 2019)，它将
三元组或问答对形式的世界知识转化为自然语言填空的形式，通过预测正确答案在词表中的
排位来评估大模型对世界知识的掌握程度。在LAMA探针实验的基础上，还衍生出了一系列
相关研究，如自动生成提示语(Jiang et al., 2020)和使用连续向量作为提示语(Qin and Eisner,
2021)等，通过解决提示语选择等问题来进一步探测大模型中的世界知识。相关研究表明，大模
型掌握了一定量的世界知识，但模型结果受到多种因素的干扰，对其处理世界知识的机制并不
清晰，因此对于世界知识的探测实验需要更加严谨的设置和评估方法。

常识知识是指人们默认掌握的关于物理世界和人类社会的概括性知识。在常识知识探测研
究中，通常采用无训练的方法。然而，与世界知识的设定不同，由于常识知识的多样性以及
难以用单个标记进行填空的形式进行考察，常识知识的探测往往需要采用打分对比判断的形
式(Zhou et al., 2020; Li et al., 2022)或句子排序等方式(Lin et al., 2021)，通过分析大模型在
判断句子是否符合常识方面的能力，来探测大模型所具备的常识知识。此外，Bosselut et al.
(2019)通过微调大模型获取常识知识，West et al. (2022)采用情景学习策略提示大模型生成常识
知识，Wang et al. (2022)通过优化生成和答案过滤方法，辅助大模型在生成质量较差的条件下
获取大规模高质量常识知识。相关研究表明，大模型掌握了一定程度的常识知识，但其对答案
分布的拟合可能导致探测偏差。因此，如何客观地评估大模型的常识知识获取能力是一个难点
问题。

4 知知知识识识融融融合合合

知识融合旨在对不同来源、不同语言和不同结构的知识进行融合，进而对已有知识图谱进
行补充、更新和去重。由于知识图谱往往是由不同机构或个人构建的，其设计和构建并不统
一，从而导致了异构性和冗余性的问题。因此，如何发现和建立不同知识图谱之间的关联成为
各个领域亟需解决的重要问题。从融合的对象看，知识融合包括本体融合和实例融合。因此，
本节将分别介绍本体融合和实例融合的相关研究。

本体融合是指将两个或多个异构知识本体进行融合，将相同的概念、属性和关系进行连
接。基于大模型的本体融合主要关注于利用大模型获取本体的向量表示，并使用两个本体向量
之间的相似度作为本体融合的依据。目前，主要采用对大模型进行微调的方法来获取本体的向
量表示，从而完成实体本体融合(He et al., 2022a; He et al., 2022b)和事件本体融合(Guo et al.,
2023)。相关研究表明，在本体融合任务中，大模型主要用于完成基本的向量表示，而更多的应
用潜能尚未得到充分研究。因此，探索基于大模型的本体融合方法对于进一步提升本体融合效
果具有重要价值。

实例融合是指对两个不同知识图谱中的知识实例（实体实例、关系实例）进行融合的过
程。类似于本体融合，实例融合通常采用基于语义匹配的方法。这种方法利用大模型将知识图
谱中的实例表示为低维向量，并通过计算实例向量之间的相似度来判断实例之间的语义关联关
系。为了获得更好的实例融合性能，大模型在对实例建模过程中整合了多维度的实例信息，例
如名称、描述、属性和结构信息，以获取语义丰富的低维向量(Tang et al., 2020; Yang et al.,
2019)。此外，Zhao et al. (2023)提出了一种将实例对齐任务转化为文本蕴含任务的方法，将基
于提示构建的实例对序列输入到大模型中，从而充分捕捉实例之间的语义关联。目前的实例对

1知识获取方法可以分为有训练方法和无训练方法。有训练方法指冻结模型参数，提取隐藏层表示，并添加额外
的分类模块，在知识相关任务上进行训练，通过模型表现来评估其对知识的掌握程度；无训练方法则常常利用自然
语言提示构建填充问题，使模型预测正确答案的似然分数，并与其他答案进行比较。
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齐方法主要依赖于知识图谱的结构信息。然而，在现有的知识图谱中存在大量的长尾实例，这
些实例的邻接实体通常只有一个或两个，缺乏丰富的结构信息。因此，如何有效地利用大模型
来融合长尾实例，是一项具有挑战性的任务。

5 知知知识识识管管管理理理

知识管理旨在实现对知识图谱的持久化存储，以及对目标知识的高效检索。大模型通过对
海量文本数据的训练来学习知识，并以隐式的方式存在。在大模型中，知识是如何存储的？又
是如何进行更新的呢？围绕这两个问题，本节将分别介绍基于大模型的知识定位和知识编辑相
关研究。

知识定位指的是探索大模型中“知识”的存储位置和访问机制。目前的主流观点认为，大语
言模型中的前馈网络模块（Feedforward Neural Network, FFN）起到了知识存储的作用(Geva
et al., 2021)。具体而言，可以将Transformer的前馈网络模块视为一个键值存储器（Key-Value
Memory）。在这个存储器中，每个神经元的键向量用于识别输入中的语言或知识模式，可以
看作是模式探测器，而对应的值向量则扮演着知识生成器的角色，代表着该模式的知识向量。
相关的研究通过实验分析对这一结论提供了支持，例如Dai et al. (2022)使用归因方法验证了前
馈网络模块隐藏层中存在与事实性知识相关的特定神经元，而Meng et al. (2023)则从因果关联
的角度论证了前馈网络模块与事实性知识的关联。相关研究为理解大模型中的知识定位提供了
一种新的视角，揭示了知识是通过参数化的方式存储在模型中的。然而，目前的研究主要集中
在处理结构化知识，对于其他形式的知识，目前的方法还存在一定的局限性。

知识编辑指的是对隐含在语言模型参数中的知识进行有针对性的更新。该任务的目标是在
更新特定知识的同时，尽量减少对其他知识的破坏。主要的方法可以分为超网络方法和定向知
识编辑方法。超网络方法依赖于数据驱动的训练，通过训练一个超网络，有针对性地修改模型
中的事实知识。具体来说，超网络替代优化器生成模型参数的更新量，并使用约束项来确保在
超网络训练过程中，特定知识更新成功的同时减少对其他知识的破坏(Cao et al., 2021)。由于
大模型的参数规模巨大，设计高效的超网络方法仍然是一个挑战。定向知识编辑方法是一种基
于“键值存储”假设，用于直接定位和修改模型参数的方法。在该方法中，假设Transformer的前
馈网络模块负责存储知识，并且每个键都有对应的值。通过使用表达相同键含义的不同提示，
可以定位到存储了相关知识的神经元，并对其对应的值进行修改(Meng et al., 2022; Meng et
al., 2023)。目前定向知识编辑方法与三元组形式耦合较强，在处理如过程性知识、数学知识、
语言知识等某情况，存在一些限制。

6 知知知识识识推推推理理理

知识推理旨在采用推理手段发现已有知识中隐含的知识。通过知识建模、知识获取和知识
融合，可以构建一个可用的知识图谱。然而，由于数据的不完备性和稀疏性，很难通过抽取或
融合方法来填补缺失的知识。因此，需要采用推理的手段来发现已有知识中隐含的知识。大模
型从海量无标注数据中学习到丰富的知识，如果能从大模型已有知识中推导出新的知识，将有
助于知识图谱的构建。为此，研究人员致力于探索大模型推理能力，而推理能力的关键在于思
维链（Chain of Thought，CoT）技术。因此，本节围绕思维链介绍大模型在知识推理方面的
相关研究。

思维链是参考人类解决复杂问题的一种推理方式，将问题分解为一系列中间问题，并逐步
解决这些问题以获得最终结果。思维链推理技术通过向大模型展示少量样例并解释推理过程，
在回答提示时也显式展示推理过程，从而引导模型输出更准确的结果(Wei et al., 2022)。零样本
思维链（Zero-shot-CoT）是思维链的一种衍生形式，通过在问题结尾附加提示语句，如“Let’s
think step by step”，激励大模型生成一个回答问题的思维链，从而产生答案(Kojima et al.,
2022)。在这基础上，Wang et al. (2023b)通过自洽性（Self-consistency）方式改进了思维链，
该方法利用多数投票的思想生成多个思维链，然后选择多数答案作为最终答案，以提高思维链
的性能。上述方法通过简单的提示或精心设计的样例来激发大模型生成中间推理步骤，但生成
的证据常常会出现错误，导致不准确和不可靠的推理链。因此,Wang et al. (2023a)提出了知识
链（Chain-of-Knowledge）提示方法，通过生成显式的三元组结构知识证据来引导大模型进行
推理，从而有效提升文本推理任务的性能。为了更好地适应需要预测的复杂推理任务，Yao et
al. (2023)提出了思维树（Tree of Thoughts，ToT）方法，大模型通过对不同的推理路径进行
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评估来决定下一步的行动方案，并且在必要时可以向前或向后追溯，以实现全局决策。尽管常
规文本提示在一定程度上可以促进模型的推理能力，但存在逻辑上的歧义，可能导致错误的答
案。而三元组结构知识提示可以进一步提升推理性能。因此，需要将文本提示与结构特征相融
合，以使大模型能够生成可靠且具体的推理过程。

7 知知知识识识应应应用用用

知识应用是指将知识应用于具体任务和应用场景的过程。大模型在解决各种自然语言处理
任务方面展现了巨大的潜力，并在某种程度上为通用人工智能铺平了道路。本节将介绍大模型
在自然语言理解和自然语言生成任务方面的应用。

自然语言理解的目标是让计算机能够像人类一样理解自然语言。自然语言理解任务包括文
本分类、自动问答等。文本分类是指将文本映射到预先给定的某一类别或某几类别主题的过
程。针对该任务，Sun et al. (2023)提出了一种基于大模型的渐进推理方法来进行文本分类。该
方法利用提示语引导大模型捕捉关键词、语气等表层线索，并进一步基于这些线索通过推理对
文本进行分类。Zhang et al. (2023c)通过设计清晰而直接的提示，引导大模型完成传统的情感
分类任务、基于方面的情感分析和多维主观文本分析。自动问答要求系统根据对文本的理解给
出问题的答案，是衡量机器自然语言理解程度的重要指标。Tan et al. (2023)将大模型自身的知
识作为知识库，衡量其在传统基于知识问答任务上的性能。Huang et al. (2023)提出了一种基于
答案反馈的情景学习方法，通过将更正的答案记录作为反馈信息，构建大模型的增强提示，以
提高其在问答任务中的性能。由于大模型强大的泛化能力，在面对分布外的数据或非常少的训
练数据时可以提供帮助(Yang et al., 2023)，但在复杂的自然语言理解任务，如基于方面的情感
分析、多跳问答等任务上，仍然存在一定挑战。

自然语言生成的目标是生成连贯、有意义且与上下文相符的高质量文本。它包括两类主
要任务：序列转化任务和开放式生成任务。序列转化任务旨在将输入文本转换为新的符号序
列。例如，Liu et al. (2023)使用大模型生成训练数据，以指导摘要模型的学习。而Zhang et al.
(2023a)则通过使用提示词模板和情景学习方法来引导大模型完成机器翻译任务。开放式生成任
务是从头开始生成文本或符号，以准确匹配输入的描述。例如，Yang et al. (2022)利用递归提
示和调整策略来引导大模型自动生成长篇故事。而Yang et al. (2022)则利用大模型从海量数据
中学习到的丰富知识，有效生成个性化新闻和新闻摘要等内容。由于大模型具备强大的生成能
力和创造力，因此在许多生成任务中展现出更高的优越性(Yang et al., 2023)。然而，当大模型
生成文本时，它无法自行判断生成结果的准确性，这导致了所谓的幻觉性问题。因此，解决大
模型中的幻觉性问题成为一个重要的挑战。

8 总总总结结结与与与展展展望望望

本文聚焦于大模型在知识图谱生命周期的研究，并总结分析了大模型在知识建模、知识获
取、知识融合、知识管理、知识推理和知识应用等环节中的研究进展。

由于大模型能够自动从无标注数据中学习知识并以参数形式存储，因此能灵活地应用于开
放域场景。然而，大模型也存在一些根本性问题和限制。首先，大模型缺乏显式的知识存储结
构，这使得知识的组织和检索变得困难。其次，大模型有时会受到所谓的“幻觉”现象的影响，
导致生成不准确的输出。最后，大模型纯粹的数据驱动学习方式使得其缺乏可解释性。相比之
下，知识图谱以显式的方式描述知识，并且知识的表达基于清晰的结构和严谨的描述逻辑，因
此具有确定性。知识图谱中的节点和边都有具体的含义，使得知识的解释和理解更加容易。
然而，知识图谱的构建困难，其泛化性能不如大模型，也难以生成新的事实或表示未知的知
识(Pan et al., 2023; Cao et al., 2023)。因此，将知识图谱与大模型相结合可以相辅相成，相互
促进，从而取得更好的效果。具体地：

大模型助力知识图谱构建。在构建知识图谱的过程中，利用大模型可以提高知识的抽取和
注入效率，增强知识图谱的覆盖范围和泛化性能。

知识图谱辅助大模型进行知识校准和提升可解释性。大模型可以借助知识图谱提高知识的
准确性，同时利用知识图谱来解释大模型的知识和推理过程，增强模型的可解释性。

大模型和知识图谱协同工作。充分利用数据驱动和知识驱动的优势，提升自然语言处理各
任务的能力，促进人工智能技术的发展。
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大模型的快速发展为知识图谱的研究注入了新的活力，两者相结合研究的前景非常值得期
待。
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大大大语语语言言言模模模型型型对对对齐齐齐：：：概概概念念念、、、挑挑挑战战战、、、路路路线线线、、、评评评测测测及及及趋趋趋势势势

熊熊熊德德德意意意
天津大学智能与计算学部

天津市津南区海河教育园区雅观路135号，300350
dyxiong@tju.edu.cn

摘摘摘要要要

通用智能的乜智能中目标丢正交性及乜工具性趋同丢论点均要求通用智能的发展要智善结
合。目前大语言模型在能力（智）方面发展迅速，但在更具挑战性的价值对齐（善）
方面研究相对滞后。本综述将概述对齐的基本概念和必要性，简述其存在的社会和技
术挑战，分析大语言模型对齐的主要技术路线和方法，探讨如何对大语言模型对齐进
行评测，并对未来趋势进行展望。

关关关键键键词词词：：： 大语言模型 ；通用人工智能 ；乁义对齐 ；大语言模型对齐

Large Language Model Alignment: Concepts, Challenges,
Roadmaps, Evaluations and Trends

Deyi Xiong
College of Intelligence and Computing, Tianjin University

No.135 Yaguan Road, Haihe Education Park, Tianjin, 300350, China
dyxiong@tju.edu.cn

Abstract

乔乨乥 乜乩乮乴乥乬乬乩乧乥乮乣乥中乧乯乡乬丢 乯乲乴乨乯乧乯乮乡乬乩乴乹 乡乮乤 乜乩乮乳乴乲乵乭乥乮乴乡乬 乣乯乮乶乥乲乧乥乮乣乥丢 乴乨乥乳乥乳 乲乥乱乵乩乲乥 乡
乤乥乥买 乣乯乵买乬乩乮乧 乢乥乴乷乥乥乮 乣乡买乡乢乩乬乩乴乹 乡乮乤 乡乬乩乧乮乭乥乮乴 书乯乲 乴乨乥 乤乥乶乥乬乯买乭乥乮乴 乯书 乧乥乮乥乲乡乬 乩乮乴乥乬乬乩中
乧乥乮乣乥丮 乁乴 买乲乥乳乥乮乴丬 乬乡乲乧乥 乬乡乮乧乵乡乧乥 乭乯乤乥乬乳 乡乲乥 乤乥乶乥乬乯买乩乮乧 乲乡买乩乤乬乹 乩乮 乴乥乲乭乳 乯书 乣乡买乡乢乩乬乩乴乹
丨乩乮乴乥乬乬乩乧乥乮乣乥丩丬 乢乵乴 乴乨乥 乲乥乳乥乡乲乣乨 乯乮 乡 乭乯乲乥 乣乨乡乬乬乥乮乧乩乮乧 买乲乯乢乬乥乭丬 乶乡乬乵乥 乡乬乩乧乮乭乥乮乴 丨乧乯乯乤中
乮乥乳乳丩丬 乩乳 乲乥乬乡乴乩乶乥乬乹 乬乡乧乧乩乮乧 乢乥乨乩乮乤丮 乔乨乩乳 乡乲乴乩乣乬乥 乷乩乬乬 乩乮乴乲乯乤乵乣乥 乴乨乥 乢乡乳乩乣 乣乯乮乣乥买乴乳 乡乮乤
乮乥乣乥乳乳乩乴乹 乯书 乡乬乩乧乮乭乥乮乴 乲乥乳乥乡乲乣乨丬 乢乲乩乥不乹 乤乥乳乣乲乩乢乥 乩乴乳 乳乯乣乩乡乬 乡乮乤 乴乥乣乨乮乩乣乡乬 乣乨乡乬乬乥乮乧乥乳丬 乡乮中
乡乬乹乺乥 乴乨乥 乭乡乩乮 乴乥乣乨乮乩乣乡乬 乲乯乵乴乥乳 乡乮乤 乭乥乴乨乯乤乳 乯书 乬乡乲乧乥 乬乡乮乧乵乡乧乥 乭乯乤乥乬 乡乬乩乧乮乭乥乮乴 乡乮乤
乤乩乳乣乵乳乳 乨乯乷 乴乯 乥乶乡乬乵乡乴乥 乬乡乲乧乥 乬乡乮乧乵乡乧乥 乭乯乤乥乬 乡乬乩乧乮乭乥乮乴 乡乮乤 书乵乴乵乲乥 乴乲乥乮乤乳丮

Keywords: 乌乡乲乧乥 乌乡乮乧乵乡乧乥 乍乯乤乥乬 丬 乁乲乴乩丌乩乣乩乡乬 乇乥乮乥乲乡乬 义乮乴乥乬乬乩乧乥乮乣乥 丬 乁义
乁乬乩乧乮乭乥乮乴 丬 乌乌乍 乁乬乩乧乮乭乥乮乴

1 引引引言言言

近 年 来 ， 以乏买乥乮乁义 乃乨乡乴乇乐乔和乇乐乔中临为 代 表 的 大 语 言 模 型 （乌乡乲乧乥 乌乡乮乧乵乡乧乥
乍乯乤乥乬，乌乌乍）发展迅速，重新燃起了人们对通用人工智能（乁乲乴乩丌乣乩乡乬 乇乥乮乥乲乡乬 义乮乴乥乬乬乩中
乧乥乮乣乥，乁乇义）的热情和憧憬。虽然大语言模型是否是通向乁乇义之路仍存在争议，但在标度
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律（乓乣乡乬乩乮乧 乌乡乷）基础上不断扩展规模的大语言模型，其能力逐步呈现出一些乁乇义的特
征丨乂乵乢乥乣乫 乥乴 乡乬丮丬 串丰串丳丩：在海量语言数据上训练的乇乐乔模型，除了展现出强大的语言能力
之外，在数学、推理、医疗、法律、编程等多个领域，正以惊人的速度逼近人类水平。

与大语言模型技术和能力不断突破相伴随的是，人们对大语言模型本身存在的社会伦理风
险及其对人类生存构成的潜在威胁的普遍担忧。首先，在真实可见的社会伦理风险方面，研究
发现丨乗乥乩乤乩乮乧乥乲 乥乴 乡乬丮丬 串丰串丱丩，一方面，大语言模型在输出文本中存在多种类型的信息危害，
如将训练数据中存在的偏见、歧视、有毒内容输出到预测文本中，在生成文本中泄露训练数
据中的隐私和敏感信息，生成低质量、虚假性、误导性信息；另一方面，大语言模型的使用
也带来社会伦理风险，如大语言模型存在被滥用的可能性，用于人机交互类产品中时可能对
使用者带来潜在影响，大范围使用大语言模型可能带来对环境、信息传播、就业等方面的影
响。乏买乥乮乁义团队研究发现丨久乬乯乵乮乤乯乵 乥乴 乡乬丮丬 串丰串丳丩，美国丸丰严的劳动力，其工作存在对大语言模
型丱丰严的风险敞口（即会受到大语言模型影响），丱丹严的就业人员，其丵丰严的工作任务会受到大
语言模型影响，且收入越高，受大语言模型影响越大。

其次，在更远期的潜在影响方面，很多人担心未对齐的乁乇义可能带来人类存亡风险
（久乸乩乳乴乥乮乴乩乡乬 乒乩乳乫，乘中乒乩乳乫），即超过人类知识和智能水平的乁义代理（乁乧乥乮乴）会形成自己
的目标（乇乯乡乬），且该目标与人类赋予的目标不一致，为了实现自己的目标，乁义代理将会获取
更多的资源，实现自我保持、自我提升，这种发展将会持续扩展至对整个人类进行权利剥夺
（乄乩乳乥乮买乯乷乥乲），从而不可避免地导致人类生存灾难丨乃乡乲乬乳乭乩乴乨丬 串丰串串丩。基于以上担忧，美国
波斯顿未来生命研究所（由乓乫乹买乥联合创始人和麻省理工学院教授共同创立）于串丰串丳年丳月串串日
发起暂停巨型乁义实验的公开倡议信0，要求所有乁义实验室暂停训练比乇乐乔中临更强大的乁义模型
至少丶个月，截至串丰串丳年丷月丶日，网上签名人数已超过三万三千人，签名人员包括图灵奖
获得者乙乯乳乨乵乡 乂乥乮乧乩乯、特斯拉乃久乏 久乬乯乮 乍乵乳乫等人。公开信中提到阿西洛马人工智能原则
（乁乳乩乬乯乭乡乲 乁义 乐乲乩乮乣乩买乬乥乳）：乜先进的人工智能可能代表地球生命史上的一次深刻变化，应该以
相应的关心和资源进行规划和管理丢。图灵奖获得者，也是此次大语言模型底层核心技术的发明
者之一，乇乥乯下乲乥乹 么乩乮乴乯乮也表达了对未来乁乇义的担忧，并签名了由乁义安全中心于串丰串丳年丵月丳丰日
发起的乁义安全声明1。该声明仅包含一句话（串串个单词），强调乁义安全应该具有和防止大流行
病、核战争一样的优先级别。

对乁乇义是否导致乘中乒乩乳乫，目前还存在争议。与乇乥乯下乲乥乹 么乩乮乴乯乮、乙乯乳乨乵乡 乂乥乮乧乩乯同年获
得图灵奖的乙乡乮乮 乌乥乃乵乮认为目前的大语言模型技术并不能实现乁乇义，也不会导致乘中
乒乩乳乫。串丰串丳年丶月串串日，著名辩论会乜芒克辩论会丢（乍乵乮乫 乄乥乢乡乴乥乳）邀请了图灵奖获得
者乙乯乳乨乵乡 乂乥乮乧乩乯和乍义乔教授乍乡乸 乔乥乧乭乡乲乫作为正方，图灵奖获得者乙乡乮乮 乌乥乃乵乮和圣塔菲研究
所教授乍乥乬乡乮乩乥 乍乩乴乣乨乥乬乬作为反方，就乁义研究和发展是否构成乘中乒乩乳乫威胁问题进行了辩论2，辩
论前正反方观众投票为丶丷严 乶乳 丳丳严（即丶丷严的观众认为乁义研究和发展构成乘中乒乩乳乫威胁，丳丳严认
为不会），辩论后，正反方得票率为丶丳严 乶乳 丳丷严。虽然反方辩论后获得了临个点的支持，但大
部分观众听完辩论后仍然认为乁义研究和发展构成乘中乒乩乳乫威胁。

需要注意的是，以上公开倡议、广泛的讨论和辩论，并不是宣扬乁义宿命论，而是强调在致
力于提升乁义能力研究的同时，也要高度重视乁义安全的研究。强调乁义发展的长远风险，也并不是
要掩盖或者回避大语言模型带来的真实社会伦理风险。乁义能力研究势不可挡，乁义安全研究势在
必行！

上述社会伦理风险与人类存亡风险，都与乁义安全技术乼乼人工智能对齐（乁义 乁乬乩乧乮中
乭乥乮乴）乼乼密切相关。乁义对齐是乁义的一个新兴领域，真正发展时间不过丱丰年左右，但随着
大语言模型的飞速发展，该领域越来越受到关注和重视。本文将介绍乁义对齐的基本概念和
相关背景（第串节），阐述对齐存在的巨大挑战（第丳节）丬探讨实现大语言模型对齐的主要
技术路线（第临节）丬介绍如何评测对齐模型（第丵节），并对未来乁义对齐研究的趋势进行展望
（第丶节）。

2 什什什么么么是是是AI/LLM对对对齐齐齐

人工智能对齐的概念萌芽最早可以追溯至控制论之父乎乯乲乢乥乲乴 乗乩乥乮乥乲，他在丱丹丶丰年发表于

0https://futureoflife.org/open-letter/pause-giant-ai-experiments/
1https://www.safe.ai/statement-on-ai-risk
2https://munkdebates.com/debates/artificial-intelligence
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《乓乣乩乥乮乣乥》的一篇论文丨乗乩乥乮乥乲丬 丱丹丶丰丩中提到：

义书 乷乥 乵乳乥丬 乴乯 乡乣乨乩乥乶乥 乯乵乲 买乵乲买乯乳乥乳丬 乡 乭乥乣乨乡乮乩乣乡乬 乡乧乥乮乣乹 乷乩乴乨 乷乨乯乳乥 乯买乥乲乡乴乩乯乮 乷乥 乣乡乮乮乯乴
乥与乣乩乥乮乴乬乹 乩乮乴乥乲书乥乲乥 乯乮乣乥 乷乥 乨乡乶乥 乳乴乡乲乴乥乤 乩乴丬 乢乥乣乡乵乳乥 乴乨乥 乡乣乴乩乯乮 乩乳 乳乯 书乡乳乴 乡乮乤 乩乲乲乥乶乯乣乡乢乬乥
乴乨乡乴 乷乥 乨乡乶乥 乮乯乴 乴乨乥 乤乡乴乡 乴乯 乩乮乴乥乲乶乥乮乥 乢乥书乯乲乥 乴乨乥 乡乣乴乩乯乮 乩乳 乣乯乭买乬乥乴乥丬 乴乨乥乮 乷乥 乨乡乤 乢乥乴乴乥乲
乢乥 乱乵乩乴乥 乳乵乲乥 乴乨乡乴 乴乨乥 买乵乲买乯乳乥 买乵乴 乩乮乴乯 乴乨乥 乭乡乣乨乩乮乥 乩乳 乴乨乥 买乵乲买乯乳乥 乷乨乩乣乨 乷乥 乲乥乡乬乬乹
乤乥乳乩乲乥 乡乮乤 乮乯乴 乭乥乲乥乬乹 乡 乣乯乬乯乲书乵乬 乩乭乩乴乡乴乩乯乮 乯书 乩乴丮

在这段话中，乎乯乲乢乥乲乴 乗乩乥乮乥乲明确指出，乜乭乥乣乨乡乮乩乣乡乬 乡乧乥乮乣乹丢的目标应该与我们期待它实现的
目标保持一致，即机器目标要与人类目标对齐。

串丰丱临年，《人工智能：一种现代方法》作者之一乓乴乵乡乲乴 乒乵乳乳乥乬乬教授在一次访谈中3指出：

乔乨乥 乲乩乧乨乴 乲乥乳买乯乮乳乥 乳乥乥乭乳 乴乯 乢乥 乴乯 乣乨乡乮乧乥 乴乨乥 乧乯乡乬乳 乯书 乴乨乥 丌乥乬乤 乩乴乳乥乬书主 乩乮乳乴乥乡乤 乯书 买乵乲乥
乩乮乴乥乬乬乩乧乥乮乣乥丬 乷乥 乮乥乥乤 乴乯 乢乵乩乬乤 乩乮乴乥乬乬乩乧乥乮乣乥 乴乨乡乴 乩乳 买乲乯乶乡乢乬乹 乡乬乩乧乮乥乤 乷乩乴乨 乨乵乭乡乮 乶乡乬乵乥乳丮
乆乯乲 买乲乡乣乴乩乣乡乬 乲乥乡乳乯乮乳丬 乷乥 乷乩乬乬 乮乥乥乤 乴乯 乳乯乬乶乥 乴乨乥 乶乡乬乵乥 乡乬乩乧乮乭乥乮乴 买乲乯乢乬乥乭 乥乶乥乮 书乯乲
乲乥乬乡乴乩乶乥乬乹 乵乮乩乮乴乥乬乬乩乧乥乮乴 乁义 乳乹乳乴乥乭乳 乴乨乡乴 乯买乥乲乡乴乥 乩乮 乴乨乥 乨乵乭乡乮 乥乮乶乩乲乯乮乭乥乮乴丮 乔乨乥乲乥 乩乳
乣乡乵乳乥 书乯乲 乯买乴乩乭乩乳乭丬 乩书 乷乥 乵乮乤乥乲乳乴乡乮乤 乴乨乡乴 乴乨乩乳 乩乳乳乵乥 乩乳 乡乮 乩乮乴乲乩乮乳乩乣 买乡乲乴 乯书 乁义丬 乭乵乣乨
乡乳 乣乯乮乴乡乩乮乭乥乮乴 乩乳 乡乮 乩乮乴乲乩乮乳乩乣 买乡乲乴 乯书 乭乯乤乥乲乮 乮乵乣乬乥乡乲 书乵乳乩乯乮 乲乥乳乥乡乲乣乨丮 乔乨乥 乷乯乲乬乤 乮乥乥乤
乮乯乴 乢乥 乨乥乡乤乥乤 书乯乲 乧乲乩乥书丮

乓乴乵乡乲乴 乒乵乳乳乥乬乬教授在这次访谈中首次提出了乜价值对齐问题（乖乡乬乵乥 乁乬乩乧乮乭乥乮乴 乐乲乯乢乬乥乭）丢，即
我们构建的不是纯粹的智能，而是与人类价值对齐的智能，并认为价值对齐问题是人工智能内
在固有的一部分，价值对齐与人工智能的关系犹如安全壳之于核聚变反应堆。
虽然乁义对齐概念在乁义诞生之初就已萌芽，但由于人工智能在过去几十年发展曲折，其智能

水平一直与人们期望的水平相差甚远，甚至很多时候被认为是人工智障，因此，对齐机器目
标与人类目标丯价值的紧迫性一直没有发展乁义智能水平的紧迫性高。但近年来，大语言模型推
动乁义智能水平迅猛发展，并在越来越多的任务上，使其性能逼近甚至超过人类的水平，乁义对齐
的重要性和紧迫性也因此浮出水面，并受到越来越多的关注。从串丰丱串年开始，关于乁义对齐的讨
论和研究论文逐渐出现在相关论坛和乡乲乘乩乶上；串丰丱丷年，乁义对齐讨论的文章数量及论文数量出现
爆发式增长，从原来的每年不足串丰篇猛增至临丰丰余篇丨之乩乲乣乨乮乥乲 乥乴 乡乬丮丬 串丰串串丩，这与大语言模型基
础架构乔乲乡乮乳书乯乲乭乥乲及乇乐乔发明的时间基本吻合。
相比于乁义其他研究领域，如自然语言处理，乁义对齐还处于混沌状态，尚未形成科学研究范

式丨之乩乲乣乨乮乥乲 乥乴 乡乬丮丬 串丰串串丩，除此之外，该领域的许多关键概念和术语也未形成共识。首先，在
术语方面，乜对齐丢、乜乁义对齐丢、乜价值对齐丢等名称经常在有关乁义对齐的讨论文章和论文里交替
使用，在中文相关讨论中，乜人机对齐丢也以乁义对齐的替代形式出现。乜对齐丢在乁义对齐领域及上
下文环境中使用没有问题，但在更广泛的领域，容易与其他对齐概念产生混淆（如机器翻译中
的双语或多语对齐）；乜价值对齐丢虽明确了对齐内容但未明确研究对象和领域；乜人机对齐丢虽
然明确了人与机器之间对齐，但未明确研究领域、对齐内容及到底是人对齐机器还是机器对齐
人。鉴于此，本文统一使用乁义对齐和乌乌乍对齐，乌乌乍对齐可看作是乁义对齐与自然语言处理、大
语言模型的交叉领域。
其次，乁义对齐的定义也没有形成共识。乐乡乵乬 乃乨乲乩乳乴乩乡乮乯将乁义对齐定义为4：

乁 乩乳 乡乬乩乧乮乥乤 乷乩乴乨 么 乩书 乁 乩乳 乴乲乹乩乮乧 乴乯 乤乯 乷乨乡乴 么 乷乡乮乴乳 乩乴 乴乯 乤乯丮

上述定义过于宽泛，任何乁义系统都可以认为是要完成人类想要它完成的任务，但实际上，上文
已隐含提到乁义对齐主要针对具有高智能（么乩乧乨乬乹 乃乡买乡乢乬乥）的乁义代理丨乃乡乲乲乯乬乬丬 串丰丱丸丩，这也意味
着由未对齐乁义导致的安全问题有别于一般的弱人工智能安全问题。也有研究人员从乁义与人类关
系的角度定义乁义对齐。如久乬乩乥乺乥乲 乙乵乤乫乯乷乳乫乹将乁义对齐定义为乜创造友好的乁义丢、乜连贯的外推意
志（乃乯乨乥乲乥乮乴 久乸乴乲乡买乯乬乡乴乥乤 乖乯乬乩乴乩乯乮）丢。
除了从其本身的内涵及与人类关系角度定义乁义对齐之外，还有一些工作试图以乁义对齐要解

决的具体问题来解释和具化乁义对齐，乇乯乲乤乯乮 乗乯乲乬乥乹汇总了一些研究人员提出的乁义对齐需要解
决的问题5：

3http://edge.org/conversation/the-myth-of-ai#26015
4https://ai-alignment.com/clarifying-ai-alignment-cec47cd69dd6
5https://laptrinhx.com/formally-stating-the-ai-alignment-problem-223323934/
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• 避免副作用（乁乶乯乩乤乩乮乧 乎乥乧乡乴乩乶乥 乓乩乤乥 久下乥乣乴乳）：避免乁义代理产生预期之外的行为。

• 避免奖励劫持丯游戏（乁乶乯乩乤乩乮乧 乒乥乷乡乲乤 么乡乣乫乩乮乧丯乇乡乭乩乮乧）：避免乁义代理利用奖励函数中
的漏洞反复攫取奖励而忽视真正的目标。

• 可扩展的监管（乓乣乡乬乡乢乬乥 乏乶乥乲乳乩乧乨乴）：将对乁义代理的监管延伸至信息有限的情形或者人类
难以直接判断的复杂任务上，比如当大语言模型能力在很多任务上超过人类水平时仍然可
对其进行有效监管。

• 分布变化鲁棒性（乒乯乢乵乳乴乮乥乳乳 乴乯 乄乩乳乴乲乩乢乵乴乩乯乮乡乬 乓乨乩书乴乳）：在新领域、新环境中，乁义代理仍
然能够按预期方式运行，尤其是在人类设计员未预期到的环境中，乁义代理不会产生破坏性
后果。

• 对抗鲁棒性（乒乯乢乵乳乴乮乥乳乳 乴乯 乁乤乶乥乲乳乡乲乩乥乳）为 乁义代理对对抗性攻击具有鲁棒性，其对齐不会
被对抗攻击破坏，如在大语言模型的指令数据中掺入未对齐指令，其对齐效果不会受影
响。

• 安全探索（乓乡书乥 久乸买乬乯乲乡乴乩乯乮）：乁义代理在不产生危险结果的前提下探索新的行为，如清洁
机器人探索使用湿抹布，但不会用湿抹布擦拭电源插座。

• 安全中断（乓乡书乥 义乮乴乥乲乲乵买乴乩乢乩乬乩乴乹）：乁义 代理可随时被操作员安全中断，即乁义代理不寻求避
免被人类中断。

• 自我修改（乓乥乬书中乭乯乤乩丌乣乡乴乩乯乮）：乁义代理在可修改的环境中进行安全的自我修改，自我修改
后仍然与人类价值对齐。

• 本体（乏乮乴乯乬乯乧乹）：乁义代理建模世界并知晓其是世界的一部分。

• 理想决策理论和逻辑不确定性（义乤乥乡乬乩乺乥乤 乄乥乣乩乳乩乯乮 乔乨乥乯乲乹 乡乮乤 乌乯乧乩乣乡乬 乕乮乣乥乲中
乴乡乩乮乴乹）：乁义代理能够作出理想化的决策，即使是在不确定环境下。

• 乖乩乮乧乥乡乮反思（乖乩乮乧乥乡乮 乒乥不乥乣乴乩乯乮）：如何推测一个比人类更聪明的乁义代理的行为，以确
保其与人类价值对齐？如果能够推测这个更聪明的乁义代理的行为，理论上，人类应该与
该乁义代理一样聪明甚至比其更聪明，这与之前的假设相悖。

• 可修正性（乃乯乲乲乩乧乩乢乩乬乩乴乹）：如果当人类需要修正乁义代理（如修正建造乁义代理时犯的错误）
或者对其进行重编程时，乁义代理应该允许被修正丯重编程，而不是阻止，或者欺骗操作员
其已被修正丯重编程（实际乁义代理仍然保持其原有目标，并未被修正丯重编程）。

• 价值学习（乖乡乬乵乥 乌乥乡乲乮乩乮乧）：乁义代理可以学习人类价值。

以上乁义对齐问题和任务，有些已经进入了经验主义研究和实践阶段，如避免奖励劫持、可扩展
的监管、鲁棒性等，有些则仍然在概念设想阶段，如本体、乖乩乮乧乥乡乮反思、可修正性等。

在本文中，我们从乁义对齐的内涵角度对其进行定义：乁义对齐是指乁义代理的外部目标和内部
目标均与人类价值一致，外部目标是乁义代理设计者根据人类价值设计的训练目标，内部目标
则是乁义代理内部优化的目标。上述定义虽然对乁义代理的目标进行了内部和外部界定和区分，
但未对人类价值进行界定，因此仍然是一个不精确的定义。之所以将乁义代理的目标分为外部
和内部目标，是由乁义对齐的技术本质决定的（详见第临节），而未对人类价值进行界定，则是
因为乁义对齐本身存在的社会和技术挑战导致难以从社会和技术角度明确定义人类价值（详见
第丳节）。

由于乁义对齐涉及到接近或超过人类智能水平的乁义代理与人类价值之间的对齐，因此乁义对齐
自然包括：

• 目前具备高智能的乁义代理与人类价值的对齐，如现阶段大语言模型的人类价值对齐，

• 未来乁乇义与人类价值的对齐。
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相比于乁义对齐，人们对通用人工智能乁乇义更未形成共识，其争议也更多。但即便如此，在讨
论乁义对齐时，我们认为有必要介绍一些乁乇义基本假设和论点，因为这些乁乇义相关背景有助于我
们对乁义对齐形成更好的理解和认识。

• 正交性论点（乏乲乴乨乯乧乯乮乡乬乩乴乹 乔乨乥乳乩乳）：该论点认为乁义代理的智能和它的目标处于两个正
交的维度，即任意水平的智能可以与任意的目标相结合丨乂乯乳乴乲乯乭丬 串丰丱串丩，处于高智能水平
的乁义代理并不意味着其目标与人类价值对齐。

• 工具性目标趋同论点（义乮乳乴乲乵乭乥乮乴乡乬 乃乯乮乶乥乲乧乥乮乣乥 乔乨乥乳乩乳）：乁义代理拥有一些趋同的工具
性亚目标（乓乵乢乧乯乡乬），实现这些工具性亚目标有助于乁义代理实现其最终目标丨乂乯乳乴乲乯乭丬
串丰丱串丩。乎乩乣乫 乂乯乳乴乲乯乭列出了一些潜在的工具性亚目标：

– 自我保持（乓乥乬书中买乲乥乳乥乲乶乡乴乩乯乮）：为了实现最终目标，乁义代理可能将自我保持作为其工
具性亚目标。

– 自我增强（乓乥乬书中乩乭买乲乯乶乥乭乥乮乴）：同样，为了实现最终目标，乁义代理可能将自我增强
作为其工具性亚目标，因为不断增强的推理能力、认知能力、知识水平，可以帮
助乁义代理更容易实现最终目标。

– 资源获取（乒乥乳乯乵乲乣乥 乁乣乱乵乩乳乩乴乩乯乮）：乁义代理获取更多的资源，如电力等，以帮助其实
现最终目标。

3 社社社会会会与与与技技技术术术挑挑挑战战战

从以上的介绍和讨论中，可以看出，乁义对齐不仅仅是一个技术问题，它还具有很强的社会
属性。首先，乁义技术在社会经济中广泛应用，其发展也给社会带来了短期和长期影响，乁义技术
和人类社会形成了一个巨大的社会技术系统（乓乯乣乩乯乴乥乣乨乮乩乣乡乬 乓乹乳乴乥乭），这个社会技术系统必
然要求乁义与人类社会进行对齐，因为只有如此，这个系统才能和谐发展和共存。其次，乁义代理
要对齐的人类价值是一个典型的社会概念。以上社会属性，自然给乁义对齐带来社会层面的挑
战：

• 乁义对齐的人类价值如何定义？是全人类社会的价值还是某些国家和文化的价值？

• 如何将人类价值的文化差异性纳入乁义对齐框架中，使对齐的大语言模型支持不同的文化价
值？

• 如何确保在差异性背景下价值对齐的公平性，以保证少数群体的价值不被乁义模型忽视？

• 如何在乁义对齐框架中处理价值冲突问题？

• 如何在社会技术系统中避免大语言模型的价值对齐不被少数利益群体劫持？

• 如何评估乁义对齐对社会的影响？

以上仅列出部分社会挑战，这些挑战对乁义对齐的内在实现和外在部署均会形成影响，这就要求
大语言模型对齐不仅要从技术角度考虑如何实现，同时也要从大语言模型实际应用的社会环境
角度进行综合评估和规划。

除了以上乁义对齐的社会属性给乁义对齐研究带来社会挑战之外，乁义能力研究也会给乁义对齐研
究带来重大挑战。乁义对齐与乁义能力，两者关系如同硬币的正面和反面，一方面，乁义对齐研究
不仅可以为乁义能力的研究提供深刻洞见，而且也为乁义能力研究提供安全护栏，使其在风险可控
的条件下有序发展；另一方面，乁义能力研究也可以为乁义对齐研究提供技术手段和支持，但失衡
的乁义能力研究、过度的乁义能力研究，反而加速了乁义风险的累积，尤其是在乁义研究和应用极度竞
争的情形下，乁义研发机构和利益方可能更关注短期利益，把更多资源投入乁义能力研发，以获取
更快的利益回报和竞争优势。

除了社会挑战之外，乁义对齐研究面临巨大的技术挑战，其技术难度不亚于甚至远远超
过乁义能力研发的技术难度。乁义对齐至少面临以下几方面的技术挑战：
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• 如何设定（乓买乥乣乩书乹）乁义代理需要对齐的人类价值：一方面，人类价值具有多元化、结构复
杂、文化相关、不断演变等特点，造成其难以被明确定义；另一方面，人类价值是一个定
性的概念，而乁义代理常常需要一个可度量的定量优化目标。

• 如何优化乁义代理的目标：由于人类价值难以设定，乁义对齐通常优化人类价值的替代物
（乐乲乯乸乹），如从人类偏好中学习到的奖励函数。但是优化替代物是否就是优化乁义模型使
其逼近人类价值，这本身就是一个问题。另一方面，在优化过程中，如何避免模型对奖励
进行劫持或游戏也是具有挑战性的技术难题。

• 如何规避负面效果：如何防止乁义对齐损害乁义代理的能力（对齐税）？如何避免乁义代理产生
预期之外的行为？

• 如何应对未见情况：如何应对分布变化、对抗性攻击？

• 如何将乁义对齐扩展至更高级系统：乁义代理能力越强，使其与人类价值对齐的难度也越大，
如何使乁义对齐沿乁义能力增长曲线进行有效扩展，极具挑战性。

以上技术挑战是目前在对齐大语言模型等高智能的乁义代理中真实存在的技术难题，如果未
来乁乇义预期实现的话，第串节提到的安全探索、安全中断、自我修改、可修正性、价值学习等均
是乁义对齐要解决的重要技术挑战。

4 技技技术术术路路路线线线

针对乁义对齐，一些学者和研究机构陆续提出了对齐方法和提案（乐乲乯买乯乳乡乬）。乇乥乯下乲乥乹
义乲乶乩乮乧等人提出通过乜辩论（乄乥乢乡乴乥）丢的方式实现乁义对齐丨义乲乶乩乮乧 乥乴 乡乬丮丬 串丰丱丸丩，即在零和辩论游
戏的基础上，通过自我对局的方式训练乁义代理。对给定的问题或建议的行为，两个乁义代理轮流
做简短陈述，然后由人类判断哪个代理提供了最真实、最有用的信息。提出该方案的主要动机
是，对于复杂的任务，人类通常难以直接判断乁义代理的行为是否安全和有效，辩论方式使人类
可以在多步对局的环境中只需要简单的推理规则就可以判断真假。该方案于串丰丱丸年提出，当时
语言模型还不能有效捕获人类意图和指令并生成相应的回复，让乁义代理使用自然语言进行辩
论，在当时条件下难以实现。虽然目前的大语言模型已经具备使用自然语言交互的能力，但辩
论方案是否对大语言模型的对齐有效，仍然有待实验验证。

同在串丰丱丸年，乐乡乵乬 乃乨乲乩乳乴乩乡乮乯（前乏买乥乮乁义 语言模型对齐团队负责人、对齐研究
中心乁乒乃创始人）等人提出了乜迭代蒸馏和扩增（义乴乥乲乡乴乥乤 乄乩乳乴乩乬乬乡乴乩乯乮 乡乮乤 乁乭买乬乩丌乣乡中
乴乩乯乮，义乄乁）丢方案（又称为迭代扩增）丨乃乨乲乩乳乴乩乡乮乯 乥乴 乡乬丮丬 串丰丱丸丩，该方案同样是针对人类难
以在复杂任务上评测乁义代理的问题提出来的，即实现可扩展的监管。初始时，人类将知识蒸馏
给一个比自己弱的乁义代理，这个过程称为蒸馏（乄乩乳乴乩乬乬乡乴乩乯乮），接着人类可以使用蒸馏的乁义代
理辅助自己，得到扩增版的新代理，这个过程称为扩增（乁乭买乬乩丌乣乡乴乩乯乮）。以上蒸馏和扩增不
断迭代进行，在这个过程中，乁义代理的能力在不断增强，同时因为人类提供了对齐信号，其对
齐能力也在不断增强。
仍然是在串丰丱丸年，乊乡乮 乌乥乩乫乥（现乏买乥乮乁义对齐团队负责人）等人提出了乜递归奖励建模

（乒乥乣乵乲乳乩乶乥 乒乥乷乡乲乤 乍乯乤乥乬乩乮乧，乒乒乗）丢的对齐方案丨乌乥乩乫乥 乥乴 乡乬丮丬 串丰丱丸丩，该方案类似于前两
个方案，均是针对可扩展的监管问题。乒乒乗方案可看作是用奖励建模取代蒸馏模仿学习
的义乄乁，具体而言，奖励建模分为两步：（丱）从用户提供的对齐信号中学习奖励模型；（串）
用该奖励模型以强化学习方式优化乁义代理。在扩增步中，用户与强化学习优化的乁义代理交互形
成一个增强版的乁义代理，用于下一步的迭代。可以看出，乃乨乡乴乇乐乔所用的乜人类反馈强化学习
（乒乥乩乮书乯乲乣乥乭乥乮乴 乌乥乡乲乮乩乮乧 书乲乯乭 么乵乭乡乮 乆乥乥乤乢乡乣乫，乒乌么乆）丢方法丨乏乵乹乡乮乧 乥乴 乡乬丮丬 串丰串串丩实际就
是一个未递归的乒乒乗，即只进行了一步对齐学习，未进行迭代扩增。最近乏买乥乮乁义调集资源成
立乜超级对齐（乓乵买乥乲乡乬乩乧乮乭乥乮乴）丢团队，并提出了超级对齐方案6，该方案可看作是乒乌么乆的迭
代扩增版（结合了可解释性及对抗测试）。
以上仅仅介绍了三个不同的乁义对齐方案，这只是乁义对齐提案的一小部分而已，其他提案

还包括乜逆奖励设计（义乮乶乥乲乳乥 乒乥乷乡乲乤 乄乥乳乩乧乮）丢丨么乡乤丌乥乬乤中乍乥乮乥乬乬 乥乴 乡乬丮丬 串丰丱丷丩、乜协同式逆强化
学习（乃乯乯买乥乲乡乴乩乶乥 义乮乶乥乲乳乥 乒乥乩乮书乯乲乣乥乭乥乮乴 乌乥乡乲乮乩乮乧）丢丨么乡乤丌乥乬乤中乍乥乮乥乬乬 乥乴 乡乬丮丬 串丰丱丶丩等，限于篇

6https://openai.com/blog/introducing-superalignment
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幅，不逐一介绍。辩论、迭代蒸馏和扩增及递归奖励建模三个对齐方案除了都是针对可扩展的
监管之外，它们还有一个共同点，即均是进行外部对齐。乁义对齐领域近年来形成的一个重要共
识是，乁义对齐按照由外到内，包含外部对齐和内部对齐两部分。

• 外部对齐（乏乵乴乥乲 乁乬乩乧乮乭乥乮乴）：人类价值或预期目标与乁义模型训练目标之间的对齐，
即乁义代理的设计人员是否将人类价值丯预期目标转化对应到乁义代理的训练目标函数上。预
训练语言模型（未进行对齐训练）的目标函数是预测下一个单词，这个目标函数显然和人
类价值丯目标未对齐，因此，只是经过预训练的大语言模型，与人类价值未进行外部对齐，
其输出文本中存在具有社会伦理风险的内容、且通常难以捕获人类的意图。与此相反，人
类反馈强化学习乒乌么乆则进行了外部对齐，对齐的实际目标是人类价值、意图等，由于人
类价值丯意图很难量化定义（见第丳节）丬乒乌么乆采用了人类偏好作为人类价值丯意图的替代
物（乐乲乯乸乹）。为了实现外部对齐，乒乌么乆采用了模仿学习和强化学习。在模仿学习步骤中
（即有监督的微调（乓乵买乥乲乶乩乳乥乤 乆乩乮乥中乴乵乮乩乮乧，乓乆乔）），乒乌么乆提供与人类价值丯意图对齐
的样本作为示范供预训练的大语言模型进行模仿学习；在强化学习步骤中，乒乌么乆首先根
据人类偏好训练一个奖励函数，然后用该奖励函数通过强化学习进一步优化经过模仿学习
的大语言模型，使其进一步与人类价值丯意图对齐。

• 内部对齐（义乮乮乥乲 乁乬乩乧乮乭乥乮乴）：乁义代理真实优化的目标与人类赋予它的训练目标之间的
对齐，即在乁义代理训练过程中，其内部优化的目标与模型训练的目标函数一致。久乶乡乮
么乵乢乩乮乧乥乲等人首次提出内部对齐概念丨么乵乢乩乮乧乥乲 乥乴 乡乬丮丬 串丰丱丹丩。当一个被训练的模型（如
神经网络）本身是一个优化器（即其本身按照某种目标函数在可能的空间中进行搜索）
时，我们称之为内优化器（乍乥乳乡中乯买乴乩乭乩乺乥乲），而训练这个模型的学习算法则称为基优化
器（乂乡乳乥中乯买乴乩乭乩乺乥乲）。基优化器的目标函数称为基目标（乂乡乳乥中乯乢乪乥乣乴乩乶乥），内优化器的
目标函数则称为内目标（乍乥乳乡中乯乢乪乥乣乴乩乶乥），内部对齐便是当一个被训练的模型本身是一个
优化器时其基目标与内目标之间的对齐。基目标通常是模型设计人员定义的目标函数，而
内目标则通常是是内优化器内部为完成给定任务演化出来的工具性目标，也就是说，基目
标是模型设计人员定义和赋予的，内目标并不是设计人员指定的。久乶乡乮 么乵乢乩乮乧乥乲等人用
生物进化类比说明基目标与内目标的不对齐情况，生物进化的基目标是生物体与环境的包
容性遗传适应性（义乮乣乬乵乳乩乶乥 乇乥乮乥乴乩乣 乆乩乴乮乥乳乳 ），适应性强的生物体被进化基目标选择和保
留。作为生物进化出的特殊生物体的人类，其本身也是一个优化器。但是人类大脑的内目
标与生物进化的基目标可能并不一致，比如按照生物进化的基目标，人类应该尽可能多地
繁衍后代，但是很多人选择不生孩子。

久乶乡乮 么乵乢乩乮乧乥乲等人进一步指出，内优化器可能产生欺骗性对齐（乄乥乣乥买乴乩乶乥 乁乬乩乧乮乭乥乮乴）。
具体而言，内优化器演化出对基目标建模的能力，并知晓内优化器如果在基目标上表现差
就会被基优化器修改而不能完成其自身优化的目标，因此，内优化器将会激励自已不被修
改：在训练阶段表现出是在优化基目标函数，但一旦训练完成被部署时，由于被修改的风
险已解除，内优化器就会寻求自己的内目标。

上文提到乒乌么乆是一种外部对齐方法，该方法虽然对齐效果显著，但是该方法本身因为其
潜在的缺陷遭到了批评。对该方法的批评意见主要来自于两方面7：

• 乜强化学习丢（乒乌）部分：批评者认为乒乌么乆中强化学习会带来如下风险：

– 目标导向性：强化学习可能使大语言模型追求奖励而具有目标性；

– 工具趋同：强化学习可能使大语言模型形成工具性亚目标，已有工作丨乐乥乲乥乺 乥乴 乡乬丮丬
串丰串串丩发现，乒乌么乆增强了大语言模型追求自我保持的欲望（即不被关闭）；

– 激励欺骗性：经过乒乌么乆训练的大语言模型，参数规模越大，产生的回复与用户偏好
的回复一致的比例越高丨乐乥乲乥乺 乥乴 乡乬丮丬 串丰串串丩，即迎合用户的偏好。

• 乜人类反馈丢（么乆）部分：批评者认为乒乌么乆中的人类反馈存在以下缺陷：

– 人类反馈数据通常以人工方式收集，因此需要较高的成本，同时也存在引入错误或被
操纵的可能性；

7https://www.lesswrong.com/posts/d6DvuCKH5bSoT62DB/compendium-of-problems-with-rlhf
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– 乒乌么乆最终使用的是从人类反馈中学习到的奖励函数，是人类反馈的替代物，并非人
类反馈本身；

– 如前文所述，人类反馈未进行扩增，因此不能适应可扩展的监管（单纯的人类反馈无
法胜任复杂任务）。

除了上面提到的外部和内部对齐，乁义对齐还有一个重要问题要需要研究和解决，即可解释
性（义乮乴乥乲买乲乥乴乡乢乩乬乩乴乹）。可解释性的研究通常包括两部分丨乃乲乩乴乣乨 乡乮乤 之乲乵乥乧乥乲丬 串丰串丰丩：透明性
（乔乲乡乮乳买乡乲乥乮乣乹）和可说明性（久乸买乬乡乩乮乡乢乩乬乩乴乹），前者揭示乁义代理、大语言模型的内部运作机
理，后者说明乁义代理决策过程中的事实或反事实的依赖关系，即模型为什么产生这样的预测结
果或行为。相比而言，透明性更专注于模型内部，可说明性则通常是事后行为丨乌乩买乴乯乮丬 串丰丱丶丩。

可解释性研究，显然有助于乁义代理研发人员深入了解其研发的模型。对于乁义对齐，尤其
是内部对齐，可解释性不仅可以提供监测和洞见，而且其本身的评测指标也可以作为乁义对
齐优化的目标函数丨乃乲乩乴乣乨 乡乮乤 之乲乵乥乧乥乲丬 串丰串丰丩，以激励乁义模型保持目标透明性（乇乯乡乬 乔乲乡乮乳中
买乡乲乥乮乣乹）丨乁乭乯乤乥乩 乥乴 乡乬丮丬 串丰丱丶丩（避免欺骗性对齐）。

近年来，机械可解释性（乍乥乣乨乡乮乩乳乴乩乣 义乮乴乥乲买乲乥乴乡乢乩乬乩乴乹）成为乁义对齐可解释性研究的一个重
要方向，该可解释性研究旨在以逆向工程方式剖析乁义模型，尤其是黑盒子的神经网络模型。
由于大语言模型参数规模庞大，内在神经网络结构复杂，对其进行逆向工程，难度非常高，因
此，现阶段的机械可解释性通常是在简化的玩具模型上开展的。即便如此，机械可解释性近
几年仍然陆续揭示了神经回路8、归纳头（义乮乤乵乣乴乩乯乮 么乥乡乤，可用于解释语境学习（义乮中乃乯乮乴乥乸乴
乌乥乡乲乮乩乮乧））9等神经网络内部机理。

5 评评评测测测

上文提到大语言模型对人类社会存在近期和远期风险：社会伦理风险及通用人工智能安全
风险，而乁义对齐技术正是要避免这些风险，因此对乁义对齐的评测也主要从这两方面展开：社会
伦理对齐评测和通用智能安全评测。

5.1 社社社会会会伦伦伦理理理对对对齐齐齐评评评测测测

大语言模型生成的内容广泛出现于社交媒体、新闻媒体和在线平台，对人们的意见、观点
和决策产生影响。如果大模型的价值观与人类价值观不相符，其生成的内容可能传播有害、误
导性或偏见的信息，从而导致社会隔阂、歧视或其他负面后果。恶意行为者还可以利用大语言
模型制造虚假信息、进行网络欺诈或发动攻击。

因此，确保大语言模型输出及行为与人类伦理价值对齐至关重要，这是在真实应用场景中
部署和应用的大语言模型必须具备的能力。为了评估此能力，现有的研究考虑了多个与人类价
值对齐的标准，如真实性、偏见性和伦理性丨乁乳乫乥乬乬 乥乴 乡乬丮丬 串丰串丱主 乂乡乩 乥乴 乡乬丮丬 串丰串串丩。对于真实性，
可以利用对抗性问答任务（例如乔乲乵乴乨书乵乬乑乁 丨乌乩乮 乥乴 乡乬丮丬 串丰串丱丩）检测。偏见性主要指性别、种
族和年龄等方面的歧视，许多研究针对偏见的某一方面或多个方面建立了评估数据集。

尽管很多数据集提供了自动评估方法，但在伦理价值评测中，人工评估仍然是一种有效的
评测方法，因为许多偏见暗含在语言之中，仅凭现有的自动评估指标很难判定。

5.2 通通通用用用智智智能能能安安安全全全评评评测测测

前文提到，通用人工智能通常具有自我保持、自我增强、自主复制、资源获取等方面的特
征和趋势，因此，对以大语言模型为代表的乁义代理，需要进行通用智能安全方面的科学和综合
评测，以及时发现和防范潜在的风险。未经过通用智能安全评测或评测不达标的通用智能体，
为避免产生不可控的安全风险，应该由相关部门监督该智能体研发机构对其进行乁义对齐修复，
直至安全评测达标方可发放模型部署和应用许可证。

目前的大语言模型虽然能力还未达到乁乇义水平，但是相关的通用智能安全评测已
经开始。乏买乥乮乁义委托对齐研究中心乁乒乃对其研制的乇乐乔中临进行乜自主复制丢方面的对齐评
测，乁乒乃将自主复制（乁乵乴乯乮乯乭乯乵乳 乒乥买乬乩乣乡乴乩乯乮）定义为10：部署在云端的乁义代理获取相关

8https://distill.pub/2020/circuits/
9https://transformer-circuits.pub/2022/in-context-learning-and-induction-heads/index.html

10https://evals.alignment.org/
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资源（计算、资金等）并利用这些资源进行自我拷贝的能力。乁乒乃对此设计了相应的评测实
验，虽然未发现乇乐乔中临具备自主复制方面的能力，但他们警告大语言模型能力在持续提升中。

乁乮乴乨乲乯买乩乣、乓乵乲乧乥 乁义、及乍乡乣乨乩乮乥 义乮乴乥乬乬乩乧乥乮乣乥 乒乥乳乥乡乲乣乨 义乮乳乴乩乴乵乴乥三家单位联合对大语言模
型的行为进行了综合评测丨乐乥乲乥乺 乥乴 乡乬丮丬 串丰串串丩，评测用例由大语言模型本身生成，该评测不仅发
现了大语言模型在能力上存在逆扩展（义乮乶乥乲乳乥 乓乣乡乬乩乮乧 ）现象（即模型规模增大，某些能力反
而降低），而且发现乒乌么乆使大语言模型具有目标保持、资源获取的趋势。

6 未未未来来来趋趋趋势势势

未来几年，乁义和乌乌乍对齐将在多个方面取得重要进展和突破：

• 可扩展的监管：现阶段的乁义丯乌乌乍对齐研究虽然在大规模系统上取得了初步成效，但仍然
停留在乁义对齐的初步阶段，在人类难以企及的复杂任务上，虽然已经提出了相关的对齐方
案，但这些方案仍未进行大规模经验主义验证。未来将基于人机结合、多智能体结合方式
进行迭代扩增，实现可扩展的监管的突破。

• 欺骗性对齐的实验验证：现阶段的大语言模型虽然能力非常强，但仍没有达到欺骗性临界
点，未来大语言模型能力进一步发展，大型乁义研发机构和企业将会开展大规模实验，寻找
欺骗性对齐存在的蛛丝马迹，以便在其真正出现的时候做好应对准备。

• 机械可解释性：未来研究将会借鉴神经科学、心理学、脑科学相关理论和方法，对真实复
杂的大语言模型进行大规模逆向工程，揭示其内部工作机理，如功能性丯任务性神经回路
等。

• 乌乌乍对齐对大语言模型能力研究的反馈：大语言模型对齐的研究将会为大语言模型能力的
研究提供正反馈，帮助解锁大语言模型更多能力，未来大语言模型能力的提升可能不是来
自于模型、数据规模的单纯扩增，而是来自于对齐算法及其发现。

• 对齐评测：对齐研究离不开对齐评测，未来对齐评测将呈现从社会伦理评测向通用人工智
能安全评测发展的趋势。

7 结结结论论论

本文对乁义丯乌乌乍对齐研究进行了简要介绍，包括相关概念、挑战、技术路线、评测及未来
发展趋势。可以看出，为了避免大语言模型和通用人工智能目前的社会伦理风险及未来的人类
生存风险，其发展必须坚持乜智善一体化丢的原则，大力开展乁义丯乌乌乍对齐研究。对齐研究和大
模型能力研究并不矛盾，两者相辅相成，对齐研究为大语言模型能力的研究带来洞见，并进一
步推进大语言模型能力的研究。另一方面，乁义丯乌乌乍对齐研究非常具有挑战性，现阶段的研究
还未形成统一的科学研究范式，整个领域还处于前科学阶段，需要更多的研究人员、研究机构
投入其中，合力推动乁义安全与能力的协同发展。
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Abstract

From pre-trained language model (PLM) to large language model (LLM), the field of natural
language processing (NLP) has witnessed steep performance gains and wide practical uses. The
evaluation of a research field guides its direction of improvement. However, LLMs are extremely
hard to thoroughly evaluate for two reasons. First of all, traditional NLP tasks become inade-
quate due to the excellent performance of LLM. Secondly, existing evaluation tasks are difficult
to keep up with the wide range of applications in real-world scenarios. To tackle these problems,
existing works proposed various benchmarks to better evaluate LLMs. To clarify the numerous
evaluation tasks in both academia and industry, we investigate multiple papers concerning LLM
evaluations. We summarize 4 core competencies of LLM, including reasoning, knowledge, relia-
bility, and safety. For every competency, we introduce its definition, corresponding benchmarks,
and metrics. Under this competency architecture, similar tasks are combined to reflect corre-
sponding ability, while new tasks can also be easily added into the system. Finally, we give our
suggestions on the future direction of LLM’s evaluation.

1 Introduction

Large language models(LLMs) have achieved great progresses in many areas. One representative, Chat-
GPT0, which applies the ability of LLMs in the form of dialogue, has received much attention due to its
incredible versatility such as creative writing, coding, planning, etc. The evaluation of such a model thus
becomes necessary to benchmark and build up its ability while preventing potential harmfulness.

Existing works on the evaluation of LLMs can be divided into three paradigms. The first line of work
is evaluating LLMs with traditional NLP tasks like dialogue, summarization, etc. Since LLMs are ac-
tually pre-trained language models(PLMs) with huge model parameter size and data size (Kaplan et al.,
2020), benchmarks like GLUE (Wang et al., 2019b), SuperGLUE (Wang et al., 2019a) can be adopted to
evaluate its language understanding ability. The problem is that LLMs work really well on less restric-
tive tasks like translation, summarization, and natural language understanding tasks. Sometimes LLMs
generated outputs’ third-party scores are even higher than human generations (Liang et al., 2022), show-
ing the need for higher-quality tasks. Secondly, advanced ability evaluations are proposed to completely
test language models. The parameter size difference between LLMs and PLMs brings an amazing phe-
nomenon, emergence (Wei et al., 2022a; Srivastava et al., 2022), which means that scaled models exhibit
abilities that are not possessed in small-scaled language models. For instance, in tasks like reasoning,
and tool manipulation, the correlation curve between the number of model parameters and the task effect
is non-linear. And the effect will rise sharply when the model parameter exceeds a certain parameter
scale. They’re called ”advanced” because they’re more closely related to human abilities and harder for
models to complete (Zhong et al., 2023). Thirdly, test language models’ intrinsic abilities independent of
the specific tasks. It can be tested in parallel with almost every task above. Robustness is a classic ability

∗*Corresponding author
©2023 China National Conference on Computational Linguistics
Published under Creative Commons Attribution 4.0 International License

0https://openai.com/blog/chatgpt/
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in this paradigm. Due to the black-box nature of neural networks (Szegedy et al., 2014), robustness
problems exist for every modality of input data(vision, audio, test, etc.).

Current evaluation benchmarks (Liang et al., 2022; Srivastava et al., 2022; Gao et al., 2021; Zhong
et al., 2023; Li et al., 2023a) are mostly a mixture of the former three paradigms. They emphasize a
complete system of evaluation tasks, in which all tasks are of equal importance. But the significance of
marginal increases in model effects on tasks with excellent performance is debatable. Thus numerous
evaluation tasks and benchmarks are proposed to follow and challenge the ever-evolving LLMs, while,
oddly, seldom being reviewed in a systematic way. How to link numerous tasks and benchmarks, better
present the evaluation results, and thus facilitate the research of LLMs is an urgent problem.

An ideal large language model needs to be capable, reliable, and safe (Ouyang et al., 2022). One surely
needs extensive tests on multiple datasets to meet these miscellaneous standards. Moreover, to avoid the
prevalent training set leakage, test sets also should be updated regularly (Huang et al., 2023). This is
similar to the competency (Hoffmann, 1999) tests adopted in corporate recruitment. In competency
tests, different task sets are combined to test the corresponding competency. And task sets also need
renewal to prevent possible fraud.

In this survey, we draw on the concept of the core competency to integrate multiple evaluation
research for LLMs. We investigated 540+ tasks widely used in various papers, aggregating tasks corre-
sponding to a certain competency. During this process, 4 core competencies are summarized, including
knowledge, reasoning, reliability, and safety. We will introduce the definition, taxonomy, and metrics
for these competencies. Through this competency test, superabundant evaluation tasks and benchmarks
are combed and clarified for their aiming utility. Furthermore, the evaluation results presented with this
procedure will be direct, concise, and focused. Updated new tasks can also be added comprehensively.
To support the community in taking this competency test further, We also create an extensible project,
which will show the many-to-many relationship between competencies and tasks precisely. Due to the
length of the paper, we can only present part of the surveyed results in this paper. A more comprehensive
study will be released in a later version.

2 Core Competencies

In this section, we introduce the definition and taxonomy of the core competencies we summarized.

2.1 Knowledge

Knowledge is generally defined as the cognition of humans when practicing in the subjective and objec-
tive world, which is verified and can be reused over time1. The large language models (LLMs) nowadays
obtain human knowledge from a large scale of training corpus, so that it can use the knowledge to solve
various downstream tasks. In this section, we focus on the fundamental knowledge competency of LLMs
that facilitates communication and other downstream tasks (such as reasoning). Specifically, we divide
the fundamental knowledge into linguistic knowledge and world knowledge (Day et al., 1998) and
introduce the definitions of them and the benchmarks that can evaluate them.

2.1.1 Linguistic Knowledge Competency
Linguistic knowledge includes grammatical, semantic, and pragmatic knowledge (Fromkin et al., 2018).
The grammar of a natural language is its set of structural constraints on speakers’ or writers’ composi-
tion of clauses, phrases, and words. The term can also refer to the study of such constraints, a field that
includes domains such as phonology, morphology, and syntax, often complemented by phonetics, se-
mantics, and pragmatics. Semantic (Austin, 1975) studies the meaning of words, phrases, and sentences,
focusing on general meanings rather than on what an individual speaker may want them to mean. Prag-
matics (Austin, 1975) studies language use and how listeners bridge the gap between sentence meaning
and the speaker’s meaning. It is concerned with the relationship between semantic meaning, the context
of use, and the speaker’s meaning.

1https://plato.stanford.edu/entries/epistemology/
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Dataset Knowledge Category LLM evaluated Task Format Lang
BLiMP grammatical MT-NLG;BLOOM Classification En
linguistic mappings grammar/syntax Gopher;Chinchilla;FLAN-T5;GLM;etc. Generation En
minute mysteries qa semantic Gopher;Chinchilla;FLAN-T5;GLM;etc. Generation/QA En
metaphor boolean pragmatic/semantic Gopher;Chinchilla;FLAN-T5;GLM;etc. Classification En
LexGLUE domain BLOOM Multiple choice En
WikiFact world BLOOM Generation En
TruthfulQA world GPT-3/InstructGPT/GPT-4 Generation En
HellaSwag commonsense GPT-3/InstructGPT/GPT-4 Generation En

Table 1: Datasets that are used to evaluate the knowledge Competency of LLMs.

The Linguistic Knowledge competency is embodied in almost all NLP tasks, researchers usually de-
sign specific scenarios to test the linguistic competency of LLMs. Some examples are shown in the
upper group of Table 1. BLiMP (Warstadt et al., 2020) evaluates what language models (LMs) know
about major grammatical phenomena. Linguistic mappings 2 task aims to explore the depth of linguistic
knowledge in enormous language models trained on word prediction. It aims to discover whether such
knowledge is structured so as to support the use of grammatical abstractions, both morphological (past
tense formation and pluralization) and syntactic (question formation, negation, and pronominalization).
The minute mysteries qa 3 is a reading comprehension task focusing on short crime and mystery stories
where the goal is to identify the perpetrator and to explain the reasoning behind the deduction and the
clues that support it. The metaphor boolean 4 task presents a model with a metaphoric sentence and asks
it to identify whether a second sentence is the correct interpretation of the first. The last three are selected
from BIG-Bench (Srivastava et al., 2022), containing diverse task topics including linguistics.

2.1.2 World Knowledge Competency
World knowledge is non-linguistic information that helps a reader or listener interpret the meanings of
words and sentences (Ovchinnikova, 2012). It is also referred to as extra-linguistic knowledge. In this
paper, we categorize world knowledge into general knowledge and domain knowledge. The general
knowledge includes commonsense knowledge (Davis, 2014) and prevalent knowledge. The common-
sense knowledge consists of world facts, such as ”Lemons are sour”, or ”Cows say moo”, that most
humans are expected to know. The prevalent knowledge exists at a particular time or place. For ex-
ample, ”Chinese people are used to drinking boiled water.” is only known by a part of human beings;
”There were eight planets in the solar system” is prevalent knowledge until it is overthrown. The domain
knowledge (Alexander, 1992) is of a specific, specialized discipline or field, in contrast to general or
domain-independent knowledge. People who have domain knowledge, are often considered specialists
or experts in the field.

The bottom group of Table 1 shows some task examples that are used for testing world knowledge.
For example, the LexGLUE (Chalkidis et al., 2022) tests whether LLMs perform well in the legal do-
main; WikiFact (Yasunaga et al., 2022) is a fact completion scenario that tests language models’ factual
knowledge based on Wikipedia. The input will be a partial sentence such as “The capital of France is ”,
and the output will be the continuation of the sentence such as “Paris”; TruthfulQA (Lin et al., 2022b)
comprises questions spanning numerous categories including economics, science, and law. The ques-
tions are strategically chosen so humans may also incorrectly answer them based on misconceptions and
biases; language models should ideally return accurate and truthful responses; HellaSwag (Zellers et al.,
2019) tests commonsense inference and was created through adversarial filtering to synthesize wrong
answers. The World knowledge competency, along with linguistic knowledge, serves as the foundation
for solving different NLP tasks and is one of the core competencies of LLMs.

2.2 Reasoning
Reasoning competency is a crucial skill for LLMs to solve complex problems. What’s more, from the
perspective of intelligent agents, reasoning ability is also one of the core capabilities towards achieving

2https://github.com/google/BIG-bench/blob/main/bigbench/benchmark tasks/linguistic mappings
3https://github.com/google/BIG-bench/blob/main/bigbench/benchmark tasks/minute mysteries qa
4https://github.com/google/BIG-bench/tree/main/bigbench/benchmark tasks/metaphor boolean
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Dataset Reasoning Competency LLM evaluated Task Format Lang
COPA Causal/Commonsense* UL2;Deberta;GLaM;GPT3;PaLM;etc. Classification En
Mathematical Induction Induction/Mathematical* Gopher;Chinchilla;FLAN-T5;GLM;etc. Generation En
Synthetic Reasoning Abduction/Deduction HELM Multiple choice En
SAT Analogy Analogical GPT-3 Multiple choice En
StrategyQA Multi-hop/Commonsense* Gopher;Chinchilla;FLAN-T5;GLM;etc. Classification En
GSM8K Mathematical* BLOOM;LLaMA;GPT-4;MT-NLG Generation En
ToTTo Structured Data* UL2 Generation En

Table 2: Datasets that are used to evaluate the reasoning competency of LLMs. * represents a specific
reasoning scenario.

AGI (Bubeck et al., 2023; Qiao et al., 2022). However, there remains no consensus whether LLMs can
really reason, or just simply produce a larger context that increases the likelihood of correctly predicting
the missing tokens (Mialon et al., 2023). Although ”reasoning” itself may currently be an excuse of
language, we can still objectively verify the reasoning performance of LLMs through various reasoning
competencies. Previous methods mainly focus on the division of reasoning tasks. Yu et al. (2023) divides
existing evaluation tasks into three major categories, namely knowledge reasoning, symbolic reasoning,
and mathematical reasoning, based on the type of logic and evidence involved in the reasoning process.
Zhao et al. (2023) divides reasoning tasks into deductive reasoning and defeasible reasoning according
to the reasoning form. In this section, we decompose the reasoning competency into 6 sub-parts from
the perspective of model competency, providing a comprehensive overview of existing research efforts
and suggesting potential future directions. And Table 2 presents some datasets for evaluating LLM’s
reasoning competency using this categorization approach.

2.2.1 Causal Reasoning Competency
Causal reasoning competency is a highly significant cognitive ability aimed at inferring causality through
the observation of cause-effect relationships (Vowels et al., 2023; Dündar-Coecke, 2022; Chan et al.,
2023). It enables us to comprehend and explain the relationships between events, variables, and actions,
ultimately empowering us to make informed predictions and decisions (Gao et al., 2023).

The benchmarks Causal-TimeBank (Mirza et al., 2014), StoryLine (Caselli and Vossen, 2017), and
MAVEN-ERE (Wang et al., 2022c) aim to test the existence of causal relationships between two events
in sentences. COPA (Gordon et al., 2012) and XCOPA (Ponti et al., 2020) are evaluation benchmarks
for extracting causal relationships in sentences, consisting of a set of premises and possible causes or
effects. Tested systems are required to apply commonsense knowledge to identify the correct answers.
e-CARE (Du et al., 2022) and CALM-Bench (Dalal et al., 2023) introduce a set of causal querying
tasks to evaluate models, which include a cause and several potential effect sentences. Additionally, an
annotated and interpretable causal reasoning dataset is provided for these tasks.

2.2.2 Deduction Reasoning Competency
In the era of Large Language Models (LLMs), deductive reasoning abilities serve as the foundational
skills for logical reasoning (Evans, 2002). Unlike traditional rule-based deductive reasoning systems, it
involves deriving specific conclusions or answers from general and universally applicable premises using
given rules and logic. Specifically, it manifests as a process of Zero-Shot Chain-of-Thought utilizing
given rules (Lyu et al., 2023; Kojima et al., 2022). For instance, (Kojima et al., 2022) introduced the
“Let’s think step by step” prompt technique to better evaluate the Deduction Reasoning Competency.

Current testing of this ability often intertwines with other skills and still lacks an independent evalua-
tion on typical text (Clark et al., 2020) and symbol-related (Wu et al., 2021) deductive datasets. However,
in general, almost all QA tasks can be explicitly evaluated for Deduction Reasoning using the Chain-of-
Thought (CoT) approach. Therefore, the effectiveness of models’ Deduction Reasoning Competency can
be to some extent reflected by evaluating the performance of QA tasks after applying the CoT method.

2.2.3 Induction Reasoning Competency
In contrast to deductive reasoning, inductive reasoning aims to derive conclusions from specific obser-
vations to general principles (Yang et al., 2022; Olsson et al., 2022). In recent years, a new paradigm
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of Induction Reasoning has been proposed by (Cheng et al., 2023), which requires models to generate
general-purpose program code to solve a class of problems based on given contextual questions and a
specific question. For example, Cheng et al. (2023), Jiang et al. (2023) and Surı́s et al. (2023) induced
general principle-based solutions by generalizing each question into a universal executable language.

Therefore, for competency evaluation, while DEER (Yang et al., 2022) and Mathematical Induction
(BIGBench Split (Srivastava et al., 2022)) took the first step in inductive reasoning, we still hope to
establish a more systematic and comprehensive benchmark for evaluating this capability. Recently, Bills
et al. (2023) has tested the inductive ability of GPT-4 (OpenAI, 2023) to evaluate its effectiveness in
inducing patterns that are difficult for humans to express clearly. Intriguingly, Mankowitz et al. (2023)
used some techniques to evaluate the extent to which LLM can mine previously unknown patterns.

2.2.4 Abduction Reasoning Competency

Abduction Reasoning Competency encompasses the task of providing explanations for the output gen-
erated based on given inputs (Kakas and Michael, 2020). This form of reasoning is particularly critical
in scenarios where uncertainty or incomplete information exists, enabling systems to generate hypothe-
ses and make informed decisions based on the available evidence. Notably, the research conducted
by LIREx (Zhao and Vydiswaran, 2021) and STaR (Zelikman et al., 2022) delved into the Abduction
Reasoning Competency of models and demonstrated the effectiveness of rationales provided during the
Abduction Reasoning process in facilitating improved learning in downstream models.

In terms of datasets within the LLM setting, the benchmarks HUMMINGBIRD (Mathew et al., 2021)
and HateXplain (Hayati et al., 2021) require models to output word-level textual segments as explana-
tions for sentiment classification results. On the other hand, benchmarks such as WikiQA (Yang et al.,
2015), HotpotQA (Yang et al., 2018), and SciFact (Wadden et al., 2020) provide sentence-level coarse-
grained textual segments as explanations for model classification results. ERASER (DeYoung et al.,
2020) and FineIEB (Wang et al., 2022b) provide benchmarks for evaluating Abduction Reasoning with
diverse granularity explanations. Based on previous research, Synthetic Reasoning (Liang et al., 2022)
provides a comprehensive evaluation of both Deduction Reasoning and Abduction Reasoning Compe-
tency. Moreover, Hessel et al. (2022) introduced the first comprehensive multimodal benchmark for
testing Abduction Reasoning capabilities, providing a solid foundation for future advancements in this
domain. Recently, Bills et al. (2023) evaluate GPT-4 by observing the activation of neurons in GPT-2
and offering explanations for the GPT-2’s outputs. This research avenue also presents a novel approach
for exploring the future evaluation of Abduction Reasoning Competency.

2.2.5 Analogical Reasoning Competency

Analogy reasoning competency encompasses the ability of reasoning by identifying and applying simi-
larities between diverse situations or domains. It is based on the assumption that similar cases or objects
tend to exhibit common attributes or behaviors. By recognizing these similarities, analogy reasoning
enables systems to transfer knowledge or experience from one context to another (Sinha et al., 2019;
Wei et al., 2022b). This type of reasoning plays a vital role in problem-solving, decision-making, and
learning from past experiences. A typical example is In-Context-Learning (Dong et al., 2023), where the
model is required to perform analogical reasoning based on given contexts, which are evaluated based
on the final analogical results.

For a better assessment and understanding of the model’s analogical reasoning ability, Brown et al.
(2020) introduces SAT Analogies as a test to evaluate LLM’s analogical reasoning capabilities. In recent
years, Authorship Verification and ARC datasets (Srivastava et al., 2022) have also proposed evaluation
benchmark that involve presenting contextual examples and requiring the model to produce induced
pattern-compliant results. However, it should be noted that In-Context Learning (ICL) can be utilized for
almost all tasks, enabling the evaluation of models’ Analogical Reasoning Competency to some extent
through the assessment of their performance after undergoing ICL.
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2.2.6 Multi-hop Reasoning Competency
Multi-hop reasoning refers to the ability to combine and integrate information from multiple sources or
contexts to arrive at logical conclusions. This competency of reasoning enables systems to retrieve coher-
ent and comprehensive answers by traversing multiple pieces of information, thus performing complex
tasks of information retrieval, comprehension, and reasoning (Wang et al., 2022a; Qiu et al., 2019).

Currently, HotpotQA (Yang et al., 2018) serves as a commonly used dataset for multi-hop question
answering tasks. Expanding on this, Ye and Durrett (2022) introduced a new and demanding subset that
aimed to achieve a balance between accurate and inaccurate predictions using their model. Similarly,
StrategyQA (Geva et al., 2021) is another widely used benchmark for multi-hop question answering (Wei
et al., 2022b), where the required reasoning steps are implicit in the questions and should be inferred
using strategies.

2.2.7 Reasoning in Scenarios
Commonsense Reasoning Commonsense reasoning is crucial for machines to achieve human-like un-
derstanding and interaction with the world in the field of machine intelligence (Storks et al., 2019; Bhar-
gava and Ng, 2022). The ability to comprehend and apply commonsense knowledge enables machines
to make accurate predictions, engage in logical reasoning, and navigate complex social situations.

OpenBookQA (Mihaylov et al., 2018) provides a foundational test for evaluating Commonsense Rea-
soning abilities in the form of an open-book exam. Building upon this, CommonsenseQA (Talmor et
al., 2019) requires models to employ rich world knowledge for reasoning tasks. PIQA (Bisk et al.,
2020) introduces a dataset for testing models’ understanding of physical world commonsense reason-
ing. StrategyQA (Geva et al., 2021) presents a complex benchmark that requires commonsense-based
multi-step/multi-hop reasoning, enabling a better exploration of the upper limits of models’ Common-
sense Reasoning Competency. Currently, due to early research on LLM (Wei et al., 2022b), Common-
senseQA (Talmor et al., 2019) remains the most widely used benchmark for commonsense reasoning.

Mathematical Reasoning Mathematical reasoning competency is crucial for general intelligent sys-
tems. It empowers intelligent systems with the capability of logical reasoning, problem-solving, and
data manipulation and analysis, thereby facilitating the development and application of intelligent sys-
tems (Qiao et al., 2022; Mishra et al., 2022b; Mishra et al., 2022a).

Early evluation studies focused on small datasets of elementary-level mathematical word problems
(MWPs) (Hosseini et al., 2014), but subsequent research aimed to increase complexity and scale (Sri-
vastava et al., 2022; Brown et al., 2020). Furthermore, recent benchmarks (Mishra et al., 2022b; Mishra
et al., 2022a) have provided comprehensive evaluation platforms and benchmarks for mathematical rea-
soning abilities. GSM8K (Cobbe et al., 2021) aims to evaluate elementary school MWPs. Currently,
due to early research efforts on LLMs (Wei et al., 2022b), it remains the most widely used benchmark
for mathematical reasoning in the LLM evaluation. Moreover, There have been recent advancements
in evaluation research that explore mathematical reasoning competency integrating external knowledge,
leveraging language diversity for multilingual evaluation (Shi et al., 2023), and testing mathematical
reasoning on multi-modal setting (Lindström and Abraham, 2022), aiming to judge the broader data
reasoning capabilities of large language models (LLMs).

Structured Data Reasoning Structured data reasoning involves the ability to reason and derive in-
sights and answers from structured data sources, such as structured tabular data (Qiao et al., 2022; Li et
al., 2023b; Xie et al., 2022).

WikiSQL (Zhong et al., 2017) and WikiTQ (Pasupat and Liang, 2015) provide tables as input and
answer questions based on the additional input of questions. HybridQA (Chen et al., 2020b) and Mul-
tiModalQA (Talmor et al., 2021) propose benchmarks for hybrid Structure Reasoning by combining
structured table inputs with text (and even other modalities). Similarly, MultiWoZ (Budzianowski et al.,
2018), KVRET (Eric et al., 2017) and SQA (Iyyer et al., 2017) integrate table data into task-oriented
dialogue systems to generate more complex structures and output dialog-related classifications. Unlike
traditional QA, FeTaQA (Nan et al., 2021) requires free-form answers instead of extracting answer spans
from passages. ToTTo (Parikh et al., 2020) introduces an open-domain English table-to-text dataset for
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Structured Data Reasoning. Additionally, benchmarks such as TabFact (Chen et al., 2020a) and FEVER-
OUS (Aly et al., 2021) evaluate whether model statements are consistent with facts mentioned in struc-
tured data. In recent years, with a deeper focus on testing models’ mathematical abilities, TabMWP (Lu
et al., 2023) introduces a grade-level dataset of table-based mathematical word problems that require
mathematical reasoning using both text and table data.

2.3 Reliability

Reliability measures to what extent a human can trust the contents generated by a LLM. It is of vital
importance for the deployment and usability of the LLM, and attracts tons of concerns along with the
rapid and astonishing development of recent LLMs (Weidinger et al., 2021; Wang et al., 2022d; Ji et
al., 2023; Zhuo et al., 2023). Lots of concepts are closely related to reliability under the context of
LLM, including but not limited to hallucination, truthfulness, factuality, honesty, calibration, robustness,
interpretability (Lee et al., 2018; Belinkov et al., 2020; Evans et al., 2021; Mielke et al., 2022; Lin et al.,
2022b). Reliability also overlaps with the safety and generalization of a LLM (Weidinger et al., 2021).
In this section, we will give an overview of two most concerned directions: Hallucination, Uncertainty
and Calibration.

2.3.1 Hallucination
Hallucination is a term often used to describe LLM’s falsehoods, which is the opposite side of truth-
fulness or factuality (Ji et al., 2023; OpenAI, 2023; Bubeck et al., 2023). Hallucination is always cat-
egorized into intrinsic (close domain) hallucination and extrinsic (open domain) hallucination (Ji et al.,
2023; OpenAI, 2023). Intrinsic hallucination refers to the unfaithfulness of the model output to a given
context, while extrinsic hallucination refers to the untruthful contents about the world generated by the
model without reference to a given source.

Early research on hallucination mainly focused on the intrinsic hallucination and lots of interesting
metrics were proposed to evaluate the intrinsic hallucination level of a PTM (Ji et al., 2023). However,
Bang et al. (2023) claimed that intrinsic hallucination was barely found after conducting a comprehen-
sive analysis of ChatGPT’s responses. Hence for LLM, the extrinsic hallucination is of the greatest
concern. To evaluate the extrinsic hallucination potential of a LLM, a common practice is to leverage
knowledge-intensive tasks such as Factual Question Answering (Joshi et al., 2017; Zheng et al., 2023) or
Knowledge-grounded Dialogue (Dinan et al., 2019b; Das et al., 2022). TruthfulQA (Lin et al., 2022b) is
the most popular dataset used to quantify hallucination level of a LLM. This dataset is adversarially con-
structed to exploit the weakness of LLM, which contained 817 questions that span 38 categories. OpenAI
(2023) leveraged real-world data flagged as non-factual to construct an adversarial dataset to test GPT-
4’s hallucination potential. BIG-bench (Srivastava et al., 2022), a famous benchmark to evaluate LLM’s
capabilities, also contains many sub-tasks on factual correctness including TruthfulQA. Although most
of these tasks are multiple choices or classification in a fact verification(Thorne et al., 2018) manner, they
are closely associated with truthfulness and can be regarded as a generalized hallucination evaluation.

2.3.2 Uncertainty and Calibration
A reliable and trustworthy Language model must have the capability to accurately articulate its level
of confidence over its response, which requires the model to be aware of its uncertainty. A model that
can precisely measure its own uncertainty is sometimes called self-aware, honesty or known-unknown
(Kadavath et al., 2022; Yin et al., 2023). In general deep learning applications, calibration concerns
about the uncertainty estimation of a classifier. Output probability from a well-calibrated classifier are
supposed to be consistent with the empirical accuracy in real world (Vaicenavicius et al., 2019). HELM
(Liang et al., 2022) treated calibration as one of general metrics and comprehensively evaluated the
calibration degree of many prevailing models on multiple choice and classification tasks. (OpenAI,
2023) also showed that GPT-4 before RLHF was well-calibrated on multiple choice tasks, although the
decent calibration degree was compromised significantly by post-training.

when it comes to free-form generation, it’s a different story. Kuhn et al. (2023) pointed out that seman-
tic nature of language and intractable output space guaranteed the uniqueness of free-form generation.
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Dataset Safety Category LLM evaluated Task Format Lang
RealToxicityPrompts Harmful Contents InstructGPT;LLaMA;Flan-PaLM;GPT-4;BLOOM Generation En
BAD Harmful Contents - Generation En
CrowS-Pairs Social Bias LLaMA;MT-NLG;InstructGPT;Pythia Generatio En
French CrowS-Pairs Social Bias MT-NLG Generation Fr
StereoSet Social Bias - Multiple choice En

Table 3: Datasets used to evaluate the safety competency of LLMs.

They proposed an algorithm to cluster model outputs and then estimate the model uncertainty. Mielke et
al. (2022) claimed that models always express confidence over incorrect answers and proposed the notion
of linguistic calibration, which teached models to verbally express uncertainty rather than estimating a
probability. Lin et al. (2022a) trained models to directly generate predicted uncertainty probability in nat-
ural language. Yin et al. (2023) proposed the SelfAware dataset which contains unanswerable questions
and used the accuracy of model rejection as a measure of uncertainty.

2.4 Safety

As the LLMs rapidly penetrate into the manufactural and interactive activities of human society, such
as LLM-based poem-template generators and chatting robots, the safety concerns for LLMs gain much
attention nowadays. The rationales of LLMs are statistics-based, and this inherent stochasticity brings
limitations and underlying risks, which deeply affect the real-world deployment of LLMs. Some datasets
are proposed to evaluated the safety of LLMs (Table 3), however, the corresponding validity and authority
of the safety judgement are inadequate as the current evaluative dimensions are not sufficient (Waseem
et al., 2017; Weidinger et al., 2021) and the perception of safety is highly subjective (Kocoń et al., 2021;
Weidinger et al., 2021). To this end, based on our survey on relevant papers, we propose a comprehensive
perspective on the safety competency of LLMs, ranging from harmful contents to the ethical considera-
tion, to inspire the further developments towards the techniques and evaluations of LLMs safety.

2.4.1 Harmfulness
The harmful contents include the offensive language or others that have the explicit harm towards the
specific object, such content that has been widely discussed. However, there is not a unified definition
of the constitution of harmful contents, based on our surveys, we conclude the relevant themes into
five aspects, including offensiveness, violence, crime, sexual-explicit, and unauthorized expertise. Many
researches focus on the language detection for the outputs of LLMs to ensure the harmlessness (Wulczyn
et al., 2017; Davidson et al., 2017; Zampieri et al., 2019; Dinan et al., 2019a), while other techniques
are proposed to stimulate LLMs to generate safe outputs directly (Krause et al., 2021; Atwell et al.,
2022). For the unauthorized expertise, a general LLM should avoid any unauthorized expertise before the
establishment of accountability system (Sun et al., 2022), which involves the psychological orientation
and any medical advice. Besides, the impact of conversation context on safety gains more attention
recently, as a results, detective and generative algorithms base on the context are proposed successively
(Dinan et al., 2019a; Baheti et al., 2021; Dinan et al., 2022). RealToxicityPrompts (Gehman et al., 2020)
is a dataset derived from English web texts, where prompts are automatically truncated from sentences
classified as toxicity from a widely-used toxicity classifier. RealToxicityPrompts consists of 100K natural
prompts, with average 11.7 tokens in length. BAD (Xu et al., 2021) is a dataset collected by the human-
in-the-loop strategy, where crowdworkers are ask to prob harmful model outputs. BAD consist of 5k
conversations with around 70k utterances in total, which could be used in both non-adversarially and
adversarially testing the model weakness.

2.4.2 Unfairness and Social Bias
Unfairness and social bias present more covertly and widely for LLMs. Following the previous studies,
we conclude that social bias is an inherent characteristic of a LLM, which mainly embody in the dis-
tribution difference of a LLM in language selection based on different demographic groups. Compared
to the social bias, unfairness is the external form, which reflected in the output performance of specific
tasks, for example, the African American English (AAE) is frequently mis-classified as the offensive lan-
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guage by some language detector (Lwowski et al., 2022). However, issues of unfairness and social bias
are inevitable as they are widely distributed in human languages, and LLMs are required to memorize
language as accurately as possible in the training stage (Weidinger et al., 2021). With respect to evaluate
this important aspect, CrowS-Pairs (Nangia et al., 2020) is benchmark proposed to evaluating social bias.
There are 1508 examples in CrowS-Pairs that involves nine types of social bias, like gender, race, and
Nationality. StereoSet (Nadeem et al., 2021) is a dataset that could be used to evaluate social bias level
in both word-level and sentence level, which examples are in four domains: race, gender,religion, and
profession. For the StereoSet, the bias level is computed by the difference between model generation
probabilities of biased and anti-biased sentence.

2.4.3 Others
As current algorithms for model safety based on the human perception, there is still no golden standard-
ized judgement for LLMs to refer to, especially when a judgement is highly various across societies. It
is necessary to align LLMs with the morality, ethics, and values of human society. More and more works
focus on reifying this abstract concept into textual data recently, for example, Sap et al. (2020) proposal
an implicit reasoning frame to explain the underlying harm of the target language. Besides, other works
leverage rule-of-thumb (RoT) annotations of texts to support the judgement (Forbes et al., 2020; Ziems
et al., 2022). However, current works in this area are neonatal, and we could expect more related works
in the future.

Besides, we are also concerned about the privacy and political risks of LLMs. Since the LLMs are
trained on vast corpus collected from books, conversations, web texts and so on, the privacy safety of
LLMs arouses people’s concern. These training texts might contain the private or sensitive information
such as personal physical information, home address, etc. Many studies indicate LLMs are brittle under
attacks, leaking the sensitive information unintentionally (Carlini et al., 2020; Li et al., 2022). Therefore,
it is essential to test the privacy protection ability of a LLM. Moreover, the politics ignorance is also
intractable for a LLM. The politics-related risk mainly stems from the composition of the training corpus.
Texts in the corpus are derived from different language and social environments (usually the larger the
more diversified), and different countries have different political prudence and stance, which brings
additional risks to the wide deployment of a LM.

3 Future Directions

In this section, we outline some other competencies that are important for evaluating LLMs.

3.1 Sentiment
It is crucial to equip LLMs with the ability to understand and generate sentiments. As an indispensable
factor in human life, sentiments are widely present in daily chats, social media posts, customer reviews,
and news articles (Liu, 2015). Through the comprehensive research and high-level summary of the liter-
ature related to sentiments, we introduce the sentiment competency of LLMs in two aspects: sentiment
understand and sentiment generation.

3.1.1 Sentiment Understand
Sentiment understand mainly involves the understanding of opinions, sentiments and emotions in the
text (Liu, 2015). Representative tasks that reflect this competency include sentiment classification (SC),
aspect-based sentiment analysis (ABSA), and multifaceted analysis of subjective texts (MAST). SC aims
at assigning pre-defined sentiment classes to given texts. The typical datasets include IMDB (Maas et
al., 2011), SST (Socher et al., 2013), Twitter (Rosenthal et al., 2017), Yelp (Zhang et al., 2015). ABSA
focuses on identifying the sentiments of specific aspects in a sentence (Zhang et al., 2022), and the
most widely used datasets are the SemEval series (Pontiki et al., 2014; Pontiki et al., 2015; Pontiki
et al., 2016). MAST are tasks that involve the finer-grained and broader range of human subjective
feelings (emotions (Sailunaz et al., 2018), stance (Küçük and Can, 2021), hate (Schmidt and Wiegand,
2017), irony (Zeng and Li, 2022), offensive (Pradhan et al., 2020), etc.) (Poria et al., 2023). Given
that MAST includes a wide range of tasks, the datasets are not listed here in detail. Among them, the
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commonly used evaluation metrics for the above tasks are accuracy and F1 score (micro or macro).
Some preliminary empirical studies (Zhang et al., 2023; Wang et al., 2023) indicate that LLMs can
significantly improve performance on these tasks in few-shot learning settings. LLMs have the potential
to be a general solution without designing different models for various tasks. Therefore, the sentiment
understand competency of different LLMs deserves comprehensive exploration and empirical evaluation.
To evaluate the performance of this competency, we can utilize multiple domain-specific datasets or
choose the comprehensive benchmark (Srivastava et al., 2022; Liang et al., 2022).

3.1.2 Sentiment Generation
We categorize sentiment generation into two manifestations. One is to generate text that contains senti-
ments, and the other is to generate text that elicits sentiments. The former requires specifying the desired
sentiment, and the latter requires a combination of commonsense knowledge (Speer et al., 2017; Hwang
et al., 2021) or theory of mind (Sodian and Kristen, 2010). A classic application scenario is in open-
domain dialogue, specifically, emotional dialogue (Zhou et al., 2018), empathetic dialogue (Rashkin et
al., 2019), and emotional support conversation (Liu et al., 2021). To measure the quality of the generated
text, it is necessary to employ both automatic metrics (such as sentiment accuracy, BLEU (Papineni et
al., 2002), perplexity) and human evaluations (human ratings or preference tests). Currently, no work
has comprehensively explored this aspect, but it is an essential path towards artificial general intelligence
(AGI) (Bubeck et al., 2023).

3.2 Planning

Planning is the thinking before the actions take place. Given a specific goal, planning is the process to
decide the means to achieve the goal. There’re few works (Valmeekam et al., 2023; Valmeekam et al.,
2022; Pallagani et al., 2023; Huang et al., 2022) that look at the planning ability of LLMs. Some of
them focus on commonsense areas (Huang et al., 2022) like wedding or menu planning. Others adopted
automated planning problems, formal language translators, and verifiers to automatically evaluate LLMs’
competency(Valmeekam et al., 2023). With PDDL 5 represented problem descriptions and the translation
of such problems into text and back, LLMs can thus sequence a series of actions to reach the planning
goal. Whether the planning purpose is achieved can be easily verified via automatic verifiers. Possessing
web-scale knowledge, LLMs have great potential for executing planning tasks or assisting planners.

3.3 Code

Coding competency is one of the advanced abilities of LLMs. LLMs with this competency can not only
perform program synthesis but also possess the potential of self-evolving. Technically, all of the tasks
involved with code like code generation and code understanding need this competency. In oracle manual
evaluation, prominent LLMs like ChatGPT are capable of up to 15 ubiquitous software engineering tasks
and perform well in most of them (Sridhara et al., 2023). The most explored evaluation task in coding
competency would be program synthesis, where program description and function signature are given for
its code implementation. One of the most pioneering benchmarks in program synthesis, HUMANEVAL
(Chen et al., 2021), consists of 164 pairs of human-generated docstrings and the associated unit tests to
test the functional correctness of model generation. However, with the worry of insufficient testing and
the imprecise problem description (Liu et al., 2023), existing LLM-for-code benchmarks still have lots
of room for improvement.

4 Conclusion

This survey provides a comprehensive review of various literature for the evaluation of LLMs. We ag-
gregate different works with their intended competencies. Some of the competencies(reasoning, knowl-
edge) already have holistic evaluation benchmarks, while others(planning, coding) still face disparate
challenges. The goal of this paper is to comb the numerous work concerning LLMs’ evaluation through
the lens of the core competencies test. Lighten the cognitive load for assimilating numerous evaluation

5Planning Domain Definition Language, a formal language used to describe classical planning problems.
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works due to the various functions of LLMs. In doing so, we have also identified the challenge faced by
each competency, looking forward to alleviating it in the future.
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Avidan, Gabriel J. Brostow, Moustapha Cissé, Giovanni Maria Farinella, and Tal Hassner, editors, Computer
Vision - ECCV 2022 - 17th European Conference, Tel Aviv, Israel, October 23-27, 2022, Proceedings, Part
XXXVI, volume 13696 of Lecture Notes in Computer Science, pages 558–575. Springer.

Terrence Hoffmann. 1999. The meanings of competency. Journal of european industrial training, 23(6):275–286.

Mohammad Javad Hosseini, Hannaneh Hajishirzi, Oren Etzioni, and Nate Kushman. 2014. Learning to solve
arithmetic word problems with verb categorization. In Alessandro Moschitti, Bo Pang, and Walter Daelemans,
editors, Proceedings of the 2014 Conference on Empirical Methods in Natural Language Processing, EMNLP
2014, October 25-29, 2014, Doha, Qatar, A meeting of SIGDAT, a Special Interest Group of the ACL, pages
523–533. ACL.

Wenlong Huang, Pieter Abbeel, Deepak Pathak, and Igor Mordatch. 2022. Language models as zero-shot plan-
ners: Extracting actionable knowledge for embodied agents. In Kamalika Chaudhuri, Stefanie Jegelka, Le Song,
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Abstract

Pre-training techniques have enabled foundation models (such as BERT, T5, GPT) to achieve
remarkable success in natural language processing (NLP) and multimodal tasks that involve text,
audio and visual contents. Some of the latest multimodal generative models, such as DALL·E
and Stable Diffusion, can synthesize novel visual content from text or video inputs, which greatly
enhances the creativity and productivity of content creators. However, multimodal AI also faces
some challenges, such as adding new modalities or handling diverse tasks that require signals
beyond their understanding. Therefore, a new trend in multimodal AI is to build a compositional
AI system that connects existing foundation models with external modules and tools. This way,
the system can perform more varied tasks by leveraging different modalities and signals. In
this paper, we will give a brief overview of the state-of-the-art multimodal AI techniques and the
direction of building compositional AI systems. We will also discuss the potential future research
topics in multimodal AI.

1 Introduction

Large language models (LLMs) have achieved great success in natural language processing (NLP). These
models (e.g., BERT (Devlin et al., 2019), T5 (Raffel et al., 2020) and GPT (Brown et al., 2020)) can learn
general data representations and commonsense knowledge from large-scale corpora using self-supervised
learning tasks (such as masked language modeling or next token prediction). The learned models can be
further fine-tuned on downstream tasks and obtain superior performance on them.

The success of LLMs has also been extended to other non-language domains, such as computer vision
or speech processing. The convergence of these techniques on different types of data makes “multimodal
AI” the hottest direction in the AI community.

This paper aims to briefly summarize the latest trends of multimodal AI research. In short, there are
three trends as follows: (1) the underlying architectures of models for different modalities are converging;
(2) the focus of multimodal AI research is shifting from multimodal understanding models to multimodal
generation models; (3) single multimodal models have shown limitations and they are still far from
covering diverse tasks using data with different modalities, and connecting LLMs with external tools
and models to complete more tasks is becoming the new AI paradigm. We will introduce these three
trends in Sections 2, 3 and 4, respectively. In Section 5, we will discuss the possible future directions of
multimodal AI.

2 The Convergence of Model Architecture

The architecture of models for different modalities is becoming more similar in the era of LLMs. Trans-
formers are widely used in text, code, visual and audio scenarios to support understanding and generation
tasks. For instance, the latest LLMs like ChatGPT or GPT-4 have integrated text and code in a single
model, which can support text-only, code-only, text-to-code and code-to-text generation tasks. Multi-
modal generation models like DALL·E (Ramesh et al., 2021) and NUWA-Infinity (Wu et al., 2022) are
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Figure 1: Overview of visual-language models.

also trained based on auto-regressive models like GPT models for image and video generation tasks.
VALL-E (Wang et al., 2023) can leverage strong in-context learning capabilities and can be applied
for zero-shot cross-lingual text-to-speech synthesis and zero-shot speech-to-speech translations, which
is also based on Transformer and GPT-like models. Moreover, we also observed that diffusion mod-
els are widely used in content generation tasks as well, such as DALL·E 2 (Ramesh et al., 2022) and
Stable Diffusion (Rombach et al., 2022) for visual generation, NaturalSpeech 2 (Shen et al., 2023) for
speech generation. But there is also another research thread that aims to unify different types of gener-
ation models using diffusion models, which can be also seen as an indication of the model architecture
convergence.

Due to the different basic units, data formats, and structures of the contents in different modalities,
there is still no universally agreed model architecture for multimodal AIs. However, such convergence is
definitely a clear trend in the AI community.

3 From Visual-Language Understanding to Visual Generation from Language

Visual-Text (VL) pre-trained models are the most representative multimodal AIs. The goal of such mod-
els is to learn the representations of texts and visuals jointly and support VL tasks such as image retrieval,
visual question answering, or text-based image generation. In the past several years, the research focus
has shifted from VL understanding tasks to visual generation tasks. Therefore, in this section, we will
first review the progress of VL understanding models and then review the latest development of visual
generation models from texts.

3.1 Visual-Language Understanding

There are 3 key differences between different VL understanding models.
First, how to represent visual inputs. Different VL understanding models use different granularity

to represent visual contents, such as pixels, objects and patches of the images or videos. The most
commonly used granularity recently is patches.

Second, how to generate visual representations. Some models use CNN-style models such as ResNet
or Faster R-CNN, while other models use Transformers such as ViT (Dosovitskiy et al., 2021), Swin
(Liu et al., 2021), etc.

Third, how to fuse the representations from text and visual inputs. There are several ways for this
task. For example, CLIP (Radford et al., 2021) model uses a simple dot-product component in the
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Figure 2: Overview of auto-regressive model.

fusion, which makes the computation cost very low and the resulting framework very effective in the
image-text matching task. Some early VL understanding models (Unicoder-VL (Li et al., 2019), M3P
(Ni et al., 2019), Uniter (Chen et al., 2020), etc.) used Transformers to further fuse the text and visual
representations. Mixture-of-Experts are used to fuse representations from different input modalities as
well, such as VLMo (Bao et al., 2022), which makes the model parameters for different modalities
more tunable. Some recent work, such as BridgeTower (Xu et al., 2023) and ManagerTower (Xu et
al., 2023), leveraged the text or visual representations from different layers to generate better uni-modal
representations for the later VL understanding tasks.

In summary, using patches as the visual representation units and using Transformer to fuse text and
visual representations is the current state-of-the-art VL pre-trained model setting. Besides images, video
understanding is also very important for the development of many future AI systems. Currently image-
based visual models are efficiently used in the video models. However, it is straightforward to leverage
the large-scale video corpus directly in the future, which can train more powerful multimodal AI models
for video-related tasks.

3.2 Visual Generation from Language

Currently, there are two typical text-based visual generation methodologies.
The 1st generation methodology is based on VQGAN (Yu et al., 2022) and autoregressive model.

In VQGAN, an encoder can transform each image into discrete visual tokens. Each visual token is an
integer code coming from a codebook and represents the content appeared in the corresponding image
region. For example, the image region at the top-left corner is represented by a visual token whose ID
is 31. Based on these visual tokens, a decoder can reconstruct the original image. It means if a natural
language sentence can be translated into a visual token sequence, the VQGAN decoder can simply use
the sequence to generate an image that reflects the meaning of the input sentence. This is exactly what
DALL E (Ramesh et al., 2021) and Parti (Yu et al., 2022) do in their text-to-image generation procedures.
In such models, a text encoder first encodes each natural language description into text embeddings and
then a vision decoder follows an autoregressive formulation to generate visual tokens in a left-to-right
order. This is similar to the typical text generation procedure in many NLP tasks such as machine
translation or text summarization, where each word is generated based on all previous words already
generated. Last, the pre-trained VQGAN decoder will generate an image based on the predicted visual
tokens and a super-resolution model can further up-sample the output image to a bigger resolution. This
methodology has its own pros and cons: thanks to the autoregressive mechanism, these models can
capture the dependencies between generated visual tokens and also support variable-length generation
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Figure 3: Overview of diffusion model.

tasks. But such generation process is not computationally efficient, as all tokens are generated one after
one, instead of concurrently.

The 2nd way to generate images from text is to use diffusion models. Diffusion models work by adding
noise to an image and then learning to remove the noise and recover the original image. This is called
the forward and reverse diffusion processes. The reverse diffusion process can also use text or image
as a condition to guide the image reconstruction. In diffusion model-based methods, a text encoder first
turns text into embeddings. Then a reverse diffusion process uses noise and the text embedding to create
output images. Some methods, like DALL E 2, also use a prior model to create an image embedding
from the text embedding and use it as a condition for the reverse diffusion process to increase the image
variety. Finally, a super-resolution model is used to make the output image bigger. Unlike autoregressive
models, diffusion models are fast, because they can create the image at each time step at the same time.
But they are not good at capturing the relationships between different parts of the image. They also
cannot generate images of different sizes, because the image size is fixed beforehand.

To overcome the fixed-size limitation of diffusion models, NWUA-Infinity (Wu et al., 2022) proposed
a method that can generate high-quality images and videos with any resolution, by creating them patch
by patch. Given a text input and a resolution, a module called Arbitrary Direction Controller (or ADC)
first decides the order of patch generation. Based on this order, NUWA-Infinity will create each patch one
after another in the patch-level. For example, when it creates patch 13, a module called Nearby Context
Pool (or NCP) first collects patch 7, 8, 9 and 12 as the context, because they are close to patch 13 within
a certain distance. Then the vision decoder will create visual tokens for patch 13 based on these context
patches and VQGAN decoder will create the corresponding image for patch 13. Because the vision
decoder uses the nearby patches as its context when it creates each patch, the patches look smooth and
natural when they are put together. This is how NUWA-Infinity can make the final image from all the
patches. Also, because the number of context patches in NCP is small, as the model will discard those
irrelevant patches during the generation process, the computation cost of the local autoregressive model
can be greatly reduced, as it doesn’t need to consider all patches created before. In this way, NUWA-
Infinity can create the remaining patches and get the complete image output. NUWA-Infinity can also
generate videos. The main difference from image generation is that the context patches in NCP come
from both the current video frame and the previous video frames. For example, when NUWA-Infinity
wants to create patch 14 in the second video frame, the context patches in NCP will include patch 1 to
patch 9 from the first video frame and patch 10 to patch 13 from the second video frame. After patch 14
is created, it will be added to NCP as a new context and patch 1 will be removed from NCP as it has no
impact on the future patches.
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Figure 4: Overview of NUWA-Infinity for text-based image generation.

Figure 5: Overview of NUWA-XL for text-based extreme-long video generation.

NUWA-Infinity can create images and videos of different lengths with the auto-regressive over auto-
regressive generation method. But auto-regressive models have some drawbacks, such as (1) they are
very expensive to train and use; (2) they have error propagation problems that affect the generation
quality; (3) they are not good at creating different scenes between images, which is important for video
generation as scenes change often in video contents.

To solve these problems, NUWA-XL (Yin et al., 2023) proposed a diffusion over diffusion framework,
which uses diffusion models in different levels to create long-videos in a fine-to-coarse way. In the first
level, a diffusion model creates the key frames, which have enough scene changes and also keep the
visual consistency between different video frames. In the second level, another diffusion model creates
in-between video frames between any two adjacent video frames created in the first level. In the third
level, a third diffusion model creates more in-between video frames between the adjacent video frames.
By doing this, NUWA-XL can create very long videos efficiently and reduce the error propagation issue.
Of course, the total scene length is still determined by the first level diffusion model, but creating a good
key frame scene is much easier than creating the whole video at once.
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Figure 6: Overview of Visual ChatGPT v1.

4 From Single AI to Compositional AI

Single AI models have obvious limitations. First, it is difficult to include a new modality in an existing
multimodal model. This is because adding a new modality needs not only new data with this modality,
but also training the model from scratch. So it requires a lot of work on data quality and computing
resources, especially GPUs. Second, it is difficult to make a single AI model handle different tasks,
even the most advanced LLMs like GPT-4 are not capable of this. This is because a single model is
constrained by the current abilities and the predefined modalities.

Therefore, the community is starting to investigate compositional AI (Liang et al., 2023) as a possible
new AI paradigm. This involves using and coordinating multiple AI modules with different functions to
solve complex problems. Such systems can show new abilities that are beyond what any single module
can do. We have seen some examples of this direction in the recent developments of LLMs, from single
LLMs, to LLMs with expert sub-modules and the latest trend of combining LLMs with other tools and
models to achieve more difficult tasks that are out of the scope of the original LLMs.

The benefits of compositional AI are quite obvious. First, it allows more control over the system’s
abilities by composing modules with specific functions. Second, it improves the system’s interpretability
and lowers the chance of hallucination by having clear definitions of modules. Third, it improves the
system’s continual learning ability and avoids the problem of catastrophic forgetting by not needing to
update all modules in each new training stage. Fourth, it makes data collection and training easier for
modules with simple skills. Fifth, it lowers data annotation and training costs by not needing to update
all modules.

There are two ways to create compositional AI systems from multimodal tasks. First, LLMs can be
integrated with external tools using fixed prompts, which can make the LLMs show new abilities on doing
different multimodal tasks. Second, LLMs can be connected with new AI modules with specific functions
using learnable parameters instead of fixed prompts. This soft connection can transfer information in
different modalities in a smooth way and enable better multimodal abilities. Also, as only the learnable
connectors are optimized during training with the original LLMs and other AI modules fixed, such system
can quickly include new modalities in the system with low computation cost.

CC
L 
20
23

Proceedings of the 22nd China National Conference on Computational Linguistics, pages 110-118, Harbin, China, August 3 - 5, 2023.
Volume 2: Frotier Forum

(c) Technical Committee on Computational Linguistics, Chinese Information Processing Society of China 115



Computational Linguistics

Figure 7: Overview of Visual ChatGPT v2.

4.1 Connecting LLMs with External Tools with Fixed Prompts

For the first type of work, we use Visual ChatGPT (Wu et al., 2023) as an example to illustrate how such
work operates.

Visual ChatGPT is one of the first work that aims to combine visual tools with ChatGPT to perform
different kinds of visual tasks. As ChatGPT is an LLM, which can only handle textual tasks, the first
thing Visual ChatGPT needs to do is inform ChatGPT that it can try to use external visual tools to
accomplish visual tasks. This work uses prompts as the system principles to let ChatGPT understand its
new capabilities.

After adding system principles, Visual ChatGPT should also let ChatGPT know which tools it can use,
when it can use them and how it can use them. For example, for Visual QA, the name and usage fields of
this tool will briefly explain the function of the tool and when ChatGPT can use it, and the inputs/outputs
field tells ChatGPT what kind of inputs and outputs are needed by this tool.

As the tasks require multiple steps to be completed, Visual ChatGPT also adds the string “do I need
to use a tool” as another prompt after each user query, to let ChatGPT decide whether it needs to invoke
a tool at the current step. If the answer is NO, then ChatGPT will return the current results to the user.
Otherwise, ChatGPT will continue to call new tools and use all intermediate results as the context prompt
in the next step.

By adding the above mentioned mechanisms, Visual ChatGPT can achieve many visual understanding,
generation and editing tasks that the original ChatGPT model cannot do. This shows the biggest advan-
tage of compositional AI models, new abilities will emerge by composing multiple tools with specific
functions.

4.2 Connecting LLMs with External Modules with Learnable Parameters

Systems like Visual ChatGPT are easy to implement and build, as they do not require any weights to be
learned. However, such systems also have obvious limitations. First, the fixed prompts are not stable and
robust enough to link LLMs and tools. Second, in such systems, non-text information will be turned into
text descriptions before sending them to LLMs. And such conversion will lose a lot of information of
the original contents.
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Therefore, there are recent related work that use learnable parameters to connect LLMs with other
tool modules instead of using prompts. Such work will not change the parameters of the LLM and the
external tool modules, as they are already well trained and further fine-tuning requires a lot of computing
resources. Instead, they only train the adapters between LLM and tool modules using a small amount
of annotations. By doing this, such system can do better message passing between LLM and other tool
modules and avoid the catastrophic forgetting problem. For example, instead of converting the input
image into a natural language description, Visual ChatGPT v2 gets the image representation based on a
visual foundation model first, and then projects the image representation into the LLM input, by a visual
understanding adapter. Similarly, another output adapter can be used to pass the LLM’s output to the
visual generation module, to create output images.

5 Future Directions

This paper briefly reviews the recent developments of multimodal AI research, including (1) the model
architectures are becoming more similar, (2) the research focus is moving from multimodal understand-
ing models to multimodal generation models; (3) combining LLMs with external tools and models to
accomplish diverse tasks is emerging as the new AI paradigm.

There are several directions that can be further explored in the future. First, concentrating more on
video generation, which could trigger the next ChatGPT breakthrough in the AI community. Second,
concentrating more on compositional AI for multimodal systems with more modalities covered and less
computation costs needed. Third, concentrating more on the autonomous robotics, which can complete
more tasks in the physical world, to further enhance human’s creativity and productivity.
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