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什么是人工智能—来自学术界的解释What is Artificial 
Intelligence? 

(John McCarthy, Stanford University) 

 

• What is artificial intelligence?  
 It is the science and engineering of making intelligent machines, especially intelligent 

computer programs. It is related to the similar task of using computers to understand 
human intelligence, but AI does not have to confine itself to methods that are 
biologically observable.  
 

• Yes, but what is intelligence?  
 Intelligence is the computational part of the ability to achieve goals in the world. 

Varying kinds and degrees of intelligence occur in people, many animals and some 
machines.  

 

• Isn't there a solid definition of intelligence that doesn't depend on relating it to human 
intelligence?  

 Not yet. The problem is that we cannot yet characterize in general what kinds of 
computational procedures we want to call intelligent. We understand some of the 
mechanisms of intelligence and not others.  
 

• More in: http://www-formal.stanford.edu/jmc/whatisai/node1.html 

John McCarthy

Stanford University

Q. What is artificial intelligence? 什么是人工智能？

A. It is the science and engineering of making intelligent machines, especially intelligent
computer programs. It is related to the similar task of using computers to understand human
intelligence, but AI does not have to confine itself to methods that are biologically observable.
它是制造智能机器，特别是智能计算机程序的科学和工程。它与使用计算机理解人类智能的类
似任务有关，但AI不必局限于生物学上可观察的方法。

Q. Yes, but what is intelligence? 是的，但什么是智能？

A. Intelligence is the computational part of the ability to achieve goals in the world. Varying
kinds and degrees of intelligence occur in people, many animals and some machines.
智能是实现目标能力的计算部分。不同种类和程度的智能发生在人、许多动物和一些机器中。

Q. Isn’t there a solid definition of intelligence that doesn’t depend on relating it to human
intelligence? 智能难道没有一个可靠的定义，不依赖于将其与人类智能联系起来吗？

A. Not yet. The problem is that we cannot yet characterize in general what kinds of
computational procedures we want to call intelligent. We understand some of the
mechanisms of intelligence and not others.
还没有。问题是，我们还不能概括地描述我们想要称之为智能的计算过程的类型。我们了解智
能的某些机制，而不是其他机制。

More in: http://www-formal.stanford.edu/jmc/whatisai/node1.html
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什么是人工智能—来自企业界的解释

引自埃森哲高管指南《人工智能应用之道》
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通用人工智能(AGI) / 强人工智能(StrongAI) /深度人工智能(DeepAI)

通用人工智能也被称为强人工智能或深度人工智能。这是
一个具有通用智能的机器的概念，它模仿人类智能，具有
思考、理解、学习和应用其智能来解决任何问题的能力，
就像人类在任何给定情况下所做的那样。

强人工智能使用思维理论AI框架不是复制或模拟，而是训
练机器理解人类，以区分需求、情绪、信念和思维过程。

但是，这一切并不容易！AI研究人员和科学家需要找到一
种方法，让机器有意识，编程出一整套认知能力。

翻译自 https://www.mygreatlearning.com/blog/artificial-general-intelligence/

就像帮助我们更深入地观察太空的哈勃望远镜一样，这
些工具已经在扩展人类的知识，并产生积极的全球影响。

我们的长期目标是解决智能问题，开发更通用和更有能
力的问题解决系统，称为通用人工智能（AGI）。

在安全和伦理的指导下，这项发明可以帮助社会找到世
界上一些最紧迫和最基本的科学挑战的答案。

翻译自 DeepMind: https://deepmind.com/about
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达特茅斯会议

1955年8月，四位学者起草了一份被称为“达特茅斯建议”的文件。它考察了这一时期研究领域
的一些主要主题，包括神经网络、可计算性理论、创造力和自然语言处理和识别。该文件提议
在接下来的夏天讨论这些话题。

文档以以下语句开头：

“我们建议1956年夏天在新罕布什尔州汉诺威的达特茅斯学院进行为期2个月、10个
人的人工智能研究。这项研究是基于这样一个猜想：学习的每个方面或智能的任何
其他特征原则上都可以如此精确地描述，从而可以让一台机器来模拟它。我们试图
找到如何让机器使用语言，形成抽象和概念，解决现在留给人类的各种问题，并改
进自己。我们认为，如果一群经过精心挑选的科学家一起工作一个夏天，就可以在
这些问题中的一个或多个问题上取得重大进展。”

次年夏天，这群学者在“达特茅斯学院人工智能夏季研究项目”（Dartmouth College for the 
Dartmouth Summer Research Project on Artificial Intelligence）中会面。
因此，1956年标志着一个新的研究领域的正式开始，数学家约翰·麦卡锡（John McCarthy），

达特茅斯学院的教授，也是这个事件的主要推动者，提议将其称为人工智能。
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达特茅斯会议

August 1956. From left to right: Oliver Selfridge, Nathaniel Rochester, Ray Solomonoff, Marvin
Minsky, Trenchard More, John McCarthy, Claude Shannon.
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图灵测试

image from: https://1investing.in/worlds-first-ai-robot-citizen-sophia/

▶ 1950年艾伦·图灵的论文《计算机械与智能》描述了现在所谓的“图灵测试”。
▶ 图灵预测，在大约50年后，“一个普通的审问者在5分钟的审问后做出正确辨认的机会不会超
过70%”。
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人工智能发展历程

1956以前 孕育期：电子计算机、机器翻译、图灵测试、计算机下棋、早期神经网络

1956 达特茅斯会议，正式宣告人工智能诞生

1956-1973 乐观思潮：搜索式推理，聊天机器人

1973-1980 所有的AI程序都只是玩具：计算能力限制、计算复杂性、常识与推理

1980-1987 实用系统出现：专家系统、知识工程、五代机、神经网络重生

1987-1993 再次陷入低潮：未达预期，投入减少

1993-2006 机器学习兴起：摩尔定律导致计算成本降低，互联网带来更多数据，应用范围扩大

2006-2017 深度学习在图像识别、语音识别、机器翻译取得突破，AlphaGo战胜李世石

2018 预训练语言模型（以BERT为代表），单一模型通过微调解决各种语言理解问题

2020 大规模生成语言模型（以GPT-3为代表），单一模型无需微调，通过提示词解决各类语言理解和
生成问题

2022 大语言模型（以ChatGPT/GPT-3.5代表），理解各种复杂指令和隐含的意图，跟人进行流畅对
话，善解人意，遵从人类价值观

2024 推理大模型（以OpenAI o1/DeepSeek R1代表），能够通过慢思考解决复杂的数学推理和代码生
成问题
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人工智能发展路径

机器学习 神经网络 预训练语言模型 大语言模型 多模态大模型 具身大模型

语音处理

强化学习（游戏、机器人）

AGI

自然语言处理

计算机视觉（图像、视频）
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人工智能与其他学科的关系

▶ 人工智能主要包括感知智能、语言智能、
行为智能三类；

▶ 通用人工智能是人工智能的一种特殊情
况，也是人工智能的终极理想；

▶ 通用人工智能试图采用单一的方法解决
所有智能问题；

▶ 人工智能是一门典型的交叉学科，与很
多基础科学、工程科学甚至人文科学都
有密切的关系。

通用人工智能（AGI）

计算机科学
信息论
控制论

感知
智能

语言
智能

行为
智能

人工智能（AI）
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人工智能技术生态

全球人工智能发展白皮书  | 一、AI创新融合新趋势

5

1.2 AI全面进入机器学习时代

随着技术的进步和发展，人类学习知识

的途径逐渐从进化、经验和传承演化为

了借助计算机和互联网进行传播和储

存。由于计算机的出现，人类获取知识

的途径开始变得更加高效和便捷。在不

久的将来，绝大多数的知识将被机器提

取和储存。强大的计算机算法将逐渐获

得类人的能力，包括视觉、说话的能力

和方向感等。

在人工智能众多的分支领域中，“机器

学习”（Machine Learning）是人工智

能的核心研究领域之一。包括89%的人

工智能专利申请和40%人工智能范围内

的相关专利均为机器学习范畴。最初的

研究动机是为了让计算机系统具有人的

学习能力以便实现人工智能。机器在现

有的知识找到空缺，接着机器效仿人脑

并模拟进化，系统化地减少不确定性，

识别新旧知识的相同点，并完成学习。

图表1-2：人工智能各层级图示

资料来源：德勤研究
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人工智能(AI)简介和发展历程

AI大模型现状及近期热点

AI大模型技术简介

AI大模型应用

AI大模型面临的问题、发展趋势和对策

Content



大模型名词解释

▶ AI大模型通常指参数规模达到10亿以上的模型。
▶ AI大模型根据参数规模大致分为几个档次：十亿级、百亿级、千亿级、万亿级。
▶ AI大模型通常是指大语言模型（Large Language Models，LLM），因为最早出现的AI大模型就
是语言模型，而且后来出现的大模型通常也是以语言模型为核心构建的。

▶ 多模态大模型指同时支持图像、音频、视频等多模态理解和生成的大模型，但这些模型通常还
是以语言模型为核心，因此又叫做多模态大语言模型（Multimodal Large Language Models），
简称MLLM。

▶ 推理模型（Reasoning Models）又叫慢思考模型（Slow Thinking Models），它可以先进行思
考再输出结果，而不是直接输出结果，适合解决一些较复杂的问题。

▶ AI大模型有时也被叫做基础模型（Foundation Models），这些基本上都是同义词。
▶ 大语言模型具备用一个模型解决各种不同问题的能力，被认为是向通用人工智能（Artificial

General Intelligence，AGI）跨出了一大步。
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从GPT-3到ChatGPT和GPT-4：业界大模型概览（至2023年3月）

▶ 2023年是大模型爆发的一年
▶ 2023年又被称为AGI元年
▶ 大模型已经深刻影响了AI
▶ 大模型还将深刻影响我们的社会
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developed two initial GPT models, namely GPT-1 [105] and
GPT-2 [26], which can considered as the foundation to more
powerful models subsequently i.e., GPT-3 and GPT-4.

• GPT-1. In 2017, the Transformer model [22] was intro-
duced by Google, and the OpenAI team quickly adapted
their language modeling work to this new neural network
architecture. They released the first GPT model in 2018,
i.e., GPT-1 [105], and coined the abbreviation term GPT
as the model name, standing for Generative Pre-Training.
GPT-1 was developed based on a generative, decoder-only
Transformer architecture, and adopted a hybrid approach of
unsupervised pretraining and supervised fine-tuning. GPT-

1 has set up the core architecture for the GPT-series models
and established the underlying principle to model natural
language text, i.e., predicting the next word.

• GPT-2. Following a similar architecture of GPT-1,
GPT-2 [26] increased the parameter scale to 1.5B, which
was trained with a large webpage dataset WebText. As
claimed in the paper of GPT-2, it sought to perform
tasks via unsupervised language modeling, without explicit
fine-tuning using labeled data. To motivate the approach,
they introduced a probabilistic form for multi-task solving,
i.e., p(output|input, task) (similar approaches have been
adopted in [106]), which predicts the output conditioned on
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parameters. As a popular LLM, LLaMA (65B version) [57],
which contains approximately five times as many parame-
ters as other models, has exhibited superior performance in
tasks related to instruction following. Due to the openness
and effectiveness, LLaMA has attracted significant attention
from the research community, and many efforts [119–122]
have been devoted to fine-tuning or continually pre-training
its different model versions for implementing new models
or tools. More recently, Falcon [117], as another open-
source LLM, has also achieved very excellent performance
on open benchmarks. It is featured by a more careful data
cleaning process to prepare the pre-training data (with a
publicly shared dataset RefinedWeb [123]). Typically, pre-
training models at this scale require hundreds or even
thousands of GPUs or TPUs. For instance, GPT-NeoX-20B
uses 12 supermicro servers, each equipped with 8 NVIDIA
A100-SXM4-40GB GPUs, while LLaMA utilizes 2,048 A100-
80G GPUs as reported in their original publications. To
accurately estimate the computation resources needed, it
is suggested to use the metrics measuring the number of
involved computations such as FLOPS (i.e., FLoating point
number Operations Per Second) [30].

Models with Hundreds of Billions of Parameters. For
models in this category, only a handful of models have been
publicly released. For example, OPT [81], OPT-IML [85],
BLOOM [69], and BLOOMZ [84] have nearly the same num-
ber of parameters as GPT-3 (175B version), while GLM [83]

and Galactica [35] have 130B and 120B parameters, re-
spectively. Among them, OPT (175B version), with the
instruction-tuned version OPT-IML, has been specially mo-
tivated for open sharing, which aims to enable researchers
to carry out reproducible research at scale. For research
in cross-lingual generalization, BLOOM (176B version) and
BLOOMZ (176B version) can be used as base models, due to
the competence in multilingual language modeling tasks.
As a bilingual LLM, GLM has also provided a popular
small-sized Chinese chat model ChatGLM2-6B (a updated
version for ChatGLM-6B), which is featured with many
improvements in efficiency and capacity (e.g., quantization,
32K-length context, fast inference rate). Models of this scale
typically require thousands of GPUs or TPUs to train. For
instance, OPT (175B version) used 992 A100-80GB GPUs,
while GLM (130B version) used a cluster of 96 NVIDIA
DGX-A100 (8x40G) GPU nodes.

LLaMA Model Family. The collection of LLaMA mod-
els [57] were introduced by Meta AI in February, 2023,
consisting of four sizes (7B, 13B, 30B and 65B). Since
released, LLaMA has attracted extensive attention from
both research and industry communities. LLaMA mod-
els have achieved very excellent performance on various
open benchmarks, which have become the most popu-
lar open language models thus far. A large number of
researchers have extended LLaMA models by either in-
struction tuning or continual pretraining. In particular, in-

Zhao, et al. “A Survey of Large Language Models.” arXiv2303.18223
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GPT-4以后发布的主要大模型（至2024年底）
模型 公司 发布时间 模型规格 特点
GPT-4 OpenAI 2023-03-14 1.8T MoE 语言能力大幅提高

Claude Anthropic 2023-03-14 安全性强

文心3.0 百度 2023-03-18 中文强

Claude 2 Anthropic 2023-07-11 能够处理图像和PDF/Word等格式文件

混元大模型 腾讯 2023-09-07 >100B 图像和视频生成

文心大模型Ernie4.0 百度 2023-10-17 知识增强、检索增强和对话增强
Grok-1 xAI 2023-11-03 314B MoE A25% 开源

Gemini Google 2023-12-06 Nano, Pro, Ultra 原生多模态

Sora宣布 OpenAI 2024-02-15 视频生成

Gemma Google 2024-02-22 2B, 7B 开源

Claude 3 Anthropic 2024-03-01 Haiku, Sonnet, Opus 能力强大，支持操作计算机应用

Kimi 月之暗面 2024-03-17 支持2M长上下文

Llama 3 Meta 2024-04-19 8B, 70B 最强开源，支持多模态输入（图像、音频、视频）

千问Qwen2.5 阿里云 2024-05-09 5B - 72B 开源，多语言

GPT-4o OpenAI 2024-05-13 200B MoE? 多模态理解，语音交互能力强大

豆包大模型 字节跳动 2024-05-15 性能好

GLM-4 智谱AI 2024-06-05 长序列处理、视频通话

Claude 3.5 Anthropic 2024-06-21 Sonnet 代码能力强大

Gemma 2 Google 2024-06-27 2B, 9B, 27B 开源

Gemini 1.5 Pro Google 2024-06-27 长文档

Llama 3.1 Meta 2024-07-23 8B, 70B, 405B 128k长序列、多语言、工具使用

Grok-2 xAI 2024-08-13 大约600B 开源，长序列、代码生成

o1 mini OpenAI 2024-09-12 100B MoE? 推理模型，Test-time scaling, 代码数学能力强，响应快

o1-preview OpenAI 2024-09-12 300B MoE? 推理模型，Test-time scaling，代码数学推理能力强，

Llama 3.2 Meta 2024-09-26 1B, 3B, 11B, 90B 能力更强，多模态，边缘应用，眼镜，VR

Kimi 探索版 月之暗面 2024-10-11 推理能力强

千问QwQ 阿里巴巴 2024-11-01 32B 推理模型

o1 OpenAI 2024-12-05 300B MoE? 推理模型，Test-time scaling，代码数学推理能力强，

Sora OpenAI 2024-12-09 视频生成

Gemini 2.0 Google 2024-12-11 Flash, Pro 支持2M token的上下文长度；视频处理能力突出

豆包通用模型Pro 字节跳动 2024-12-18 语言对话，视频通话

o3 (announce) OpenAI 2024-12-20 推理能力再次提高，ARC-AGI突破

DeepSeek v3 深度求索 2024-12-27 671B MoE 高效预训练，节省10多倍训练算力

▶ 模型发布密集紧凑，竞争激烈
▶ 模型规模增大、序列长度加长、
推理成本减低趋势明显

▶ 开源模型能力呈追赶之势
▶ 多模态大模型发展迅速
▶ 推理模型开辟了一个新赛道
▶ 大模型应用处于井喷之势，但
还没有出现杀手级别应用
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大模型发展的一些关键节点

2019.02 OpenAI GPT-2 XL：首个大语言模型（15亿参数）
2020.05 OpenAI GPT-3：首个千亿模型（1750亿参数），实现单一模型无需微调，通过提示词

解决各类语言理解和生成问题

2022.11 OpenAI ChatGPT：理解各种复杂指令和隐含的意图，跟人进行流畅对话，善解人意，
遵从人类价值观

2023.03 OpenAI GPT-4：数学、逻辑推理、代码生成能力大幅提高，支持文本和图像的多模态
理解，支持128k长上下文

2024.02 OpenAI Sora发布：自然语言提示直接生成长达1分钟前后一致的高清视频，逼真模拟
物体运动和自然现象，支持场景视角切换

2024.05 OpenAI GPT-4o：文本、图像、视频多模态理解，自然的语音交互
2024.09 OpenAI ChatGPT o1-preview/o1-mini：能够通过慢思考解决复杂的数学推理和代码生

成问题

2025.01 DeepSeek V3/R1：训练推理成本大幅降低，完全开源的慢思考模型，解密了训练慢
思考模型的强化学习算法
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遵从人类价值观

2023.03 OpenAI GPT-4：数学、逻辑推理、代码生成能力大幅提高，支持文本和图像的多模态
理解，支持128k长上下文

2024.02 OpenAI Sora发布：自然语言提示直接生成长达1分钟前后一致的高清视频，逼真模拟
物体运动和自然现象，支持场景视角切换

2024.05 OpenAI GPT-4o：文本、图像、视频多模态理解，自然的语音交互
2024.09 OpenAI ChatGPT o1-preview/o1-mini：能够通过慢思考解决复杂的数学推理和代码生

成问题

2025.01 DeepSeek V3/R1：训练推理成本大幅降低，完全开源的慢思考模型，解密了训练慢
思考模型的强化学习算法
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ChatGPT发布引发轰动效应

▶ 用户数：5天100万，2个月达到1亿
▶ 所有人都开始讨论ChatGPT，成为现象级产
品

▶ Google内部拉响红色警报
▶ Google紧急仅仅发布Bard，但因发布现场出
现错误导致股票蒸发8%

▶ 微软追加投资OpenAI一百亿美元
▶ 微软迅速推出加载了ChatGPT的New Bing，
并计划将ChatGPT接入Office套件

▶ 国内外大厂迅速跟进
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DeepSeek R1发布是ChatGPT之后AI领域影响最大的事件

▶ DeepSeek上线 20天日活超 2000万是 ChatGPT
的 40%。

▶ 2025年1月20日DeepSeek-R1发布几天后，
在1月的最后一周迎来了爆发，DeepSeek在1月
份累计获得1.25亿用户（含网站(Web)、应
用(App)累加不去重）。其中 80%以上用户来自最
后一周，即 DeepSeek 7天完成了1亿用户的增
长，在没有任何广告投放的情况下。

▶ 梁文锋：外部看到的是幻方 2015年后的部分，
但其实我们做了 16年。（来自于丽丽采访梁文锋，
揭秘 DeepSeek：一个更极致的中国技术理想主
义故事，原文：https://36kr.com/p/2872793466982535）

Source: https://news.qq.com/rain/a/20250208A05G7J00
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大模型带来的AI领域格局的变化

传统AI

自然语言处理

计算视觉

决策推理

搜索推荐

机器人 大模型

模型架构

数据工程

系统工程

预训练

后训练

Agent

多模态

具身智能

以算法为中心 以模型为中心
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OpenAI o1推理模型取得突破什么是OpenAI o1
• OpenAI o1 是 2024 年 9 月 12 日 OpenAI 正式对外发布的一款新

模型，是该公司下一代 “推理” 模型中的第一个。

• o1具有强大的推理能力：

• 在竞争性编程问题 （Codeforces） 中排名第 89 个百分位，

• 在美国数学奥林匹克竞赛 （AIME） 资格赛中跻身美国前 500 名学生之列，

• 在物理、生物和化学问题的基准 （GPQA） 上超过了人类博士水平的准确
性。

• 此次发布同时包括了两个版本：o1-preview 和 o1-mini。o1-mini 
是一个更小，更便宜的版本，在编码方面特别有效。

• 正式的o1版本预期将在1-2个月内发布。

• 相比GPT-4o等模型，o1速度相对较慢，成本相对更高。

• 应用场景：适用于解决复杂的数学、科学、编程等多领域的复杂问题，
为需要深度推理和复杂任务处理的场景提供了新的解决方案。

• 模型命名从1开始一个新的序列，
而且不再以GPT为前缀

• 传说中的草莓模型(strawberry)，
或猎户座(orion)

• o代表OpenAI，不代表猎户座
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o1推理示例
▶ oyfjdnisdr rtqwainr acxz mynzbhhx -> Think step by step
▶ 使用上面这个例子破解下面文字：

▶ oyekaijzdf aaptcg suaokybhai ouow aqht mynznvaatzacdfoulxxz
▶ （答案：THERE ARE THREE R’S IN STRAWBERRY）

CoT: Examples – Cipher Text

隐藏CoT，只有约80步推理 显示CoT，约720步推理
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OpenAI连续12天发布会
日期 主题 主要内容

Day 1 o1
1. 完整版 o1 模型。据称该模型运行速度更快，在解决复杂实际问题时的重大错误率降低了34%。
2. o1 模型新增了图像分析功能，且添加网页浏览和文件上传功能，API 版本将支持视觉任务、函数调用和结构化输出，便于系统集成。
3. 推出月费 200 美元的 ChatGPT Pro 订阅，提供"无限"使用 o1、GPT-4o 和 Advanced Voice 功能的权限。

Day 2 RFT
1. 强化微调 (RFT) 技术，能让开发者针对特定任务调整"o-系列"模型的方法，只需要几十个样本，就可以通过强化学习让模型在反复实
践中大幅提升推理能力。
2. 2025年初向公众开放 RFT。

Day 3 SORA OpenAI 将文本转视频模型 Sora 打造成独立产品，不过模型效果并不算好，但产品方面设计还行。

Day 4 Canvas 提供了一个专门的界面，用于处理超出常规聊天格式的长篇写作和编程项目，现已与 GPT-4o 模型完全整合。

Day 5 Apple Apple Intelligence与ChatGPT集成的重新发布。

Day 6 Video Input ChatGPT 的语音功能增添了两项新内容：面向 ChatGPT Plus 和 Pro 用户的支持屏幕共享的"视频通话"功能，以及应景的圣诞老人语音。

Day 7 Project
设置Projects来将相关对话和文件分类整理，并且支持将同一个项目中的其他内容作为context进行问答。仅限付费用户。被人戏称为新
建文件夹功能。

Day 8 Search ChatGPT 的搜索功能向所有免费用户开放，还包括新的地图界面，并支持在语音对话中进行搜索。

Day 9 DevDay

1.  o1 模型，新增了函数调用、开发者消息和视觉处理功能。
2. 大幅降低了 GPT-4o 的音频处理价格，降幅达 60%，并推出了更经济的 GPT-4o mini 版本，价格仅为原音频服务的十分之一。
3.  简化了实时应用的 WebRTC 接入流程。
4. 推出了让开发者能够自定义模型的偏好微调功能（官方文档说就是DPO）。

Day 10 接入公众电话与IM 通过免费电话号码 (1-800-CHATGPT) 和 WhatsApp 提供 ChatGPT 服务，To C的模型厂都应该抄。

Day 11 PC端适配应用
1. 自动化处理桌面任务，如实时分析第三方软件中的内容、实时完善代码，让工作更高效。Mac版已上线，Wins版也即将上线。
2. 增加了对Apple Notes、Notion、Quip和Warp等更多笔记和编程应用的支持，让GPT成为学习的好帮手。
3. 引入“与应用对话”选项，用高级语音模式与应用程序互动，实时调试、思考文档内容，让编程和写作更流畅。

Day 12 o3预告 预告了两个新的模拟推理模型 o3 和 o3-mini， o3-mini 可能会在 1 月底推出。（传说中的Orion猎户座）

模型 开发工具 产品Credit: TIAN Yong @ Huawei

19 (1) total: 78 Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily
reflect the views or positions of any entities they represent. 免责声明：个人意见，不代表公司观点。



OpenAI连续12天发布会
▶ 更大的模型：

▶ GPT-4的参数为1.8万亿，虽然传言GPT-5训练遇到瓶颈，但各大AI厂商都在加紧
投资构建更大规模集群（几十万卡集群）

▶ AGI：一种观点认为，达到人类智能水平的AGI的模型参数规模约为100万亿，这
是OpenAI、DeepMind追逐的愿景，现在看并不遥远

▶ 多模态模型（4o/Gemini/Sora）:
▶ 多模态理解和生成：GPT-4o、Sora、可灵都展现了令人惊艳的多模态能力

▶ 推理模型（o1/o3）:
▶ 长序列：长序列在支持复杂推理和完成复杂任务方面重要性日显，成为很多公司
追求的热点，目前最好模型可支持百万token长度，精度不损失

▶ 大模型应用：
▶ 智能体（Agent）和多智能体（Multi-agent）
▶ 小的大模型（sLLM）：可以部署在手机等端侧设备
▶ 高效训练和推理部署：增量训练、投机推理、量化、FastAttention……每百
万token推理成本降低到个位数美元/人民币
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DeepSeek-V3在模型架构和训练方法上的创新
▶ 2024年12月27日，DeepSeek V3是深度求索（DeepSeek）推出的一款高性能大语言模型，其
技术特点包括：

▶ DeepSeek V3采用 6850亿参数（685B）的 MoE架构，每个 Token仅激活 37亿参数，
在计算效率和性能之间取得平衡。

▶ 多头潜在注意力（MLA）：优化长序列处理，降低内存占用，支持128K上下文窗口，适用
于长文档分析、代码库理解等任务。

▶ 多Token预测（MTP）：增强文本连贯性，提升长文本生成能力。
▶ DeepSeekMoE负载均衡：采用无辅助损失负载均衡策略,优化专家路由,提高计算效率。

▶ DeepSeek V3大大降低了训练成本：仅使用2048个H800 GPU，在57天内完成训练，全部训练
成本总计仅为557.6万美元。这远低于通常训练大型语言模型所需的数亿美元。

▶ 2025年2月16日，DeepSeek发布了最新的研究成果——原生稀疏注意力（Native Sparse
Attention, NSA），硬件友好而且高效，并可以实现训推一体化。

▶ 2025年2月24-28日，DeepSeek连续五天开放五个重要的底层技术项目代码库，以全透明的方
式与全球开发者社区分享其在通用人工智能基础设施方面的最新成果。此举被视为 DeepSeek
推动 AI开源生态和技术变革的里程碑式事件，引发了社区的强烈关注和反响。

▶ 2025年3月24日，最近发布的新版本DeepSeek-V3-0324，优化了数学、代码、报告撰写能力，
超越 GPT-4.5，并且再次大幅降低了训练成本。
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DeepSeek开源周

▶ 2月24日：发布 Flash MLA，这是首个开源的代码库，是针对英伟达 Hopper GPU优化的高效
MLA解码内核，针对可变长度序列作了优化，能依据序列长度动态调配计算资源。

▶ 2月25日：开源 DeepEP，这是首个用于 MoE（混合专家模型）训练和推理的开源 EP通信库。
它还原生支持 FP8低精度运算调度，降低计算资源消耗，并且在节点内和节点间都支持 NVLink
和 RDMA，拥有用于训练和推理预填充的高吞吐量内核以及用于推理解码的低延迟内核。

▶ 2月26日：开源 DeepGEMM，它支持普通和混合专家（MoE）分组的 GEMM，是矩阵乘法加速
库，为 V3/R1的训练和推理提供支持。该库采用 CUDA编写，在安装过程中无需编译，通过使
用轻量级的即时编译（JIT）模块在运行时编译所有内核，在 Hopper GPU上最高可达到 1350
+ FP8 TFLOPS（每秒万亿次浮点运算）的计算性能。

▶ 2月27日：一次性开源了 DualPipe、EPLB（专家并行负载均衡器）以及训练和推理框架的性能
分析数据。其中，DualPipe是一种双向管道并行算法，EPLB用于增强训练效率。此外，
DeepSeek还在 Github上详细讲解了 DeepSeek-V3和 R1模型背后的并行计算优化技术。

▶ 2月28日：开源 3FS，即 Fire-Flyer文件系统，它是所有 Deepseek数据访问的助推器。此外，
还开源了基于 3FS的数据处理框架 Smallpond，可进一步优化 3FS的数据管理能力。
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DeepSeek R1破解了慢思考推理模型强化学习训练方法

▶ 2024年11月20日，DeepSeek-R1-Lite预览版正式上线网页端。2025年1月20日，DeepSeek正
式发布 DeepSeek-R1模型，并同步开源模型权重。

▶ 使用强化学习训练，推理过程包含大量反思和验证，思维链长度可达数万字。在后训练阶段大
规模使用强化学习技术，在仅有极少标注数据的情况下，极大提升了模型推理能力。

▶ 在数学、代码、自然语言推理等任务上，性能比肩OpenAI o1正式版。在GSM 8K等评估数学和
逻辑技能的基准测试中，能生成详细思维链推理，解决复杂问题能力强。

▶ DeepSeek R1开源：采用宽松的MIT许可协议，支持免费商用、任意修改和衍生开发，为全球
开发者提供了广泛的使用和创新空间，打破了OpenAI尝试通过闭源建立的技术壁垒。

▶ DeepSeek R1破解了OpenAI在推理模型技术上布下的迷局，公开了大量技术细节，澄清
了RL训练中的一些关键问题，使得推理模型的RL训练不再神秘。

▶ DeepSeek R1的发布产生了轰动效应，DeepSeek应用登顶苹果中国地区和美国地区应用商店
免费App下载排行榜，在美区下载榜上超越了ChatGPT，在全球140个市场的应用商店下载榜上
也强势夺冠。引发行业关注：在海外开发者社区中引发了轰动，成为美国顶尖大学研究人员的
首选模型，也让华尔街和投资者感到震撼。同时也引发了资本市场的剧烈波动。
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OpenAI近期在Agent和多模态方面发布的新成果

▶ 2025年1月23日发布 Operator：是 OpenAI首款 AI智能体产品。
▶ 2025年2月2日发布 Deep Research：是为 ChatGPT打造的“深度研究”智能体，主
要为金融、科学、政策和工程等领域从事高强度知识工作的人员设计。

▶ 2025年3月11日发布 Agent-first开发套件：
▶ Responses API：堪称“智能体操作系统”，整合了原对话 API的流畅交互与助
手 API的工具调用能力。

▶ 内置工具：包含Web搜索、文件搜索和计算机操作三大工具。
▶ 开源 Agents SDK：用于简化多代理工作流的编排。开发者可通过可视化的工作
流编排定义不同角色的 Agent，设置任务交接规则，并实时监控执行路径。

▶ 2025年3月22日发布 3款全新语音模型：包括 gpt-4o-transcribe、
gpt-4o-mini-transcribe和 gpt-4o-mini-tts。

▶ 2025年3月22日宣布GPT-4o支持文生图，效果惊艳。
▶ 此外，3月27日，OpenAI对其 Agent SDK进行重大更新，正式支持 Model Context

Protocol（MCP）服务。
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Manus的发布推动了Agent的发展
▶ 2025年3月6日，中国AI创业公司Monica发布全球首款通用AI Agent产品Manus，具有
“自主执行”与“通用性”两大核心优势，定位于性能强大的通用型助手，不仅能生
成想法，还能独立思考并采取行动，从规划到执行全流程自主完成复杂任务，如撰写
报告、制作表格、操作电脑、编写代码等，可交付完整成果，展现出前所未有的通用
性和执行能力。

▶ Manus采用多模型协同架构：能够独立完成从任务拆解到成果交付的全流程，覆盖研
究、金融分析、教育等51个具体场景。例如，可直接解压简历文件、分析候选人信息
并生成评估报告，展现出接近人类工作流的执行效率。

▶ Manus自发布后迅速引爆全网，官网注册流量激增导致服务器崩溃，二手平台邀请码
价格一度飙升至10万元，Discord社区涌入超10万开发者，用户自发构建2000余条任
务模板库。

▶ MetaGPT团队4人仅用3小时即复刻了开源 AI Agent产品Open Manus，CAMEL-AI团
队也实现“0天复刻”，并将系统中涉及的每个部件单独开源，这一方面推动了技术普
惠化进程，但也说明Manus的技术护城河有限。

▶ Manus在信息整合能力、任务执行稳定性、速度和用户体验等方面还存在诸多问题，
其表现高度依赖具体场景，离成熟产品还有一段距离。
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MCP协议成为Agent工具调用事实标准

▶ 诞生背景：随着AI技术的发展，企业和组织在将AI系统与外部数据源和工具集成时，面临着每
个数据源和工具都有独特的API和接口规范的问题，开发者需编写定制化代码，这耗时费力且降
低了系统的可扩展性和灵活性。在此背景下，MCP应运而生，旨在标准化AI模型访问和利用外
部上下文的过程，简化AI与外部数据源的集成。

▶ Anthropic公司于 2024年11月推出的开源框架Model Context Protocol（MCP）。包括规范和多
种语言的软件开发工具包（SDK），还建立了收集基于MCP的不同服务器实现的存储库。

▶ 早期应用与发展：发布后，MCP迅速获得关注并在多个领域得到应用。
▶ 持续改进与拓展：MCP在不断发展，通过标准化的打包、简化的安装、用于增强安全性的沙箱
以及集中式服务器注册表，使MCP服务器更易于访问。同时，社区也在扩大对音频和视频等新
模式的支持，并探索正式的标准化。

▶ 2025年3月，OpenAI对其 Agent SDK进行重大更新，正式支持MCP，使得开发者可以通过统一
接口标准，为智能体无限接入各种第三方工具，大幅提升复杂自动化应用的开发效率。

▶ 2025年4月4日，谷歌官宣支持MCP。4月9日，在Google Cloud Next 25大会上，在开源了首个
标准智能体交互协议——Agent2Agent Protocol（简称A2A）。这些协议将对于整个AI生态的构
建起到至关重要的作用。
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大模型持续演进带来算力需求快速增长

6

大模型持续演进带来算力需求快速增长

大模型

算力平台

• 算力密度&精度: 单柜算力密度持续上升，多种

计算精度支持（FP16/BF16/FP32）

• 超大规模单体集群：

✓ 千亿稠密/万亿稀疏需要万卡集群

✓ 十万亿稀疏， TP&EP规模扩大，需要更大规

模超节点集群，提升MOE模型训练效率

Scale up：通过超节点规格提升单位算力

更多模型并行技术的应用

计算

千亿稠密/万亿稀疏（24年）

网络

• 超大组网规模：2层1:1无收敛的AI网络架

构，最支持128K集群规模组网，千卡到万

卡平滑演进

• 网络级负载均衡：独家NSLB算法，算网

协同调度，优化AI训练参数面HASH冲突

Scale out：通过组网能力提升规模算力

更大规模/更复杂的组网

十万亿稀疏（25年）

存储

• 极致读写性能：高IOPS和并行大带宽，大小

I/O自适应，混合负载高效，提升训 练效率

• 智能分级存储：全闪+混闪的智能分级存储，

PB级存取+TB级带宽，综合效率更高

计
算
层 HPC计算集群 离线分析集群 Home备份

数据生命周期管理（放置策略、迁移策略、
删除策略）

资
源
池

管
理
层

SSD高性能
池

热 温 冷

混合存储池 HDD大容量池

自动迁移 自动迁移

OceanStor Pacific 存储

生
命
周
期

管
理
层

更大数据量存储和读写
(模型参数、CheckPoint …)

语言模型 多模态模型

直接生成 慢思考推理

应用探索 应用爆发
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人工智能(AI)简介和发展历程

AI大模型现状及近期热点

AI大模型技术简介

AI大模型应用

AI大模型面临的问题、发展趋势和对策

Content



机器学习

What is Predictive Data Analytics? What is ML? How Does ML Work? Underfitting/Overfitting Lifecycle Summary

Table: A simple retail dataset

ID BBY ALC ORG GRP

1 no no no couple
2 yes no yes family
3 yes yes no family
4 no no yes couple
5 no yes yes single

https://www.jianshu.com/p/effdd03547d4
John Kelleher and Brian Mac Namee and Aoife D’Arcy

Fundamentals of Machine Learning for Predictive Data Analytics
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神经网络

生物神经元网络 人工神经元网络
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深度学习 CAPACITY OF NEURAL NETWORK
24

Topics: single hidden layer neural network

6Réseaux de neurones

• La puissance expressive des réseaux de neurones

y1

y2

y4

y3

y3 y4y2y1

x1 x2

z1

z1

x1

x2

(from Pascal Vincent’s slides)Figure source: https://gab41.lab41.org/entropic-ghosts-35670292bc87 (from Pascal Vincent’s slides)
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深度学习

from https://wiki.pathmind.com/neural-network

Turing Awards 2018
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深度学习

词语嵌入表示 从符号空间到向量空间的映射
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深度学习

Christopher Manning, CS224n, Lecture 6 – Language Models and RNNs
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强化学习

"Reinforcement Learning: An Introduction", 2nd ed., Sutton & Barto
Jianfeng Gao, Michel Galley, Neural Approaches to Conversational AI (slides), ICML 2019
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最优化方法

https://towardsdatascience.com/an-introduction-to-surrogate-optimization-intuition-illustration-case-study-and-the-code-5d9364aed51b

模型训练，就是在整个模型空
间内搜索，寻找一个模型，使
得模型在训练数据上的损失函
数达到最小值。
而最优化算法的目标，就是设
计一种算法，使得整个搜索的
过程越快越好。

▶ 模糊逻辑

▶ 遗传算法

▶ 蚁群优化算法

▶ 粒子群优化算法

▶ 免疫算法

▶ 分布估计算法

▶ Memetic算法
▶ 模拟退火算法

▶ 禁忌搜索算法
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语言模型定义

▶ 语言也可以定义为由该语言的词表中的单词组成的所有合法句子的集合。

▶ 一个统计语言模型就是由一个给定的词表中的单词组成的所有可能的句子上的
一个概率分布： ∑

s∈V+

PLM(s) = 1

▶ 或者: ∑

s=w1w2...wn
wi∈V,n>0

PLM(s) = 1
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语言模型定义

▶ 语言建模的目的是完成预测下一个词的任务：• Language Modeling is the task of predicting what word comes 
next.

the students opened their ______

• More formally: given a sequence of words                                 ,
compute the probability distribution of the next word             :

where            can be any word in the vocabulary

• A system that does this is called a Language Model.

Language Modeling

exams
minds

laptops
books

15

▶ 给定一个单词序列x(1), x(2), ..., x(t),，计算下一个词x(t+1),的概率分布：

• Language Modeling is the task of predicting what word comes 
next.

the students opened their ______

• More formally: given a sequence of words                                 ,
compute the probability distribution of the next word             :

where            can be any word in the vocabulary

• A system that does this is called a Language Model.

Language Modeling

exams
minds

laptops
books

15

其中x(t+1)可以是词表V = {w1,w2, ...,w|V|}中的任意一个单词。
▶ 一个能够完成上述任务的系统就可以称为一个语言模型。

Christopher Manning, Natural Language Processing with Deep Learning, Standford U. CS224n
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Transformer模型

Liliang Wen, Generalized Language Models: Ulmfit & OpenAI GPT (blog)
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自注意力机制（self-attention）

(Vaswani et al., 2017)
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自注意力机制（self-attention）

▶ 每个token是通过所有词动态加权得到
▶ 动态权重会随着输入的改变而变化

(BertViz tool, Vig et al., 2019)
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大语言模型的模型架构：稠密 vs稀疏
▶ 目前大语言模型的主体架构都收敛到Transformer Decoder及其变种
▶ 稀疏架构的Transformer（如MoE）被一些模型采用，以节省算力
▶ 由于算力约束，目前超大语言模型越来越多采用稀疏架构。如GPT-4架构被披露是采用
了MLP111B*16Expert+Attention*55B形式。DeepSeek V3采用独创的DeepSeekMoE稀疏架构，
每个MoE层包含1个共享专家和256个路由专家，每个Token选择8个路由专家。

Switch Transformers

Router

FFN 1 FFN 2 FFN 4FFN 3

Add + Normalize

FFN 1 FFN 2 FFN 4FFN 3

Router

Self-Attention

Add + Normalize

x1 x2

y1 y2

p = 0.65 p = 0.8

Positional
embedding

Positional
embedding

Add + Normalize

Self-Attention

Add + Normalize

Switching FFN Layer

y

x

More Parameters

Figure 2: Illustration of a Switch Transformer encoder block. We replace the dense feed
forward network (FFN) layer present in the Transformer with a sparse Switch
FFN layer (light blue). The layer operates independently on the tokens in the
sequence. We diagram two tokens (x1 = “More” and x2 = “Parameters” below)
being routed (solid lines) across four FFN experts, where the router independently
routes each token. The switch FFN layer returns the output of the selected FFN
multiplied by the router gate value (dotted-line).

2.1 Simplifying Sparse Routing

Mixture of Expert Routing. Shazeer et al. (2017) proposed a natural language Mixture-
of-Experts (MoE) layer which takes as an input a token representation x and then routes
this to the best determined top-k experts, selected from a set {Ei(x)}Ni=1 of N experts.
The router variable Wr produces logits h(x) = Wr · x which are normalized via a softmax
distribution over the available N experts at that layer. The gate-value for expert i is given
by,

pi(x) =
eh(x)i

∑N
j eh(x)j

. (1)

The top-k gate values are selected for routing the token x. If T is the set of selected top-k
indices then the output computation of the layer is the linearly weighted combination of
each expert’s computation on the token by the gate value,

y =
∑

i∈T
pi(x)Ei(x). (2)

Switch Routing: Rethinking Mixture-of-Experts. Shazeer et al. (2017) conjec-
tured that routing to k > 1 experts was necessary in order to have non-trivial gradients to
the routing functions. The authors intuited that learning to route would not work without
the ability to compare at least two experts. Ramachandran and Le (2018) went further to

5

Fedus, et al. “Switch Transformers: Scaling to Trillion Parameter
Models with Simple and Efficient Sparsity” 2021. arxiv2101.03961v1.

…
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Feed-Forward Network
… 3 4
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0
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… …

apply
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Figure 2 | Illustration of the basic architecture of DeepSeek-V3. Following DeepSeek-V2, we
adopt MLA and DeepSeekMoE for efficient inference and economical training.

strategy (Wang et al., 2024a) for DeepSeekMoE to mitigate the performance degradation induced
by the effort to ensure load balance. Figure 2 illustrates the basic architecture of DeepSeek-V3,
and we will briefly review the details of MLA and DeepSeekMoE in this section.

2.1.1. Multi-Head Latent Attention

For attention, DeepSeek-V3 adopts the MLA architecture. Let 𝑑 denote the embedding dimen-
sion, 𝑛ℎ denote the number of attention heads, 𝑑ℎ denote the dimension per head, and h𝑡 ∈ R𝑑

denote the attention input for the 𝑡-th token at a given attention layer. The core of MLA is the
low-rank joint compression for attention keys and values to reduce Key-Value (KV) cache during
inference:

c𝐾𝑉𝑡 =𝑊𝐷𝐾𝑉h𝑡, (1)

[k𝐶
𝑡,1; k𝐶

𝑡,2; ...; k𝐶
𝑡,𝑛ℎ] = k𝐶

𝑡 =𝑊𝑈𝐾c𝐾𝑉𝑡 , (2)

k𝑅
𝑡 = RoPE(𝑊𝐾𝑅h𝑡), (3)

k𝑡,𝑖 = [k𝐶
𝑡,𝑖; k𝑅

𝑡 ], (4)

[v𝐶𝑡,1; v𝐶𝑡,2; ...; v𝐶𝑡,𝑛ℎ] = v𝐶𝑡 =𝑊𝑈𝑉c𝐾𝑉𝑡 , (5)

7

DeepSeek, DeepSeek-V3 Technical Report. 2024.12.27.
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大语言模型的参数规模
大模型尺度定律（Scaling Law）是否仍然有效？
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大语言模型训练流程

模型架
构设计

预训练
基础
模型

指令
微调

推理微调
(思维链
强化学习)

偏好
微调

(价值观)

通用
模型

推理
模型

领域
预训练
和微调

领域
模型

预训练
数据

指令
数据

偏好
数据

推理
数据

领域
数据

▶ 预训练 –监督学习 –预测下一个词 –死记硬背
▶ 指令微调 –监督学习 –自己做练习题 –学会遵从指令
▶ 偏好微调 –人类反馈的强化学习（RLHF）–老师指导做练习题 –学会人类偏好（价值观等）
▶ 推理微调 –思维链强化学习（CoT RL）–闯社会 –学会推理
▶ 领域训练和微调 –使用领域数据进行继续预训练和微调（含前面训练过程的任意组合）
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大语言模型数据预处理

原始数据 质量过滤 去重 信息脱敏 词语切分 预处理完成

• 语言过滤
• 规则过滤
• 统计过滤
• 模型过滤
• 关键词过滤

• 句子级去重
• 文档级去重
• 数据集去重

• 敏感信息检测
• 敏感信息脱敏

• BPE
• Unigram
• SentencePiece

32, 255, 13538, 
794, …

贾宝玉喜欢林黛玉@#
贾宝玉喜欢林黛玉，

贾宝玉喜欢林黛玉
贾宝玉喜欢林黛玉，

小明喜欢小红 小明 喜欢 小红
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大语言模型预训练

https://www.mdpi.com/2227-7390/11/10/2320 https://huggingface.co/docs/transformers/v4.15.0/en/parallelism

https://www.analyticsvidhya.com/blog/2023/07/next-word-prediction-with-bidirectional-lstm/
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大语言模型的预训练数据

Dataset Tokens

(billion)

Assumptions Tokens per byte

(Tokens / bytes)

Ratio Size

(GB)

Web data

WebText2

Books1

Books2

Wikipedia

410B

19B

12B

55B

3B

–

25% > WebText

Gutenberg

Bibliotik

See RoBERTa

0.71

0.38

0.57

0.54

0.26

1:1.9

1:2.6

1:1.75

1:1.84

1:3.8

570

50

21

101

11.4

Total 499B 753.4GB

Table. GPT-3 Datasets. Disclosed in bold. Determined in italics.

Alan D. Thompson, GPT-3.5 + ChatGPT: An illustrated overview, https://lifearchitect.ai/chatgpt/
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大语言模型的预训练数据
数据来源：各个大语言模型的对比
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大语言模型的预训练数据

看一下大语言模型训练的token数量：
▶ GPT-3（2020.5）是500B（5000亿）tokens，目前最新数据未知；
▶ Google的PaLM（2022.4）是780B tokens；
▶ DeepMind的Chinchilla是1400B=1.4T tokens；
▶ 开源的Llama的训练数据是1.5T tokens，Llama2的训练数据是2T tokens。
▶ GPT-4（2023）的训练数据13T文本（包括代码）tokens+2T图像tokens。
大语言模型的数据工程：

▶ LLM训练需要海量的数据；
▶ 数据质量对最后的模型有巨大影响；

▶ 如果收集过滤海量高质量数据，是非常关键的。
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大语言模型后训练（指令微调和人类偏好训练）

Credit to: Ouyang et al., Training language models to follow instructions with human feedback, arXiv:2203.02155
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大语言模型的思维链强化学习训练：DeepSeek-R1核心创新点

Huawei Proprietary - Restricted Distribution2
2

DeepSeek-R1核心创新点

◼ 无需SFT的复杂推理能力涌现
• 模型自主演化出了诸如自我反思、自我进化等类人推理行为，

并显著提高了模型的复杂高阶推理能力。

◼ 多阶段训练框架：平衡推理与语言能力

◼ 结构化慢思考模板：提升结果可解释性
• 将推理过程与最终答案进行分离（例如采用 <think>…</think> 

<answer>…</answer> 的格式）

◼ 基于规则的奖励函数设计：提升推理的准确性
• 结果正确：对于每一个训练使用的问题，提前准备正确答案，

而不是另一个reward model来给模型的输出打分
• 格式正确：要求模型必须以固定格式输出思维链，即必须在

“<think></think>”中间
Deepseek R1在推理任务和通用任务显著超越OpenAI-o1
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大语言模型的思维链强化学习训练：DeepSeek-R1训练流程

3

DeepSeek-R1训练流程

◼ R1-Zero训练阶段：以预训练模型为基础，暂时搁置对通用能力的追求，借助强化学习直接激活模型的慢思考推理能力，大幅拔高推理能力。

◼ R1训练阶段：利用具备强大推理能力的 R1-Zero 反向生成数据，采用多轮RL+SFT迭代训练，激活模型慢思考推理能力和通用能力。
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大语言模型的算力消耗

The language model “scaling wars”!

Log scale!

Mohit Iyyer, slides for CS685 Fall 2020, University of Massachusetts Amherst
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涌现（Emergence）和同一化（homogenization）

Bommasani et al., On the Opportunities and Risks of Foundation Models, arXiv:2108.07258 [cs.LG]
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涌现（Emergence）和同一化（homogenization）

On the Opportunities and Risks of Foundation Models 3

1 INTRODUCTION
This report investigates an emerging paradigm for building artificial intelligence (AI) systems
based on a general class of models which we term foundation models.2 A foundation model is any
model that is trained on broad data at scale and can be adapted (e.g., fine-tuned) to a wide range of
downstream tasks; current examples include BERT [Devlin et al. 2019], GPT-3 [Brown et al. 2020],
and CLIP [Radford et al. 2021]. From a technological point of view, foundation models are not
new — they are based on deep neural networks and self-supervised learning, both of which have
existed for decades. However, the sheer scale and scope of foundation models over the last few years
have stretched our imagination of what is possible; for example, GPT-3 has 175 billion parameters
and can be adapted via natural language prompts to do a passable job on a wide range of tasks
despite not being trained explicitly to do many of those tasks [Brown et al. 2020]. At the same time,
existing foundation models have the potential to accentuate harms, and their characteristics are in
general poorly understood. Given their impending widespread deployment, they have become a
topic of intense scrutiny [Bender et al. 2021].

1.1 Emergence and homogenization
The significance of foundation models can be summarized with two words: emergence and ho-
mogenization. Emergence means that the behavior of a system is implicitly induced rather than
explicitly constructed; it is both the source of scientific excitement and anxiety about unanticipated
consequences. Homogenization indicates the consolidation of methodologies for building machine
learning systems across a wide range of applications; it provides strong leverage towards many
tasks but also creates single points of failure. To better appreciate emergence and homogenization,
let us reflect on their rise in AI research over the last 30 years.

Fig. 1. The story of AI has been one of increasing emergence and homogenization. With the introduction of
machine learning, how a task is performed emerges (is inferred automatically) from examples; with deep
learning, the high-level features used for prediction emerge; and with foundation models, even advanced
functionalities such as in-context learning emerge. At the same time, machine learning homogenizes learning
algorithms (e.g., logistic regression), deep learning homogenizes model architectures (e.g., Convolutional
Neural Networks), and foundation models homogenizes the model itself (e.g., GPT-3).

Machine learning. Most AI systems today are powered by machine learning, where predictive
models are trained on historical data and used to make future predictions. The rise of machine
learning within AI started in the 1990s, representing a marked shift from the way AI systems were
built previously: rather than specifying how to solve a task, a learning algorithm would induce
it based on data — i.e., the how emerges from the dynamics of learning. Machine learning also

2We chose the term foundation models to capture the unfinished yet important status of these models — see §1.1.1: naming
for further discussion of the name.

机器学习 深度学习 基础模型
涌现 解决问题的方法 特征 模型能力
同一化 学习算法 模型结构 模型本身

Bommasani et al., On the Opportunities and Risks of Foundation Models, arXiv:2108.07258 [cs.LG]
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少样本和零样本学习 (上下文学习 in-context learning)
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少样本和零样本学习 (上下文学习 in-context learning)

Brown et al., Language Models are Few-Shot Learners,

arXiv:2005.14165, 2021
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思维链 Chain-of-thought

Preprint: https://arxiv.org/pdf/2201.11903.pdf
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零样本思维链 Zeor-shot CoT: Let’s think step-by-step

(c) Zero-shot
Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A: The answer (arabic numerals) is 

(Output) 8 X

(d) Zero-shot-CoT (Ours)
Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A: Let’s think step by step. 

(Output) There are 16 balls in total. Half of the balls are golf 
balls. That means that there are 8 golf balls. Half of the golf balls 
are blue. That means that there are 4 blue golf balls. ✓

Q: Roger has 5 tennis balls. He buys 2 more cans of tennis 
balls. Each can has 3 tennis balls. How many tennis balls does 
he have now?
A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6 
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A:

(Output) The juggler can juggle 16 balls. Half of the balls are golf 
balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are 
blue. So there are 8 / 2 = 4 blue golf balls. The answer is 4. ✓

(b) Few-shot-CoT(a) Few-shot

Q: Roger has 5 tennis balls. He buys 2 more cans of tennis 
balls. Each can has 3 tennis balls. How many tennis balls does 
he have now?
A: The answer is 11. 

Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A:

(Output) The answer is 8. X

Figure 1: Example inputs and outputs of GPT-3 with (a) standard Few-shot ([Brown et al., 2020]), (b)
Few-shot-CoT ([Wei et al., 2022]), (c) standard Zero-shot, and (d) ours (Zero-shot-CoT). Similar to
Few-shot-CoT, Zero-shot-CoT facilitates multi-step reasoning (blue text) and reach correct answer
where standard prompting fails. Unlike Few-shot-CoT using step-by-step reasoning examples per
task, ours does not need any examples and just uses the same prompt “Let’s think step by step” across
all tasks (arithmetic, symbolic, commonsense, and other logical reasoning tasks).

In contrast to the excellent performance of LLMs in intuitive and single-step system-1 [Stanovich
and West, 2000] tasks with task-specific few-shot or zero-shot prompting [Liu et al., 2021b], even
language models at the scale of 100B or more parameters had struggled on system-2 tasks requiring
slow and multi-step reasoning [Rae et al., 2021]. To address this shortcoming, Wei et al. [2022],
Wang et al. [2022] have proposed chain of thought prompting (CoT), which feed LLMs with the
step-by-step reasoning examples rather than standard question and answer examples (see Fig. 1-a).
Such chain of thought demonstrations facilitate models to generate a reasoning path that decomposes
the complex reasoning into multiple easier steps. Notably with CoT, the reasoning performance then
satisfies the scaling laws better and jumps up with the size of the language models. For example,
when combined with the 540B parameter PaLM model [Chowdhery et al., 2022], chain of thought
prompting significantly increases the performance over standard few-shot prompting across several
benchmark reasoning tasks, e.g., GSM8K (17.9%→ 58.1%).

While the successes of CoT prompting [Wei et al., 2022], along those of many other task-specific
prompting work [Gao et al., 2021, Schick and Schütze, 2021, Liu et al., 2021b], are often attributed
to LLMs’ ability for few-shot learning [Brown et al., 2020], we show that LLMs are decent zero-shot
reasoners by adding a simple prompt, Let’s think step by step, to facilitate step-by-step thinking before
answering each question (see Figure 1). Despite the simplicity, our Zero-shot-CoT successfully
generates a plausible reasoning path in a zero-shot manner and reaches the correct answer in a
problem where the standard zero-shot approach fails. Importantly, our Zero-shot-CoT is versatile and
task-agnostic, unlike most prior task-specific prompt engineering in the forms of examples (few-shot)
or templates (zero-shot) [Liu et al., 2021b]: it can facilitate step-by-step answers across various
reasoning tasks, including arithmetic (MultiArith [Roy and Roth, 2015], GSM8K [Cobbe et al., 2021],
AQUA-RAT [Ling et al., 2017], and SVAMP [Patel et al., 2021]), symbolic (Last letter and Coin
flip), commonsense reasoning (CommonSenseQA [Talmor et al., 2019] and Strategy QA [Geva et al.,
2021]), and other logical reasoning tasks (Date understanding and Tracking Shuffled Objects from
BIG-bench [big, 2021]) without modifying the prompt per task.

We empirically evaluate Zero-shot-CoT against other prompting baselines in Figure 1. While our
Zero-shot-CoT underperforms Few-shot-CoT with carefully-crafted and task-specific step-by-step
examples, Zero-shot-CoT achieves enormous score gains compared to the zero-shot baseline, e.g.
from 17.7% to 78.7% on MultiArith and from 10.4% to 40.7% on GSM8K with 175B parameter

2

Preprint: http://arxiv.org/abs/2205.11916
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大语言模型的能力涌现（Emergent Ablities）
上下文学习（零样本/少样本学习）

上下文学习的能力涌现 其他能力涌现
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(H) Word in context

Figure 2: Eight examples of emergence in the few-shot prompting setting. Each point is a separate model. The
ability to perform a task via few-shot prompting is emergent when a language model achieves random performance
until a certain scale, after which performance significantly increases to well-above random. Note that models
that used more training compute also typically have more parameters—hence, we show an analogous figure with
number of model parameters instead of training FLOPs as the x-axis in Figure 7. A–D: BIG-Bench (2022), 2-shot.
E: Lin et al. (2021) and Rae et al. (2021). F: Patel and Pavlick (2022). G: Hendrycks et al. (2021), Rae et al. (2021),
and Hoffmann et al. (2022). H: Brown et al. (2020), Hoffmann et al. (2022), and Chowdhery et al. (2022) on the
WiC benchmark (Pilehvar and Camacho-Collados, 2019).

The ability to perform a task via few-shot prompt-
ing is emergent when a model has random per-
formance until a certain scale, after which perfor-
mance increases to well-above random. Figure 2
shows eight such emergent abilities spanning five
language model families from various work.

BIG-Bench. Figure 2A–D depicts four emergent
few-shot prompted tasks from BIG-Bench, a crowd-
sourced suite of over 200 benchmarks for language
model evaluation (BIG-Bench, 2022). Figure 2A
shows an arithmetic benchmark that tests 3-digit
addition and subtraction, as well as 2-digit multi-
plication. GPT-3 and LaMDA (Thoppilan et al.,
2022) have close-to-zero performance for several
orders of magnitude of training compute, before
performance jumps to sharply above random at
2 · 1022 training FLOPs (13B parameters) for GPT-
3, and 1023 training FLOPs (68B parameters) for

LaMDA. Similar emergent behavior also occurs at
around the same model scale for other tasks, such
as transliterating from the International Phonetic
Alphabet (Figure 2B), recovering a word from its
scrambled letters (Figure 2C), and detecting fig-
ures of speech (Figure 2D). Even more emergent
abilities from BIG-Bench are given in Table 1.

TruthfulQA. Figure 2E shows few-shot prompted
performance on the TruthfulQA benchmark, which
measures the ability to answer questions truthfully
(Lin et al., 2021). This benchmark is adversari-
ally curated against GPT-3 models, which do not
perform above random, even when scaled to the
largest model size. Small Gopher models also do
not perform above random until scaled up to the
largest model of 5 · 1023 training FLOPs (280B
parameters), for which performance jumps to more
than 20% above random (Rae et al., 2021).

Grounded conceptual mappings. Figure 2F
shows the task of grounded conceptual mappings,
where language models must learn to map a con-
ceptual domain, such as a cardinal direction, rep-
resented in a textual grid world (Patel and Pavlick,
2022). Again, performance only jumps to above
random using the largest GPT-3 model.

Multi-task language understanding. Figure 2G
shows the Massive Multi-task Language Under-
standing (MMLU) benchmark, which aggregates
57 tests covering a range of topics including math,
history, law, and more (Hendrycks et al., 2021). For
GPT-3, Gopher, and Chinchilla, models of ∼1022

training FLOPs (∼10B parameters) or smaller do
not perform better than guessing on average over all
the topics, scaling up to 3–5 ·1023 training FLOPs
(70B–280B parameters) enables performance to
substantially surpass random. This result is strik-
ing because it could imply that the ability to solve
knowledge-based questions spanning a large col-
lection of topics might require scaling up past this
threshold (for dense language models without re-
trieval or access to external memory).

Word in Context. Finally, Figure 2H shows the
Word in Context (WiC) benchmark (Pilehvar and
Camacho-Collados, 2019), which is a semantic un-
derstanding benchmark. Notably, GPT-3 and Chin-
chilla fail to achieve one-shot performance of bet-
ter than random, even when scaled to their largest
model size of ∼5 · 1023 FLOPs. Although these re-
sults so far may suggest that scaling alone may not
enable models to solve WiC, above-random perfor-
mance eventually emerged when PaLM was scaled
to 2.5 · 1024 FLOPs (540B parameters), which was
much larger than GPT-3 and Chinchilla.

4 Augmented Prompting Strategies

Although few-shot prompting is perhaps currently
the most common way of interacting with large
language models, recent work has proposed several
other prompting and finetuning strategies to further
augment the abilities of language models. If a tech-
nique shows no improvement or is harmful when
compared to the baseline of not using the technique
until applied to a model of a large-enough scale,
we also consider the technique an emergent ability.

Multi-step reasoning. Reasoning tasks, especially
those involving multiple steps, have been chal-
lenging for language models and NLP models
more broadly (Rae et al., 2021; Bommasani et al.,
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Figure 3: Specialized prompting or finetuning methods
can be emergent in that they do not have a positive ef-
fect until a certain model scale. A: Wei et al. (2022b).
B: Wei et al. (2022a). C & D: Nye et al. (2021). An
analogous figure with number of parameters on the x-
axis instead of training FLOPs is given in Figure 8. The
model shown here is LaMDA (Thoppilan et al., 2022).

2021; Nye et al., 2021). A recent prompting strat-
egy called chain-of-thought prompting enables lan-
guage models to solve such problems by guiding
them to produce a sequence of intermediate steps
before giving the final answer (Cobbe et al., 2021;
Wei et al., 2022b; Zhou et al., 2022). As shown in
Figure 3A, chain of thought prompting only sur-
passes standard prompting without intermediate
steps when scaled to 1023 training FLOPs (∼100B
parameters). A similar emergence in performance
gain was also observed when augmenting few-shot
prompting with explanations that came after the
final answer (Lampinen et al., 2022).

Instruction following. Another growing line of
work aims to better enable language models to
perform new tasks simply by reading instructions
describing the task (without few-shot exemplars).
By finetuning on a mixture of tasks phrased as in-
structions, language models have been shown to
respond appropriately to instructions describing an
unseen task (Ouyang et al., 2022; Wei et al., 2022a;

49 total: 78 Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily
reflect the views or positions of any entities they represent. 免责声明：个人意见，不代表公司观点。
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Blog: Pathways Language Model (PaLM): Scaling to 540 Billion Parameters for Breakthrough Performance
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能力涌现 Ability Emergence的解释

Blog: Emergent Abilities of Large Language Models, url
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大模型训练的基本要素：算力、算法、数据、模型、参数

HUAWEI Strategy Alignment HUAWEI TECHNOLOGIES CO., LTD. Page 4

算力、算法、数据三大要素构筑人工智能基础

数据算力

算法

GPU

NPU

TPU

神经网络

Transformer

MoE

GB

TB

PB

模型

参数

人工智能进入大模型、大算力、大数据时代

ChatGPT 1750亿 人脑神经突触 1000万亿

大模型的基本概念：算力、算法、数据、模型、参数
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大模型预训练增长定律（Pre-training Scaling Law）

Dataset Size 
tokens

Parameters 
non-embedding

Compute 
PF-days, non-embedding

Te
st

 L
os

s

Figure 1 Language modeling performance improves smoothly as we increase the model size, datasetset
size, and amount of compute2 used for training. For optimal performance all three factors must be scaled
up in tandem. Empirical performance has a power-law relationship with each individual factor when not
bottlenecked by the other two.

Performance depends strongly on scale, weakly on model shape: Model performance depends most
strongly on scale, which consists of three factors: the number of model parameters N (excluding embed-
dings), the size of the dataset D, and the amount of compute C used for training. Within reasonable limits,
performance depends very weakly on other architectural hyperparameters such as depth vs. width. (Section
3)

Smooth power laws: Performance has a power-law relationship with each of the three scale factors
N,D,C when not bottlenecked by the other two, with trends spanning more than six orders of magnitude
(see Figure 1). We observe no signs of deviation from these trends on the upper end, though performance
must flatten out eventually before reaching zero loss. (Section 3)

Universality of overfitting: Performance improves predictably as long as we scale up N and D in tandem,
but enters a regime of diminishing returns if either N or D is held fixed while the other increases. The
performance penalty depends predictably on the ratio N0.74/D, meaning that every time we increase the
model size 8x, we only need to increase the data by roughly 5x to avoid a penalty. (Section 4)

Universality of training: Training curves follow predictable power-laws whose parameters are roughly
independent of the model size. By extrapolating the early part of a training curve, we can roughly predict the
loss that would be achieved if we trained for much longer. (Section 5)

Transfer improves with test performance: When we evaluate models on text with a different distribution
than they were trained on, the results are strongly correlated to those on the training validation set with
a roughly constant offset in the loss – in other words, transfer to a different distribution incurs a constant
penalty but otherwise improves roughly in line with performance on the training set. (Section 3.2.2)

Sample efficiency: Large models are more sample-efficient than small models, reaching the same level of
performance with fewer optimization steps (Figure 2) and using fewer data points (Figure 4).

Convergence is inefficient: When working within a fixed compute budget C but without any other restric-
tions on the model size N or available data D, we attain optimal performance by training very large models
and stopping significantly short of convergence (see Figure 3). Maximally compute-efficient training would
therefore be far more sample efficient than one might expect based on training small models to convergence,
with data requirements growing very slowly as D ∼ C0.27 with training compute. (Section 6)

Optimal batch size: The ideal batch size for training these models is roughly a power of the loss only,
and continues to be determinable by measuring the gradient noise scale [MKAT18]; it is roughly 1-2 million
tokens at convergence for the largest models we can train. (Section 5.1)

Taken together, these results show that language modeling performance improves smoothly and predictably
as we appropriately scale up model size, data, and compute. We expect that larger language models will
perform better and be more sample efficient than current models.

3

Kaplan et al. “Scaling Laws for Neural Language Models.” 2000.
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Figure 2 | Training curve envelope. On the left we show all of our different runs. We launched a
range of model sizes going from 70M to 10B, each for four different cosine cycle lengths. From these
curves, we extracted the envelope of minimal loss per FLOP, and we used these points to estimate the
optimal model size (center) for a given compute budget and the optimal number of training tokens
(right). In green, we show projections of optimal model size and training token count based on the
number of FLOPs used to train Gopher (5.76 × 1023).

3.1. Approach 1: Fix model sizes and vary number of training tokens
In our first approach we vary the number of training steps for a fixed family of models (ranging from
70M to over 10B parameters), training each model for 4 different number of training sequences.
From these runs, we are able to directly extract an estimate of the minimum loss achieved for a given
number of training FLOPs. Training details for this approach can be found in Appendix D.

For each parameter count 𝑁 we train 4 different models, decaying the learning rate by a factor of
10× over a horizon (measured in number of training tokens) that ranges by a factor of 16×. Then, for
each run, we smooth and then interpolate the training loss curve. From this, we obtain a continuous
mapping from FLOP count to training loss for each run. Then, for each FLOP count, we determine
which run achieves the lowest loss. Using these interpolants, we obtain a mapping from any FLOP
count 𝐶, to the most efficient choice of model size 𝑁 and number of training tokens 𝐷 such that
FLOPs(𝑁, 𝐷) = 𝐶.4 At 1500 logarithmically spaced FLOP values, we find which model size achieves the
lowest loss of all models along with the required number of training tokens. Finally, we fit power laws
to estimate the optimal model size and number of training tokens for any given amount of compute
(see the center and right panels of Figure 2), obtaining a relationship 𝑁𝑜𝑝𝑡 ∝ 𝐶𝑎 and 𝐷𝑜𝑝𝑡 ∝ 𝐶𝑏. We
find that 𝑎 = 0.50 and 𝑏 = 0.50—as summarized in Table 2. In Section D.4, we show a head-to-head
comparison at 1021 FLOPs, using the model size recommended by our analysis and by the analysis of
Kaplan et al. (2020)—using the model size we predict has a clear advantage.

3.2. Approach 2: IsoFLOP profiles

In our second approach we vary the model size5 for a fixed set of 9 different training FLOP counts6
(ranging from 6 × 1018 to 3 × 1021 FLOPs), and consider the final training loss for each point7. in
contrast with Approach 1 that considered points (𝑁, 𝐷, 𝐿) along the entire training runs. This allows
us to directly answer the question: For a given FLOP budget, what is the optimal parameter count?

4Note that all selected points are within the last 15% of training. This suggests that when training a model over 𝐷 tokens,
we should pick a cosine cycle length that decays 10× over approximately 𝐷 tokens—see further details in Appendix B.

5In approach 2, model size varies up to 16B as opposed to approach 1 where we only used models up to 10B.
6The number of training tokens is determined by the model size and training FLOPs.
7We set the cosine schedule length to match the number of tokens, which is optimal according to the analysis presented

in Appendix B.

5

Hoffmann et al. “Training Compute-Optimal Large Language Models.” 2022.

▶ 在大语言模型的预训练中，观察预训练效果最重要
的指标是模型的训练loss，只要训练的loss在不断
降低，我们就可以有信心这个模型在不断地学到新
的知识

▶ 研究人员发现，模型的训练loss跟模型的参数规
模、模型的训练数据大小、模型训练所使用的算力
几乎都呈现某种线性关系（对数坐标下），因此，
可以根据模型的参数规模、训练数据大学和训练所
使用的算力来预测模型的loss，这就是所谓
的LLM预训练Scaling Law

▶ 另有研究人员发现，在给定的有限算力（模型规模
乘以训练量）下，存在一个最优的模型规模，并不
是模型规模越大越好。太大的模型可能因为训练不
充分反而达不到最优的效果（Chinchilla Law）。

▶ LLM预训练Scaling Law随着训练的算力、能源成
本越来越高、数据逐渐枯竭，GPT-5遥遥无期，
Grok3性能也远没有做到经验。这一切似乎显示出
预训练增长定律带来的大模型性能不断增长趋势已
经放缓。但这方面的投资还没有终止，如xAI和星
际之门项目。
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大模型强化学习后训练增长定律 RL Post Training Scaling Law

DeepSeek R1 Technique Report
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大模型推理增长定律 Test Time Scaling Law

OpenAI o1 Snell et al. Scaling LLM Test-Time Compute……, arXiv:2408.03314v1
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多重增长定律的叠加效应

张俊林，S型智能增长曲线：从Deepseek R1看Scaling Law的未来，https://weibo.com/1064649941/PdBGubwU3
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大模型能力密度定律

Densing Law of LLMs

Chaojun Xiao1, Jie Cai2, Weilin Zhao1, Guoyang Zeng2, Biyuan Lin2, Jie Zhou2, Zhi Zheng2

Xu Han1, Zhiyuan Liu1, Maosong Sun1

1Tsinghua University 2ModelBest Inc.
xiaocj20@mails.tsinghua.edu.cn

{han-xu,liuzy,sms}@tsinghua.edu.cn

Highlights
We introduce the concept of “capability density” to evaluate the training quality of large language
models (LLMs) and describe the trend of LLMs that considers both effectiveness and efficiency.

(Relative) Capability Density. For a given LLMM, its capability density is defined as the ratio
of its effective parameter size to its actual parameter size, where the effective parameter size is
the minimum number of parameters required for the reference model to achieve performance
equivalent toM.

We reveal an empirical law for the capability density of open-source base LLMs released since 2023.

Densing Law. The maximum capability density of LLMs exhibits an exponential growth trend
over time.

ln(ρmax) = At + B

Here, ρmax is the maximum capability density of LLMs at time t.

Figure 1 presents the capability density of popular LLMs, measured by their performance on 5
widely-used benchmarks. A trend is fitted between maximum capability density and release date,
revealing that A ≈ 0.007 with R2 ≈ 0.93. This indicates the maximum capability density of
LLMs doubles approximately every 3.3 months1. That means, around three months, it is possible
to achieve performance comparable to current state-of-the-art LLMs using a model with half the
parameter size.
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Figure 1: The estimated capability density of open-source base LLMs.

1The capability density growth rate is affected by specific evaluation benchmarks and reference models.
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▶ LLM能力密度定律：模型能力密度随时间呈指数级增长，2023年以来能力密度约每3.3个月
（约100天）翻一倍。

▶ “能力密度”定义为了“有效参数量”与实际参数量的比值。其“有效参数量”被定义为实现
与目标模型一样的效果（5个最主要的banchmark评分），参考模型需要的最少参数量。

▶ 根据拟合曲线，到了2025年底，只要8B参数就能实现和GPT-4一样的效果。
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大模型技术概览
模型架构与预训练

• 线性模型和混合架构
• 分布式并行训练
• 稀疏架构（MoE、MoD）
• 模型蒸馏、剪枝、扩增
• 低精度、混合精度训练
• 长序列训练
• 扩散模型

模型Infra和推断部署

• PD分离部署
• 参数量化、KVCatch量化
• 长序列压缩推理
• 投机推理
• 负载均衡

Agent与具身智能

• 检索 DeepSearch, DeepResearch
• 代码生成/代码注释/代码修改
• 工具调用/代码解释器
• 数字助手/虚拟人/GUI Agent
• 多智能体
• 自动驾驶
• 机器人

多模态

• 语音理解和生成
• 图像理解和生成
• 视频理解和生成
• 全模态理解和生成
• 全模态理解生成一体化
• 视觉语言行为模型VLA

后训练与强化学习

• 监督学习SFT
• 强化学习算法DPO/PPO/GRPO
• 强化学习框架 BoN, Beam 

Search, MTS
• 奖励设计

数据工程

• 数据挖掘
• 数据配比
• 数据合成
• 长文本数据
• 思维链推理数据
• 多模态推理数据
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人工智能(AI)简介和发展历程

AI大模型现状及近期热点
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AI大模型应用

AI大模型面临的问题、发展趋势和对策
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大模型应用场景

个人应用

学习

搜索编程

办公

创作

娱乐

旅行 居家

健康

社交 行业应用

科研

工业旅游

游戏

交通

医疗

电商 广告

金融

政务
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大模型应用类型

对话

文本生成

翻译

文摘

检索问答

软件开发

多模态

任务完成

科学探索

闲聊 客服 情感抚慰 知识问答 角色扮演

文学创作 应用文写作 广告创意生成

文本翻译 OCR翻译 字幕翻译 语音翻译 视频翻译(对口型)

文本摘要 对话摘要 会议摘要

信息查询 文档问答 领域问答

代码理解 代码生成 代码补全 注释生成

语音识别 语音合成 图像理解 图像生成 视频理解 视频生成 多模聊天

购物 游戏 订餐订票 APP操作

数学求解 定理证明 生物制药 天气预报 新材料发现

60 total: 78 Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily
reflect the views or positions of any entities they represent. 免责声明：个人意见，不代表公司观点。



大模型训练和应用路径

基础模型

领域预训练+微调+提示词

检索增强 工具增强 代码增强 多模态训练

记忆 规划推理 感知行为

Agent

具身智能
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大模型与知识图谱结合：GraphRAG

▶ 什么是GraphRAG？
▶ GraphRAG是一种基于知识图谱的检索增强技术。通过构建图模型的知识表达，
将实体和关系之间的联系用图的形式展示出来，然后利用大语言模型（LLM）进
行检索增强。

▶ GraphRAG的工作原理：
▶ 提取实体：从用户输入的查询中提取关键实体。
▶ 构建子图：根据提取的实体构建相关的子图，形成上下文。
▶ 生成答案：将构建好的子图输入大语言模型，生成答案。

▶ GraphRAG引起了较多的重视，取得了一定的成功。
资料来源：CSDN Blog: GraphRAG：知识图谱+大模型,作者：Python_金钱豹
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大语言模型智能体（Agent）架构

Credit to: Lilian Weng, LLM Powered Autonomous Agents
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大模型辅助数学研究：陶哲轩把ChatGPT加入日常工作流

陶哲轩：ChatGPT已加入我的数学工作流

​ 关注

692 人赞同了该文章

2020 年度新知答主
量子位

Pine 梦晨 发自 凹非寺

量子位 | 公众号 QbitAI

ChatGPT，已经成为天才数学家陶哲轩的研究助手了！

不止ChatGPT，他还直接在网上宣布：

多种AI工具都会纳入自己的工作流。

最近这些日子，陶哲轩对AI可是青眼有加，甚至在网上只谈论一个话题：AI，特别是大语言模型在
数学研究中的应用。

在宣布把AI工具纳入自己的工作流之后，陶哲轩还在mathstodon上不断更新用AI工作的帖子。

比如说用AI写邮件：
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大语言模型评价任务的多样性
与传统NLP任务的评价不同，大语言模型是一个通用模型，并不存在单一的评价标准。
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Figure 1: Our proposed taxonomy of major categories and sub-categories of LLM evaluation.

Our survey expands the scope to synthesize findings from both capability and alignment
evaluations of LLMs. By complementing these previous surveys through an integrated
perspective and expanded scope, our work provides a comprehensive overview of the current
state of LLM evaluation research. The distinctions between our survey and these two related
works further highlight the novel contributions of our study to the literature.

2 Taxonomy and Roadmap

The primary objective of this survey is to meticulously categorize the evaluation of LLMs,
furnishing readers with a well-structured taxonomy framework. Through this framework,
readers can gain a nuanced understanding of LLMs’ performance and the attendant challenges
across diverse and pivotal domains.
Numerous studies posit that the bedrock of LLMs’ capabilities resides in knowledge and
reasoning, serving as the underpinning for their exceptional performance across a myriad of
tasks. Nonetheless, the effective application of these capabilities necessitates a meticulous
examination of alignment concerns to ensure that the model’s outputs remain consistent with
user expectations. Moreover, the vulnerability of LLMs to malicious exploits or inadvertent
misuse underscores the imperative nature of safety considerations. Once alignment and safety
concerns have been addressed, LLMs can be judiciously deployed within specialized domains,
catalyzing task automation and facilitating intelligent decision-making. Thus, our overarching

6

Guo et al., Evaluating Large Language Models: A Comprehensive Survey, arXiv:2310.19736v3, 2023
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大语言模型评价的挑战

▶ 大语言模型的评价面临的挑战主要体现在：
▶ 任务的多样性
▶ 评价的主观性
▶ 评测数据的代表性
▶ 评测数据的时效性
▶ 评测数据泄露和污染
▶ 评测结果的可解释性
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AI大模型面临的问题

▶ 幻象问题：大模型存在幻象，很难用在关键任务（如医疗）中

▶ AI安全问题：伦理（歧视、冒犯、、价值观）安全、滥用问题
▶ 可持续发展问题：能源消耗现有承受能力，数据枯竭
▶ 大模型是否是通向通用人工智能（AGI）的正确路径？

▶ 否：大模型只是部分的智能，远远不是智能的全部，也不可能只通过大模型达到
通用人工智能

▶ 是：大模型可以通向通用人工智能（AGI），甚至达到超人智能（ASI），这一天很
快将到来

▶ 如果AI的智力水平超过人类会导致什么后果？
▶ 后果很严重，AI可能操纵人类、统治人类甚至毁灭人类
▶ 不会有严重后果，AI只是工具，智力水平再高也不会统治人类
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幻象问题

▶ 现有神经网络本身无法避免幻象问题：
▶ 神经网络的知识都存储在参数之中，参数本身是无法区分事实和幻象的。
▶ 神经网络生成的文本或图像也无法区分事实和幻象。

▶ 更大的模型（如GPT-4）可以更好地对数据建模，有助于减少幻象。
▶ 引入外部知识（如RAG），可以很好地减少幻象。
▶ 人类也有幻象（儿童、病人、梦境、文学创作），幻象不一定都是坏事。

▶ 一种可能的消除幻象的方案，是在模型内部引入事实性判断模块。

▶ 在特定应用领域，只要能把幻象减少到足够低，就可以满足需求，并不一定需
要彻底消除幻象。
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超人智能和毁灭人类的风险

▶ AI能力将在越来越多的专业领域内超过大部分普通人、甚至超过一般的专家，
成为超人智能（Superhuman Intelligence）。

▶ AI在日常生活中超过人类，还有很长的路要走。
▶ AI毁灭人类的可能性：

▶ AI没有毁灭人类的意图（有能力并不等于有意图）。
▶ AI可能无意中毁灭人类：回形针思想实验。
▶ 回形针思想实验的问题（个人意见）：

▶ 资源的授权；
▶ 从失败中恢复的意志。
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大语言模型应用趋势及对人类社会的影响

大模型的应用前景非常广阔， 但目前的应
用无论是深度和广度都远远没有达到预期

智能和能源的成本将趋近于零， AI将像水、电、无线通
信、互联网一样，成为每个人日常生活不可或缺的基础设施

大模型的应用目前还比较肤浅，要做到广泛的深度应用还需
要一个较长的磨合周期，即使AGI实现，应用也不会一蹴而就

AI将取代人类很多工作，一方面很多人将会失业，另一方面也会
创造出一些新的工作机会，但总体上人类工作时间将减少，而
是可以有更多的时间来提升自己和享受生活（AI共产主义）

AI4Science将加速科学的发展，从而更加长远和深刻地影响人类社会

不用担心AI会取代人类、 统治人类甚至毁灭人
类，根本原因在于AI没有欲望， AI只是人类的工具
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大语言模型技术发展趋势

大模型规模在摩尔定律、尺度定律和涌现现象的共同驱动下，将继续摸高

大模型的发展也受到数据资源枯竭、能源消耗过大、安全性等方面制约

中小模型、高效训练、高效部署推理、长序列、Agent等技术，也发展很快

大模型智力水平有望达到人类智力水平，即所谓的AGI将在可见的将来实现

开源大模型仍将蓬勃发展，与闭源模型形成分庭抗礼之势
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大语言模型应用发展趋势

大模型的应用前景非常广阔， 但目前的应
用无论是深度和广度都远远没有达到预期

短期看：大模型的应用目前还比较肤浅，要做到广泛的深度应用
还需要一个较长的磨合周期，即使AGI实现，应用也不会一蹴而就

中期影响：AI将取代人类很多工作，一方面很多人将会失业，另一
方面也会创造出一些新的工作机会，但总体上人类工作时间将减
少，而是可以有更多的时间来提升自己和享受生活（AI共产主义）

长期影响： AI4Science将加速科学的发
展， 从而更加长远和深刻地影响人类社会

不用担心AI会取代人类、 统治人类甚至毁灭人
类，根本原因在于AI没有欲望， AI只是人类的工具
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OpenAI定义的AI发展的五个级别

L1：聊天机器人，具有对话能力的AI。

L2：推理者，像人类一样能够解决问题的AI。

L3：智能体，不仅能思考，还可以采取行动的AI系统。

L4：创新者，能够协助发明创造的AI。

L5：组织者，可以完成组织工作的AI。

OpenAI Levels for Future AI
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李飞飞团队提出空间智能

▶ 李飞飞提出的空间智能是指机器在 3D空间和时间中感知、推理和行动的能力。
▶ 李飞飞认为空间智能与语言智能一样重要，甚至在某些方面更古老、更基础。从进化角度看，智能的进化使
动物尤其是人类能够在三维的真实物理环境中移动、互动并创造文明，而空间智能是实现这些的关键，是构
建未来 AI生态的重要部分。

▶ 传统基于语言的 AI底层表示是一维的，而空间智能是通过 3D模型来推动机器理解物理世界的本质，不仅
仅是对图像或视频的 2D处理，而是让机器真正理解并应对三维空间。

▶ 在实现空间智能时，需要维持物体的永久性和遵守物理法则，例如让生成的 3D场景中的物体根据重力或其
他物理规则正确地与环境交互，这对技术实现有较高要求。

▶ 空间智能具有广泛的应用前景，可应用于游戏、教育、虚拟摄影等领域，能创建充满活力和交互性的 3D世
界，降低 3D内容制作成本，激发更多沉浸式体验。在增强现实（AR）和虚拟现实（VR）中也有重要作用，
有望成为 AR/VR的“操作系统”，帮助人类增强能力，如佩戴 AR眼镜的人可借助它修理汽车或完成复杂
操作，还可能减少人们对手机、平板等屏幕的依赖。
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Yann LeCun的自主智能构想和联合嵌入预测架构（JEPA）
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阿尔伯塔计划（DeepMind阿尔伯塔实验室，Richard Sutton）

1. 表示 I: 给定特征的持续监督学习。（Representation I: Continual supervised 
learning with given features.）

2. 表示 II: 监督特征发现。（Representation II: Supervised feature finding.）
3. 预测 I: 持续广义值函数（GVF）预测学习。（Prediction I: Continual Generalized 

Value Function (GVF) prediction learning.）
4. 控制 I: 持续的演员-评论者控制。（Control I: Continual actor-critic control.）
5. 预测 II: 平均奖励GVF学习。（Prediction II: Average-reward GVF learning.）
6. 控制 II: 持续的控制问题。（Control II: Continuing control problems.）
7. 规划 I: 带平均奖励的规划。（Planning I: Planning with average reward.）
8. AI原型 I: 具有持续函数逼近的单步模型基于强化学习。（Prototype-AI I: One-

step model-based RL with continual function approximation. ）
9. 规划 II: 搜索控制和探索。（Planning II: Search control and exploration.）
10.AI原型 II: STOMP进展。（Prototype-AI II: The STOMP progression.）
11.AI原型 III: Oak。（Prototype-AI III: Oak.）
12.IA原型: 智能增强。（Prototype-IA: Intelligence amplification.）

路线图
基本智能体有四个主要部件：

1. 感知（Perception）
2. 反应性策略（Reactive policies）
3. 值函数（Value functions）
4. 转移模型（Transition model）

愿景（Research Vision）

智能作为随时间进行的信号处理（Intelligence as signal processing over time）。
智能体的智能行为不仅仅是对即时刺激的反应，还包括感知、分析和在时间背景下对信
号作出反应的能力。智能被视为一种连续而动态的过程，它随着时间的推移获取、处理
和利用信息，以便做出明智的决策并采取适当的行动。
特点一：是基于模型的连续学习。
特点二：是持续学习和元学习。
特点三：是考虑算力的因素。
特点四：是包括与其他智能代理进行交互的情况。
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通向AGI之路
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多模态
语言模型
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Thank you!
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