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GPT系列

GPT-1 GPT-2 GPT-3 GPT-3.5 series InstructGPT ChatGPT

时间 2018 2019 2020.07 2021 2022.03 2022.11

参数量 117M Up to 1.5B Up to 175B Up to 175B 1.3B, 6B, 175B 6B

数据规
模

BooksCorpus, 

11,038 books,

74M sentences 

and 1G words

WebText, 40GB of 

text data from over 

8 million documents

Common Crawl, 

WebText2, 

Books1,Books2, 

Wikipedia.

Based on GPT-3, a 

series of models 

that was trained on 

a blend of text and 

code from before 

Q4 2021.

(之后的文章的
baseline GPT没有
准确的界限是GPT-3

or 3.5，模型没有差
异，不断补充
pretraining dataset)

1. 通过RLHF让模型
更align用户的意图/

输入的问题
2. 人工标注的
demonstration/pro

mpt dataset

3. 通过PPO训练RL

模型

ChatGPT is a 

sibling model to 

InstructGPT, but 

with slight 

differences in the 

data collection 

setup.

(更多的human 

feedback data, 解
决LLM作为一个产
品的untruthful, 

toxic, safety and 

misuse问题)

特点

无监督预训练+

下游任务有监
督微调

1.比GPT-1更大的
vocab/layer/hidden_

size

2.纯无监督训练，通
过task condition 

P(output|input, task),

实现learn multiple 

tasks using the 

same unsupervised 

model

1.与GPT2相同模
型，引入dense 

and locally 

banded sparse 

attention patterns

2. 分别测试few, 

one and zero-shot 

 GPT: Generative Pre-training, OpenAI

[1] https://medium.com/walmartglobaltech/the-journey-of-open-ai-gpt-models-32d95b7b7fb2

[2] https://platform.openai.com/docs/model-index-for-researchers

https://medium.com/walmartglobaltech/the-journey-of-open-ai-gpt-models-32d95b7b7fb2
https://platform.openai.com/docs/model-index-for-researchers


Other LLMs
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 OpenAI & Microsoft：InstructGPT (2022.03) ChatGPT (+100亿)
 Google：LaMDA (2022.02)Apprentice Bard

 DeepMind：Gopher (2022.01), Chinchilla (2022.03) Sparrow

 Anthropic：Claude (OpenAI核心员工, Google+4亿, 2022.04)

 Meta：Galactica（上线3天, 202211）

 百度：文心一言（ERNIE Bot, 预计2023.03公测）

[1]https://mp.weixin.qq.com/s?__biz=MzI3MTA0MTk1MA==&mid=2652288986&idx=1&sn=47918ef14136664feff8a14bcaeee80b&chksm=f125c32bc6524a3dbd2c6ff3bcfd9

d464ee59f52a84efda74d33f3f45138f8c9e0baf24c7a3e&scene=21#wechat_redirect

https://mp.weixin.qq.com/s?__biz=MzI3MTA0MTk1MA==&mid=2652288986&idx=1&sn=47918ef14136664feff8a14bcaeee80b&chksm=f125c32bc6524a3dbd2c6ff3bcfd9d464ee59f52a84efda74d33f3f45138f8c9e0baf24c7a3e&scene=21#wechat_redirect


InstructGPT Overview
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 Motivation

• make large language model better at following a user's intent.

• improve truthfulness and reduce toxic output generation.

 Method：结合强化学习与LLM有监督训练，人工标注大量的数据，融合不同的

objective微调GPT-3

• Reward objective：将基于Human Feedback训练的奖励模型输出的reward，作为RL policy的主

要成分

• KL objective：防止RL policy训练后与pretrained GPT相差过远，否则会胡言乱语欺骗奖励模

型给出一个很高的分数

• Pretraining objective：保证RLHF微调后的的模型在public NLP task上SOTA



InstructGPT Overview
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 Backbones

• GPT series

• RLHF policy：NIPS2017 arXiv:1706.03741，NIPS2020 arXiv:2009.01325, OpenAI arXiv:1909.08593

• Pre-InstructGPT 2022.02：Learning to summarize from human feedback，没有pretraining objective

 Related works

• Research on alignment and RLHF: OpenAI 6B RM, Anthropic 10B to 52B RM, DeepMind Chinchilla 

70B RM + A2C, arXiv:1909.08593, arXiv:2109.10862, et. al.

• Training language models to follow instructions (zero-shot): arXiv:2109.01652, arXiv:2110.08207, 

arXiv:2111.10952

• Evaluating the harms of language models

• Modifying the behavior of language models to mitigate harms



InstructGPT 官方介绍

6[1]https://openai.com/blog/chatgpt/

https://openai.com/blog/chatgpt/


InstructGPT： Step by Step
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 Glossary:

• Fine-tuned GPT-3 (after step 1 )  SFT  Initial Language Model (ILM)

• Reward Model (step 2)  Preference Model Value function (step3)

• Tuned IML (after step 3 with RL) InstructGPT

• Demonstration dataset  Prompt dataset



InstructGPT： Step by Step
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 Step 1. Fine-tuning a pre-trained GPT3 with demonstration/prompt dataset, get Initial 
Language model (base backbone of following step )

• Supervised fine-tuning（SFT）
• 训练1epoch后就开始出现过拟合；但基于过拟

合的模型，后续Reward model可以训练到更高
的score

• 最后，在prompt dataset上训练16 epochs
• 分别微调了1.3B，6B，175B三个模型，最后根

据step2的reward score结果决定final model使用哪
个规模的模型

[1]https://huggingface.co/blog/rlhf

https://huggingface.co/blog/rlhf


InstructGPT： Step by Step
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 Step 2. Train Reward Model with prompt dataset based on Initial language model（ILM）. 

• Reward Model使用ILM参数初始化，但去掉ILM最
后的unembedding layer，改为连接一个全连接层，
输出predicted scalar reward

• Human Feedback主要体现在这一步，对于每个
prompt，人工对ILM的输出进行打分；

• 对于一个prompt，可通过tweak/greedy search等，
ILM可生成多个回答（ChatGPT取K=4~9个），或
本身beam search就能生成多个回答，PPL不一样

• 由于labeler间的差异，标注时不给所有回答打绝对
值的分数；而是将一个prompt和对应的K个回答看
为一个样本，labeler对比 𝐶𝐾

2 组回答，更prefer哪个，
一个prompt对应一个loss值：𝑙𝑜𝑠𝑠 𝜃 =
−1

𝐶𝐾
2 𝐸(𝑥,𝑦𝑤,𝑦𝑙)~𝐷[log(𝜎 𝑟𝜃 𝑥, 𝑦𝑤 − 𝑟𝜃 𝑥, 𝑦𝑙 )]

• 训练了6B、175B两个模型，175B  RM训练不稳定
且作为step3的value function时计算消耗太大；6B训
练稳定、对LR不敏感、且在NLP上SOTA，因此
step3 value function的backbone使用6B



InstructGPT： Step by Step
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 Step 3. Fine-tune ILM through RL model with PPO to get final InstructGPT (gray)

• InstructGPT参数使用ILM初始化，对于每个prompt，
计算ILM和InstructGPT的回答间的KL散度，作为RL 
loss的一部分，该loss prevent RL policy from moving 
substantially away from ILM, without this penalty the 
optimization can start to generate text that is gibberish 
but fools the reward model to give a high reward; 第二部
分RL loss为InstructGPT的回答的reward score；第三
部分loss为mixing public NLP dataset上的loss gradient
以保证InstructGPT在public task上SOTA, 𝑙𝑜𝑠𝑠 =

𝐸(𝑥,𝑦)~𝜋𝜙
𝑅𝐿 𝑟𝜃 𝑥, 𝑦 − β log ൘

𝜋𝜙
𝑅𝐿 𝑦 𝑥

𝜋𝑆𝐹𝑇 𝑦 𝑥 +

𝛾𝐸𝑥~𝐷𝑝𝑟𝑒𝑡𝑟𝑎𝑖𝑛[log(𝜋𝜙
𝑅𝐿(𝑥))]

• RL+LM训练时，由于计算量巨大（主要是RL 的动
作空间和观测空间大收敛时间长），通常会frozen
大部分参数（例如umembedding之前的大部分参数）

• 使用OpenAI default RL algorithm PPO训练RL policy
• 由于mixing third loss，训练集也会mixing pretrain data

注意此处𝜃为RL policy

更新的参数 , 与 step2

RM更新的参数𝜃不一样

1. Mixing:10% pretraining data

2. Mixing: pretraining loss/gradient



InstructGPT： Step by Step
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 Optional. Steps 2 and 3 can be iterated continuously

Step 3: update InstructGPT

共同拥有的参数
使用InstructGPT
初始化

Step 2: update Reward Model

迭代训练后的
RM作为value 
function进一步
训练InstructGPT



InstructGPT：数据与算力
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 Data (massive) & 40 contractors selected through test

 Compute：加快训练速度&降低显存占用/算力需求

• 使用6B RM作为value function，训练稳定且效果更好

• RL训练时frozen非常大部分的参数

 Parallel：与GPT-3一致，data parallel+tensor/matrix multiply parallel +pipeline/model 

parallel

[1] https://arxiv.org/abs/2203.02155

https://arxiv.org/abs/2203.02155


InstructGPT/ChatGPT Limitations
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 ChatGPT sometimes writes plausible-sounding but incorrect or nonsensical answers. Fixing this issue is 
challenging, as: (1) during RL training, there's currently no source of truth; (2) training the model to be more 
cautious causes it to decline questions that it can answer correctly; and (3) supervised training misleads the 
model because the ideal answer depends on what the model knows, rather than what the human demonstrator 
knows.

 ChatGPT is sensitive to tweaks to the input phrasing or attempting the same prompt multiple times. For 
example, given one phrasing of a question, the model can claim to not know the answer, but given a slight 
rephrase, can answer correctly. （RM的训练机制导致的）

 The model is often excessively verbose and overuses certain phrases, such as restating that it's a language 
model trained by OpenAI. These issues arise from biases in the training data (trainers prefer longer answers 
that look more comprehensive) and well-known over-optimization issues.

 Ideally, the model would ask clarifying questions when the user provided an ambiguous query. Instead, our 
current models usually guess what the user intended.

 While we've made efforts to make the model refuse inappropriate requests, it will sometimes respond to 
harmful instructions or exhibit biased behavior. We're using the Moderation API to warn or block certain 
types of unsafe content, but we expect it to have some false negatives and positives for now. We're eager to 
collect user feedback to aid our ongoing work to improve this system.



LLM产品思考
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 Lessons Learned on Language Model Safety and Misuse: There is no silver bullet for 

responsible deployment.

• Pre-training data curation and filtering

• Fine-tuning models to better follow instructions

• Risk analysis of potential deployments

• Providing detailed user documentation

• Building tools to screen harmful model outputs

• Reviewing use cases against our policies

• Monitoring for signs of misuse

• Studying the impacts of our models

[1]https://openai.com/blog/language-model-safety-and-misuse/

https://openai.com/blog/language-model-safety-and-misuse/


Open-Source
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 Prompt dataset：

• Anthropic large-scale：https://huggingface.co/datasets/Anthropic/hh-rlhf

 RLHF (official or high star)

• OpenAI 2019 Tensorflow: http://github.com/openai/lm-human-preferences

• OpenAI 2020: https://github.com/openai/summarize-from-feedback

• Transformer RL Pytorch： https://github.com/lvwerra/trl

• RL4LMs Pytorch： https://github.com/allenai/RL4LMs

https://huggingface.co/datasets/Anthropic/hh-rlhf
http://github.com/openai/lm-human-preferences
https://github.com/openai/summarize-from-feedback
https://github.com/lvwerra/trl
https://github.com/allenai/RL4LMs


Further Reading
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 Here is a list of the most prevalent papers on RLHF to date. The field was recently popularized with the 

emergence of DeepRL (around 2017) and has grown into a broader study of the applications of LLMs 

from many large technology companies. Here are some papers on RLHF that pre-date the LM focus:

• TAMER: Training an Agent Manually via Evaluative Reinforcement (Knox and Stone 2008): Proposed 

a learned agent where humans provided scores on the actions taken iteratively to learn a reward model.

• Interactive Learning from Policy-Dependent Human Feedback (MacGlashan et al. 2017): Proposed an 

actor-critic algorithm, COACH, where human feedback (both positive and negative) is used to tune 

the advantage function.

• Deep Reinforcement Learning from Human Preferences (Christiano et al. 2017): RLHF applied on 

preferences between Atari trajectories.

• Deep TAMER: Interactive Agent Shaping in High-Dimensional State Spaces (Warnell et al. 2018): 

Extends the TAMER framework where a deep neural network is used to model the reward prediction.

[1]https://huggingface.co/blog/rlhf

https://huggingface.co/blog/rlhf


Further Reading
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 Here is a snapshot of the growing set of papers that show RLHF's performance for LMs:
• Fine-Tuning Language Models from Human Preferences (Zieglar et al. 2019): An early paper that studies the impact of reward learning on four specific tasks.

• Learning to summarize with human feedback (Stiennon et al., 2020): RLHF applied to the task of summarizing text. Also, Recursively Summarizing Books with 

Human Feedback (OpenAI Alignment Team 2021), follow on work summarizing books.

• WebGPT: Browser-assisted question-answering with human feedback (OpenAI, 2021): Using RLHF to train an agent to navigate the web.

• InstructGPT: Training language models to follow instructions with human feedback (OpenAI Alignment Team 2022): RLHF applied to a general language 

model [Blog post on InstructGPT].

• GopherCite: Teaching language models to support answers with verified quotes (Menick et al. 2022): Train a LM with RLHF to return answers with specific 

citations.

• Sparrow: Improving alignment of dialogue agents via targeted human judgements (Glaese et al. 2022): Fine-tuning a dialogue agent with RLHF

• ChatGPT: Optimizing Language Models for Dialogue (OpenAI 2022): Training a LM with RLHF for suitable use as an all-purpose chat bot.

• Scaling Laws for Reward Model Overoptimization (Gao et al. 2022): studies the scaling properties of the learned preference model in RLHF.

• Training a Helpful and Harmless Assistant with Reinforcement Learning from Human Feedback (Anthropic, 2022): A detailed documentation of training a LM 

assistant with RLHF.

• Red Teaming Language Models to Reduce Harms: Methods, Scaling Behaviors, and Lessons Learned (Ganguli et al. 2022): A detailed documentation of efforts 

to “discover, measure, and attempt to reduce [language models] potentially harmful outputs.”

• Dynamic Planning in Open-Ended Dialogue using Reinforcement Learning (Cohen at al. 2022): Using RL to enhance the conversational skill of an open-ended 

dialogue agent.

• Is Reinforcement Learning (Not) for Natural Language Processing?: Benchmarks, Baselines, and Building Blocks for Natural Language Policy Optimization 

(Ramamurthy and Ammanabrolu et al. 2022): Discusses the design space of open-source tools in RLHF and proposes a new algorithm NLPO (Natural Language 

Policy Optimization) as an alternative to PPO.



下一代LLM
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 自我学习：解决数据危机，模型利用自己生成的数据作为额外的训练数据来提升
自己（LARGE LANGUAGE MODELS CAN SELF-IMPROVE，arXiv:2210.11610）

 指令微调（Instruction fine-tuning, RLHF）：但依赖标注耗时且昂贵（Self-Instruct: 

Aligning Language Model with Self Generated Instructions, arXiv:2212.10560）

 先检索prompt相关内容再回答：Google，RECITATION-AUGMENTED 

LANGUAGE MODELS，arXiv:2210.01296

 大规模稀疏专家模型：减轻GPT等常见模型的不可靠性以及更强的可解释性

 Google，GLaM: Efficient Scaling of Language Models with Mixture-of-Experts，

arXiv:2112.06905

 Meta，Efficient Large Scale Language Modeling with Mixtures of Experts，

arXiv:2112.10684

 …



对AI4S启发
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 Redefine CS&AI&CS relation

 AI与CS目前虽深度交融，但最后终将通往不同的目标

 ChatGPT是通往智能体的milestone，具备初步的common sense；

 对AI4S的启示（AI4S的真正内涵）：利用（人工）智能体，帮助科学家进行

科学与技术领域的研究突破；并非单纯利用加速设备（GPGPU）或单纯利用

现有的机器学习/深度学习算法；

AICS
ML

DL



对AI4S启发

21

 智能体

 DSA：Data check、DRL、Reward Model



对AI4S启发
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 DSI (domain specific intelligence) & applications

D.S.I Agent

智能体领域 应用/愿景
Pre-train Fine-tuning

Science 
data

Specific 
knowledge

C(C(=O)O)N
(SMILES)

CGGTA....
(DNA Sequence)

(Physical Law)

RLHF
Data

distribution

Reward 
model

Instruction

ML CNN

GNN Attention

Capture commonsence 

Transformer GPT

AI
工
具
库

智
能
策
略 New discovery

Excellent performance

(Prompt)



Bonus：GPT推理细节

背景：few-shot虽然不需要训练，但由于输入序列很长

（task description+examples+prompt）,而且是逐

词预测，加上SA的三次方复杂度，同样导致大规模生成

模型推理耗时耗算力
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GPT2 & GPT3

 定义few-shot与fine-tune的区别

 Inference过程：

 Task description、example和prompt

同时组合成输入，token by token的

预测下一个token

 Task description、example、prompt、

之前输出的所有token作为输入，预

测下一个token

 此外，对话时双方的文字都会一起

组合作为输入
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GPT2 & GPT3

 下图为zero-shot的Token by token预测示例

 当使用few-shot的时候，由于example比较多，每次预测下一个token时输入

sequence的有效长度很大，因此计算量还是比较大；但仍然小于FineTune的

总计算量（包括训练），当然准确度也低于FT

 虽然zero-shot计算量小，但准确率低于few-shot；ChatGPT通过RLHF提高了

zero-shot的performance
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Greedy Search

 GPT等模型在生成的时候，模型的输出是一个时间步一个时间步依次获得的，

而且前面时间步的结果还会影响后面时间步的结果。

 也就是说，每一个时间步，模型给出的都是基于历史生成结果的条件概率。

 每一个时间步可能的输出种类称为字典大小(vocabulary size)

 最容易想到的策略是贪心搜索（greedy search），即每一个时间步都取出一个

条件概率最大的输出，再将从开始到当前步的结果作为输入去获得下一个时间

步的输出，直到模型给出生成结束的标志。

 很明显，这样做将原来指数级别的求解空间直接压缩到了与长度线性相关的大

小。由于丢弃了绝大多数的可能解，这种关注当下的策略无法保证最终得到的

序列概率是最优的。
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Beam Search

 beam search是对贪心策略一个改进。就是稍微放宽一些考察的范围。在每一个

时间步，不再只保留当前分数最高的1个输出，而是保留num_beams个，牺牲

时间换性能。当num_beams=1时集束搜索就退化成了贪心搜索。

• 在第一个时间步，A和C是最优的两个，因此得到了两

个结果[A],[C]，其他三个就被抛弃了；

• 第二步会基于这两个结果继续进行生成，在A这个分支

可以得到5个候选人，[AA],[AB],[AC],[AD],[AE]，C也同

理得到5个，此时会对这10个进行统一排名，再保留最

优的两个，即图中的[AB]和[CE]；

• 第三步同理，也会从新的10个候选人里再保留最好的两

个，最后得到了[ABD],[CED]两个结果。



Bonus：RLHF代码解析
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https://github.com/lucidrains/PaLM-rlhf-pytorch

 1. 普通的gpt训练，输出之后，torch.nn.CrossEntropyLoss计算loss（内嵌softmax）：30020096

 2. 训练reward model，第一步的模型（load parameter）新加一层全连接，n分类（output unit），所有参数都微

调：30023685

 3. rlhf训练，rl包括actor和critic，整个模型还包含第一步的gpt和第二步的reward model参数，其中包含的参数是

actor + critic + reward = 90064390 = 30020096 + 30020096 + 512 + 1 + 30023685（actor和gpt是同一样的参

数，相同的内存地址；critic是deepcopy不共享）；reward model不更新（self.reward_model = 

reward_model.eval()）；actor和critic是在PPO中更新的（self.actor_critic.train()）

不同的论文有不同的训练细节，比如freeze哪些参数，added network引入lora，数据和label设置等

Actor = gpt

critic

Gpt，省略self-attention backbone

Reward model
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https://github.com/lucidrains/PaLM-rlhf-pytorch

 PPO loss在RLHFTrainer的learn()里定义

Sequence: 2048

Prompt/state：512 token
Actor.generate

actions：1536 token

Critic.forward

Action_logits [2048, 256]   action_prob [2048, 256] after softmax

Value [1] used in PPO loss

Reward_model
reward：[1]

Action_logits [2048, 256]  action_prob_updated [2048, 256] 

Ratio [1536], 
mean for loss [1]

Entropy loss [1]

KL penalty[1]

Advantage [1]

 先计算policy loss，主要由

entropy loss组成，更新actor

 再计算value loss（主要由reward

model以及KL散度组成），更新

critic

 PPO：off-policy strategy

 第三方实现的代码似乎与官方loss有所出入：该代码增加了更新actor（即对应P10的ILM也更新）的过程；即baseline也在更新，是合理的

 但总体来说，主要是考虑计算量的问题，通常在RLHF的时候会freeze一些参数


