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2024年上海交通大学ACM班强化学习课程大纲

2

1. 强化学习、探索与利用
2. MDP和动态规划
3. 值函数估计
4. 无模型控制方法
5. 规划与学习
6. 参数化的值函数和策略
7. 深度强化学习价值方法
8. 深度强化学习策略方法

9. 基于模型的深度强化学习
10. 模仿学习
11. 离线强化学习
12. 多智能体强化学习基础
13. 多智能体强化学习前沿
14. AI Agent与决策大模型
15. 基于扩散模型的强化学习
16. 技术交流与回顾

强化学习基础部分 强化学习前沿部分
（中文课件） （英文课件）
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p 面向预测任务的机器学习

• 给予特征数据，预测目标概率分布（监

督学习）

p 面向生成任务的机器学习

• 生成数据样例（无监督学习）

p 面向决策任务的机器学习

• 在动态系统中采取序列行动决策

预测任务 生成任务 决策任务

共同点：拟合数据分布 共同点：使用产生的信号

)*+,

!"#$

%&'(!"



ChatGPT!"#$%
1. HI$%2ChatGPTJHK-LM5GPT-3:
NOPQRSJTUV&WXPYK<J-L>

2. !"Z[2\7]^Z[_`a&!
"Z[Qbcdefghij>

3. kflm2*5noJijpq`r*,st
uvw*xlmyzQ`{|&kfPChatGPT
}~d�Jlm>

ChatGPT-./0

1234
56

!"#$%&'(

!"#$%&'GPT-3 ()*+,-./0
1

17502&'34
45TB5"#67

389:;+308<=
>?+@ABC

12008DE 30FGHIJK
LMNO1000F



&'()*+,-.#/0

789:;<1234#=> 78?@AB#1234#=>

from GPT-4 Technical Report



1234567Intelligent Decision-Making8#9:,-
p!"#$%&''()*+,-./0123-.1(450678

On Realization of Intelligent Decision-Making in the Real World: A Foundation Decision Model Perspective. CAAI AIR 2023. https://arxiv.org/abs/2212.12669

https://arxiv.org/abs/2212.12669
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Large RL Model
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• Prompts: language in a certain pattern
• Low level executor: robots, agents
• Low level perceptor: usually perception models
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Large Language Models: The Brain in a Vat

• LLMs have shown remarkable reasoning and planning 
ability.

• To utilize LLMs in real-life control tasks, additional 
supports are necessary.

• Current researches over LLMs and external environment 
interactions share a similar pipeline.

• Prompts: language in a certain pattern
• Low level executor: robots, agents
• Low level perceptor: usually perception models
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Xiang Deng et al. Mind2Web: Towards a Generalist Agent for the Web. Arxiv 2023.
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• Information retrieval (IR) is the activity of obtaining 
information items relevant to an information need from 
a collection of information items.

• LMNOPQRSTUVWXYZ[\]^_
`Wquery#UV

• aNOPQRbcdefgch=YijkB
l*information need#information state

AgentUser

Chat Act



?Q ?CDEF\]0^_`abcd7%e@fghi8



=>?@AAB ?CDEF#4j

Agent#Gmnopqrstu>r+,vwrxFGHy=z



AAB ?CDEF G klPm

Z. Wang, et al. Describe, Explain, Plan and Select: Interactive Planning with Large Language Models Enables Open-World Multi-Task Agents.” arXiv, 2023.
http://arxiv.org/abs/2302.01560

DEPS: describe, explain, plan and select

http://arxiv.org/abs/2302.01560
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S Guo, et al. DS-Agent: Automated Data Science by Empowering Large Language Models with Case-Based Reasoning. ICML 2024.

DS-Agent is a novel automatic framework that 
harnesses LLM agent and case-based reasoning 
(CBR).
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N Shinn, et al. Reflexion: Language Agents with Verbal Reinforcement Learning. NeurIPS 2023.

Reflexion agents verbally reflect on task feedback signals, then 
maintain their own reflective text in an episodic memory buffer to induce 
better decision-making in subsequent trials.
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Toolformer autonomously decides to call different APIs (from 1 to 4: a question answering system, a 
calculator, a machine translation system, and a Wikipedia search engine) to obtain information that is 
useful for completing a piece of text.

1

2

3

4

Timo Schick et al. Toolformer: Language Models Can Teach Themselves to Use Tools. NeurIPS 2023.
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• !"M (Chain-of-Thought)N!"O (Tree-of-Thought)

Shunyu Yao et al. ReAct: Synergizing Reasoning and Acting in Language Models. ICLR 2023.

ALFworld
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Wan Z, Feng X, Wen M, et al. Alphazero-like tree-search can guide large language model decoding and training. ICML 2024.
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Multi-agent framework MetaGPT encodes Standardized Operating 
Procedures (SOPs) into prompt sequences for more streamlined workflows

S. Hong et al. MetaGPT: Meta Programming for A Multi-Agent Collaborative Framework. Arixv 2023. https://arxiv.org/abs/2308.00352

MetaGPT generates more coherent solutions than previous 
chat-based multi-agent systems

MetaGPT designs different types of games

https://arxiv.org/abs/2308.00352
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R. Zhou et al. TRAD: Enhancing LLM Agents with Step-Wise Thought Retrieval and Aligned Decision. SIGIR 2024. https://arxiv.org/abs/2403.06221

https://arxiv.org/abs/2403.06221
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Sai Vemprala et al. ChatGPT for Robotics: Design Principles and Model Abilities. Arxiv 2023.
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Xinghang Li et al. Vision-Language Foundation Models as Effective Robot Imitators. ICLR 2024.

AAB ?CDEF G RoboFlamingo
p «¬:®A$¯��,vision language model°w©ªE'(±²
p t2³VLM OpenFlamingoC´µH¶·action head�u¸¹©ªE±²���º»

LSTM

Instruction: Pick up the red block 
and put it into the drawer.

Tokenizer
ViT

…
…

…

LLM

Resampler

… …

Self Attention

 x 32

……

Cross Attention

Pooling

Action

Third View Image Token

Gripper View Image Token

Lang Token

Frozen

Vision Encoder

Policy Head
Pooled Feature Token

VL Embedding Token

Up to 9B parameters
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p 基于目标的强化学习（Goal-Conditioned RL，GCRL）
• 在MDP环境中额外定义一个目标，将此目标显式地告诉智
能体，并在训练过程中使用此目标信息，进而在测试阶段
给定新的目标，使得智能体能直接泛化来解决此任务。

p 一个想法：如果把每次任务的终点以一种目标信息显
式加到智能体的输入和奖励信号中，是否能训练出能
完成不同终点的任务呢？

p 实现框架：把完成任务的轨迹分拆
成序列的任务和完成具体任务的技
能

p 由此可以解耦：
• 任务子目标规划 𝑝(𝑠!|𝑠)
• 达到子目标的技能 𝑞(𝑎|𝑠, 𝑠!)

Minghuan Liu et al. Plan Your Target and Learn Your Skills: Transferable 
State-Only Imitation Learning via Decoupled Policy Optimization. ICML 2022.

Minghuan Liu, Menghui Zhu, Weinan Zhang. Goal-Conditioned Reinforcement 
Learning: Problems and Solutions. IJCAI 2022.



FGHI<JKLM.NOP!BC!"7QRST=>?@"UVWX>

1. 策略大模型

• Gato、DB1、AdA

2. 价值大模型

• Q-Transformer

3. 环境大模型

• TDM、Genie

4. 多智能体大模型

• MADT、MAT

p 强化学习大模型
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• %YZ[2\=>?@<"U]^

Weinan Zhang. Large Decision Models. IJCAI 2023.

• In sequence modeling, 𝑚 𝑠, 𝑎 = 1
• In traditional RL, 𝑚(𝑠, 𝑎) is the value function 

corresponds to 𝑄)(𝑠, 𝑎)
• Learned by TD propagation
• Need the agent to interact with environment

• In large decision-making models of offline RL, 
𝑚(𝑠, 𝑎) is a masking (or weighting) function

• Just predefined by rule
• No need to interact with environment (but require 

huge amount of data)

• How the masking function (or 
selection function) can be defined?

• By learning a value function, e.g., critic 
regularized regression

• By rules
• By data, directly
• Multi-agent credit assignment 

(attribution)
• From good trajectories (of GATO) to 

specific good (s,a) pairs
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Weinan Zhang. Large Decision Models. IJCAI 2023.
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Decoder-only Transformer=>?

Decision Transformer=@A>?
CQL

Decision TransformerBCDEFGH9:=IJKLMNOPQR=S<

• Re-build RL task as a sequence prediction problem

• Causal transformer: GPT (i.e., decoder-only transformer)

Chen et al. Decision Transformer: Reinforcement Learning via Sequence Modeling. NeurIPS 2021.
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• K.L>IJ+MN,-
• :;FOPQR%&STUV
• :;WXMNYZ[prompt

Reed et al. A Generalist Agent. Arxiv 2022.



• ResNet embedding 
for image patches

• Text and discrete data are 
directly embedded

• Image patches are embedded via 
ResNet

• Tensor data are mu-law encoded 
and discretized, then embedded

6�+,-@Gato –�,d����'
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p GATOdÆÇ'(����wÈÉ0HÊËDÌ·GPTÍÎ$%+��HÏQXY

Reed et al. A Generalist Agent. Arxiv 2022.

tokenization

Decoder-only 
Transformer
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l UV78aSTUVefTUV

l C,ga13.2B

Ying Wen et al. On Realization of Intelligent Decision-Making in the Real World: A Foundation Decision Model Perspective. Arxiv 2022. https://arxiv.org/abs/2212.12669

l hiIJ,ga870>

l IJj8aklmnompqmrsmtuv$

l 78w]a76.7%IJxyMNw]50%

p 2022Ð12ÑH�ÒÓJ#Á1�Ô#ÕÖ×Ø1�Ù#1UCLÚWÛÜA$¯'(#$%DB1

https://arxiv.org/abs/2212.12669
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Ying Wen et al. On Realization of Intelligent Decision-Making in the Real World: A Foundation Decision Model Perspective. Arxiv 2022. https://arxiv.org/abs/2212.12669

DB1 surpasses half of expert
performance on 76.7% of 870 tasks

https://arxiv.org/abs/2212.12669


Yu, Chen, Weinan Zhang et al. Multi-embodiment Legged Robot Control as a Sequence Modeling Problem. ICRA 2023.

6�+,-@TERT (Terrain Transformer)
p !"LÝ$Þ�ß�à��HuÝDGTransformer±²ª�wyá
âãÁÂHäjsim2realåæ_



Yu, Chen, Weinan Zhang et al. Multi-embodiment Legged Robot Control as a Sequence Modeling Problem. ICRA 2023.
Wu, Xinyuan et al. Adaptive Control Strategy for Quadruped Robots in Actuator Degradation Scenarios. DAI 2023.
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Yevgen Chebotar et al. Q-Transformer: Scalable Offline Reinforcement Learning via Autoregressive Q-Functions. CoRL 2023.

¢£+,-@Q-Transformer
p Q-TransformerdXYùúÈÉ0Hûü
!"Transformerý$

35M parameters



Schubert et al. A Generalist Dynamics Model for Control. Arxiv 2023.
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p 2023Ð5ÑHDeepMindÛÜ-.#$%Ö×FYþTransformer Dynamics Model (TDM)H
!"´ÿTransformer,!"$%Îý-.X¯$%_

p ´#$%þ&'ÿGatoÞW¾¿(4HTDMÞW-.(D¢PQs:�¶)*

p ´ÿrwrandom action shooting,Model Prediction Control
(MPC) PlanningH+:¦T,�,--.50ï.

Dataset
Env. Model

TDM
Action

Train Planning

Up to 362M parameters



Jake Bruce et al. Genie: Generative Interactive Environments. Arxiv 2024.
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p 2024Ð2ÑHDeepMindÛÜ-.#$%Ö
×FYþGenie_!"´ÿST-Transformer
,!"$%@Latent Action ModelÎý-.
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Up to 11B parameters



Meng, Linghui, et al. "Offline Pre-trained Multi-Agent Decision Transformer: One Big Sequence Model Conquers All StarCraftII Tasks." arXiv:2112.02845 (2021).
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p Multi-Agent Transformer (MAT)
• zd\]^{|5'}~��
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• ¦PF§+TransformerA
encoder-decoderD¨©9<E
�ª«�¬encoder�decoder
+h9®¯°j±²� :
;�
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Kuba, J. G., et al. Trust Region Policy Optimisation in Multi-Agent Reinforcement Learning. ICLR 2022.
Wen, M., et al. Multi-Agent Reinforcement Learning is A Sequence Modeling Problem. NeurIPS 2022.
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Wen, M., et al. Multi-Agent Reinforcement Learning is A Sequence Modeling Problem. NeurIPS 2022.
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Song, Yan et al. Boosting Studies of Multi-Agent Reinforcement Learning on Google Research Football Environment: the Past, Present, and Future. AAMAS 2024.
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1~3hz

3~10hz

10~100hz
https://wholebody-b1.github.io/
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1~3hz

3~10hz

10~100hz

Intelligence Agility



¸¹@56>+,-Mº»¼05634¦#9:4j

pC3AÀLLM AgentÅþt#��$%C+DH
EWAPIFG,'(

• Jk1Fç!"1KL1A9:;MY
• �~ ¡1��1MCTS

pC3BÀLarge RL ModelsÅþt¡0ÁÂ#
$%C+DHwHI,'(±²

• (4#$%1��#$%1-.#$%
• A9:;ÓN#$%

pC3OWþAIÚWFY@��,PÍÎH
ÛQPDRçè9:ST

p'(9:UV23/0-.WX(,5078
p'(3#$%þ!"#$%&''()*+,-./0123-.1(450678

!"/23_`abcdefBCgh-



½+¾¿ÀÁÂÃÄÅ

1. Large Decision Models. IJCAI 2023. https://www.ijcai.org/proceedings/2023/0808.pdf
2. On Realization of Intelligent Decision-Making in the Real World: A Foundation Decision Model Perspective. CAAI AIR 2023. 

https://arxiv.org/abs/2212.12669
3. Sim-to-Real Transfer for Quadrupedal Locomotion via Terrain Transformer. ICRA 2023. https://arxiv.org/abs/2212.07740
4. Multi-embodiment Legged Robot Control as a Sequence Modeling Problem. ICRA 2023. https://arxiv.org/abs/2212.09078
5. Multi-agent reinforcement learning is a sequence modeling problem. NeurIPS 2022. https://arxiv.org/abs/2205.14953
6. Large Sequence Models for Decision-Making: A Survey. FCS 2023. https://arxiv.org/abs/2306.13945
7. Offline pre-trained multi-agent decision transformer: One big sequence model conquers all starcraftii tasks. MIR 2023. 

https://arxiv.org/abs/2112.02845
8. Bootstrapped Transformer for Offline Reinforcement Learning. NeurIPS 2022. https://arxiv.org/abs/2206.08569
9. GEAR: A GPU-Centric Experience Replay System for Large Reinforcement Learning Models. ICML 2023.

http://proceedings.mlr.press/v202/wang23aj/wang23aj.pdf
10. Adaptive Control Strategy for Quadruped Robots in Actuator Degradation Scenarios. DAI 2023.

https://doi.org/10.1145/3627676.3627686
11. Alphazero-like tree-search can guide large language model decoding and training. Arxiv 2023. https://arxiv.org/abs/2309.17179
12. Vision-Language Foundation Models as Effective Robot Imitators. ICLR 2024. https://arxiv.org/abs/2311.01378
13. TRAD: Enhancing LLM Agents with Step-Wise Thought Retrieval and Aligned Decision. SIGIR 2024. https://arxiv.org/abs/2403.06221

https://www.ijcai.org/proceedings/2023/0808.pdf
https://arxiv.org/abs/2212.12669
https://arxiv.org/abs/2212.07740
https://arxiv.org/abs/2212.09078
https://arxiv.org/abs/2205.14953
https://arxiv.org/abs/2306.13945
https://arxiv.org/abs/2112.02845
https://arxiv.org/abs/2206.08569
http://proceedings.mlr.press/v202/wang23aj/wang23aj.pdf
https://doi.org/10.1145/3627676.3627686
https://arxiv.org/abs/2305.17330
https://arxiv.org/abs/2309.17179
https://arxiv.org/abs/2311.01378
https://arxiv.org/abs/2403.06221

