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Intelligence is learning from mistakes!

“… if a machine is expected to be infallible, it cannot also be intelligent. 
There are several mathematical theorems which say almost exactly that. 
But these theorems say nothing about how much intelligence may be 

displayed if a machine makes no pretence at infallibility…”

                                                                                   — Alan Turing, 1947



Reinforcement Learning for LLM



About the Alignment
OpenAI:  

Aligned with human values and follow human intent: 

• Training AI systems using human feedback 
• Training AI systems to assist human evaluation 
• Training AI systems to do alignment research

• Building and aligning a system that can make faster and 
better alignment research progress than humans can. 

• Human researchers will focus more and more of their 
effort on reviewing alignment research done by AI systems 
instead of generating this research by themselves. 

• The hardest parts of the alignment problem might not be 
related to engineering a scalable and aligned training 
signal for our AI systems. Even if this is true, such a 
training signal will be necessary.



What About ChatGPT?

This part is the 
traditional PbRL !



About the Alignment： 2% of the compute relative to pretraining

DATA IS MORE IMPORTANT: 

We’ve found a simple algorithmic change 
that minimizes this alignment tax: during 
RL fine-tuning we mix in a small fraction 
of the original data used to train GPT-3, 
and train on this data using the normal 
log likelihood. maximization.  

We found this approach more effective 
than simply increasing the KL coefficient.



About the Alignment： 2% of the compute relative to pretraining



Why we need Preference?



Preference based Reinforcement Learning

1. learning a policy computes a policy that tries to 
maximally comply with the preferences; 

2. learning a preference model learns a model for 
approximating the expert’s preference relation 

3. learning a utility function estimates a numeric 
function for the expert’s evaluation criterion.

https://jmlr.org/papers/volume18/16-634/16-634.pdf



Modern Preference based Reinforcement Learning

Designing the precise reward is often hard,  
but aligning with human preferences is easy!



Preference based Reinforcement Learning

PBRL:  

1. Learn the reward function based on human preference 

2. Learn the policy based on the reward function



PbRL in one go: merging two steps into one!

differentiate 
through the 

learned 
preference 

function



Preference based Reinforcement Learning



What About Safety Alignment in GPT-4

• These undesired behaviors can arise when instructions 
to labelers were underspecified during reward model 
data collection portion of the RLHF pipeline. 

• the model may also become overly cautious on safe 
inputs, refusing innocuous requests or excessively 
hedging 

• Our rule-based reward models (RBRMs) are a set of 
zero-shot GPT-4 classifiers. 

• The RBRM takes three inputs: the prompt (optional), the 
output from the policy model, and a human-written 
rubric (e.g., a set of rules in multiple-choice style) for 
how this output should be evaluated. 

• we can reward GPT-4 for refusing these requests, not 
refusing requests on a subset of prompts guaranteed to 
be safe and answerable.



Safe RL can Help here

https://omnisafe.readthedocs.io/en/latest/#

https://github.com/PKU-MARL/omnisafe



LLM for Reinforcement Learning



Future: Big LLM for General Decision Making

but where do we get  samples 
for multi-task / meta-RL？

1010

Decision Transformer might 
be one solution!



Action Sequence can be aligned with LLM sequences



Embodied & Non-Embodied Intelligence

The Embodied Agent 
& 

The Non-Embodied Agent



ChatGPT can be a general planner to down-stream tasks

https://arxiv.org/pdf/2302.06692.pdf



Action Sequence can be aligned with LLM sequences



Action Sequence can be aligned with LLM sequences

describing images, detecting objects, or classifying scenes, 
quoting poetry, solving math equations or generating code.



Action Sequence can be aligned with LLM sequences

Tasks: embodied reasoning tasks, visual-language tasks, and language tasks

Input: images, neural 3D representations, or states



Multi-modal data help transfer learning



Decisions in Open-Ended World



Decisions in Open-Ended World



Decisions in Open-Ended World



Decisions in Open-Ended World



Decisions in Open-Ended World



Decisions in Open-Ended World

Selector that selects the most 
efficient path with the highest 
execution success rate as the 
final plan



Prompts are important! Here are some tricks



Prompts are important! Here are some tricks



Prompts are important! Here are some tricks



Design the Interactive Prompt



Decisions in Open-Ended World



Decisions in Open-Ended World



Decisions in Open-Ended World



Language can be Aligned/Clipped to Motions

https://openai.com/blog/clip/ https://guytevet.github.io/motionclip-page/



Language can be Aligned/Clipped to motions

PADL: Language-Directed Physics-Based Character Control



Tokenized Decision Making Process 



Sequence Models for RL and MARL



Multi-Agent Cooperation is Necessary



Problem Formulation: Multi-agent Reinforcement Learning

Modelled by a Stochastic Game 

 denotes the state space,

 is the joint-action space ,

 is the reward function for the i-th agent,

 is the transition function based on the joint action,  

 is the distribution of the initial state,  is a discount factor.

Special case:  single-agent MDP, normal-form game

Each agent tries to maximise its expected long-term reward

                           
                          

Optimality changes since agents cannot simply maximise its reward

(𝒮, 𝒜{1,…,n}, ℛ{1,…,n}, 𝒯, 𝒫0, γ)
𝒮

𝓐 𝒜1 × … × 𝒜n

ℛi = ℛi(s, ai, a−i)

𝒯 : 𝒮 × 𝓐 × 𝒮 → [0,1]

𝒫0 γ

n = 1 → |𝒮 | = 1 →

max
πi

Vi
π(s) =

∞

∑
t=0

γtEπ,𝒯 {ℛi
t |s0 = s, π}, π = [π1, …, πN]

Qi,π(s, a) = ℛi(s, a) + γEs′ ∼𝒯 [Vi,π (s′ )]

Qi
t+1 (sk, πt) = Qi

t (st, πt) + α[ℛi
t+1 + γ ⋅ max

ai
evali{Q⋅,t(st+1, ⋅ )} − Qi

t (st, πt)]

πi
t(s, ⋅ ) = solvei{Q⋅,t(st, ⋅ )}

fully
cooperative

general-sum games

fully
competitive

Depending on the game type, we can write:

cooperative game:

competitive game:

general-sum game:

evali{Q⋅,t(st+1, ⋅ )} = max
a

Qi,t(st+1, a)

solvei{Q⋅,t(st, ⋅ )} = arg max
ai

( max
a−i

Qi,t(st, ai, a−i))

evali{Q⋅,t(st+1, ⋅ )} = max
πi

min
a−i

Eπi[Qi,t(st, ai, a−i)]
solvei{Q⋅,t(st, ⋅ )} = arg max

πi

min
a−i

Eπi[Qi,t(st, ai, a−i)]

evali {Q⋅,t(s, ⋅ )} = Vi(s, Nash {Q⋅,t(st, ⋅ )})
solvei {Q ⋅⋅t (s, ⋅ )} = Nashi {Q⋅,t(st, ⋅ )}

Goal:

R1 = R2 = . . . = Rn



How About Policy Gradient Methods?



Trust Region Methods Recap

https://jonathan-hui.medium.com/rl-the-
math-behind-trpo-ppo-d12f6c745f33



All starts from this “powerful” Lemma.

First, we define some new notations

HATRPO: The FIRST TRPO/PPO Method in MARL



All starts from this “powerful” Lemma.

First, we define some new notations

Advantage decomposition lemma:

Note: this does not need any assumptions such as IGM, it holds naturally in any cooperative games!

This can offer some new insights for cooperative MARL algorithm design. We can walk away from IGM.

HATRPO: The FIRST TRPO/PPO Method in MARL

Ai1:m
π (s, ai1:m) =

m

∑
j=1

Aij
π (s, ai1:j−1, aij)



We can design a monotonic-improvement procedure based on the Lemma

First, select  so that 

Then, for the rest agent , agent  selects  so that  

āi1 Ai1 (s, āi1) > 0

m = 2,...,n im āim Aim (s, ai1:m−1, āim) > 0

Multi-Agent TRPO Method



Multi-Agent Transformer: solving MARL through LLLM

Ai1:m
π (s, ai1:m) =

m

∑
j=1

Aij
π (s, ai1:j−1, aij)

Through the advantage decomposition lemma, one can build the connection between 
MARL and sequence models, using Transformer is then a natural outcome !



Multi-Agent Transformer Architecture: Encoder



Multi-Agent Transformer Architecture: Decoder

sequential 
advantage 

decomposition 
happens here



Multi-Agent Transformer is the current SOTA for cooperative MARL



Multi-Agent TRPO is the New SOTA in MARL

[Bei et. al 2021]



Multi-Agent TRPO on Bimanual Dexterous Manipulations



MARLlib: https://github.com/Replicable-MARL/MARLlib 

MARLlib: the MARL Extension for RLlib

https://github.com/Replicable-MARL/MARLlib


END!


