
Extending Mean Field RL to 
Partially Observable Environments, 

Multiple Types & Decentralized Learning
and 

Improving Cooperation in Mixed-Motive Games

Pascal Poupart (University of Waterloo)
CIFAR AI Chair, Vector Institute

May 19, 2026



2

Outline
• Mean Field Reinforcement Learning

• Multi Type Mean Field Reinforcement Learning
Subramanian, Poupart, Taylor, Hegde, AAMAS, 2020. 

• Partially Observable Mean Field Reinforcement Learning
Subramanian, Taylor, Crowley, Poupart, AAMAS, 2021. 

• Decentralized Mean Field Games 
Subramanian, Taylor, Crowley, Poupart, AAAI, 2022.

• Revisiting Neighbourhoods in Mean Field Reinforcement Learning
Subramanian, Taylor, Crowley, Larson, Poupart, under review, 2026.

• Improve cooperation in mixed-motive games
• Learning to Negotiate via Voluntary Commitment

Zhu, Wang, Subramanian, Poupart, AISTATS 2025.
• Talk, Judge, Cooperate: Gossip-Driven Indirect Reciprocity in Self-Interested LLM Agents

Zhu, Lin, Kaistha, Li, Wang, Zha, Hadfield, Poupart, ICML, 2026.



Multi-Agent Reinforcement Learning

• Challenge: exponential complexity in # of agents

• Mean-Field Reinforcement Learning
• Many agents  two agents



Mean Field Reinforcement Learning

Stochastic Game

Tuple: 𝑁𝑁, 𝑆𝑆,𝐴𝐴,𝑅𝑅,𝑇𝑇
• 𝑁𝑁: # of agents
• 𝑆𝑆: shared state space
• 𝐴𝐴𝑗𝑗: individual action space
𝑎𝑎1,𝑎𝑎2, … ,𝑎𝑎𝑁𝑁 ∈ 𝐴𝐴1 × 𝐴𝐴2 × ⋯× 𝐴𝐴𝑁𝑁

• Reward: 𝑅𝑅𝑗𝑗(𝑠𝑠,𝑎𝑎1,𝑎𝑎2, … ,𝑎𝑎𝑁𝑁)
• Transition 𝑇𝑇: Pr(𝑠𝑠′|𝑠𝑠,𝑎𝑎1,𝑎𝑎2, … ,𝑎𝑎𝑁𝑁)

Mean Field Game
Huang et al. (2003), Lasry et al. (2007)

Tuple: 𝑁𝑁, 𝑆𝑆,𝐴𝐴,𝑅𝑅,𝑇𝑇
• 𝑁𝑁: # of agents ≈ ∞
• 𝑆𝑆: shared state space
• 𝐴𝐴: individual action space

�𝑎𝑎 = Pr(𝑎𝑎𝑗𝑗) ∈ 𝛥𝛥𝛥𝛥
• Reward: 𝑅𝑅𝑗𝑗(𝑠𝑠,𝑎𝑎𝑗𝑗 , �𝑎𝑎𝑗𝑗)
• Transition 𝑇𝑇: Pr(𝑠𝑠′|𝑠𝑠, �𝑎𝑎)



Mean Field Action �𝑎𝑎

Discrete actions

�𝑎𝑎 = Pr 𝑎𝑎𝑗𝑗 =
1
𝑁𝑁
�
𝑗𝑗=1

𝑁𝑁

𝑎𝑎𝑗𝑗

Example: 
𝑎𝑎1 = 0, 1, 0, 0
𝑎𝑎2 = 1, 0, 0, 0
𝑎𝑎3 = 0, 0, 0, 1
𝑎𝑎4 = 0, 1, 0, 0

�𝑎𝑎 = 0.25, 0.5, 0, 0.25

Continuous actions

�𝑎𝑎 = 𝑝𝑝𝑝𝑝𝑝𝑝 𝑎𝑎𝑗𝑗 =
1
𝑁𝑁
�
𝑗𝑗=1

𝑁𝑁

𝛿𝛿(𝑎𝑎𝑗𝑗)

Example:



Mean Field Reinforcement Learning

• Yang et al. (2018)
• Assumptions:

• Independent and identical agents (single type)
• Fully observable agents
• Centralized learning
• Q-function is additively decomposable and well approximated by mean field 𝑄𝑄𝑀𝑀𝑀𝑀

𝑄𝑄𝑗𝑗 𝑠𝑠,𝑎𝑎1,𝑎𝑎2, … ,𝑎𝑎𝑁𝑁 =
1

|𝑛𝑛𝑛𝑛 𝑗𝑗 |
�

𝑘𝑘∈𝑛𝑛𝑛𝑛(𝑗𝑗)

𝑄𝑄𝑗𝑗(𝑠𝑠,𝑎𝑎𝑗𝑗 ,𝑎𝑎𝑘𝑘) ≈ 𝑄𝑄𝑀𝑀𝑀𝑀
𝑗𝑗 𝑠𝑠,𝑎𝑎𝑗𝑗 , �𝑎𝑎𝑗𝑗

• Proof of convergence to Nash Equilibrium in the limit



Multi Type Mean Field RL

• Group agents into 𝑀𝑀 types

• Each type 𝑚𝑚 has a different reward function: 𝑅𝑅𝑚𝑚
𝑗𝑗 (𝑠𝑠, 𝑎𝑎𝑗𝑗 , �𝑎𝑎1

𝑗𝑗 , �𝑎𝑎2
𝑗𝑗 , … , �𝑎𝑎𝑀𝑀

𝑗𝑗 )
• Assumptions:

• Independent and identical agents (single type)
• Fully observable agents
• Centralized learning
• Q-function is additively decomposable and well approximated by 𝑄𝑄𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀

𝑄𝑄𝑗𝑗 𝑠𝑠,𝑎𝑎1,𝑎𝑎2, … ,𝑎𝑎𝑁𝑁 ≈ 𝑄𝑄𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀
𝑗𝑗 𝑠𝑠,𝑎𝑎𝑗𝑗 , �𝑎𝑎1

𝑗𝑗 , �𝑎𝑎2
𝑗𝑗 , … , �𝑎𝑎𝑀𝑀

𝑗𝑗



Mean Field Updates



Theory

• Let 𝜖𝜖 be a bound on the mean action deviation for M types:

∀𝑚𝑚:
1
𝐾𝐾𝑚𝑚

�
𝑘𝑘𝑚𝑚

𝐾𝐾𝑚𝑚

||𝑎𝑎𝑘𝑘𝑚𝑚 − �𝑎𝑎𝑚𝑚 || ≤ 𝜖𝜖

• Theorem 1: When the Q-function is L-smooth, then
𝑄𝑄𝑗𝑗 𝑠𝑠,𝑎𝑎1,𝑎𝑎2, … ,𝑎𝑎𝑁𝑁 − 𝑄𝑄𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀

𝑗𝑗 𝑠𝑠,𝑎𝑎𝑗𝑗 , �𝑎𝑎1
𝑗𝑗 , �𝑎𝑎2

𝑗𝑗 , … , �𝑎𝑎𝑀𝑀
𝑗𝑗 ≤

1
2
𝐿𝐿𝐿𝐿

• Theorem 2: Multi-type mean field Q-learning converges to a bounded 
distance of a Nash Equilibrium under suitable conditions

𝑄𝑄∗
𝑗𝑗 𝑠𝑠,𝑎𝑎1,𝑎𝑎2, … ,𝑎𝑎𝑁𝑁 − 𝑄𝑄𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀

𝑗𝑗 𝑠𝑠,𝑎𝑎𝑗𝑗 , �𝑎𝑎1
𝑗𝑗 , �𝑎𝑎2

𝑗𝑗 , … , �𝑎𝑎𝑀𝑀
𝑗𝑗 ≤

1
2
𝐿𝐿𝐿𝐿 − 𝑆𝑆



Experiments: Multi Team Battle

• Stage 1: training with same algorithm – 2000 episodes
• Stage 2: Faceoff against other algorithms – 1000 episodes
• Reward function encourages competing and cooperating (with 

favourable opponents)



Experiments: Predator Prey

• Two types: predator and prey
• Prey: fast (try to escape predators)
• Predator: powerful (try to kill prey)

• MTMFQ uses K-means to learn the types of the opponents



Partially Observable Mean Field RL

• Compute belief �𝑎𝑎 over mean field action �𝑎𝑎

• Assumptions:
• Independent and identical agents (single type)
• Fully observable agents
• Centralized learning



Categories of Partial Observability



Mean Action Update



Q-function Update



Boltzmann Policy



Experiments: Multi Team Battle (FOR)

• Fixed Observation Radius



Experiments: Multi Team Battle (PDO)

• Probabilistic Distance-based Observability



Decentralized Mean Field Games

• Assumptions:
• Identical agents (single type)
• Fully observable agents
• Centralized learning

• Each agent
• Makes local observations 𝑠𝑠𝑗𝑗

• Estimates �𝑎𝑎𝑗𝑗 as an approximation of �𝑎𝑎 based on 𝑠𝑠𝑗𝑗

• Learns its own policy 𝜋𝜋𝑗𝑗



Mean Field Equilibrium

• (𝝅𝝅∗, �𝒂𝒂∗) is a centralized mean field equilibrium when 
• 𝑉𝑉𝜋𝜋∗ 𝑠𝑠, �𝑎𝑎∗ ≥ 𝑉𝑉𝜋𝜋 𝑠𝑠, �𝑎𝑎∗  ∀𝜋𝜋 
• �𝑎𝑎∗ is the mean field induced by all agents playing 𝜋𝜋∗
• Implicit assumption: 

• All agents play the same policy (i.e., centralized learning)
• All actions observable or mean field fully observable

• 𝝅𝝅∗
𝒋𝒋 , �𝒂𝒂∗

𝒋𝒋

∀𝒋𝒋
 is a decentralized mean field equilibrium when

• 𝑉𝑉𝜋𝜋∗
𝑗𝑗
𝑠𝑠𝑗𝑗 , �𝑎𝑎∗

𝑗𝑗 ≥ 𝑉𝑉𝜋𝜋𝑗𝑗 𝑠𝑠𝑗𝑗 , �𝑎𝑎∗
𝑗𝑗  ∀𝑗𝑗,𝜋𝜋𝑗𝑗

• �𝑎𝑎∗
𝑗𝑗  is the mean field observed by agent 𝑗𝑗 when all agents play 𝜋𝜋∗

𝑗𝑗



Mean Field RL (Yang et al., 2018)
Mean Field RL (Yang et al., 2018) Decentralized Mean Field RL (Subramani et al., 2022)

Q function 𝑄𝑄𝑗𝑗 𝑠𝑠𝑡𝑡, 𝑎𝑎𝑡𝑡
𝑗𝑗, �𝑎𝑎𝑡𝑡 = 1 − 𝛼𝛼 𝑄𝑄𝑗𝑗 𝑠𝑠𝑡𝑡,𝑎𝑎𝑡𝑡

𝑗𝑗 , �𝑎𝑎𝑡𝑡 + 𝛼𝛼 𝑟𝑟𝑡𝑡
𝑗𝑗 + 𝛾𝛾𝑉𝑉𝑗𝑗 𝑠𝑠𝑡𝑡+1 𝑄𝑄𝑗𝑗 𝑠𝑠𝑡𝑡, 𝑎𝑎𝑡𝑡

𝑗𝑗, �𝑎𝑎𝑡𝑡
𝑗𝑗 = 1 − 𝛼𝛼 𝑄𝑄𝑗𝑗 𝑠𝑠𝑡𝑡

𝑗𝑗 ,𝑎𝑎𝑡𝑡
𝑗𝑗 , �𝑎𝑎𝑡𝑡

𝑗𝑗  + 𝛼𝛼 𝑟𝑟𝑡𝑡
𝑗𝑗 + 𝛾𝛾𝑉𝑉𝑗𝑗 𝑠𝑠𝑡𝑡+1

𝑗𝑗

Value 
function

𝑉𝑉𝑗𝑗 𝑠𝑠𝑡𝑡+1 = �
𝑎𝑎𝑡𝑡+1
𝑗𝑗

𝜋𝜋𝑗𝑗 𝑎𝑎𝑡𝑡+1
𝑗𝑗 𝑠𝑠𝑡𝑡+1, �𝑎𝑎𝑡𝑡 𝑄𝑄𝑗𝑗(𝑠𝑠𝑡𝑡+1,𝑎𝑎𝑡𝑡+1

𝑗𝑗 , �𝑎𝑎𝑡𝑡) 𝑉𝑉𝑗𝑗 𝑠𝑠𝑡𝑡+1 = �
𝑎𝑎𝑡𝑡+1
𝑗𝑗

𝜋𝜋𝑗𝑗 𝑎𝑎𝑡𝑡+1
𝑗𝑗 𝑠𝑠𝑡𝑡+1

𝑗𝑗 , �𝑎𝑎𝑡𝑡
𝑗𝑗 𝑄𝑄𝑗𝑗(𝑠𝑠𝑡𝑡+1

𝑗𝑗 ,𝑎𝑎𝑡𝑡+1
𝑗𝑗 , �𝑎𝑎𝑡𝑡

𝑗𝑗)

Mean field �𝑎𝑎𝑡𝑡 =
1
𝑁𝑁�

𝑗𝑗

𝑎𝑎𝑡𝑡
𝑗𝑗 ,  𝑎𝑎𝑡𝑡

𝑗𝑗 ∼ 𝜋𝜋𝑗𝑗(⋅ |𝑠𝑠𝑡𝑡, �𝑎𝑎𝑡𝑡−1) �𝑎𝑎𝑡𝑡
𝑗𝑗 = 𝑓𝑓𝑗𝑗 𝑠𝑠𝑡𝑡

𝑗𝑗 , �𝑎𝑎𝑡𝑡−1
𝑗𝑗

Policy
𝜋𝜋𝑗𝑗 𝑎𝑎𝑡𝑡

𝑗𝑗 𝑠𝑠𝑡𝑡 , �𝑎𝑎𝑡𝑡−1 =
exp −𝛽𝛽𝑄𝑄𝑗𝑗 𝑠𝑠𝑡𝑡 ,𝑎𝑎𝑡𝑡

𝑗𝑗, �𝑎𝑎𝑡𝑡−1

∑
𝑎𝑎′𝑡𝑡

𝑗𝑗∈𝐴𝐴𝑗𝑗
exp −𝛽𝛽𝑄𝑄𝑗𝑗 𝑠𝑠𝑡𝑡, 𝑎𝑎′𝑡𝑡

𝑗𝑗, �𝑎𝑎𝑡𝑡−1  
𝜋𝜋𝑗𝑗 𝑎𝑎𝑡𝑡

𝑗𝑗 𝑠𝑠𝑡𝑡 , �𝑎𝑎𝑡𝑡
𝑗𝑗 =

exp −𝛽𝛽𝑄𝑄𝑗𝑗 𝑠𝑠𝑡𝑡
𝑗𝑗 ,𝑎𝑎𝑡𝑡

𝑗𝑗, �𝑎𝑎𝑡𝑡
𝑗𝑗

∑
𝑎𝑎′𝑡𝑡

𝑗𝑗∈𝐴𝐴𝑗𝑗
exp −𝛽𝛽𝑄𝑄𝑗𝑗 𝑠𝑠𝑡𝑡

𝑗𝑗 ,𝑎𝑎′𝑡𝑡
𝑗𝑗 , �𝑎𝑎𝑡𝑡

𝑗𝑗  

Chicken and egg problem: 
�𝑎𝑎𝑡𝑡 depends on 𝜋𝜋𝑡𝑡

𝑗𝑗 and vice-versa

𝑓𝑓: neural network trained to predict 
     the current mean field
𝑓𝑓 resolves the chicken and egg problem



Experiments: Ride Pool Matching

• New York Yellow Taxi Dataset
• Goal: improve efficiency 

of vehicles satisfying 
ride requests in a platform 
similar to UberPool

• Train with 8 days of data 
test with 6 other days



Mean Field Attention

• Assumptions:
• Fully observable agents
• Centralized learning
• Identical agents (single type)
• Exchangeable agents within neighbourhood

• Within neighbourhood:
• Use attention to determine the effect of each agent

• Outside neighbourhood:
• Extract mean field sufficient statistics into an embedding 



Mean Field Attention Q-Function



Experiments
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Cooperation in Mixed-Motive Games

• Agents may converge to Nash equilibria with low social welfare

• Examples:
• Tragedy of the commons
• Prisoners’ dilemma

• How can we improve cooperation in mixed-motive games?

-1,-1-10,0

0,-10-5,-5Defect (confess)

Defect 
(confess)

Cooperate (don’t confess)

Cooperate 
(don’t confess)



Learning to Negotiate

Assumption: Third party (e.g., court, blockchain) enforces commitment



Commitment Game (Renou 2009)

Tuple: 𝑁𝑁, 𝐴𝐴𝑖𝑖 ,𝐶𝐶𝑖𝑖 ,𝑅𝑅𝑖𝑖 1≤𝑖𝑖≤𝑁𝑁
• 𝑁𝑁: # of agents
• 𝐴𝐴𝑖𝑖: individual action space
• 𝐶𝐶𝑖𝑖: individual commitment space
• Reward: 𝑅𝑅𝑖𝑖(𝑠𝑠,𝑎𝑎1,𝑎𝑎2, … ,𝑎𝑎𝑁𝑁)

Strategy: (𝑐𝑐𝑖𝑖 ,𝜎𝜎𝑖𝑖)
Response function: 𝜎𝜎𝑖𝑖:∏𝑗𝑗 𝐶𝐶𝑗𝑗 → 𝐴𝐴𝑖𝑖

Markov Commitment Game

Tuple: 𝑁𝑁, 𝑆𝑆,𝑇𝑇, 𝑀𝑀𝑖𝑖 ,𝐴𝐴𝑖𝑖 ,𝐶𝐶𝑖𝑖 ,𝑅𝑅𝑖𝑖 1≤𝑖𝑖≤𝑁𝑁, 𝛾𝛾
• 𝑁𝑁: # of agents
• 𝑆𝑆: state space
• 𝑇𝑇: Pr(𝑠𝑠′|𝑠𝑠,𝑎𝑎1,𝑎𝑎2, … ,𝑎𝑎𝑁𝑁)
• 𝑀𝑀𝑖𝑖:  individual proposal space
• 𝐴𝐴𝑖𝑖: individual action space
• 𝐶𝐶𝑖𝑖: individual commitment space
• Reward: 𝑅𝑅𝑖𝑖(𝑠𝑠,𝑎𝑎1,𝑎𝑎2, … ,𝑎𝑎𝑁𝑁)
• 𝛾𝛾: discount factor

Strategy: (𝜙𝜙𝑖𝑖 ,𝜓𝜓𝑖𝑖 ,𝜋𝜋𝑖𝑖)
Proposal policy 𝜙𝜙𝜂𝜂𝑖𝑖 :𝑆𝑆 → Δ 𝑀𝑀𝑖𝑖

Commitment policy 𝜓𝜓𝜁𝜁𝑖𝑖 :𝑆𝑆 × 𝑴𝑴 → Δ(𝐶𝐶𝑖𝑖)
Action policy 𝜋𝜋𝜃𝜃

𝑖𝑖 : 𝑆𝑆 × 𝑴𝑴 × 𝑪𝑪 → Δ(𝐴𝐴𝑖𝑖)



Differentiable Commitment Learning

Action policy gradient

Commitment policy gradient

Proposal policy gradient



Theory

• Markov Commitment Games change the nature of the game
• Mutual cooperation can become a Nash equilibrium

• Proposition: Mutual cooperation is a Pareto-dominant Nash 
equilibrium in the Markov commitment game of the Prisoner’s 
Dilemma

• Open problem: For what class of games does mutual cooperation 
becomes a Nash equilibrium in the Markov commitment game?



Experiments



Gossiping to Enhance Cooperation

• Reputation Mechanism: algorithmic system or set of informal tools 
that aggregates past feedback and historical behavior to estimate 
trustworthiness of an entity.

• Gossiping: sharing of reputational information among individuals 
about absent third parties

• Typically noisy/incomplete
• Lying is possible

• Proposal: Agentic Linguistic Gossip Network (ALIGN)



Donor Game



Decision Process in ALIGN



Generative Agent Process of ALIGN



Results



Conclusion

• Contributions:
• Extending Mean Field RL to Partially Observable Environments, 

Multiple Types & Decentralized Learning
• Improve cooperation by voluntary commitments and Gossiping

• Future work: 
• Verbalized multi-agent RL with LLMs
• Recursive Agentic AI

• Self-improving multiagent LLMs
• New theory needed to understand possibilities and limits
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