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Offline Multi-Agent Reinforcement Learning
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Learning Objective：

In Offline Dataset 𝒟

policy   𝝅 = (𝜋!, 𝜋", ⋯ , 𝜋#)

Maximize long-term return



IGM principle and CTDE
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• Individual-Global-Max (IGM) principle

argmax
!
𝑄"# 𝜏, 𝑢 =

argmax
!!

𝑄$ 𝜏$, 𝑢$
⋮

argmax
!"

𝑄% 𝜏%, 𝑢%

• Centralized Training with Decentralized Execu?on 
paradigm (CTDE)

This principle ensures that the global joint ac3on can be 
decomposed into local greedy ac3ons over individual Q-func3ons. 

CTDE enables centralized value learning during training, while 
allowing fully decentralized execu3on during deployment. 

Global reward (shared)

Training uses global view



Diffusion Model
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Ho et al. Denoising diffusion probabilis4c models. In NeurIPS, 2020.

Reverse Denoising Process

Forward Diffusion Process

A diffusion model generates data by learning to reverse a step-by-step noising 
process, star5ng from pure noise and recovering meaningful samples.



Diffusion Model in RL
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• Trajectory-based Diffusion Models
Model en,re trajectories as sequences to 
imitate expert behavior; good for capturing 
long-term dependencies but hard to scale 
in mul,-agent se=ngs.

• Policy-based Diffusion Models
Generate ac,ons step-by-step condi,oned on states; more scalable and flexible, but slower due to 
itera,ve sampling.

Janner, Michael, et al. Planning with diffusion for flexible behavior synthesis. ICML 2022
Zhendong Wang, et al. Diffusion policies as an expressive policy class for offline reinforcement learning.  ICLR 2023



Challenge for Diffusion Model in MARL
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Scalability Issue

Poor Coopera<on Modeling

The joint state-ac,on space grows exponen,ally with 
the number of agents, making centralized modeling in 
offline MARL computa,onally infeasible.

Independent policy learning fails to capture inter-agent 
dependencies, leading to subop,mal or conflic,ng behaviors 
in coopera,ve tasks.Theore<cal Vacuum in Diffusion-based MARL

IGM works for value-based methods, but not for diffusion models.
Is there an equivalent principle tailored for diffusion models in mul6-agent se9ngs?
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Motivation

Ø How to design a diffusion-based framework that：

• Enables decentralized execu,on

• Encourages coopera,on

• Has theore:cal founda:on

DoF: A Diffusion Factoriza,on Framework built on the IGD Principle



IGD principle 
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Individual-Global-iden<cally-Distributed (IGD) principle:

the joint distribu<on from individual diffusion 
models equals that of the centralized model.
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The IGD principle is a generaliza<on of the IGM principle

Replace with ac5on 𝑢



DoF Framework
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How Does DoF Work? A Two-Stage Diffusion Factoriza<on Framework 

Factorized Diffusion Process Trajectory-Level Genera5on Policy-Level Genera5on

Each agent runs its own diffusion model → Combined via noise and data factoriza=on 

Decentralized models + factoriza<on = Centralized output



Concat: A Simple Yet Effec<ve Noise Factoriza<on
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Concat directly stacks individual agent noises and data to construct the centralized diffusion process. 

✔ Concat sa=sfies IGD by aligning local and global distribu=ons via direct concatena=on. 

✔ Easy to implement, but assumes aligned feature spaces across agents. 



WConcat: Weighted Noise Factoriza:on for Mul:-Agent Diffusion
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✔ WConcat improves over Concat by enabling learnable importance weigh=ng. 

✔ BeKer handles heterogeneous or imbalanced agents. 

Adds learnable weights to agent-wise features before fusion. 



Data Factoriza<on
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Combine individual agent outputs to reconstruct a consistent global trajectory. 

Data Factoriza+on aggregates per-agent predic.ons to reconstruct the global trajectory under the IGD principle. 

✔ Ensures IGD holds at the data level

✔ Compa=ble with various aggrega=on forms: concat, wconcat, aKen=on

✔ Enables joint behavior from decentralized genera=on

Concat / Wconcat / aKen=on
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Mo#va#on Example: Why We Need DoF

Human-like Coopera5on No Coordina5on Par5al Centraliza5on, S5ll Weak Structured Coordina5on via Factoriza5on

Independent Diffusion：Each agent acts alone, causing collisions and failed coverage 

MADIFF improves coordina=on slightly, but lacks structural factoriza=on. 

✔ DoF recovers op=mal coopera=on by combining local models under the IGD principle 

(a) A Landmark covering game
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Mo#va#on Example: Why We Need DoF
（b) A matrix game genera<ng two dimensional data 

(c) Q value genera<ng Game 

Only DoF maintains distribu2onal structure across agents. 

DoF accurately reconstructs the joint value func.on across both agents 



Experiment —— SMAC
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SMAC DoF consistently ranks 1st or 2nd across all maps and data quali.es. 



Experiment —— SMACv2 and MPE
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SMACv2

MPE

✔ DoF consistently outperforms prior methods in both adversarial and coopera.ve se@ngs. 
✔ Scales to high-dimensional, hard explora+on tasks (e.g., MPE-World).
✔ Learns robust strategies even from non-expert data 



Experiments —— ablations 
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DoF with different Noise Factoriza=on Func=on 𝑓

✔ WConcat is the most effec=ve noise factoriza=on func=on in DoF. 

We study how different noise factoriza,on func,ons f affect the performance of DoF on SMAC maps. 



Experiments —— ablations 
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DoF with different Data Factoriza,on Func,on ℎ

✔ Learnable aKen=on is the best data aggrega=on method for global trajectory recovery. 



Summary
• IGD principle, a generaliza,on of IGM tailored for diffusion-based mul,-agent 

modeling.
• DoF, a diffusion factoriza,on framework sa,sfying IGD for offline Mul,-Agent 

Reinforcement Learning.
• Through extensive experiments, we show that DoF achieves state-of-the-art 

performance across SMAC, SMACv2, and MPE.
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https://github.com/xmu-rl-3dv/DoF

chaoli@stu.xmu.edu.cn
dengziwei@stu.xmu.edu.cn
siqishen@xmu.edu.cn  

For more details, please check our project page:

Contact us:

Thanks for your a-en/on!
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