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Background

• Two primary challenges in modeling Multi-Agent dynamics

• Exponentially expanded joint action space

• Additional inter-dependencies among agents (more complex than single-

agent scenario)

• Current Multi-Agent world model dealt with these via:

• Centralized modeling, but suffer from heavy computational cost

• Decentralized modeling with CTDE principle (currently predominant)

 Is it all we can do to deal with Multi-Agent dynamics ?



Background

• Potential limitations from Decentralized modeling with CTDE

1. Mismatch on the transition function estimation

individual modeling + additional communication modules

v.s. 

the global state transition in Dec-POMDP or global MDP

2. No supervision signal for the aggregated feature (may hinder training)

3. Lack of efficient utilization of global state in modeling (least important point:)



• Therefore,

“Can we develop a centralized modeling scheme that maintains consistency, 

while keeping computational complexity manageable? ”

• Core insight lies in: Uncertainty about the next global state progressively 

decreases as individual agent actions are revealed. 

• This observation mirrors the reverse process in diffusion models.

Motivation

 We can realize it via the diffusion process formulation.



Re-formulation



• Key implementation details:

• Permutation Invariance: 

expectation over all possible 

agent orderings, making the 

model robust to arbitrary agent 

ordering.

• Condition-Independent 

Noising Process: free to choose 

any noise levels for our 

sequential formulation.

Practical Implementation



Model Comparison

𝒮 × 𝒜 𝑛 × 𝒮 → |𝒮|

𝒮 × |𝒜| × 𝒮 → |𝒮|



• MAPPO for policy 

optimization using 

Centralized Training 

with Decentralized 

Execution (CTDE)

• For policy learning, DIMA integrates with a learning-in-imagination 

paradigm using:

• A Transformer-based reward and termination model

• A VQ-VAE state decoder for converting global states to local observations

Learning in Imaginations



Experiment
• MAMuJoCo



Experiment
• Bi-DexHands



Experiment



Qualitative Analysis

• DIMA demonstrates substantially more accurate and stable long-horizon 

predictions than existing multi-agent world models



Qualitative Analysis

• DIMA effectively preserves permutation invariance over a long horizon



Ablation Study

• Our proposed formulation improves sample efficiency in lower-data regimes



Ablation Study

• Sequential Modeling Retains Full Predictive Accuracy with Reduced Complexity



Contact

Thanks for listening
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