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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:)



Motivation

* Therefore,

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

L while keeping computational complexity manageable? ”

\

)

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

decreases as individual agent actions are revealed.

e This observation mirrors the reverse process in diffusion models.

'
@ We can realize it via the diffusion process formulation.




Re-formulation

Assumption 1 (Diffusion-Inspired Decomposition of Multi-Agent Dynamics). In our diffusion-
inspired formulation with the demendmg order of agent id (n,n—1,...,1) as the conditioning order,
the global state transition P(sy11|s¢, a;™™) yields the next state in a manner akin to a typical reverse

diffusion process, i.e., satisfying
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where 551}1 is corrupted with the noise of maximum level o,,, practically indistinguishable from pure
Gaussian noise.

Theorem 2 (ELBO under the Diffusion-Inspired Formulation). Under Assumption 1, the log-

likelihood of the multi-agent global state transition (i.e., the evidence of the transition) is lower
bounded as follows,
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denoising matching term



Practical Implementation

Environment Timestep (t)

« Key implementation details: A g
« Permutation Invariance: 2
: . =
expectation over all possible E:
agent orderings, making the 2
A
model robust to arbitrary agent
ordering.
 Condition-Independent L —

Context

Noising Process: free to choose
any noise levels for our

sequential formulation. L(0) = Eio,,...onpro(r) Eonberm{1,2,... 0} {Z:Zl | Do (5115 0%, 51, 0%) — SH—IHQ}

= ]ETEkNUnifom{l,Q,....n} [||D6(SI+1EU(T):S?::Q® - St+1||2} ]




Model Comparison

Conventional Flattened Dynamics
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Learning in Imaginations

» For policy learning, DIMA integrates with a learning-in-imagination
paradigm using:
« A Transformer-based reward and termination model
* AVQ-VAE state decoder for converting global states to local observations

+ MAPPO for policy @V@ @ \/Q? @VQD

optimization using |

Centralized Training MinGPT
mn

with Decentralized

™ state emb. T joint action emb. @D valid output emb.




Experiment
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Episode Returns

Experiment
 Bi-DexHands
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Experiment

Tasks Steps Methods
DIMA (Ours) MARIE MAMBA HASAC HAPPO MAPPO
MAMujoCo
Ant-2x4 4881 1756 4471 | 555 1314+ 756 1344 1959 17164449 85947
Ant-4x2 47664450 11734136 161841931 8504196 1917 4 555 854441
HalfCheetah-2x3 IM 63704121 4045 575 281341580 2499+1081 26284893 3196475
HalfCheetah-3x2 61751915 238041145 30294798 28724890  3402,3,7, 29361766
HalfCheetah-6x1 5643 143 173811213 184819099 20444910 29394113 9251191
Walker2d-2x3 33291056 2822 1 997 124419 11354210 1007982 7524916
Walker2d-3x2 4084:|:357 604:|:349 466:|:103 958:|:715 932:|:513 LOZL:HLSO
Bi-DexHands
BottleCap 259.914 4 - 203.8452  210.9,45,; 100.7435 104.0423
DoorOpenlnward 300K 290.4199 o - 225.0479.4 246.3,-, 30.7492 5 65.846.9
DoorOpenOutward 367.1 1194 - 17744431 2219, 4 58.8+46 96.44+5 5
BottleCap 2441114 - 43,44 0.040.0 0.0+0.0 0.0+0.0




Qualitative Analysis

* DIMA demonstrates substantially more accurate and stable long-horizon
predictions than existing multi-agent world models

MARIE

MAMBA
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Qualitative Analysis

» DIMA effectively preserves permutation invariance over a long horizon
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Ablation Study

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

Table 2: Ablation study on ShadowHandBottleCap comparing sequential (DIMA) vs. joint modeling

under varying data budgets (8 runs). Sequential modeling shows superior performance and lower
variance in lower-data regimes.

Method 100K Steps 150K Steps 200K Steps 250K Steps 300K Steps

Joint 234.1490.6 238.6492.9 246.7+10.9 243.7+18.2 255.2470
Sequential (Ours) 251.81173 248.2 1116 246.3114.¢6 251.94127 249.2410.7

Table 3: Ablation study on complex Bi-DexHands tasks at 300k steps (8 runs). The advantage of
sequential modeling persists in more challenging environments.

Method DoorOpenOutward @ 300K steps DoorOpenlnward @ 300K steps

Joint 302-5:&76.9 235-1:i:68.1
Sequential (Ours) 352.41 405 290.3130.4




Ablation Study

* Sequential Modeling Retains Full Predictive Accuracy with Reduced Complexity

Table 8: Ablation study comparing the cumulative L1 observation errors of sequential vs. joint
modeling. Models were trained on 500k transitions and evaluated on a 500k held-out set. Sequential
modeling achieves statistically indistinguishable prediction accuracy, validating its design.

Task Method Obs L1 Error @ H =15 | Obs L1 Error @ H = 20
DoorOpenOutward Se.quentlal (Ours) 9.33310.273 7.08140 395

Joint 5-345:|:0.267 7.09210.324
DoorOpenlnward Se.quential (Ours) 5.563 ¢ 326 7.447 ¢ 393

Joint 5.565:|:0.322 7~453:|:0.386
Pen Sequential (Ours) 6.667 1 744 8.9365 305

Joint 6.676+1 762 8.947 19 399




Contact

Thanks for listening
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