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ABSTRACT

Real-time information is usually not satisfied in real world due
to communication or observation delay. Although existing works
address individual delay, they do not fully consider the complex
effects of composite delay, denoted as “Information Delay”, which
severely reduce the efficiency of these methods. To address infor-
mation delay, we propose Retroactive Belief state Compensation
(RBC), a multi-agent framework with enhanced robustness and
collaboration. Specifically, we design a multi-step reconstruction
model that retroactively rebuilds agents’ belief states starting from
the generation time of the information. This process corrects the
accumulated deviation in the current belief state caused by infor-
mation delay. Moreover, to enhance proactive collaboration, we
introduce an intent inference module. This module enables agents
to generate intents, which represent short-term action plans, as
content of communication. By aggregating intents from teammates,
agents will choose more coherent and synchronized joint actions.
To evaluate the performance of RBC, we design scenarios with
multiple levels of observation, communication, and composite de-
lays. Experimental results demonstrate that RBC outperforms the
baselines in all scenarios with delays.
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1 INTRODUCTION

Multi-Agent Reinforcement Learning (MARL) shows potential [7, 9,
17] but struggles with partial observability [2, 8, 14, 15]. While belief
states mitigate this, real-world delays render information outdated,
violating the Markov property and causing learning instability [3].
Existing works address observation [3, 13] and communication
delays [11, 16] in isolation, overlooking their compound effects. We
define this holistic challenge as “Information Delay”.

To address this, we propose Retroactive Belief state Compensation
(RBC). RBC utilizes a multi-step reconstruction module to retroac-
tively refine latent trajectories, ensuring agents operate on up-to-
date belief states. Additionally, we introduce an intent inference
module to deduce teammates’ current intentions from delayed mes-
sages. Experiments on SMAC and SMACv2 demonstrate that RBC
significantly outperforms baselines under various delay conditions.
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2 METHOD

We propose the Retroactive Belief state Compensation (RBC) frame-
work to mitigate coordination degradation caused by information
delay. RBC reconstructs belief states by retroactively refining de-
layed observations and inferring teammates’ intents.

2.1 Retroactive Belief Compensation

Let agent i’s input at time ¢ be x;; = {0+, mjis}jen. Due to asyn-
chronous transmission, the received input is delayed as x; ;. RBC
comprises three components:

Variational Encoder: To encode x;; into a compact belief b; ; =
(hiy, zit), we employ a Recurrent State-Space Model [5]. A GRU up-
dates the deterministic state h;; = foru (hir—1, zi—1, air-1) [4]. A

VAE then samples a stochastic latent variable z;; ~ q¢ (zi |, xir) [6].

The encoder is trained via reconstruction loss:
~Erecon = Eqd, [_ 10gp9 (xi,t |hi,t3 Zi,t)] . (1)

Retroactive Cell: To handle delayed inputs, we introduce a

latent projector qgmj (zit|his) to estimate the current state from
history. It minimizes the KL divergence with the posterior:
Loroy =B Dt (a5 Clhiexiollg] “ Cln)|. @

During execution, if x;; is delayed, the agent samples Z;; ~ qgmj

to form an estimated belief l;i,t~

Retroactive Reconstruction: Upon receiving delayed infor-
mation x;, with max delay d, RBC refines speculative beliefs. The
module reverts the belief to t — d and recursively re-simulates the
trajectory to t — 1. At each step k, the state is updated as:

h o1 = foru (h;,k, Z ai,k),

s (Z | h;kﬂ,xi,m), X; k41 arrived, ©)
roj ’

qu,) (Z I hi,k+1)’

This process yields an updated belief that integrates both delayed
ground truth and current estimates, reducing error accumulation.

’
z ~
ik+1
X;i k41 delayed.

2.2 Collaboration Enhancement via Intent

To facilitate foresighted cooperation, agents exchange high-level
intents derived from their belief states.

Intent Generation: We define an Intent Encoder p,, (e;|b;;) to
generate intent e; ;. To ensure relevance to actions, an Intent Infer-
ence module gc(ej;|b;;, a; ) infers intent from the taken action a; ;.
Following the Information Bottleneck principle [1], we optimize:

Lintznt =E [DKL (qe(ei,t|bi,ts ai,t)”p(p(ei,fwi,t))] . (4)

Message Aggregation: Agents aggregate teammates’ intents
using an attention mechanism where local intent e; ; serves as the
. aggr .
query. The aggregated intent e is computed as:

(Woeir)" (Wie/,,)
e = N softmax; | ————— " | (Wye!,). (5)
it ; J ( ‘/d_k Jot

The final belief state, b;; = concat(h;;, zi;s, ei; + eiafgr), combines
perception and collaborative intent to guide the policy ;.
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2.3 Overall Optimization Objective

RBC is trained under the CTDE paradigm. The basic network mini-
mizes the standard TD loss L7p [12] using a mixing network (e.g.,
QMIX [10]). The total objective combines all losses with weights A:

Liotal = L1D + Ao Lrecon + Ap-Eproj + Ae Lintent- (6)

2.4 Experimental Analysis

We evaluate RBC on representative maps 5m_vs_6m, MMM2, and
Protoss_5_vs_5. In delay-free environments, RBC matches or sur-
passes leading baselines, exhibiting faster convergence and reduced
variance. This success is attributed to the RSSM-based latent en-
coding and intent inference, which effectively capture environ-
ment dynamics and promote consistent coordination. We further
assess performance under severe Information Delay, characterized
by observation delay N (1,1) and communication delay N (5, 2).
While baseline methods suffer significant performance degrada-
tion and widened uncertainty bands due to asynchronous inputs,
RBC demonstrates strong robustness with only slight declines in
win rates. The framework’s retroactive reconstruction and intent
aggregation mechanisms work in synergy to maintain accurate,
real-time belief states despite severe lags. Consequently, RBC effec-
tively preserves formation control and target selection, achieving
superior performance compared to baselines in these challenging,
highly asynchronous scenarios.

Table 1: Performance under Information Delay

Delay Algo 5m_vs_6m MMM2 P 5 vs 5
MAIC  81.04 £4.3* 94.48 +2.6% 43.82+5.0

No T2MAC  43.75+6.1 027 +0.5  38.78 +3.6
Delay CACOM  75.69+45 90.73+2.8 47.53+58"
RBC 80.1+4.3" 92.88+5.1" 48.67 +9.4*

MAIC 097+1.0 28.09+5.27 4156+45

Delayed T2MAC  0.42+0.7 0.0 £ 0.0 37.58 £ 4.9
CACOM 885+347  17.08+4.0 44.86 +4.4"
RBC 9.33 £3.1%  62.21+7.3% 46.72 + 6.5

3 CONCLUSION

We propose Retroactive Belief State Compensation (RBC) to address
the degradation of belief state accuracy caused by information de-
lay. RBC utilizes a recurrent state space model to retroactively
reconstruct belief states from historical trajectories. To enhance
collaboration, we introduce an intent inference module that enables
agents to perceive teammates’ short-term plans from received mes-
sages. Experiments demonstrate RBC’s superior robustness across
various delay settings, offering a reliable solution for asynchronous
multi-agent learning.
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