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Abstract

In multi-agent reinforcement learning, communi-
cation is essential for effective cooperation. Most
existing methods assume instantaneous message
delivery, and the few delay-aware studies consider
only external fixed or stochastic delays, neglect-
ing queueing delays caused by competition for a
shared channel. We formulate the shared channel
as a queueing system with state-dependent service
rates, and propose Congestion-Aware Intent Com-
munication (CAIC). To ensure message validity
under delay, CAIC employs a temporal masked
autoencoder to predict each agent’s future trajec-
tory and encode it into a delay-robust intent mes-
sage, with attention-based fusion integrating asyn-
chronous messages at the receiver. To maintain
timeliness, CAIC dynamically adjusts communi-
cation frequency based on intent message changes
and delay estimates, proactively mitigating conges-
tion. Experiments on Hallway, MPE, and SMAC
demonstrate that CAIC outperforms existing base-
lines on most evaluated scenarios in both no-delay
and queueing-delay settings, and ablation studies
reveal that stale messages under delay can be even
more harmful than no communication.

1 INTRODUCTION

Multi-agent reinforcement learning (MARL) has been
widely applied to domains such as autonomous driv-
ing [Shalev-Shwartz et al., 2016], game AI [Vinyals et al.,
2019], and UAV swarm coordination [Xia et al., 2022]. A
fundamental challenge in these settings is partial observ-
ability, where each agent can only access local information,
making effective coordination difficult. Agent communica-
tion addresses this challenge by enabling information shar-
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Figure 1: Motivation for investigating queueing delay. Un-
like random external delays, queueing delay is endogenously
determined by agents’ collective communication behaviors.

ing, and has become a central research topic in cooperative
MARL [Foerster et al., 2016, Sukhbaatar et al., 2016].

Existing studies explore efficient communication strategies
along three dimensions, namely learned communication
scheduling and gating policies to decide when to commu-
nicate [Singh et al., 2019, Kim et al., 2019, Wang et al.,
2020]; dynamic graph structures to select with whom to
communicate [Niu et al., 2021, Hu et al., 2024, Zhang et al.,
2025]; and tailored message content design for what to com-
municate [Kim et al., 2021, Sun et al., 2024]. However,
these methods universally assume instantaneous message
delivery, neglecting the communication delays inevitable in
real-world deployment.

A few studies have begun to consider communication de-
lay [Yuan et al., 2023, Song et al., 2025], but treat it as a fixed
or stochastic external factor. In practice, agents typically
share a bandwidth-limited communication channel, and si-
multaneous transmissions lead to congestion and queueing
delay. In contrast to external delays that are independent
of agents’ behavior, queueing delay is endogenously de-
termined by agents’ collective communication decisions
and may grow rapidly with communication frequency (Fig-
ure 1). This endogeneity implies that queueing delay can be
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mitigated through coordinated communication scheduling,
rather than treated as an exogenous constraint.

In this paper, we adopt a state-dependent service rate model
grounded in queueing theory to describe the congestion
dynamics of the shared channel, where the service rate de-
grades nonlinearly once the channel load exceeds a con-
gestion threshold. Based on the insight of delay’s endo-
geneity, we formulate multi-agent cooperation under queue-
ing delay as a Congestion-Aware Decentralized Partially
Observable Markov Decision Process (CA-Dec-POMDP)
and propose the Congestion-Aware Intent Communication
(CAIC) framework. CAIC tackles queueing delay from two
perspectives. For message validity, conventional messages
such as hidden states become stale upon delayed arrival,
whereas predictions of future behavior remain informative.
Accordingly, we employ a temporal masked autoencoder
to predict each agent’s future action trajectory from its his-
torical trajectory and encode it as an intent message that
preserves coordination value despite queueing delay. For
timeliness, we introduce a time-varying Exponential Mov-
ing Average (EMA) delay estimator to track channel delay
and dynamically adjust communication frequency based
on intent message changes and delay estimates, balancing
information demand against congestion cost.

Our main contributions are summarized as follows:

• To our knowledge, we are the first to systematically
study endogenous queueing delay induced by shared-
channel congestion in MARL communication, and
adopt a state-dependent service rate model grounded
in queueing theory.

• We introduce a delay-robust intent encoding mecha-
nism that preserves message validity through future
trajectory prediction, and a congestion-aware commu-
nication decision scheme driven by a time-varying de-
lay estimator.

• We validate CAIC on Hallway, MPE, and SMAC,
demonstrating that CAIC outperforms existing base-
lines on most evaluated scenarios in both no-delay and
queueing-delay settings; ablations further reveal that
stale messages under delay can be even more harmful
than no communication.

2 RELATED WORK

Multi-Agent Reinforcement Learning. Multi-agent rein-
forcement learning (MARL) extends single-agent reinforce-
ment learning (RL) [Mnih et al., 2015] to settings where
multiple agents interact in a shared environment. A core
challenge is credit assignment, as agents receive only a
shared team reward yet must assess each individual’s contri-
bution. The Centralized Training with Decentralized Execu-
tion (CTDE) paradigm addresses this challenge by accessing
global state and joint actions during training and attributing

rewards to individual agents through a centralized critic or
value decomposition network. Representative methods in-
clude QMIX [Rashid et al., 2020], COMA [Foerster et al.,
2018], and MADDPG [Lowe et al., 2017]. However, such
methods require agents to rely solely on local observations
during execution, limiting effective coordination.

Multi-Agent Communication. Multi-agent communica-
tion enables agents to share information during execution.
Early methods such as CommNet [Sukhbaatar et al., 2016],
DIAL [Foerster et al., 2016], and TarMAC [Das et al., 2019]
pioneer end-to-end differentiable communication, allowing
all agents to broadcast messages at every timestep. Sub-
sequent work improves communication efficiency along
three dimensions. For when to communicate, NDQ [Wang
et al., 2020] learns to minimize communication through
information-theoretic regularization, TMC [Zhang et al.,
2020] reduces frequency via temporal windows, and ETC-
Net [Hu et al., 2023] introduces event-triggered messaging.
For with whom to communicate, SOG [Shao et al., 2022]
forms self-organized groups through conductor election,
CommFormer [Hu et al., 2024] models the communica-
tion architecture as a learnable graph, and TGCNet [Zhang
et al., 2025] learns dynamic directed communication graphs
through a gated adjacency mechanism. For what to commu-
nicate, IS [Kim et al., 2021] transmits attention-compressed
imagined trajectories as messages, CACOM [Li and Zhang,
2024] generates receiver-specific messages through context-
aware attention, and T2MAC [Sun et al., 2024] constructs
messages from local evidence and integrates them selec-
tively at the receiver. All these methods assume instanta-
neous message delivery, ignoring communication delay.

Delay in MARL. DAMARL [Chen et al., 2020] formulates
a delay-aware Markov game incorporating action and obser-
vation delays and proposes a CTDE-based algorithm to miti-
gate the resulting non-stationarity. RDC [Fu et al., 2025] for-
mulates stochastic observation delays as a DSID-POMDP
and mitigates their impact through delay-free observation
reconstruction. These methods focus on environment-level
delays without addressing communication delay. For com-
munication delay, DACOM [Yuan et al., 2023] is the first
to study it in MARL, proposing a receiver-side TimeNet
to learn adaptive waiting times, but assumes that communi-
cation completes within a single decision interval, failing
under multi-interval delays. CoDe [Song et al., 2025] fur-
ther studies asynchronous communication across decision
intervals, encoding the current hidden state into a VAE-
compressed latent as the message; however, with only indi-
rect future supervision, its reliability degrades under longer
delays; moreover, CoDe broadcasts to all agents, aggravat-
ing channel congestion. Both methods treat delay as fixed
values or Gaussian distributions, ignoring queueing delay
caused by agents’ own communication behavior.
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Figure 2: Overview of the CAIC framework. (a) Network congestion model (Section 3): shared queueing channel with
state-dependent service rates. (b) Agent decision module (Section 4.1): message fusion via attention and action selection
with delay estimates. (c) Intent generation module (Section 4.2): future trajectory prediction via MAE. (d) Communication
decision module (Section 4.3): selective communication based on intent change and delay cost.

3 PRELIMINARIES

Queueing Theory. Queueing theory studies arrival, wait-
ing, and service processes, where µ denotes the service rate.
Classical models assume constant µ; in practice it varies
with load. Such state-dependent behavior is well-evidenced
in network congestion control, where RED [Floyd and Ja-
cobson, 1993] drops packets at a load-dependent rate beyond
a threshold, and REM [Athuraliya et al., 2001] marks pack-
ets at a rate exponential in queue length. Abouee-Mehrizi
and Baron [Abouee-Mehrizi and Baron, 2016] formalize
state-dependent M/G/1 systems with service rate µ(L) as a
function of queue length L.

Network Congestion Model. We model the shared com-
munication channel as a discrete-time queueing system with
state-dependent service rates. At each timestep t, agents
submit messages to a shared queue, whose length we denote
Lt. The queue serves at most µ(Lt) messages per timestep;
excess messages accumulate, inducing delay. Drawing on
state-dependent queueing theory, we define the service rate
as a function of the queue length:

µ(Lt) =

{
Lt, if Lt ≤ Lth

ωmin + (Lth − ωmin) e
−αηt

, if Lt > Lth

,

(1)

where ηt = (Lt−Lth)/(C−Lth) is the normalized excess
load, Lth the congestion threshold, α the decay rate, C the
queue capacity, and ωmin the minimum service rate. Under
light load the system is work-conserving; once the queue

exceeds Lth, the service rate decays exponentially toward
ωmin, causing delay to grow. To simulate stochastic chan-
nel fluctuations, we inject Gaussian noise during execution
for non-empty queues: µ̃(Lt) = clip(µ(Lt) + ε, 1, Lt),
where ε ∼ N (0, σ2). This model captures key congestion
phenomena including congestion collapse, nonlinear delay
growth under load, and endogenous congestion induced by
agents’ own communication behavior. We do not model
multi-hop routing, heterogeneous links, or MAC-layer colli-
sions, as these would increase complexity without providing
additional insight into the coordination problem.

CA-Dec-POMDP. We formulate multi-agent coopera-
tion under queueing delay as a Congestion-Aware De-
centralized Partially Observable Markov Decision Pro-
cess (CA-Dec-POMDP), defined by a tuple ⟨N , S, A, P,
Ω, O,D, R, ρ0, γ⟩. Agents N , observation function Ω, re-
ward R, initial state distribution ρ0, and discount factor
γ retain their standard Dec-POMDP definitions; we ex-
tend the remaining elements as follows. The global state
S = Senv × Sch augments the environment state senv

with a channel state sch = ⟨L, µ(L)⟩. The action space is
extended to A = Aenv × [0, 1]N−1, where each agent’s
action ai = ⟨aenvi ,pcomm

i ⟩ includes per-recipient commu-
nication probabilities pcomm

i = (pij)j ̸=i. The observation
is augmented to O = Oenv × R, with oti = ⟨oenv,ti , δ̂ti⟩
incorporating the local delay estimate δ̂ti . D denotes the
delay space endogenously determined by sch, and the transi-
tion decomposes as P (s′|s,a) = P env(senv ′|senv,aenv)×
P ch(sch

′|sch,pcomm), with channel dynamics driven by
agents’ collective communication actions pcomm.
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4 METHOD

As illustrated in Figure 2, at each timestep, each agent fuses
asynchronously received messages via attention and esti-
mates the current channel delay, jointly informing action
selection (Section 4.1). The agent then predicts its future
action trajectory via a temporal masked autoencoder and
encodes it as a delay-robust intent message (Section 4.2).
Finally, the agent schedules transmission based on intent
change and estimated delay to mitigate congestion (Sec-
tion 4.3). The training procedure is detailed in Section 4.4.

4.1 AGENT DECISION MODULE

Under the Network Congestion Model, messages from dif-
ferent senders arrive asynchronously at the receiver. LetMt

i

denote the set of messages received by agent i at timestep
t. The agent first encodes its local environment observa-
tion oenv,ti into a hidden state ht

i = GRU(oenv,ti , ht−1
i ), and

integratesMt
i via cross-attention with ht

i as the query:

h̃t
i = WO

∑
mj∈Mt

i

softmax
(
ht
iW

Q(mjW
K)⊤√

dk

)
WV mj .

(2)
A learned gate gti = σ(MLP([ht

i; h̃
t
i])) then yields ĥt

i =

gti ⊙ h̃t
i + (1− gti)⊙ ht

i; ifMt
i = ∅, ĥt

i = ht
i.

As the channel state is partially observable, agents cannot
directly observe channel delay and must estimate it locally.
Each message from sender j carries a sending timestamp tjs,
from which the agent computes the observed delay as the
worst-case across received messages, dti = maxj(t − tjs).
As inter-arrival intervals are non-uniform, we adopt a time-
varying EMA whose decay rate adapts accordingly:

δ̂ti = β∆t · δ̂t−∆t
i + (1− β∆t) · dti, (3)

where β ∈ (0, 1) is the base decay coefficient and ∆t the
interval since the last arrival. The factor β∆t down-weights
stale estimates when messages are sparse and maintains
smoothness when they are frequent. This estimator satisfies
an upper bound property (Theorem 1; proof in Appendix A).

The agent representation ĥt
i and delay estimate δ̂ti are fed

into the Q-network, and actions are selected greedily, with
ϵ-greedy exploration during training:

ati = argmax
a

Qi(ĥ
t
i, δ̂

t
i , a). (4)

Incorporating δ̂ti enables the policy to account for chan-
nel congestion during action selection, favoring less
communication-dependent actions under high delay.

4.2 INTENT GENERATION MODULE

Observation-based messages become stale under queueing
delay. We therefore encode each agent’s predicted future

trajectory as the message, capturing its behavioral intent.

At timestep t, after selecting action ati, agent i constructs its
recent trajectory:

τ t−T+1:t
i = {(oenv,t−T+1

i , at−T+1
i ), . . . , (oenv,ti , ati)}.

(5)
We propose a Temporal Masked Autoencoder (MAE) to
predict each agent’s future trajectory. The MAE adopts an
encoder-decoder architecture, preserving full temporal con-
text via self-attention rather than compressing history into
a single hidden state. Unlike random masking [He et al.,
2022, Kang et al., 2025], during training we employ suffix
masking, where the preceding T steps serve as input and
the final K steps are masked as prediction targets.

The encoder maps each environment-observation-action pair
(oenv,ti , ati) through linear embedding and positional encod-
ing, and processes the sequence with self-attention:

cti = Encoder(τ t−T+1:t
i ). (6)

The decoder takes K learnable query vectors q̂ ∈ RK×de as
input and uses cross-attention to selectively retrieve relevant
history from cti, predicting the future K-step trajectory:

τ̂ t+1:t+K
i = Decoder(q̂, cti). (7)

The predicted future trajectory

τ̂ t+1:t+K
i = {(ôenv,t+1

i , ât+1
i ), . . . , (ôenv,t+K

i , ât+K
i )}

(8)
contains joint predictions of observations and actions, which
are vectorized and projected through a Multi-Layer Percep-
tron (MLP) to a compact intent vector zti , reducing the
message size transmitted through the shared channel:

zti = MLP(vec(τ̂ t+1:t+K
i )). (9)

Compared with transmitting instantaneous observations or
hidden states, intent encoding is more robust to delay, as
predicted future trajectories retain coordination value even
after delayed arrival. Sender-side prediction is also com-
putationally efficient, requiring only N MAE inferences
per step in total, whereas a receiver-side design where each
receiver reconstructs future intent from the transmitted hid-
den state would scale to N(N − 1) inferences under full
communication.

4.3 COMMUNICATION DECISION MODULE

Unrestricted communication exacerbates channel conges-
tion under limited bandwidth, inducing queueing delay. Se-
lective communication is therefore critical, since each agent
should transmit only when informational gain outweighs
the channel cost.
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We design the communication decision from two comple-
mentary perspectives: communication value and communi-
cation cost. The value of a message is determined by the de-
viation of the agent’s current intent zti from zlastij , the intent
last transmitted to recipient j, where a larger change indi-
cates a significant shift in behavioral plan, yielding higher
informational gain. The cost is reflected by the delay esti-
mate δ̂ti , where higher delay signals greater channel conges-
tion, implying that additional transmissions would further
intensify it. Balancing these two factors, the communication
decision module computes a communication probability for
each potential recipient j:

ptij = σ
(
MLP

(
[MLPv([z

t
i ; z

last
ij ]); δ̂ti ]

))
, (10)

where σ denotes the sigmoid function. During training,
btij ∼ Bernoulli(ptij) to maintain exploration; at test time,
btij = 1 if ptij > 0.5, and 0 otherwise. When btij = 1, agent
i transmits zti to recipient j and updates zlastij ← zti . When
multiple messages are enqueued simultaneously, they are
prioritized by sender-receiver distance, with closer pairs
served first. The communication decision module is trained
via a Value-of-Information (VOI) objective (Section 4.4).

4.4 TRAINING

CAIC follows the CTDE paradigm. Training involves three
objectives optimized with separate optimizers: (1) the rein-
forcement learning loss, which optimizes cooperative poli-
cies via QMIX value decomposition; (2) the MAE loss,
which trains future trajectory prediction; and (3) the com-
munication value loss, which trains the communication de-
cision module.

Reinforcement Learning Loss. Each agent computes Q-
values Qi(ĥ

t
i, δ̂

t
i) for all actions. The local Q-values are

mixed into a global Qtot via QMIX, conditioned on the envi-
ronment state senv and the channel state sch = ⟨Lt, µ(Lt)⟩:

Qtot = fmix

(
Q1, . . . , QN ; senv, sch

)
. (11)

Following double Q-learning [Van Hasselt et al., 2016],
action selection uses the current network, a∗i =
argmaxa′

i
Qi(a

′
i), while value evaluation uses the target

network f−
mix, reducing overestimation bias. The loss is

computed over a mini-batch B sampled from the replay
buffer:

y = r + γ f−
mix

(
Q−

1 (a
∗
1), . . . , Q

−
N (a∗N ); senv′, sch′

)
,

LTD =
1

|B|
∑
b∈B

(
yb −Qb

tot

)2
. (12)

MAE Loss. The MAE is trained to reconstruct the masked
suffix of observation-action trajectory windows sampled

from the replay buffer, using the Mean Squared Error (MSE)
loss:

LMAE =
1

N

N∑
i=1

E

[
1

K

K∑
k=1

∥∥∥τ̂ t+k
i − τ t+k

i

∥∥∥2] , (13)

where τ̂ t+k
i = (ôenv,t+k

i , ât+k
i ) is the predicted

observation-action pair at the k-th future step and τ t+k
i is

the corresponding ground truth. Since the MAE’s input dis-
tribution is determined by the policy while policy learning
depends on the intent representations produced by the MAE,
simultaneous optimization creates mutually dependent non-
stationary targets. We therefore adopt a two-stage training
pipeline. In the offline stage, we roll out 100 episodes un-
der the initial policy and train the MAE until convergence,
providing RL with an intent encoder of sufficient quality
before training begins. In the online stage, we clear the
replay buffer once RL starts and fine-tune the MAE every
5,000 environment steps to track policy distribution drift. Its
parameters are frozen during RL updates.

Communication Value Loss. The communication deci-
sion module requires a supervisory signal indicating when
communication is valuable. We define the Q-value gain
∆Qt

j from message fusion as the Value of Information
(VOI):

∆Qt
j = softplus

(
max

a
Qj(ĥ

t
j , δ̂

t
j , a)−max

a
Qj(h

t
j , δ̂

t
j , a)

)
,

(14)
where softplus(x) = log(1 + ex) is a smooth non-negative
surrogate for max(0, x). ∆Qt

j is informative only when
agent j has received messages. When no messages arrive,
it provides no transmission incentive and would suppress
necessary communication. We therefore augment it with
message novelty ∆ztij and channel congestion κt

i to form a
complete supervision signal. We normalize the three signals
as follows:

∆̂Q
t

j = σ(∆Qt
j), ∆ztij =

∥zti − zlastij ∥2√
dm

, κt
i =

δ̂ti
δmax

,

(15)
where dm is the intent vector dimension and δmax is a fixed
delay normalization constant. The three terms are combined
into a communication value target:

vtij = clip
(
λv ∆̂Q

t

j + λd ∆ztij − λc κ
t
i, 0, 1

)
. (16)

Communication value is maximized when receiver benefit
is high, message content is novel, and the channel is uncon-
gested. The module is trained to approximate this target via
binary cross-entropy:

Lcomm=−λcomm

∑
t

∑
i̸=j

[
vtij log p

t
ij+(1−vtij) log(1−ptij)

]
,

(17)
where vtij is a stop-gradient target. This module uses a sepa-
rate optimizer to prevent gradient interference with policy
learning. The complete training procedure is detailed in
Algorithm 1 (Appendix B).
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Figure 3: Main results on Hallway and Predator-Prey environments without communication delay.

Table 1: Results under queueing delay; each cell shows mean(std). Bold: best, underline: second best.

Task CAIC CoDe TGCNet T2MAC SOG TMC NDQ QMIX

CN N=6 −1.37(0.00) −3.37(0.03) −1.12(0.08) −1.38(0.04) −1.70(0.22) −3.34(0.43) −2.71(1.17) −1.79(0.20)

CN N=10 −1.83(0.03) −2.84(1.28) −1.84(0.07) −1.88(0.02) −4.17(1.59) −5.41(0.09) −2.56(0.12) −2.62(0.60)

PP 5v2 7.70(0.29) 3.71(0.96) 6.69(0.73) 1.69(1.42) 0.64(0.07) 0.87(0.10) 2.26(0.20) 6.39(0.42)

PP 8v3 12.63(1.70) 4.55(1.77) 10.78(2.70) 3.61(1.36) 2.24(1.05) 1.88(0.22) 4.20(0.64) 12.36(0.09)

SMAC 2s3z 91.8(3.9) 51.2(18.6) 67.9(5.9) 0.0(0.0) 70.7(8.3) 27.5(17.5) 69.1(4.6) 51.9(22.9)

8m 89.5(3.8) 70.6(4.8) 59.4(8.8) 29.7(42.1) 84.2(9.7) 47.5(28.0) 80.8(10.4) 82.9(5.7)

MMM 88.6(5.9) 60.9(12.8) 56.8(8.1) 0.0(0.0) 54.6(7.1) 38.0(12.0) 57.4(19.4) 76.3(3.5)

5m_vs_6m 70.9(6.5) 0.0(0.0) 2.1(1.6) 62.9(6.2) 37.0(9.6) 15.4(6.8) 14.1(6.5) 51.0(6.6)

3s5z 39.7(10.1) 22.1(24.1) 35.3(4.8) 1.0(1.5) 25.1(4.1) 0.1(0.1) 0.0(0.0) 28.3(8.0)

a1 a2 · · · a4

b1 b2 · · · b6

c1 c2 · · · c8

d1 d2 · · · d10

g

(a) Hallway

Agent

Landmark

(b) Co-Navigation

Predator

Prey

Obstacle

(c) Predator-Prey

(d) SMAC 8m (e) SMAC MMM

Figure 4: Multi-agent environments in our experiments.

5 EXPERIMENTS

We evaluate CAIC on Hallway, MPE, and SMAC, focus-
ing on two aspects: message validity, whether intent mes-
sages remain effective for coordination under delay, and
communication timeliness, whether congestion-aware deci-
sions regulate transmissions to alleviate congestion. Cooper-
ative Navigation and Predator-Prey (the two MPE tasks) and
SMAC are evaluated under queueing delay, and Hallway
and Predator-Prey in the no-delay setting; under delay, all
methods share the same delay channel for fair comparison.

5.1 EXPERIMENTAL SETUP

Hallway [Wang et al., 2020] is a Dec-POMDP coordina-
tion task (Figure 4) where multiple agents navigate through
parallel corridors of different lengths, each observing only
its own position, while all agents must reach the goal state
simultaneously.

MPE [Lowe et al., 2017] is a 2D multi-agent particle envi-
ronment. We select two tasks: Cooperative Navigation (CN),
where agents cooperatively cover landmarks, and Predator-
Prey (PP), where predators coordinate to capture randomly
moving prey. We evaluate CN with N=6 and N=10, and
PP with 5v2 and 8v3, covering different agent scales and
communication-load regimes.

SMAC [Samvelyan et al., 2019] is a micromanagement
benchmark derived from StarCraft II, in which each unit is
controlled by an independent agent under partial observabil-
ity and agents must learn cooperative tactics. We evaluate
on five maps spanning difficulty levels and team scales.

We compare against QMIX [Rashid et al., 2020] (no-
communication baseline) and six communication meth-
ods: NDQ [Wang et al., 2020], TMC [Zhang et al., 2020],
SOG [Shao et al., 2022], T2MAC [Sun et al., 2024], TGC-
Net [Zhang et al., 2025], and CoDe [Song et al., 2025]. We
report test win rate for SMAC and Hallway, and normalized
average return for MPE.
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Figure 5: Ablation study results of CAIC, w/o Intent, w/o Comm, and Full Comm.

0.0 0.5 1.0 1.5 2.0
Steps (M)

0.0

0.2

0.4

0.6

0.8

1.0

W
in

R
at

e

5m vs 6m
CAIC (No Noise)
CAIC (σ=0.5)
CAIC (σ=1.0)
CAIC (σ=2.0)

0.0 0.5 1.0 1.5 2.0
Steps (M)

0.0

0.2

0.4

0.6

0.8

1.0

W
in

R
at

e

8m vs 9m
CAIC (No Noise)
CAIC (σ=0.5)
CAIC (σ=1.0)
CAIC (σ=2.0)

0.0 0.5 1.0 1.5 2.0
Steps (M)

0.0

2.5

5.0

7.5

Av
g.

R
et

ur
n

MPE PP 5v2
CAIC (No Noise)
CAIC (σ=0.5)
CAIC (σ=1.0)
CAIC (σ=2.0)

1

Figure 6: Robustness to delay estimation noise. Gaussian noise ε ∼ N (0, σ2) is injected into the EMA delay estimate δ̂.

0.0 0.5 1.0 1.5 2.0
Steps (M)

0.0

0.2

0.4

0.6

0.8

1.0

W
in

R
at

e

5m vs 6m
CAIC (Threshold-Exp)
CAIC (Linear-Decay)
CAIC (Constant)

0.0 0.5 1.0 1.5 2.0
Steps (M)

0.0

0.2

0.4

0.6

0.8

1.0

W
in

R
at

e

8m vs 9m
CAIC (Threshold-Exp)
CAIC (Linear-Decay)
CAIC (Constant)

0.0 0.5 1.0 1.5 2.0
Steps (M)

0

5

Te
st

R
et

ur
n

MPE PP 5v2
CAIC (Threshold-Exp)
CAIC (Linear-Decay)
CAIC (Constant)

1

Figure 7: Performance under three service-rate forms: Threshold-Exp (ours), Linear-Decay, and Constant.

5.2 MAIN RESULTS

No-Delay Results. CAIC outperforms all baselines on the
evaluated Hallway and Predator-Prey scenarios (Figure 3).
Although the hidden state ht

i contains at least as much infor-
mation as the intent vector zti in the information-theoretic
sense, the coordination-irrelevant content in ht

i, such as ob-
servation noise and unfiltered history details, dilutes the
truly coordination-relevant signal at the receiver. Existing
methods compress messages to reduce this redundancy, such
as NDQ via an information bottleneck and T2MAC via
key/value projections, but these compressions lack explicit
guidance toward future behavioral content. CAIC’s future-
trajectory supervision directly steers the encoding toward
what teammates will do next, which is especially valuable
in future-oriented tasks such as synchronized arrival in Hall-
way and coordinated encirclement in Predator-Prey.

Queueing Delay Results. Under queueing delay (Table 1),
CAIC achieves the best or near-best performance on both
Cooperative Navigation and Predator-Prey. In Cooperative

Navigation, intent messages reveal teammates’ movement
targets, preventing redundant landmark coverage. Most base-
line methods suffer notable performance degradation, while
CAIC maintains stable performance, validating the delay ro-
bustness of intent messages. On SMAC, CAIC achieves the
highest win rate on all five maps. Baseline communication
methods degrade substantially, as their messages encode
instantaneous information that becomes outdated after delay.
Decisions based on stale messages can even mislead behav-
ior, explaining why some communication methods perform
worse than the no-communication QMIX. T2MAC is partic-
ularly sensitive, since its evidence-driven integration relies
on alignment between received messages and the recipient’s
current state, and delayed messages introduce outdated evi-
dence that undermines decision reliability. The delay-aware
CoDe also lags behind CAIC. On one hand, CoDe com-
presses the current state into a VAE latent as its message
and captures future information only indirectly, so its re-
liability degrades under longer delays. On the other hand,
CoDe broadcasts to all other agents, which itself congests
the shared queue and further amplifies message delay.
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Table 2: Communication analysis of CAIC on SMAC; each
cell shows mean(std).

Task Rate (%) VOI Cost

2s3z 40.3(3.8) 0.67(0.05) 0.33(0.08)
8m 36.9(0.4) 0.80(0.04) 0.41(0.00)

MMM 47.9(0.1) 0.74(0.02) 0.22(0.00)
5m_vs_6m 32.9(0.4) 0.75(0.04) 0.34(0.01)

3s5z 45.5(1.5) 0.77(0.04) 0.22(0.01)

Communication Analysis. Table 2 reveals that CAIC learns
differentiated communication strategies across scenarios.
On MMM (10 agents), CAIC exhibits the highest commu-
nication rate (47.9%) yet incurs the joint-lowest delay cost
(0.22), indicating effective congestion management under
high communication demand. On 5m_vs_6m, the communi-
cation rate is the lowest (32.9%), showing that agents trans-
mit only at critical moments under numerical disadvantage.
These results demonstrate that CAIC balances coordination
benefits against congestion costs.

5.3 ABLATION STUDY
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Figure 8: Sensitivity analysis on MPE Predator-Prey 5v2
under queueing delay.

Component Analysis. Figure 5 reports the ablation study
on SMAC 5m_vs_6m and MPE PP 5v2 under both no-delay
and queueing-delay settings, comparing CAIC against three
variants.

w/o Intent replaces the intent vector zti with the raw GRU
hidden state ht

i as the message throughout, while VOI com-
putation, attention fusion, and training remain identical, iso-
lating the effect of message content. It is the weakest variant
across all settings. Even without delay it trails CAIC, con-
firming that explicitly encoded intent carries more coordina-
tion value than raw hidden states. Under delay it degrades
most, on 5m_vs_6m even falling below w/o Comm.

w/o Comm removes communication entirely, serving as a
no-communication baseline. Its advantage over w/o Intent
on 5m_vs_6m under delay arises because outdated hidden-
state messages actively mislead decision-making, making
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Figure 9: Queue parameter sensitivity: congestion threshold
Lth, queue capacity C, and minimum service rate ωmin.

silence preferable. This confirms that what matters under
delay is the temporal robustness of message content rather
than communication alone.

Full Comm broadcasts at every step. Even without delay
it underperforms CAIC on 5m_vs_6m, since flooding the
receiver with redundant messages dilutes the informative
ones and undermines attention-based fusion; under delay it
degrades further, as transmitting at every step raises channel
load and queueing delay for all messages, creating a vicious
cycle of congestion and staleness. This validates the neces-
sity of the communication decision module in regulating
transmission frequency.

Robustness Analysis. We stress-test two idealized assump-
tions of CAIC: accurate delay estimation and dependence on
a specific queue form. First, we inject Gaussian noise ε ∼
N (0, σ2) into the delay estimate δ̂ at evaluation (Figure 6).
On communication-critical maps (5m_vs_6m, 8m_vs_9m),
performance degrades as σ grows, confirming that the pol-
icy genuinely relies on δ̂; on the lower-demand PP 5v2 it
barely changes. Even under the strongest noise σ=2.0, per-
formance does not collapse, demonstrating robustness to es-
timation error. Second, we replace the threshold-exponential
service rate with two alternative forms, Linear-Decay and
Constant (Figure 7). CAIC achieves comparable perfor-
mance across all three, indicating that its effectiveness stems
from the generic “congestion→delay” feedback rather than
any hand-crafted queue form. Indeed, CAIC’s communica-
tion decisions depend solely on the EMA-estimated delay δ̂
and never directly observe the queue state or the service-rate
function.
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Sensitivity Analysis. We evaluate the sensitivity of CAIC to
the TemporalMAE prediction horizon K and the exponen-
tial decay rate α of the state-dependent service rate on MPE
Predator-Prey 5v2 under queueing delay (Figure 8). Setting
K=1 substantially reduces performance, as single-step pre-
dictions provide insufficient future coverage. The default
K=3 performs best, while K=5 shows a slight decline,
possibly owing to the difficulty of long-horizon prediction.
For the decay rate α, α=0.5 slightly degrades performance,
while α=1.5 and α=3.0 achieve comparable results, indicat-
ing robustness to α provided sufficient congestion pressure
exists.

We also assess robustness to the three queue-model param-
eters (Figure 9): the congestion threshold Lth, the queue
capacity C, and the minimum service rate ωmin. Across
all three scenarios, CAIC remains stable, dropping by only
10–15% under the most stringent settings, confirming that
CAIC does not rely on finely tuned queue parameters.

6 CONCLUSION

We presented CAIC, a framework that addresses queueing
delay in multi-agent communication through intent encod-
ing and congestion-aware decisions. Ablations reveal that
transmitting stale messages can be more harmful than no
communication, underscoring the necessity of temporally
robust message content. This work models channel conges-
tion with a single shared queue, whereas practical systems
may involve multi-hop forwarding and heterogeneous chan-
nels. Moreover, intent encoding relies on relatively stable
policies; in adversarial or non-stationary settings, prediction
accuracy may degrade. Future work can introduce more
realistic network models and explore adaptive prediction
horizons to handle rapid policy changes.
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A THEORETICAL ANALYSIS OF DELAY ESTIMATION

We establish that the EMA delay estimator δ̂ti (Eq. 3) provides an upper bound on the true network delay Di(t). The analysis
proceeds in three steps: (1) bounding the true delay by the observed delay, (2) bounding the tracking error of the EMA
estimator, and (3) combining both results. Throughout, we consider the nominal (noiseless) channel dynamics of Eq. 1,
under which a non-empty queue serves µ(Lt) messages per timestep; service is treated as fluid, and integer rounding adds at
most one timestep to the bounds below.

Assumption 1 (Bounded Queue Variation). There exists a constant ∆max > 0 such that |Lt+1−Lt| ≤ ∆max for all t. This
holds because both the number of arrivals per step (each of the at most N broadcasting agents enqueues one message per
receiver, i.e., at most N(N − 1) messages) and the service rate µ(Lt) ≤ Lth are bounded, so the net queue change per step
is bounded by N(N − 1) + Lth.

Assumption 2 (Bounded Delay Variation). There exists a constant ∆d > 0 such that between any two consecutive message
arrivals at times tk−1 and tk, the observed delay satisfies |dtki − d

tk−1

i | ≤ ∆d. This is motivated by Assumption 1, since
bounded queue variation implies bounded changes in waiting time over bounded inter-arrival intervals.

Lemma 1 (True Delay vs. Observed Delay). Under Assumption 1, the true network delay for a message entering the queue
at time t satisfies

Di(t) ≤
µmax +∆max

µmin
· dti,

where µmax = maxL µ(L), µmin = min1≤L≤C µ(L) > 0 (restricted to non-empty queues), and dti = maxj(t− tjs) is the
maximum observed delay among messages received at time t.

Proof. Let τ∗ denote the sending time of the message that achieves the maximum observed delay dti, so its end-to-end delay
is exactly t− τ∗ = dti, and let Lτ∗

be the queue length at time τ∗. This message must wait for the Lτ∗
messages ahead of it

to be served, and the fastest possible service rate is µmax, so its delay is at least Lτ∗
/µmax. Since this delay equals dti, we

have dti ≥ Lτ∗
/µmax, i.e.,

Lτ∗ ≤ dti · µmax. (18)

By Assumption 1, the queue length at the current time t is bounded by:

Lt ≤ Lτ∗
+∆max · (t− τ∗) = Lτ∗

+∆max · dti. (19)

A message entering the queue at time t experiences delay at most Lt/µmin, where Lt denotes the queue length immediately
after the message joins, since µmin is the minimum service rate throughout the draining process. Substituting (18) and (19):

Di(t) ≤
Lt

µmin
≤ dti · µmax +∆max · dti

µmin
=

µmax +∆max

µmin
· dti.

3715

mailto:perkin@webmail.hzau.edu.cn?Subject=Your UAI 2026 paper
mailto:calmee4@webmail.hzau.edu.cn?Subject=Your UAI 2026 paper
mailto:lvzhonglin@webmail.hzau.edu.cn?Subject=Your UAI 2026 paper
mailto:2023317220107@webmail.hzau.edu.cn?Subject=Your UAI 2026 paper
mailto:jiangjinyin@mail.hzau.edu.cn?Subject=Your UAI 2026 paper


Proposition 1 (EMA Tracking Bound). Under Assumption 2, let {tk} be the sequence of message arrival times with
inter-arrival intervals ∆tk = tk − tk−1, and let ∆tmin = mink ∆tk > 0. Define ρ = β∆tmin ∈ (0, 1), and suppose the
estimator is initialized with δ̂t0i ≥ dt0i . Then the EMA estimator satisfies:

dtki ≤ δ̂tki + εtrack, where εtrack =
ρ ·∆d

1− ρ
.

Proof. Define the tracking error ek = δ̂tki − dtki . By the EMA update rule (Eq. 3):

δ̂tki = β∆tk · δ̂tk−1

i + (1− β∆tk) · dtki . (20)

Subtracting dtki from both sides:

ek = β∆tk · (δ̂tk−1

i − dtki )

= β∆tk ·
(
ek−1 + d

tk−1

i − dtki
)
. (21)

Write δkd = d
tk−1

i − dtki , so that δkd ∈ [−∆d,∆d] by Assumption 2, and note that β∆tk ∈ (0, ρ] because ∆tk ≥ ∆tmin and
β ∈ (0, 1) imply β∆tk ≤ β∆tmin = ρ. We prove by induction that ek ≥ −εtrack for all k, where εtrack = ρ∆d/(1− ρ); the
initialization hypothesis δ̂t0i ≥ dt0i gives e0 ≥ 0.

Base case: e0 ≥ 0 ≥ −εtrack.

Inductive step: assume ek−1 ≥ −εtrack. From (21), ek = β∆tk (ek−1 + δkd). If ek−1 + δkd ≥ 0, then ek ≥ 0 ≥ −εtrack.
Otherwise ek−1 + δkd < 0, and since multiplying a negative quantity by the larger factor ρ ≥ β∆tk can only decrease it,

ek = β∆tk (ek−1 + δkd) ≥ ρ (ek−1 + δkd) ≥ ρ (ek−1 −∆d) ≥ ρ (−εtrack −∆d) = −εtrack,

where the final equality substitutes εtrack = ρ∆d/(1− ρ) and simplifies. Hence ek ≥ −εtrack for all k ≥ 0. Rearranging
ek = δ̂tki − dtki ≥ −εtrack gives dtki ≤ δ̂tki + εtrack.

Theorem 1 (Upper Bound Property of EMA Delay Estimator). Under Assumptions 1 and 2, define κµ = (µmax +

∆max)/µmin and εtrack = ρ∆d/(1− ρ) with ρ = β∆tmin . Suppose the estimator is initialized with δ̂t0i ≥ dt0i . Then at every
message arrival time t, the true network delay satisfies:

Di(t) ≤ κµ ·
(
δ̂ti + εtrack

)
.

In the work-conserving regime (Lt ≤ Lth), the service rate satisfies µ(Lt) = Lt (Eq. 1), so every queued message is
cleared within a single timestep and the true delay is trivially bounded by Di(t) ≤ 1; the estimator bound then holds with
substantial slack.

Proof. By Lemma 1, Di(t) ≤ κµ · dti at every arrival time t. By Proposition 1, dti ≤ δ̂ti + εtrack at every arrival time t.
Combining the two bounds gives Di(t) ≤ κµ · (δ̂ti + εtrack).

Remark. The tracking error εtrack = ρ∆d/(1− ρ) decreases as β decreases (more responsive EMA) or, for a fixed ∆d, as
∆tmin increases (less frequent arrivals). With typical values β = 0.75 and ∆tmin = 1, ρ = 0.75 and εtrack = 3∆d. The
initialization condition δ̂t0i ≥ dt0i is easily satisfied in practice by initializing the estimator to a conservatively large value.
Between consecutive arrivals, both dti and δ̂ti are held constant, and the same argument yields the bound with an additional
additive term (∆max/µmin) · (t − tk), where tk is the most recent arrival time; the bound thus degrades gracefully with
the staleness of the last observation. We note that the bound can be conservative when the number of agents N is large, as
∆max = N(N − 1) + Lth increases κµ. However, the practical role of the delay estimator does not depend on the tightness
of this bound: it serves as an input feature to the Q-network and communication decision module, providing a signal that is
monotonically correlated with the current congestion level, enabling agents to perceive and respond to changes in network
conditions.
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B CAIC TRAINING PROCEDURE

Algorithm 1 CAIC Training Procedure

Input: Environment env, max timesteps Tmax, replay buffer B, MAE loss threshold ϵMAE , MAE fine-tune interval fMAE ,
target update interval ftarget

1: Initialize Q-networks, GRU, attention module, intent generator, communication decision module, mixer, and their target
networks

2: Initialize optimizers: main (Adam), communication (Adam), MAE (SGD)
— Phase 1: MAE Pre-training —

3: Collect initial episodes into B
4: repeat
5: Sample batch from B, extract observation-action windows
6: Unfreeze MAE; compute LMAE = 1

NK

∑
i,k ∥τ̂ t+k

i − τ t+k
i ∥2 via suffix masking

7: Update MAE with SGD; freeze MAE
8: Soft update target MAE: θ−MAE ← τMAE θMAE + (1− τMAE) θ

−
MAE

9: until L̄MAE < ϵMAE or max pre-training episodes reached
10: Clear B, reset tenv ← 0

— Phase 2: Main Training Loop —
11: while tenv ≤ Tmax do
12: Reset env, initialize hidden states h0

i for all agents
13: for each timestep t in episode do ▷ Episode Collection
14: Receive delayed messagesMt

i from shared queue
15: Update delay estimate δ̂ti via time-varying EMA (Eq. 3)
16: Encode: ht

i = GRU(oenv,ti , ht−1
i )

17: Fuse: ĥt
i = Attention(ht

i,Mt
i)

18: Select action: ati = ϵ-greedy(Qi(ĥ
t
i, δ̂

t
i))

19: Predict future trajectory via MAE (no gradient), compress into intent zti
20: Compute ptij = σ(MLP(zti , z

last
ij , δ̂ti))

21: Obtain broadcast decision btij from ptij (Sec. 4.3); if btij = 1, enqueue zti and update zlastij ← zti
22: Service queue at rate µ(Lt) and deliver messages
23: end for
24: Store episode in B, tenv ← tenv + T
25: Sample batch from B ▷ Parameter Update
26: Compute current and target Q-values (double Q-learning)
27: Compute LTD; update GRU, attention, Q-networks, mixer via main optimizer
28: Compute Lcomm (VOI-based); update comm. decision module via comm. optimizer
29: if tenv mod fMAE = 0 then
30: Unfreeze MAE; compute LMAE ; SGD update; freeze MAE
31: Soft update target MAE: θ−MAE ← τMAE θMAE + (1− τMAE) θ

−
MAE

32: end if
33: if episode modftarget = 0 then
34: Hard update target Q-networks and mixer
35: end if
36: end while

C EXPERIMENTAL DETAILS

C.1 QUEUEING DELAY PARAMETERS

The state-dependent service-rate model is parameterized as follows for all experiments with queueing delay:
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Parameter Symbol Value

Congestion threshold Lth 0.35×M
Exponential decay coefficient α 1.5
Minimum service-rate ratio ωmin/Lth 0.3
Queue capacity C 4×M

Table 3: Queueing delay model parameters. M = N(N − 1) denotes the maximum per-step message load for N agents.

C.2 HYPERPARAMETERS

Hyperparameter Value

GRU hidden dimension 128
Message fusion attention heads 1 (single-head)
Intent vector dimension 128
QMIX mixing embed dimension 32
QMIX hypernet layers / embed dim 2 / 64
MAE hidden dimension 128
MAE sequence length T 10
TemporalMAE prediction horizon K 3
MAE Transformer heads / layers 4 / 2
MAE learning rate (SGD) 5× 10−4

MAE fine-tune interval 5,000 steps
MAE target soft-update rate τ 0.01
MAE pre-train threshold 0.03
Communication decision learning rate 2× 10−3

Comm. value weights (λv, λd, λc) (0.7, 0.3, 0.5)
Comm. loss coefficient λcomm 0.5
Delay normalization constant δmax 5
Delay EMA decay coefficient β 0.75
Main optimizer learning rate (Adam) 5× 10−4

Batch size (SMAC / MPE, Hallway) 32 / 64
Replay buffer size 5,000
Target network update interval 200 episodes
ϵ-greedy anneal 1.0→ 0.05 over 50k steps
Discount factor γ 0.99

Table 4: Hyperparameters of CAIC.

D COMPUTATIONAL COMPLEXITY

The computational cost of CAIC can be decomposed by component. GRU encoding and MAE inference are per-agent
operations with complexity linear in N . Attention-based message fusion depends on the number of actually received
messages rather than the total agent count. The communication decision involves N(N − 1) agent pairs for computing
sending probabilities, yielding a theoretical complexity of O(N2d), which is on par with existing pairwise communication
methods such as NDQ and TGCNet. In practice, the congestion-aware decision module keeps the communication probability
at 30–50% (Table 2), substantially reducing the actual message transmission and fusion overhead. Furthermore, VOI is
computed only at the receiver side, and MAE inference runs independently on each agent, both amenable to parallelization.
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