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Abstract

Communication has been widely employed to enhance multi-
agent collaboration. Previous research has typically assumed
delay-free communication, a strong assumption that is chal-
lenging to meet in practice. However, real-world agents suf-
fer from channel delays, receiving messages sent at differ-
ent time points, termed Asynchronous Communication, lead-
ing to cognitive biases and breakdowns in collaboration.
This paper first defines two communication delay settings
in MARL and emphasizes their harm to collaboration. To
handle the above delays, this paper proposes a novel frame-
work Communication Delay-tolerant Multi-Agent Collabora-
tion (CoDe). At first, CoDe learns an intent representation as
messages through future action inference, reflecting the sta-
ble future behavioral trends of the agents. Then, CoDe de-
vises a dual alignment mechanism of intent and timeliness
to strengthen the fusion process of asynchronous messages.
In this way, agents can extract the long-term intent of oth-
ers, even from delayed messages, and selectively utilize the
most recent messages that are relevant to their intent. Exper-
imental results demonstrate that CoDe outperforms baseline
algorithms in three MARL benchmarks without delay and ex-
hibits robustness under fixed and time-varying delays.

Introduction
Communication is crucial for enhancing the collaborative
capability of multi-agents, especially within distributed sys-
tems. Through internal communication, agents restricted
by local observations can strengthen their understanding of
teammates and the environment, leading to more coopera-
tive behaviors (Foerster et al. 2016; Das et al. 2019; Ding,
Huang, and Lu 2020; Yuan et al. 2022; Sun et al. 2024).
However, previous works frequently rely on ideal commu-
nication conditions, such as unlimited bandwidth, noise-
free channels, and delay-free transmissions. These strong as-
sumptions are typically hard to achieve in the real world.

Prior efforts have primarily focused on communica-
tion architectures to achieve sparse communication under
bandwidth constraints, which involves gating mechanisms
(Jiang and Lu 2018; Han, Dastani, and Wang 2023), event-
triggered mechanisms (Hu et al. 2020), and predefined rules
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Figure 1: Performance of Communication-Enabled MARL
Algorithm in Delayed Environments. Channel delays are
configured as four types: 0, 5, infinity, and values sampled
from a Gaussian distribution N ∼ (5, 2). Notably, the unit
of delay is the decision time interval.

(Zhang, Zhang, and Lin 2019, 2020; Sheng et al. 2022;
Yuan et al. 2022). Moreover, several studies (Mitchell, Blu-
menkamp, and Prorok 2020; Xue et al. 2021; Yuan et al.
2024; Ding et al. 2024; Yu et al. 2024) also consider the im-
pact of channel noise and malicious attacks and make further
enhancements.

Nevertheless, only a few researchers have concentrated
on the delay issue in MARL. DAMARL (Chen et al. 2020)
addresses interaction delays between agents and the envi-
ronment, assuming agents receive observations after a fixed
time interval, without involving inter-agent communication.
DACOM (Yuan et al. 2023) centers on communication de-
lays among agents, integrating waiting time into the decision
process. It assumes the delay is shorter than a single decision
interval, thus ignoring message asynchronicity issues. Actu-
ally, channel delays often extend across decision intervals
in more general scenarios, meaning that agents receive and
utilize delayed messages from varying time points.

We define the above issue of delays across decision in-
tervals as Asynchronous Communication. With delays, mes-
sage transmission among agents lags, forcing them to rely on
outdated messages to understand the environment and team-
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mates, which may have already changed. To verify this con-
cern, we test conventional communication-enable MARL al-
gorithms in SMAC (Samvelyan et al. 2019), setting 4 end-
to-end channel delays. As depicted in Fig. 1, delays across
decision intervals can impair the collaborative capability of
original algorithms. Asynchronous messages can cause sig-
nificant misguidance, potentially resulting in performance
worse than without communication. This insight suggests
that it is critical to research the robustness against commu-
nication delays across decision intervals. Here, we first sum-
marize two types of communication delays in MARL:

• Fixed-Delay Setting: Point-to-point channels encounter
a fixed delay that exceeds the decision interval. Messages
received are outdated but sent simultaneously.

• Time-Varying-Delay Setting: Point-to-point delay fluc-
tuates over time and surpasses the decision interval. Mes-
sages received are sent at different times.

To achieve robustness against the above delays, we pro-
pose a novel communication MARL framework named
CoDe. Firstly, in terms of message expressiveness, we con-
ceptualize intents as agents’ future behavioral trends. Within
a seq-to-seq structure, we design two regularization losses,
the inference loss and the continuity loss, to extract and
refine intents. The former enhances the representative ca-
pacity of behavioral trends by inferring future action se-
quences, while the latter reinforces stability over time by
measuring intent similarity across adjacent time intervals.
Unlike past or present information, which can become di-
luted over time, delayed intents can still assist the recipi-
ent in understanding the situation. Subsequently, we design
a dual alignment mechanism to integrate multi-source asyn-
chronous messages. The first alignment prioritizes messages
related to their intents via an attention module, and the sec-
ond one focuses on new messages based on the timeliness
of transmission. We implement the two types of delay set-
tings in commonly used MARL benchmarks such as SMAC
(Samvelyan et al. 2019), GRF (Kurach et al. 2020), and Hall-
way (Wang et al. 2020b). Extensive experiment results show
that CoDe exhibits significant delay robustness.

Our contributions can be outlined as follows:

• According to our knowledge, we are the first to inves-
tigate asynchronous communication in MARL and pro-
pose two delay settings.

• We introduce an intent extraction framework based on fu-
ture action inference, which can represent agents’ stable
future behavioral trends.

• We design a dual alignment mechanism of intent and
timeliness to integrate multi-source asynchronous mes-
sages, mitigating the impact of delays.

• We realize two delay settings in SMAC, GRF, and Hall-
way. CoDe consistently outperforms baseline under zero-
delay, fixed-delay, and time-varying-delays.

Related Works
Communication-Constrained MARL. Considering the
constraints of limited channel bandwidth, several works con-
centrated on the sparsity of multi-agent communication (Fo-

erster et al. 2016; Zhang, Zhang, and Lin 2019; Wang et al.
2020b; Zhang, Zhang, and Lin 2020; Yuan et al. 2022;
Sun et al. 2024; Cui 2024). NDQ (Wang et al. 2020b)
designed two information-theoretic regularizers that maxi-
mize the mutual information between action selection and
messages while minimizing the entropy of inter-agent mes-
sages. TMC (Zhang, Zhang, and Lin 2020) employed a time-
window technique to mitigate the temporal variability of
messages, thereby reducing the communication frequency.
MAIC (Yuan et al. 2022) introduced an entropy regular-
ization term to increase the concentration of attention and
pruned communication links with low scores. T2MAC (Sun
et al. 2024) quantified the necessity of communication by
leveraging uncertainty reduction through different evidence
ablation. Furthermore, some works (Mitchell, Blumenkamp,
and Prorok 2020; Xue et al. 2021; Yuan et al. 2024; Ding
et al. 2024; Yu et al. 2024) focused on noisy or adversarial
communication settings. To our best knowledge, there is a
lack of research on the channel delay issue in multi-agent
scenarios, which has motivated our study.

Delay in RL. In the Markov Decision Process (MDP),
delays are typically unavoidable, such as delays in state
perception, action execution, and reward feedback. DATS
(Chen et al. 2021) incorporated multi-step action delays into
the environment model, effectively mitigating the impact of
delays. DA-MAVL (Zhang et al. 2023) introduced a method-
ology for learning coarse-correlated equilibria under time-
varying delays in reward feedback. DAMARL (Chen et al.
2020) researched observation delays in multi-agent settings
by incorporating future actions into local observations to fa-
cilitate decision-making. DACOM (Yuan et al. 2023) first
integrated communication delays into multi-agent reinforce-
ment learning, primarily focusing on decision-making of
waiting time. Additionally, DACOM impractically assumed
the delays within the interval between two consecutive de-
cisions. In contrast, our research investigates explicitly the
more general settings where channel delays surpass the de-
cision interval, leading to asynchronous communication.

Background
Considering the problem of asynchronous communication,
we first formulate multi-agent decision-making as Delay-
Tolerant Decentralized Partially Observable Markov Deci-
sion Process (DT-Dec-POMDP), which can be formed as
〈N ,S,Ω,O,A,R,P, γ,M,D〉. Specifically, N represents
multiple agents in the system. S denotes the global state
space that reflects an exhaustive environment overview. O
signifies the partial observation space for agents and Ω rep-
resents the observation function that maps states to obser-
vations. A refers to the joint action space. R stands for the
reward function used to assess the quality of decisions. P
acts as the environmental dynamics model, illustrating the
influence of joint actions on states. γ is the discount fac-
tor that balances long-term and short-term returns. Expand-
ing the original Dec-POMDP, M delineates the message-
passing within the system, which is characterized by point-
to-point communication, facilitating the direct exchange of
information between individual agents. D ∈ {Df ,Dv} rep-
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Figure 2: Overall Framework of CoDe. (a) The training framework; (b) The communication module consisting of intent extrac-
tion, message propagation, and message fusion; (c) The intent learning module via two designed losses; (d) The dual alignment
module via a modified attention structure, in which “ − i” identifies the index of agents other than i and “? < t” represents
certain timestamp before t; (e) The sequence prediction model used to decode the intent to future actions.

resents the instantaneous delay on the point-to-point chan-
nel, indicating that the messages received by agents at each
moment were sent in the previous few moments.

• Fixed Delay Df : ∀i,j,tdti,j = df , where dti,j denotes the
delay between agent i and j at time t. df is a fixed value;

• Time-Varying Delay Dv: dti,j ∼ N (μ, δ), where N rep-
resents the predefined Gaussian distribution of delay.

Method
Our intuitive perspective suggests that in a delayed environ-
ment, messages should reflect the sender’s stable behavioral
trends while the receiver selectively utilizes outdated mes-
sages. Even if messages are delayed, receivers should still
be able to extract some insights about the sender.

CoDe contains the mixing network in Fig. 2 (a) and the
shared individual communication module in Fig. 2 (b). The
core of CoDe is twofold: one aspect focuses on optimizing
message design at the sender’s end to extract and convey
long-term intents (Fig. 2 (c, e)); the other aspect centers on
optimizing message fusion at the receiver’s end, employing
a dual alignment of intent and timeliness to integrate multi-
source asynchronous messages effectively (Fig. 2 (d)).

Intent Learning Via Future Action Inference
CoDe aims to learn an intent representation that can reflect
agents’ future behavioral trends to enhance inter-agent com-

munication. Learned intents improve the collaborative abili-
ties of agents in two aspects: firstly, transmitting intents aids
in the comprehension of behaviors between agents, and sec-
ondly, intents can then act as verification for message fusion,
enabling the selective use of multi-source messages.

Under channel delays, intents should possess two funda-
mental properties: (1) expressiveness of future behavior and
(2) stability within a time window. Here, two regularization
losses are devised to reinforce these two properties.

Inference Loss. To begin with, the inference loss is de-
signed to augment the capacity to represent future action se-
quences. We believe that the historical trajectory of agents
contains their behavioral motivations, which support agents
in making coherent decisions. Hence, CoDe relies on the
past to envision the future via an approximate seq-to-seq
structure, depicted in Fig. 2 (c).

To handle the historical trajectory τ =
{
o1i , o

2
i , . . . , o

t
i

}
,

CoDe utilizes a GRU structure to obtain a compressed rep-
resentation ht

i. Subsequently, the preceding action at−1
i is

concatenated and fed into the encoder to obtain the distribu-
tion of intents N (μt

i, δ
t
i). Following reparameterization, we

obtain the intent vector eti that preserves gradients.

Afterward, a sequence prediction model is introduced to
forecast actions for the next K steps, as shown in Fig. 2 (e).
Specifically, CoDe employs a GRU structure G and an ac-
tion prediction network F for intent decoding rather than
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the commonly used transformer structure due to the limited
sequence length. Firstly, we initialize the hidden state of G
with the historical trajectory encoding ht at the current time
step to enrich agents’ comprehension of the past. In the fol-
lowing K steps, the agent’s current observations ot+k and
the predicted action ât+k−1 from the previous time step are

employed as inputs to G. Then, the hidden state ĥt+k pro-
cessed through G and the intent et from the initial time are
passed to the prediction network F to forecast action. The
difference between predicted actions ât+k and ground-truth
actions at+k serves as the inference loss to train the network
and refine the intent representation, defined as Eq. 1. In the
case of discrete action space, ‖·, ·‖ denotes the cross-entropy
loss. In contrast, for a continuous space, it signifies the mean
squared error loss.

Linf =Eτ∼B

[
K−1∑
k=1

‖F(eti,G(ot+k
i , ât+k−1

i )), at+k
i ‖

+‖F(eti,G(oti, at−1
i )), ati‖

]
.

(1)

Continuity Loss. Given that intent reflects future behav-
ioral trends, it is expected to exhibit continuity over the short
term. We compute the cosine similarity between intents gen-
erated at adjacent time steps and maximize it to enhance the
consistency of intents, formulated as:

Lc = Eτ∼B

[
− et−1

i · eti
‖et−1

i ‖‖eti‖

]
. (2)

Demanding stable intents via Eq. 2 can narrow the in-
tent distribution, limiting exploration. Hence, we introduce
an auxiliary loss Lk to increase the diversity of intents.
Formally, we compute the Kullback-Leibler divergence be-
tween the intent distribution and a standard normal distribu-
tion DKL(N (μt

i, δ
t
i)‖I). Lk can be formulated as Eq. 3, in

which n denotes the dimension of intents.

Lk = Eτ∼B

[
−1

2

n∑
i=1

(
δ2i + μ2

i − 1− log(δ2i )
)]

. (3)

In addition to the training loss for subsequent reinforcement
learning, we design two regularization losses and an auxil-
iary loss to optimize intent representation, balancing their
effects through hyperparameters formed as:

Lint = λinfLinf + λcLc + λkLk. (4)

Dual Alignment Of Intent and Timeliness
We posit that, even though the sender can promptly con-
vey its intents, the receiver encounters challenges in man-
aging asynchronous messages from multiple sources. In the
CoDe framework, the structure of a message is represented
as 〈i, eti, ht

i, t〉. eti represents the intent involving the agent’s
future behavioral trend, ht

i signifies the message content en-
compassing the agent’s insights, and t denotes the delivery
time. To prioritize the integration of messages, we propose
a dual alignment mechanism in Fig. 2 (d). On the one hand,
the learned intent can serve as credentials, prompting agents
with similar intents to pay more attention to each other. On
the other hand, delay also acts as a criterion, with newer
messages carrying greater significance for the recipient.

Intent Alignment. Leveraging intent as the credential, we
utilize an attention mechanism (Vaswani et al. 2017) for the
initial alignment. The attention mechanism is extensively
employed in multi-source information fusion for its capacity
to extract features regardless of sequence. In our design, the
receiver’s intent ei acts as the query, the sender’s intent e−i

serves as the key, and the sender’s content combined with in-
tents (e−i, h−i) serves as the value. Formally, the attention
score is calculated as follows:

αi,j =
exp

(
1√
dk

· eiWQ · (ejWK
)�)

∑−i
u=1 exp

(
1√
dk

· eiWQ · (euWK)
�) , (5)

where WQ and WK represent parameter matrices for lin-
early transforming queries and keys. 1√

dk
serves as a scaling

factor for dot-product attention. αi,j defines the correlation
between agent j’s message and agent i. To enhance attention
concentration, we drew inspiration from (Yuan et al. 2022),
introducing an entropy regularization term to minimize un-
certainty by reducing entropy.

Le = −λe

n∑
i=1

H(αi.) = −λe

n∑
i�=j

αij logαij . (6)

Timeliness Alignment. Due to delays, the time lag be-
tween sending and receiving an intent can be substantial.
In such instances, the sender’s intent may have evolved,
and aligning with outdated intents could easily lead to the
breakdown of collaborative behaviors. Here, we employ
a straightforward yet effective approach to address asyn-
chronous messages by a secondary decay. In detail, CoDe
incorporates a temporal discount factor γT for exponential
decay to the weight of intent alignment αi,j . As shown in
Eq. 6, Δt represents the time interval since the message mj

was sent.
α̂i,j = αi,j ∗ γTΔt. (7)

Following the dual alignment process, we derive attention
weights that balance intent and timeliness. Subsequently,
weighted message fusion is carried out, expressed as

cti =

−i∑
j=1

α̂i,j(ej , hj)W
V , (8)

where WV denotes the linear transformation for part of mes-
sages (ej , hj). Notably, we assume zero channel delays dur-
ing training. Hence, Eq. 5, 7, and 8 vary between the training
and testing phases.

Overall Training Objective
After message fusion, the integrated information is incorpo-
rated into the MARL training process. This paper adopts the
foundational framework QMIX (Rashid et al. 2020) while
also adaptable to any value decomposition algorithm like
VDN (Sunehag et al. 2017) or QPLEX (Wang et al. 2020a).
LRL is defined as the standard temporal difference (TD) loss
using Qtot from the mixing network. By integrating intent
learning and the dual alignment mechanism, the complete
training loss is as follows:

Ltot = LRL + Lint + Le. (9)
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Figure 3: Algorithms Performance in SMAC under Zero Communication Delay. Each curve represents the average result of 5
random seeds. The last three are our proposed new maps.

Delayed Communication Protocol
After training, we comprehensively describe the decision-
making process in delayed scenarios, as illustrated in Fig.
2 (b). At each time step, the agent perceives the local en-
vironment to gather partial observations oti, which are then
encoded into a historical trajectory representation ht

i. The
current intent distribution is derived by feeding ht

i and the

previous action at−1
i into the intent encoder, and the intent

eti is obtained after reparameterization sampling. Then, the
agent constructs and broadcasts messages mt

i. Concurrently,
as a recipient, the agent maintains a message buffer that
stores the most recent messages from other agents and per-
forms dual alignments to integrate asynchronous messages

m?<t
−i from diverse sources. The integrated information cti,

alongside its own messages mt
i, is jointly fed into the local

Q-values Qi(· · · ) for decision-making. The pseudocode for
training and testing can be found in the Appendix.

Experiments
To evaluate CoDe, we conduct experiments on three bench-
marks, including Hallway (Wang et al. 2020b), SMAC
(Samvelyan et al. 2019), and GRF (Kurach et al. 2020).
In the section, we select seven algorithms as baselines, in-
cluding QMIX (Rashid et al. 2020), TarMAC (Das et al.
2019), NDQ (Wang et al. 2020b), TMC (Zhang, Zhang,
and Lin 2020), MAIC (Yuan et al. 2022), CACOM (Li and
Zhang 2023) and T2MAC (Sun et al. 2024). We aim to vali-
date the following three questions experimentally: (1) Does
the intent-based communication mechanism exhibit superior
performance in a zero-delay environment? (2) Does our pro-

posed CoDe demonstrate robustness under various commu-
nication delay conditions? (3) Does the learned intent effec-
tively represent the future action trend of agents?

Performance in Delay-free Environments
We evaluate the algorithm under zero-delay conditions to
assess the effectiveness of inter-agent intent transmission.
Since CoDe does not consider communication concurrency,
for fairness, the experiments in this section employ a fully
connected communication structure for all other baselines.

SMAC. As the most popular MARL benchmark, SMAC
exhibits limited suitability under communication conditions
due to constrained environmental randomness and local
observability. Hence, apart from two original super-hard
maps and three communication-enhanced maps introduced
by NDQ, we additionally devise three supplementary maps,
as shown in the Appendix. In our designed maps, the initial
positions of the units are randomized, necessitating agent ex-
ploration and identification of both allies and enemies. Fur-
thermore, to defeat enemies, agents must develop tactical
strategies, underscoring the critical role of communication.
As depicted in Fig. 3, CoDe consistently demonstrates im-
pressive performance and sampling efficiency across nearly
all maps. Comparably, most baselines struggle to produce
effective results on the newly introduced maps. In scenarios
with high levels of randomness and the requirement for col-
laborative exploration, we believe that agents should trans-
mit messages about themselves rather than suggestions to
others. As for how the messages are utilized, it should be
left to the receiving agents to determine.
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Delay Map 1o_2r_vs_4r 1o_10b_vs_1r 5z_vs_1ul 5m_large 1c4z_vs_1ul 2s3z_vs_1ul

3

NDQ 63.1± 7.4 52± 3.1 39.2± 4.5 39.6± 3.1 6.3± 1.4 8.2± 1.7
TarMAC 33.3± 4.5 47.2± 5.2 48.4± 7.9 28.2± 6 61.1± 10.5 43.1± 6.9
MAIC 48± 7.5 26.2± 8.4 66.8± 5.8 8.4± 3.4 14.4± 6.4 6± 3.6

T2MAC 56.3± 3.3 55.3± 9.1 43.8± 7.6 13.1± 5.2 15.3± 3.7 15.1± 4.4
CoDe 60.8± 7.5 59.3± 8.1 67.7± 4.3 33.7± 1.4 72± 5.8 89.3± 3.3

5

NDQ 48.2± 3.9 46.7± 4.5 37.8± 3.2 25.4± 4.1 5.5± 1.7 7.7± 0.8
TarMAC 24.7± 4.8 39.5± 6.5 42.7± 9.6 12± 3.7 56.4± 5.9 32.8± 5.4
MAIC 44.6± 5.7 25.1± 6.1 61.3± 7.2 6.2± 4.1 11.1± 5.4 4.6± 2.8

T2MAC 55.1± 6.4 43.5± 8.8 39.3± 6.7 3.5± 2.4 13.7± 4.5 17.1± 5.8
CoDe 52.3± 6.1 49.8± 9.3 68.6± 7.5 29.7± 2.3 64± 6.1 87.3± 4.9

Table 1: Results in SMAC under Fixed Communication Delay. Bold and underlined represent the first and second performances.

Delay Map 1o_2r_vs_4r 1o_10b_vs_1r 5z_vs_1ul 5m_large 1c4z_vs_1ul 2s3z_vs_1ul

N (3, 2)

NDQ 66± 7.8 59.2± 4 41.3± 6 34.8± 3.8 6.4± 1.3 8.1± 2.3
TarMAC 47.1± 4.6 45.2± 5.4 44.7± 5.3 10.5± 1.6 48.2± 3.1 20.9± 2.6
MAIC 49.1± 4.5 27.6± 4.4 67.7± 5.8 16.9± 3.8 14.6± 4.1 6.8± 1.6

T2MAC 59.5± 4.1 55.1± 6.1 47.5± 5.3 15.4± 3.4 17.7± 3.3 18± 2.5
CoDe 69.2± 6.3 62.1± 7.5 72.2± 4.8 36.7± 2.1 71± 5.3 88± 2.9

N (5, 2)

NDQ 50.3± 3.1 50.8± 3.4 38.8± 6.1 36.7± 4.6 5.7± 1.2 7.6± 1.1
TarMAC 38.1± 6.9 38.3± 4.1 38.5± 5.5 4.5± 1.4 49± 7.8 21.8± 2.3
MAIC 44.9± 5 27.3± 4.2 59.6± 4.1 7.9± 2.1 14.9± 4.1 6.2± 4.3

T2MAC 57.8± 6 48.1± 7.2 42.1± 5 6.4± 7.6 16.8± 2.8 14.9± 2.6
CoDe 58.9± 8.5 54.1± 10.4 66.7± 5 28.3± 3.8 67.4± 4.6 88± 2.7

Table 2: Results in SMAC under Time-Varying Communication Delay.

GRF. We further evaluate CoDe on the more challenging
GRF; the results are depicted in Fig. 4. Compared with base-
lines, CoDe achieves high team scoring rates across two
tasks. Due to the more vital interactivity involving actions
like passing among agents in GRF, conveying one’s behav-
ioral intents enhances the coordination of agents’ actions.

Hallway. In the Hallway benchmark, multiple agents nav-
igate parallel linear tracks by moving left and right. The
maximum reward is achieved when all agents simultane-
ously reach the goal for the first time. We devise two tasks
to control the coordinated movement of 4 and 5 agents. As
illustrated in Fig. 4, CoDe achieves remarkable performance
across two tasks compared to the baseline. Building upon
pervasive communication, we attribute this performance to
future behavioral intents within CoDe. In high-risk envi-
ronments such as Hallway, incorporating long-term intents
proves advantageous for coordinating the agents’ actions
and mitigating risky decisions. In contrast, prior works like
NDQ and TarMAC tend to convey behavioral suggestions to
other agents, which leads to a relatively unclear comprehen-
sion of the sender’s state and intents for the recipients.

Performance in Delayed Environments
Next, we implement two communication delay settings to
assess the algorithm’s robustness, involving sampling point-
to-point channel delays from either a Gaussian distribution

or a fixed value at each time step. Notably, to handle out-
of-time-order messages, we discard any older timestamped
messages received after the arrival of a message with a new
timestamp. Additionally, considering the need for extra stor-
age space in CoDe, we augment the storage capacity of other
baseline algorithms for fairness. In cases where new mes-
sages are unavailable, agents can rely on the most recent
messages to make decisions.

Results. We perform two sets of experiments in SMAC,
one with fixed delays and the other with varying ones. In
Tab. 1 and 2, we observe that CoDe maintains stable per-
formance across various delay settings, validating the effec-
tiveness of the dual alignment mechanism. Under fixed de-
lays, the performance of CoDe slightly declines compared
to varying delays. This can be attributed to the synchronized
message sources, which weaken timeliness alignment. The
consistent timestamps of messages lead to uniform down-
weighting during information fusion, causing agents to fo-
cus more on themselves and reducing collaboration. No-
tably, prior works, such as NDQ and TarMAC, which center
on communication sparsity, also exhibit a degree of delay
robustness. The sparse communication structure implies that
only a small subset of messages influences decision-making,
alleviating the negative impact of delays.

Ablation. To validate the dual alignment mechanism, we
execute an ablation experiment in Tab. 3. Results show that
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Figure 4: Performance in GRF and Hallway under Zero
Communication Delay. The first line represents the result in
GRF, while the second line represents the result in Hallway.

Maps CoDe CoDe

w/o IA

CoDe

w/o TA

CoDe

w/o DA

1o_10b_vs_1r 62.1 35.6 58.5 33.8
1c4z_vs_1ul 71 60.4 65.8 59.5
2s3z_vs_1ul 88 79.6 83.7 78.3

Table 3: Ablation over alignment modules. “IA" means the
intent alignment, “TA" means the timeliness alignment, and
“DA" means dual alignments.

removing any of the alignment modules leads to a decline in
the delay robustness of CoDe, demonstrating the effective-
ness of dual alignment. Comparably, intent alignment ex-
hibits a more significant impact.

Analysis Over The Learned Intent
We analyze the learned intent by visualizing its capability to
represent future behaviors while conducting ablation exper-
iments on various losses during the intent training process.

Visualization. We decode the learned intents, converting
them into future sequences of actions, and visualize them
within the Hallway environment. From Fig. 5, it can be ob-
served that decoded action sequences reflect the accurate be-
havioral trends of agents at the current time step.

Ablation. A set of ablation experiments is implemented to
verify the effectiveness of the proposed inference loss and
continuity loss. Fig. 6 captures the performance changes of
the ablated CoDe in both delay-free and delayed scenarios.

End Point Current Position

“R”“R” “R”“R” “R”“R”

“R”“R” “R”“R” “R”“R”

“L”“L” “L”“L” “L”“L”

“L”“L” “L”“L” “L”“L”

Figure 5: Visualization of the learned intent. "L" and "R"
represent the left and right actions, respectively. ât+? refers
to the expected action at a future time, as decoded from the
intent at time t.

Figure 6: Ablation over two regularization losses. “I" means
the inference loss, “C" means the continuity loss, and “B"
means both losses.

Evidently, in the absence of delays, removing losses does
not yield significant performance variations. This can be at-
tributed to the immediate message transmission, which does
not demand long-term expressive and stable intent represen-
tation. However, in the presence of delays, any form of ab-
lation leads to a noticeable performance deterioration, con-
firming the effectiveness of the two losses. Regarding CoDe
w/o B, the learned intent vectors tend to converge towards
random variables upon eliminating two losses, diminishing
their communicative efficacy. Consequently, the impact of
delayed random intent is also relatively minor.

Conclusions
This study explores a new field concerning the asynchronous
communication issue in MARL under channel delays. To ad-
dress this issue, we propose a new communication frame-
work called CoDe. For senders, CoDe extracts and conveys
intents that reflect future behavioral trends. For receivers,
CoDe introduces a dual alignment mechanism of intents and
timeliness to merge asynchronous messages. Empirical find-
ings indicate that CoDe outperforms baselines across vari-
ous delay scenarios. However, CoDe is limited by the length
of future action prediction and struggles with more severe
delays, a challenge we aim to address in future work. We
aspire that this work will inspire increased interest in the re-
search of MARL within communication delay scenarios.
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