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Abstract

Communication in multi-agent reinforcement learning
(MARL) has been proven to effectively promote cooperation
among agents recently. Since communication in real-world
scenarios is vulnerable to noises and adversarial attacks, it is
crucial to develop robust communicative MARL technique.
However, existing research in this domain has predominantly
focused on passive defense strategies, where agents receive
all messages equally, making it hard to balance performance
and robustness. We propose an active defense strategy, where
agents automatically reduce the impact of potentially harmful
messages on the final decision. There are two challenges to
implement this strategy, that are defining unreliable messages
and adjusting the unreliable messages’ impact on the final
decision properly. To address them, we design an Active De-
fense Multi-Agent Communication framework (ADMAC),
which estimates the reliability of received messages and
adjusts their impact on the final decision accordingly with the
help of a decomposable decision structure. The superiority of
ADMAC over existing methods is validated by experiments
in three communication-critical tasks under four types of
attacks.

Introduction
In recent years, multi-agent reinforcement learning (MARL)
has made remarkable strides in enhancing cooperative robot
tasks and distributed control domains, exemplified by traffic
lights control (Chu, Chinchali, and Katti 2020) and robots
navigation (Han, Chen, and Hao 2020). Given the inherent
partial observability in multi-agent tasks, several researchers
have explored the integration of communication mecha-
nisms to facilitate information exchange among agents (Ma,
Luo, and Pan 2021).

Nevertheless, the utilization of multi-agent communica-
tion in real-world applications introduces certain challenges.
In such scenarios, agents rely on wireless communication
channels to exchange messages, which are susceptible to
various sources of noises and interference. These perturba-
tions on messages, especially malicious ones, can severely
reduce the performance of multi-agent systems, even though
agents get accurate observations of the environment (Sun
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et al. 2023). Hence, it becomes imperative to address these
issues and devise robust communicative MARL mecha-
nisms.

Adversarial attacks and defenses in communicative
MARL receive much less attention when compared to their
counterparts in reinforcement learning (Mu et al. 2022). Cur-
rent frameworks in this area (Ishii, Wang, and Feng 2022;
Yuan et al. 2023) commonly follow the principle of passive
defense, where agents treat all received messages equally
and try to make relative safe decisions. Since perturbed mes-
sages are mixed with useful messages, this indiscriminate re-
ception may lead to the result of “garbage in, garbage out”.

We notice that robust communicative MARL has an im-
portant feature compared with robust RL: The attackers are
only allowed to modify a part of the messages, while the
modification is unlimited and perturbed messages can be
quite different from the original ones. Inspired by noisy
learning (Han et al. 2018), we propose an active defense
strategy to utilize this feature: agents actively judge the reli-
ability of messages based on their own unperturbed observa-
tions and hidden states (which contain history information)
and reduce unreliable messages’ impact on the final deci-
sion.1 For example, if in a search task an agent receives a
message saying that “target is at coordinates (1,1), get to
it!”, while the agent have searched (1,1) and found nothing,
it can realize that this message is fake. We also visualize
the difference between active defense and passive defense in
Fig. 1 for better demonstration.

Nevertheless, there remain two key challenges to imple-
ment active defense. (I) What kind of messages should be
defined as unreliable? (II) How to adjust the unreliable mes-
sages’ impact on the final decision properly? Since the ulti-
mate goal for multi-agent communication is to make agents
better finish cooperation tasks, a message beneficial for
this goal should be considered reliable. However, common
communicative MARL frameworks aggregate received mes-
sages with highly nonlinear neural networks, making it hard

1An intuitive approach is identifying the perturbed messages
and simply remove them from decision-making. However, for an
agent, the received messages themselves contain some unknown in-
formation, making it infeasible to accurately judge whether a mes-
sage should be completely trusted or ignored. Besides, it is hard to
determine a proper decision threshold for judging whether a mes-
sage is reliable or unreliable.
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Figure 1: The figure shows the difference between active defense and passive defense. Passive defense takes in harmful messages
along with useful ones equally, and try to make robust decisions. This indiscriminate reception makes it difficult to optimize
robustness and performance simultaneously. In comparison, active defense assesses the reliability of incoming messages with
local information first and reduces the weight of potentially malicious messages. For example, w2 in this figure is expected to
be much lower than w1 and w3. By doing so, this framework enables the policy network to efficiently extract information from
reliable messages with reduced interference.

to evaluate or adjust the impact of a sole message on the final
decision.

To address the aforementioned challenges and achieve ac-
tive defense, we introduce an Active Defense Multi-Agent
Communication (ADMAC) framework comprising two key
components. The first is reliability estimator, which outputs
the estimated reliability (ranging from 0 to 1) of a certain
message according to the agent’s observation and hidden
state. The second is decomposable message aggregation pol-
icy net, which decomposes the impact of each message on
the final decision, and allows adjustable weights to con-
trol this impact. Below is an introduction of how an agent
processes messages and makes decisions using ADMAC:
Firstly, it generates a base action preference vector based
on the observation and hidden state, with each component
corresponding to a feasible action. Secondly, for each mes-
sage received, the agent generates a message action pref-
erence vector according to the message and the agent’s ob-
servation. Thirdly, the reliability estimator outputs the reli-
ability values of messages, which then serve as the weights
of corresponding message action preference vectors. Lastly,
the agent adds all weighted preference vectors to get the total
action preference vector and feeds it into Softmax to derive
the final action distribution.

In order to substantiate the robustness of ADMAC, we
evaluate it alongside three alternative communication frame-
works in three communication-critical cooperation tasks.
Besides, we implement four distinct types of attacks, includ-
ing Gaussian attack (He et al. 2023), Monte-Carlo adversar-
ial attack, Fast Gradient Sign Method (Goodfellow, Shlens,
and Szegedy 2014) and Projected Gradient Descent (Madry
et al. 2018). Experiments confirm the superiority of AD-
MAC in terms of its robustness and performance compared
to the alternatives. Moreover, we conduct ablation study to
further explore the features of components in ADMAC.

Our contributions can be summarized below:

1. We elucidate a significant distinction between robust RL
and robust communicative MARL, highlighting the un-
suitability of the commonly employed passive defense
strategy in robust RL for the latter modeling. Moreover,
we propose the idea of active defense which exploits the
features of robust communicative MARL.

2. There remain two challenges to implement active de-
fense, that are defining unreliable messages and adjust-
ing the unreliable messages’ impact on the final deci-
sion properly. To overcome them, we propose ADMAC,
which incorporates mechanisms that enable agents to
lower the impact of potentially malicious perturbed mes-
sages on the final decision, thereby achieving robustness
against attacks.

3. We empirically demonstrate the superiority of ADMAC
over existing approaches, and conduct ablation study to
delve deeper into the unique features and characteristics
of it.

Preliminaries
Dec-POMDP with Communication
Our modeling is based on a decentralized partially observ-
able Markov decision process (Littman 1994) with N agents
in the system. At timestep t, the global state is st, and agent
i receives observation oti from the environment and chooses
an action ati to perform. Then the environment provides
agents with rewards rti and updates the global state from st

to st+1 according to all agents’ actions.
There are numerous communication frameworks in com-

municative MARL, including scheduler-based (Rangwala
and Williams 2020), inquiry-reply-based (Ma, Luo, and Pan
2021) and GNN-based (Pu et al. 2022) ones. They basically
follow the communication and decision process specified
below, regardless of the difference in communication archi-
tectures.

At timestep t, agent i with hidden states ht−1
i first re-

ceives oti, based on which it generates message and commu-
nicate with other agents. Then, it updates its hidden states
and chooses action ati with a policy network according to
its current hidden state, observation and messages from oth-
ers mt

1,m
t
2, ...,m

t
N . The objective function that needs to be

maximized for agent i is the discounted return:

J(θ) = E[
∑
t

γtrti |θ], (1)

where θ denotes the neural network parameters of the
agents.
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Attack against Communication
Attack against multi-agent communication has been a hot
topic (Xue et al. 2022; Sun et al. 2023) recently since wire-
less communication is vulnerable to distractions and noises.
These works commonly follow the setting that attackers only
interfere a part of messages in the multi-agent system to dis-
rupt collaboration. Based on them, we consider the follow-
ing attack model.

Suppose there are N agents in the system, and at each
timestep there are at most N ×N messages. For each mes-
sage mt

j , the attacker has a probability p to change it to m̂t
j .

Then agents receive messages without knowing which are
perturbed.

The attack may be adversarial or non-adversarial, depend-
ing on how much information the attacker has about the
agents. For adversarial attack, we adopt the setting of Zhang
et al. where the attacker tries to minimize the chosen proba-
bility or preference of the best action, denoted by P̂ (ati,best):

m̂t
j = fA(m

t
j) = argmin

∑
i̸=j

P̂ (ati,best). (2)

Another feasible attack target is to maximize the KL diver-
gence between ati and âti, with ati representing the action dis-
tribution output by agent i when receiving raw message mt

j

and âti representing the action distribution output by agent i
when receiving perturbed message m̂t

j :

m̂t
j = fB(m

t
j) = argmax

∑
i̸=j

DKL(â
t
i|ati). (3)

Following the setting of (Sun et al. 2023), we consider
a strong attack model to better evaluate the robustness of
models: The strength of the perturbation, denoted as ||m̂t

j −
mt

j ||, is not bounded. Consequently, there are multiple ways
to implement fA(·) and fB(·), which will be detailed in the
Experiments Section.

Active Defense Multi-Agent Communication
Framework

We propose an active defense idea for robustness, namely,
making agents judge the reliability of received messages
based on their local information and reduce unreliable mes-
sages’ impact on the final decision. However, the implemen-
tation brings two challenges: (I) How to define “unreliable”
messages? (II) How to adjust the unreliable messages’ im-
pact on the final decision? In this section, we propose AD-
MAC comprising a decomposable message aggregation pol-
icy net and a reliability estimator to address these two chal-
lenges, whose visualization is presented in Fig.2.

Decomposable Message Aggregation Policy Net
The decomposable message aggregation policy net fP is de-
signed to decompose the impact of each message on the fi-
nal decision by restricting their influence to action prefer-
ence vectors. Specifically, fP consists of three parameter-
ized modules: a GRU module fHP used to update hidden
states with observations, a base action generation module

fBP that generates base action preference vectors accord-
ing to the updated hidden states, and a message-observation
process module fMP that generates message action pref-
erence vectors according to the observations and received
messages. Suppose there are K actions to choose from, then
an action preference vector has K components, each rep-
resenting the preference for the corresponding action. Use
pti = fP (o

t
i, h

t
i,m

t
1, ...,m

t
N ) to denote the final output ac-

tion distribution for agent i at timestep t, where the k-th
component of pti, denoted by pti[k], refers to the probability
of choosing the k-th action, the decision process is formu-
lated below:

ht
i = fHP (h

t−1
i , oti),

vti = fBP (h
t
i) +

∑
j ̸=i

wi(m
t
j)fMP (o

t
i,m

t
j),

pti[k] = ev
t
i [k]/

∑
k

ev
t
i [k].

(4)

where vti is the total action preference vector, and wi(m
t
j)

is a weight determined by the reliability estimator detailed
in the next subsection. wi(m

t
j) is set to 1 by default if

no robustness is required. Evidently, messages with larger
weights have a stronger influence on the final decision.
Therefore, for a message considered to be malicious, reduc-
ing its weight can effectively attenuate its impact on the final
decision. We provide the following proposition to character-
ize this feature:
Proposition 1 For an agent making decisions using (4), if
message mt

j recommends an action most or least recom-
mends an action to the agent, incorporating this message
into decision-making must increase or decrease the prob-
ability of choosing this action in the final decision, and the
magnitude of this effect varies monotonically with the weight
wi(m

t
j).

The proof is presented in Appendix A2. Here “mt
j

recommends the ka-th action most” means ka =
argmaxk fMP (o

t
i,m

t
j)[k], and “mt

j recommends the kb-th
action least” means kb = argmink fMP (o

t
i,m

t
j)[k].

Reliability Estimator
The reliability estimator is a classifier fR(h

t
i, o

t
i,m

t
j) that

judges whether a message mt
j is reliable for agent i with the

help of the agent’s hidden state ht
i and observation oti. The

output of fR(ht
i, o

t
i,m

t
j) is a vector of length 2 normalized

by Softmax. Let

wi(m
t
j) = fR(h

t
i, o

t
i,m

t
j)[0]. (5)

wi(m
t
j) represents the extent to which the reliability estima-

tor thinks mt
j is reliable for agent i, and is used as the weight

of mt
j in (4). Besides, judging the reliability of messages

can be treated as a binary classification problem, and the
key challenge here is labelling data, i.e., defining what mes-
sages are “reliable” and what are not. Since the ultimate goal

2Please refer to https://arxiv.org/abs/2312.11545 for the full
version with appendices.
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Figure 2: The figure shows how agent i with hidden state ht−1
i generates an output action distribution within ADMAC after

receiving an observation oti and messages mt
1, mt

2, ..., mt
N from others. It is noteworthy that the length of actions preference

vectors is the same as the number of feasible actions, and each component of the vectors represents the preference for the
corresponding action. As depicted in the figure, the impact of each message on the final decision is restricted to the respective
action preference vector and can be regulated by the weight wi(m

t
j).

of communicative MARL is maximizing cooperation per-
formance represented by (1), messages should be labelled
according to whether they are conducive to achieving this
goal.

With the assumption that agents’ policies are well-trained,
we use the following criteria to label messages: For an agent,
if a received message recommends it to choose the best ac-
tion, then the message is considered to be reliable, otherwise
it is bad. Here “best action” refers to the action most likely
to be chosen in the absence of perturbations, and “ mt

j rec-
ommends the kr-th action” is defined as fMP (o

t
i,m

t
j)[kr] >∑

k fMP (o
t
i,m

t
j)[k]/K. With the labelled messages, the re-

liability estimator can be trained in a supervised learning
way.

Instantiation
ADMAC only specifies how agents process messages as
well as observations to make robust decisions, and is com-
patible with numerous communication architectures and
training algorithms. In this paper, we adopt a basic broadcast
communication mechanism (Singh, Jain, and Sukhbaatar
2018) and use the following paradigm to train our model.
More details are provided in Appendix B.

Stage 1: training policy net: The training goal of this
stage is to optimize the parameters of the decomposable
message aggregation policy net and message encoders to
maximize the objective function defined in (1). Notably,
messages used in our framework are one-dimensional vec-
tors with each component ranging from −1 to 1, and this
stage does not involve any attacks or defenses. Conse-
quently, the agents interact with the environment, commu-
nicate with each other and update the parameters in a tradi-
tional communicative MARL way.

Stage 2: generating dataset: After the policies are well-
trained, let agents interact with the environment for several
episodes to generate training dataset for reliability estima-
tor. To enhance its identification ability, we implement two
representational and strong attacks from (Sun et al. 2023)
during training:

Attack I. Random Perturbation: It suits the scenario
where the attacker has no information about the agents. At-

tackers generate random perturbed messages m̂t
j to replace

the original ones, which means each component of m̂t
j is a

sample from Uniform distribution on (−1, 1).
Attack II. (L2-normed) Gradient descent adversar-

ial attack: It suits the scenario where the attacker has full
knowledge of the agents. To maximize the adversarial attack
objective presented in (2), gradient descent can be utilized
to generate a perturbed message:

m̂t
j = mt

j + λ∇mt
j
fA(m

t
j)/||∇mt

j
fA(m

t
j)||2 (6)

When creating dataset for the reliability estimator, we ran-
domly replace 1/3 raw messages with Attack I messages and
1/3 messages with Attack II messages, and let agents make
decisions based on them. The decisions will not be truly exe-
cuted, on the contrary, they are only used to label these mes-
sages according to the aforementioned criteria (It is possible
that some perturbed messages are labelled reliable, and un-
perturbed messages are labelled unreliable). All messages
and corresponding observations, hidden states, and labels
are collected to form a dataset for supervised learning.

Stage 3: training reliability estimator: Train the relia-
bility estimator parameterized via MLP based on the dataset
using Adam optimizer and cross-entropy loss function. A
well-trained reliability estimator is expected to assign low
weights to messages that are not conducive to an agent’s se-
lection of the optimal action.

Experiments
Experimental Environments
We implement three communication-critical multi-agent en-
vironments for demonstrative purposes: Food Collector (Sun
et al. 2023), Predator Prey (Singh, Jain, and Sukhbaatar
2018), and Treasure Hunt (Freed et al. 2020). They either
adhere to a predefined communication setting or a learned
communication setting. We test these two kinds of commu-
nication settings because the messages within them have dif-
ferent distributions, potentially influencing the performance
of attack and defense. Within all environments, one episode
ends if all agents finish their tasks or the timestep reaches
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Figure 3: Visualizations of our three experiment environments: Food Collector, Predator Prey, and Treasure Hunt.

the upper limit tmax. Therefore, lower average timesteps in-
dicate better performance. These environments are detailed
below and visualized in Fig.3.

Food Collector (predefined communication) In this
task, N = 5 agents with different IDs search for foods with
the same IDs in a 1× 1 field. Each agent can observe targets
within its vision d = 0.2, and moves in eight directions at
a speed v = 0.15. If an agent finds a target with a differ-
ent ID, it will kindly broadcasts the coordinates to help the
corresponding agent find it.

Predator Prey (learned communication) In this task,
N = 5 agents with vision 1 are required to reach a fixed
prey in a grid world of size 10 × 10. Due to the severely
limited perception, agents must communicate with others to
finish tasks earlier. For example, they can delineate their re-
spective search areas through communication, and the first
agent to reach the prey can tell others the coordinates.

Treasure Hunt (learned communication) In this task,
N = 5 agents work together to hunt treasures in a field of
size 1 × 1 with movement speed v = 0.9. Each agent ob-
tains the coordinates of its own treasure, which is invisible
to others. Note that an agent cannot collect its treasure by
itself. Instead, it should help others hunt it through learned
communication.

Tested Algorithms
We evaluate our proposed ADMAC alongside three alterna-
tives introduced below:

Targeted Multi-Agent Communication (TARMAC)
(Das et al. 2019) It is a baseline communication framework
where agents utilize an attention mechanism to determine
the weights of receiving messages. It does not include any
robust techniques, and its performance demonstrates the im-
pact of attacks without any defense.

Adversarial Training (AT) (Tu et al. 2021) This frame-
work adopts the most frequently used robust learning tech-
nique, which is performing adversarial attacks during train-
ing to gain robustness.

Ablated Message Ensemble (AME) (Sun et al. 2023) It
constructs a message-ensemble policy that aggregates mul-

tiple randomly ablated message sets. The key idea is that
since only a small portion (< 50%) of received messages
are harmful, making agents take the consensus of received
messages should provide robustness.

All tested frameworks are trained with an improved ver-
sion of REINFORCE (Williams 1992). More information
about training is presented in Appendix B.

Implemented Attacks
When conducting experimental evaluations of the models,
we implement the following four kinds of attacks, including
adversarial and non-adversarial ones:

Attack III Gaussian attack (He et al. 2023): Attacker
adds Gaussian Noises to the messages, i.e.

m̂t
j = mt

j + σN(0, 1). (7)

We set σ = 0.5 in the experiments.
Attack IV Monte-Carlo adversarial attack: Randomly

generate 10 messages, and find the one that maximizes the
attack objective f(mt

j) defined in (2) or (3).
Attack V Fast Gradient Sign Method(Goodfellow,

Shlens, and Szegedy 2014):

m̂t
j = mt

j + ηsign(∇mt
j
f(mt

j)), (8)

Then range of m is (−1, 1), and we set η = 1 to obtain a
strong attack.

Attack VI Projected Gradient Descent (Madry et al.
2018): PGD can be treated as a multi-step version of FGSM:

m̂
t,(i+1)
j = m̂

t,(i)
j + ϵsign(∇

m̂
t,(i)
j

f(m̂
t,(i)
j )), (9)

where m̂
t,(0)
j = mt

j . We set ϵ = 0.3 and use 5-step updates
to obtain the final perturbed messages.

For adversarial attacks (IV, V and VI), the attack objective
can be chosen from fA(·) and fB(·), defined accordingly in
(2) and (3). It is noteworthy that although they may have the
same objectives with attack-II, which is used to train AD-
MAC, the generated perturbed messages belong to different
distributions because they are calculated differently, there-
fore, ADMAC DOES NOT have prior information of the
above attacks used for evaluation.

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

17579



0 0.1 0.2 0.3

16

18

20

22

24

Food Collector+Attack III

TARMAC
AT
AME
ADMAC

0 0.1 0.2 0.3
16

18

20

22

24

26

28

Food Collector+Attack IV-A

TARMAC
AT
AME
ADMAC

0 0.1 0.2 0.3
15.0
17.5
20.0
22.5
25.0
27.5
30.0
32.5
35.0

Food Collector+Attack V-A

TARMAC
AT
AME
ADMAC

0 0.1 0.2 0.3

16

18

20

22

24

26

28
Food Collector+Attack VI-A

TARMAC
AT
AME
ADMAC

0 0.1 0.2 0.3
12

14

16

18

20

Predator Prey+Attack III

TARMAC
AT
AME
ADMAC

0 0.1 0.2 0.3
12

14

16

18

20

22

24

26
Predator Prey+Attack IV-A

TARMAC
AT
AME
ADMAC

0 0.1 0.2 0.3
12.5

15.0

17.5

20.0

22.5

25.0

27.5

30.0
Predator Prey+Attack V-A

TARMAC
AT
AME
ADMAC

0 0.1 0.2 0.3
12

14

16

18

20

22

Predator Prey+Attack VI-A

TARMAC
AT
AME
ADMAC

0 0.1 0.2 0.3

16

18

20

22

24

Treasure Hunt+Attack III

TARMAC
AT
AME
ADMAC

0 0.1 0.2 0.3
15

20

25

30

35

40

45

Treasure Hunt+Attack IV-A

TARMAC
AT
AME
ADMAC

0 0.1 0.2 0.3
15
20
25
30
35
40
45
50
55

Treasure Hunt+Attack V-A

TARMAC
AT
AME
ADMAC

0 0.1 0.2 0.3
15

20

25

30

35

40

45
Treasure Hunt+Attack VI-A

TARMAC
AT
AME
ADMAC

Figure 4: Results for the main experiments. The x-axis represents the attack probability, and the y-axis represents the timesteps
required for task completion, where smaller values signify better performance. For each setting (e.g. TARMAC in Treasure
Hunt), we train five models with different seeds. During test, we run 500 episodes for each setting and plot the mean as well as
standard error of the averaged timesteps. Lower timesteps indicate better performance.

Performance under Attacks

We evaluate the four multi-agent communication frame-
works with different attack probability p to observe how the
performance of the agents decays as the attack intensity in-
creases. Besides, since attack objective fB(·) is not appli-
cable to AME, we only present adversarial attacks with ob-
jective function fA(·) in the main experiments, and provide
additional experimental results in Appendix C. From the re-
sults presented in Fig.4, the following conclusions can be
drawn.

Attack III is the weakest attack, and its attack effect on
TARMAC (the baseline non-robust framework) indicates the
extent to which messages can influence decision-making,
which also reflects the importance of communication for co-
operation in specific attacks. It can be seen that communi-
cation is important in all tasks, with the order of importance
being Treasure Hunt > Food Collector > Predator Prey.

AT is one of the most popular techniques in robust learn-
ing, and it is empirically confirmed to be a relatively reli-
able method. Compared with TARMAC, AT achieves lower
timesteps under strong attacks, however, its baseline perfor-
mance without attacks is slightly worse. This is inevitable as
the trade-off between robustness and performance has long
been a concern in adversarial training.

Though AME provides robustness against attacks to a cer-
tain degree, its baseline performance without attacks is bad,
severely dragging down the overall performance. This re-
sults from the key feature of AME: adopting the consensus
of all incoming messages. It protects the agents from being
influenced by a small number of malicious messages, but it
also prevents agents from getting exclusive information.

Our proposed framework ADMAC has the best overall
performance, and this advantage is provided by the active
defense strategy. Compared with AT and AME, ADMAC
exploits the features of adversarial multi-agent communica-
tion, judging received messages’ reliability based on agents’
observations and hidden states. Notably, ADMAC has better
baseline performance than TARMAC in Predator Prey tasks,
which is caused by the feature of decomposable message ag-
gregation policy and will be discussed more in the ablation
study.

Ablation Study
ADMAC consists of two components: the reliability estima-
tor (abbreviated as RE) and the decomposable message ag-
gregation policy net (abbreviated as DPN). To further inves-
tigate each component’s function, we evaluate the following
four methods under attacks: TARMAC, DPN only, DPN+RE
(i.e. ADMAC), and DPN+IRE. Here IRE refers to an ideal
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Figure 5: Results for the ablation study. The attack probability is set to p = 0.3 for all types of attack.

reliability estimator, achieving 100% classification accuracy
and cannot be implemented in reality. We also list the recall
and precision of RE below the figures to analysis its perfor-
mance from the perspective of supervised learning.

From the results presented in Fig 5, the following con-
clusions can be drawn. Firstly, the special structure of DPN
does not degrades baseline performance, on the contrary, it
provides a little robustness sometimes. Secondly, RE pro-
vides considerable robustness, especially against adversar-
ial attacks. Thirdly, DPN+IRE has the best robust perfor-
mance, which again verifies the effectiveness of the way we
label messages. Additionally, the recall and precision of RE
accounts for the performance gap between DPN+RE and
DPN+IRE: The better the classification performance of RE
is, the closer the performance of DPN+RE is to DPN+IRE.

Related Work
TMC (Zhang, Zhang, and Lin 2020) is one of the earliest
robust multi-agent communication frameworks. However, it
only provides certain robustness against Gaussian noises and
random message loss. Some recent researches have consid-
ered the existence of malicious attackers (Blumenkamp and
Prorok 2021; Tu et al. 2021; Yuan et al. 2023; Sun et al.
2023), who perturb normal messages or send fake messages
to disrupt normal operation of multi-agent systems. Agents
within these frameworks commonly receive all messages
equally and try to make robust decisions, which follows a
passive defense idea conventional in robust RL (Havens,
Jiang, and Sarkar 2018; Pattanaik et al. 2018). Notably, pas-
sive defense strategies fail to utilize one important feature
of robust communicative MARL: unperturbed messages and
hidden states can help identify fake messages to some ex-
tent. Unlike the aforementioned methods, R-MACRL (Xue
et al. 2022) takes a rather proactive defense strategy, which is
correcting perturbed messages. Since useful messages must
contain some information unknown to the agents and attack-
ers may replace the useful messages with manipulated ones,
this strategy is not quite practical. Compared with them,
while utilizing observations and hidden states, we have made
corresponding preparations for the fact that it is impossible
to perfectly judge received messages.

Besides, we would like to differentiate our research from
robust MARL. Following Sun et al., we make two impor-
tant assumptions: 1) only a part of the messages might be
perturbed; 2) the perturbation power is unlimited and the
perturbed messages can be completely different from the
original ones. As a comparison, robust MARL commonly
assumes the observations of agents (Li et al. 2019) or the
environment model (Zhang et al. 2020b) is perturbed. Some
robust MARL techniques can be used in robust communica-
tive MARL (e.g. adversarial training), but an active defense
strategy can better utilize the features of this problem.

Conclusion
In this paper, we investigate the issue of robust commu-
nicative MARL, where malicious attackers may interrupt
the multi-agent communication, and agents are required to
make resilient decisions based on unperturbed observations
and potentially perturbed messages. Considering that agents
have multiple sources of information in this setting, we put
forward an active defense strategy, which involves agents
actively assessing the reliability of incoming messages and
reducing the impact of potentially malicious messages to the
final decisions.

Implementing active defense poses two primary chal-
lenges: labelling “unreliable” messages and adjusting the
unreliable messages’ impact on the final decision appropri-
ately. To address them, we introduce ADMAC, a framework
comprising an reliability estimator and a decomposable mes-
sage aggregation policy net. ADMAC is evaluated alongside
three alternative multi-agent communication frameworks in
three communication-critical environments under attacks of
different kinds and intensities, and shows outstanding ro-
bustness.

One limitation of ADMAC is that in scenarios where
messages are likely to carry unique information, judging
whether a message is reliable is hard, leading to a decline
in the robustness of ADMAC. As future work, we will try
to make agents aggregate information from a wider range
of sources in order to better assess received messages, and
expand our framework to accommodate scenarios with con-
tinuous action spaces.
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