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Abstract

Communication is essential in coordinating the behaviors of
multiple agents. However, existing methods primarily empha-
size content, timing, and partners for information sharing,
often neglecting the critical aspect of integrating shared in-
formation. This gap can significantly impact agents’ ability
to understand and respond to complex, uncertain interactions,
thus affecting overall communication efficiency. To address
this issue, we introduce M2I2, a novel framework designed
to enhance the agents’ capabilities to assimilate and utilize
received information effectively. M2I2 equips agents with
advanced capabilities for masked state modeling and joint-
action prediction, enriching their perception of environmental
uncertainties and facilitating the anticipation of teammates’ in-
tentions. This approach ensures that agents are furnished with
both comprehensive and relevant information, bolstering more
informed and synergistic behaviors. Moreover, we propose
a Dimensional Rational Network, innovatively trained via a
meta-learning paradigm, to identify the importance of dimen-
sional pieces of information, evaluating their contributions to
decision-making and auxiliary tasks. Then, we implement an
importance-based heuristic for selective information masking
and sharing. This strategy optimizes the efficiency of masked
state modeling and the rationale behind information sharing.
We evaluate M212 across diverse multi-agent tasks, the results
demonstrate its superior performance, efficiency, and general-
ization capabilities, over existing state-of-the-art methods in
various complex scenarios.

Extended version — https://arxiv.org/abs/2501.00312

1 Introduction

Reinforcement Learning (RL) has achieved significant mile-
stones in various complex real-world applications, from
Game Al (Osband et al. 2016; Silver et al. 2017, 2018;
Vinyals et al. 2019), Robotics (Andrychowicz et al. 2020;
Zang et al. 2026) and Autonomous Driving (Leurent 2018)
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to applications in Large Language Models (Shao et al. 2024;
Wang et al. 2025; Gu et al. 2025; Chen et al. 2025). However,
the landscape shifts markedly when applied to Multi-Agent
Reinforcement Learning (MARL) (Lowe et al. 2017; Rashid
et al. 2018; Yu et al. 2022; Chen et al. 2022; Zang et al. 2025),
where unique challenges emerge. A principal challenge is
the issue of partial observability, where agents must make
decisions based on limited local observations, lacking a com-
prehensive view of the entire environment. In addressing this
challenge, multi-agent communication emerges as a potent
solution. By enabling agents to share and integrate informa-
tion, this strategy facilitates a deeper collective understanding
of their environment, stabilizing the learning process and pro-
moting synchronized actions among agents.

Despite advancements, existing methods in multi-agent
communication primarily focus on sending policies, such
as creating meaningful messages (Zhang, Zhang, and Lin
2019, 2020; Yuan et al. 2022), optimizing the timing (Singh,
Jain, and Sukhbaatar 2018; Kim et al. 2019; Hu et al. 2021)
and selecting appropriate partners (Ding, Huang, and Lu
2020; Niu, Paleja, and Gombolay 2021; Xue et al. 2022) for
information exchange. However, these methods exhibit a sig-
nificant gap in effectively integrating received information
to enhance decision-making at receiving end. Typically, a
large volume of received messages, processed by basic mech-
anisms like concatenation (Sukhbaatar, Szlam, and Fergus
2016) is fed directly into policy networks. This approach
treats the information integration task as a black box, pre-
supposing that neural networks can autonomously discern
the most decision-important information, overlooking the
intricacies of cognition and collaborative decision-making.
In contrast, human cognitive processes (Etel and Slaughter
2019) demonstrate a superior ability for utilizing received
information to perceive the environment and reduce the un-
certainty of decision-making. This level of decision-making
complexity, inherent in human cognition, is something that
current multi-agent communication methods fail to capture.

Inspired by human cognitive processes and recent advance-
ments in representation learning, as illustrated by models like
BERT (Devlin et al. 2018) and Masked Auto-Encoder (MAE)



(He et al. 2022), we redefine the challenge of information
integration in multi-agent communication as one of repre-
sentation learning task. In this context, agents are tasked
with developing representations for cooperative decision-
making from a limited set of messages. These messages,
constrained by partial observability and limited communi-
cation resources, only reflect a subset of the environmental
states, often proving inadequate for a comprehensive under-
standing of environmental dynamics. Furthermore, not all
received messages are beneficial for decision-making; some
may introduce noise that disrupts the process. Consequently,
we argue that an ideal representation in this context must
be both sufficient—offering a comprehensive breadth of in-
formation for a deep understanding of the environment, and
informative—sharply focused on data crucial for facilitating
cooperative decision-making.

Following this principle, we introduce M2I2, a novel ap-
proach incorporating two self-supervised auxiliary tasks to
enhance efficiency of information integration. To meet the
standard of "sufficient", M2I2 utilizes masked modeling tech-
niques to reconstruct global states from received messages,
furnishing agents with comprehensive information for in-
formed decision-making. Essentially, M2I2 introduces a state-
level MAE designed for multi-agent communication. A dis-
tinctive aspect of this model is its unique masking mecha-
nism, where the masks are dynamically determined by the
communication strategies of the sending agents. Our empiri-
cal studies highlight that traditional random mask generating
techniques (Devlin et al. 2018; He et al. 2022; Liu et al.
2022) fall short in addressing the complexities encountered
in MARL. To this end, we develop the Dimensional Ratio-
nal Network (DRN) to dynamically adjust the importance
of each dimension of observed information. DRN is trained
via a meta-learning paradigm, which takes into account the
impacts on both decision-making and auxiliary tasks. After
exploring the rationale of dimensional observations, we fur-
ther propose an importance-based heuristic to discern which
dimensions of observations should be masked at both train-
ing and execution stages, thereby enhancing the efficiency of
masked state modeling and communication rationality.

Regarding the “informative" aspect, M212 integrates an in-
verse model to predict joint actions from sequential state rep-
resentations, enabling agents to focus on information pivotal
to their decisions. Furthermore, the inverse model enables
agents to infer their teammates’ intentions during decentral-
ized decision-making processes. This capability is essential
for facilitating team communication that goes beyond mere
information exchange, enabling a deeper understanding of
teammates’ intentions and insights that can impact collec-
tive strategies. By introducing the self-supervised objective,
M2I2 facilitates a deeper integration of received information,
allowing agents to align closely with each other’s intentions
and leading to more efficient and informed decision-making
across various scenarios.

To validate the effectiveness of M2I2, we conduct compre-
hensive evaluations across a range of multi-agent tasks with
differing complexities, from Hallway and MPE to SMAC.
Compared to state-of-the-art communication methods(Das
etal. 2019; Yuan et al. 2022; Xue et al. 2022; Guan et al. 2022;
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Duan, Lu, and Xuan 2024), M212 demonstrates superior per-
formance, enhanced efficiency, and remarkable generaliza-
tion capabilities. Our main contributions are summarized in
three-fold:

* To the best of our knowledge, M2I2 represents the first
instance of incorporating self-supervised objectives, i.e.,
reconstructing global states and predicting joint actions,
into the process of information integration under the condi-
tion of partial observability and restricted communication
resources.

* We integrate a meta-learning paradigm to model the con-
tribution of each dimensional piece of information to-
wards both decision-making and self-supervised objec-
tives, therefore directing agents to transmit and focus on
only the most relevant and important information.

» Empirically, our proposed method not only facilitates effi-
cient message integration, but also significantly improves
communication efficiency, effectively bridging a vital re-
search gap in MARL.

2 Related Works

Multi-agent communication has emerged as an indispensable
component in MARL. Research in this domain has primarily
concentrated on three fundamental questions:

Determining the optimal content of communication
(what to communicate). CommNet (Sukhbaatar, Szlam, and
Fergus 2016), as a pioneering work in this area, facilitated
agents in learning continuous messages. Following Comm-
Net, several methods have been developed to further refine
the message learning process. VBC (Zhang, Zhang, and Lin
2019) aims to filter out noisy parts while retaining valuable
content by limiting the variance of messages. TMC (Zhang,
Zhang, and Lin 2020) introduces regularizers to reduce tem-
porally redundant messages. NDQ (Wang et al. 2020) em-
ploys information-theoretic regularizers to develop expres-
sive and succinct messages. MAIC (Yuan et al. 2022) enabled
agents to customize communications for specific recipients,
advancing tailored message learning.

Deciding appropriate timing and partners for informa-
tion exchange (when and whom to communicate). To en-
hance communication efficiency, approaches such as IC3Net
(Singh, Jain, and Sukhbaatar 2018) and ATOC (Kim et al.
2019) have introduced gating networks to eliminate super-
fluous communication links. Similarly, SchedNet (Kim et al.
2019), IMMAC (Sun et al. 2021) and T2MAC(Sun et al.
2024) have modeled the significance of observations, using
heuristic mechanisms to gate non-essential communication.
Further, methods such as MAGIC (Niu, Paleja, and Gombo-
lay 2021), ToM2C(Wang et al. 2022), I2C (Ding, Huang, and
Lu 2020) and SMS (Xue et al. 2022) have been developed to
identify the most suitable recipients. These approaches focus
on modeling the contribution of shared information to the
decision-making processes of the recipients, aiming to direct
communication where it most influences decision-making.

Integrating incoming messages and making decisions
(how to utilize received information). TarMAC (Das et al.
2019) has explored how agents can effectively assimilate cru-
cial information from an abundance of raw messages. MA-



SIA (Guan et al. 2022) take a different approach, employing
an Auto-Encoder and a forward model for information inte-
gration and becoming the first to introduce self-supervised
learning into multi-agent communication. DRMAC(Sun et al.
2025) aims to mitigate both dimensional redundancy and
confounders. However, existing methods are under the strong
assumption that agents have access to all observations from
their peers. In this work, we challenge and relax this assump-
tion by introducing the masked state modeling technique,
extending the approach to more realistic environments where
communication resources are constrained.

3 Preliminary

In this work, we focus on fully cooperative multi-agent tasks,
characterized by partial observability and necessity for inter-
agent communication. These tasks are modeled as Decentral-
ized Partially Observable Markov Decision Processes (Dec-
POMDPs) (Oliehoek, Amato et al. 2016), represented by the
tuple G = (N,S,0,A,0,P,R,y, M). In this formulation,
N = {1,...,n} denotes the set of agents, S represents the
global states, O describes the observations available to each
agent, A signifies the set of available actions, O is the ob-
servation function mapping states to observations, P is the
transition function illustrating the dynamics of the environ-
ment, R is the reward function dependent on the global states
and joint actions of the agents, y is the discount factor, and
M specifies the set of messages that can be communicated
among the agents. At each time-step ¢, each agenti € N
has access to its own observation o} € O determined by the
observation function O(o'|s;). Additionally, each agent can
receive messages c; = 3., ms from teammates j € N. Uti-
lizing both the observed and received information, agents
then make local decisions. As each agent selects an action,
the joint action a, results in a shared reward r, = R(s;, a;)
and transitions the system to the next state s,4; according
to the transition function P(s;+1|s;,a;). The objective for
all agents is to collaboratively develop a joint policy « to
maximize the discounted cumulative return Y52 y'r;.

4 Methodology

4.1 Overall Framework

The framework of M212 is shown in Figure 1, with its core
components highlighted for effective multi-agent communica-
tion. A key component of M212 includes a message encoder
and a state decoder, functioning collectively as an extend-
able module to reconstruct the environmental states in an
auto-encoding manner. This design allows for the reconstruc-
tion of global states from received messages (i.e. limited
observations), thereby providing agents with sufficient infor-
mation to make well-informed cooperative decisions. Further-
more, M2I2 integrates an inverse model capable of predicting
joint actions based on consecutive state representations. This
model is pivotal in equipping agents with the ability to infer
the intentions of their teammates while making decisions.
Another standout feature of M212 is DRN, which is adept at
evaluating the importance of various observed information
based on their gradient contributions to both auxiliary and
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RL tasks. The DRN is continually refined through a meta-
learning paradigm, which effectively avoid the trivial solution
and local optimum issues during training. By identifying and
emphasizing important information, DRN enables agents to
share and focus on important data, thereby optimizing the
communication process for efficiency and effectiveness.

4.2 Communication Process of M212

The communication process of M212 can be summarized as
the following four steps.

Selectively masking unnecessary observations for infor-
mation sharing: At each time-step, agents utilize the DRN to
evaluate the importance of observed information in support-
ing decision-making and auxiliary tasks. This importance is
quantified as w; = w;q|d € [1, D], where i represents the ID
of the agent and D is the dimensionality of observed informa-
tion. To optimize communication efficiency while ensuring
effective decision-making, a topK mechanism is applied for
generating observation masks, which is formulated as:

wiq, if d in top-k largest dimensions

1
0, others. M

topK(w;) = {
This process allows each agent to selectively share the most
important dimensions of the observations while non-essential
dimensions are masked to zero. The resulting shared infor-
mation is represented as:

m! = ol ® topK(w;), 2)

where m! denotes the messages, i.e. masked and weighted
observations, and ® is an element-wise Hadamard product
function. The DRN, central to this selectively observation
mask process, is trained using a meta-learning paradigm
(detailed in Section 4.4), which enables it to dynamically
adjust its assessments based on both decision-making and
auxiliary task performances.

Integrating received information: Upon receiving mes-
sages, M2I2 integrates a scaled dot-product self-attention
module (Vaswani et al. 2017) to adeptly process incom-
ing messages. Specifically, the received messages are trans-
formed into corresponding queries Q, keys K, and values V.
The process of integrating this information is mathematically
represented as follows:

KT
3D_k>v> 3)

Zt = fo, (softmax(

where O represents the parameters of Message Encoder and
Dy represents the dimension of a single key. This message
encoder exhibits two notable benefits. Firstly, the encoder’s
design makes it adaptable to diverse communication contexts,
accommodating varying numbers and arrangements of agents.
Secondly, by utilizing a weighted sum mechanism, the self-
attention module integrates information without excessively
expanding the agents’ local policy spaces.

Implicitly Inferring the global states and teammates’ in-
tention: Following this, M2I2 encodes the received messages
into a compact representation. Unlike traditional methods that
rely solely on RL objectives, which often struggle to learn
effective representation from the limited and noisy messages,
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Figure 1: Framework of M2I2. Similar to other CTDE approaches in MARL, M2I2 only leverages global states and joint actions
during centralized training phase. However, M212 distinguishes itself through its self-supervised auxiliary tasks. These tasks
enable agents to develop representations from received messages, enhancing their ability to comprehend global states and infer
teammates’ joint actions. This capability becomes particularly valuable during the decentralized execution phase, where agents

must operate based on limited observations.

M2I2 incorporates two self-supervised objectives. These ob-
jectives are specifically designed to develop a representation
that is both “sufficient” for a thorough understanding of the
environment and “promising” for aiding cooperative decision-
making. Although the involved self-supervised auxiliary tasks
are conducted only during training, they can implicitly en-
hance the message encoder’s ability to interpret the environ-
ment and predict teammates’ intentions during decentralized
decision-making process.

Making cooperative decisions: The culmination of the
M2I2 process is reflected in the agents’ ability to make coop-
erative decisions. Here, the enriched integrated information,
blended with each agent’s personal observations, is channeled
into the policy network. The process of decision-making is
mathematically represented as follows:

alt- = ni(oi,zﬁ;&r) 4)

where 6, represents the parameters of policy network. This
convergence of individual perception and collective insights
is crucial, as it empowers agents to make decisions that is not
only informed, but also aligned with the overarching goals
and strategies of the team.

4.3 Self-Supervised Auxiliary Tasks for Efficient
Multi-Agent Communication

Given the inherent constraints in agents’ perceptual capa-

bilities and the communication constraints, the information

encoded by the message encoder often captures only a frac-

tion of the environment’s state. To ensure that agents have
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access to sufficient information for effective decision-making,
we employ a state decoder. This decoder is tasked with re-
constructing the global state of the environment, represented
by s; = ga,, (z}). The associated loss function is computed
using the mean squared error between the reconstructed and
global states:

Lrc(0E,0p) =By g, lIst = stll3. ()

By combining the message encoder with the state decoder,
we effectively create an extendable masked state modeling.
This masked modeling is characterized by a unique masking
process, generated both by the environment and the agents
themselves. This approach enables the integrated represen-
tation z, to effectively represent the global states of the en-
vironment, thus overcoming the challenges posed by their
limited observational scope and communication capacity.
To augment the capability of agents in focusing on in-
formation promising to their decisions and aligning with
the intentions of their counterparts, we introduce an inverse

model, denoted as Iy, : Z x Z — A", where Z is the space
of state representations. This model is crafted to predict the
joint actions that agents take to transition from one state rep-
resentation to the next. Formally, given a triplet (z;, as, Zs+1)
composed of two consecutive state representations and joint
actions taken by agents, we parameterise the conditional like-
lihood as p(a;) = Ig,(z+, 21+1), Where Ig, embodies a two
hidden layers MLP followed by a softmax operation. The
parameters of both inverse model 6; and message encoder



OF are optimized via a maximum likelihood approach. The
corresponding loss function is formulated as:

Linv(0g,01) =B 4, lla; - all3, (6)

where this loss function measures the discrepancy between
the predicted joint actions and the actual joint actions. At
first, the objective encourages agents to focus on information
that are controllable and expressive pertinent to cooperative
decision-making. This focus is crucial for agents to effec-
tively handle elements that they can influence, enhancing
their relevance in a coordinated environment. Moreover, the
deeper integration of received information facilitated by the
model allows agents to implicitly infer the intentions of oth-
ers during execution. This capability significantly bolsters
agents’ potential to align their actions with the intentions
of their teammates. Such alignment is not only technically
beneficial, but also aligns with cognitive research findings
(Etel and Slaughter 2019), which underscore the importance
of intention understanding in effective social interactions.

4.4 DRN for Importance Modeling

DRN is designed to discern the importance of different di-
mensions of observed information, specifically tailoring to
the needs of decision-making and auxiliary tasks. The pri-
mary challenge here lies in the dynamic nature of the MARL
and the variability in communication needs across different
stages of a mission. Unlike static scenarios, the importance
of information can change dramatically, requiring the DRN
to adapt continuously and efficiently. This challenge tran-
scends the realm of simple optimization problems, typically
addressed with first-order gradients. To effectively navigate
this complexity, we employ a meta-learning approach (Liu,
Davison, and Johns 2019; Li et al. 2022a; Qiang et al. 2023;
Ji et al. 2024), as it is well-suited to circumvent trivial solu-
tions and local optima that often hinder training efficiency. It
allows the DRN to dynamically adjust its understanding of
information importance in a sophisticated manner, aligning
closely with the overarching goals of decision-making and
auxiliary tasks.

It is important to note that within our training framework,
only the parameters of 6pgry are refined using this meta-
learning approach. The other parameters of the system are up-
dated using conventional first-order gradient methods. Specif-
ically, in the first regular training step, we focus on train-
ing the combined set of parameters 6 = (6, 0p, 05,60 ,) by
jointly minimizing the auxiliary tasks and RL losses, which
is formalized by

arg min Ly212(0,0pRN ), (7

where La212(6,0pry) = Lrr + B(Lre + Linv), LrL
is the RL objective and S is a coefficient that controls the
balance between RL objective and auxiliary objectives.

In the second meta-learning-based step, 6 prn is updated
by using the second-derivative technique (Liu, Davison, and
Johns 2019; Li et al. 2022b). This technique is crucial for
adjusting 6pry to better discern the importance of various
information dimensions that significantly impact both RL and
auxiliary tasks. The update process involves calculating the
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gradients of Opgy in relation to the combined performance
metrics from these tasks, encapsulated by L s»7>. Formally,
we update pgrn by

arg min La72(6trial, ODRN), 8
ODRN
X _ trial ptrial ptrial ptrialy ; .
where 0,iq1 = (074,05, 04, 077') is the trial

weights of the 6 after one gradient update using the M212
loss defined in Equation 7. We formulate the updating of such
trial weights as follows:

Otrial =0 — LoVoLmoro, ©)
where (g is the learning rate. Note that the calculation of trial
weights excludes the step of gradient back-propagation. Thus,
Oprn is updated through the second-derivative gradient of 6.
During the trial step, DRN evaluates how changes in parame-
ters affect task performance, capturing this impact through
gradients. This allows DRN to learn meta-knowledge about
how different dimensions contribute to outcomes, enabling it
to adjust importance weights effectively over time.

Overall, DRN models the gradient contribution of each
observation dimension to £s772. Dimensions contributing
more receive higher weights. Unlike traditional attention
mechanisms(Waswani et al. 2017) in Transformers, which
capture data similarity, DRN’s importance modeling is di-
rectly tied to the objective function and guided by second-
order gradients. This design ensures that 6pgpy is continu-
ously fine-tuned by the gradient contributions of L2, al-
lowing DRN to dynamically evaluate the importance of each
observed dimension. Hence, M212 ensures priority communi-
cation of information most beneficial for the receiving agents’
tasks, including state reconstruction, intention inference, and
decision-making. Our visualization study in Appendix E fur-
ther validates this approach: it reveals that the DRN not only
distinguishes varying levels of importance across different
agent types and observation categories but also dynamically
adjusts these importance weights over time, adapting to the
evolving demands of the task.

S Experiment

In this section, our experimental design is meticulously struc-
tured to address three fundamental questions:

* RQ1. How does M212’s performance and efficiency com-
pare to leading communication methods?

* RQ2. What specific components within M2I2 are instru-
mental to its performance?

* RQ3. Is M2I2 versatile enough to be applied across a
range of tasks, and can it be seamlessly integrated with
multiple existing baselines?

5.1 Setup

Benchmarks. In order to demonstrate the effectiveness and
generality of M2I2, we conducted extensive experiments
across four popular multi-agent communication benchmarks:
Hallway (Wang et al. 2020), Predator-Prey (PP) (Lowe
et al. 2017), SMAC (Samvelyan et al. 2019) and SMAC-
Communication (Wang et al. 2020). Each of these bench-
marks provides a substantial testbed for evaluating multi-
agent communication strategies. Detailed descriptions of
each environment can be found in Appendix C.
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Figure 2: Performance on multiple benchmarks. All results are reported as the median performance with a 95% confidence

interval over five random seeds.

Baselines. For comparative analysis, we select a diverse
set of baselines. This includes QMIX (Rashid et al. 2018),
a well-established MARL algorithm that operates without a
communication mechanism. To assess our method’s perfor-
mance in the context of communication-enhanced MARL,
we also include contemporary state-of-the-art communica-
tion methods: TarMAC (Das et al. 2019), MAIC (Yuan et al.
2022), SMS (Xue et al. 2022), MASIA (Guan et al. 2022) and
GACG (Duan, Lu, and Xuan 2024). Each of these baselines
represents a significant stride in the development of commu-
nication strategies within the MARL framework, providing a
robust backdrop for evaluating the efficacy and innovation of
our proposed approach.

Hyperparameters. To ensure reproducibility, the intricate
details of our method’s architecture, and our hyperparameter
choices are extensively detailed in the Appendix C.

5.2 Performance (RQ1)

Our evaluation begins with a comparative analysis of the
learning curves of M2I2 against a range of baseline methods
across diverse environments. This comparison is aimed at
assessing the comprehensive performance of M2I2. For a
fair comparison, we evaluate M212 under the QMIX-based
implementation, aligning with the setup used for most of the
selected baselines (i.e., TarMAC, MAIC, and MASIA). As
depicted in Figure 2, M2I2 demonstrates a notable perfor-
mance advantage, consistently outperforming all baselines
by a significant margin in each tested environment, indicat-
ing M2I2’s strong applicability across scenarios of varying
complexity. Specifically, in Hallway, where the reward sig-
nals of environment is sparse, many methods exhibit poor
performance or fail to learn effectively. In contrast, M212
rapidly achieves a 100% win rate. This success can be at-
tributed to our proposed auxiliary tasks, which appear to
significantly aid agents in understanding the locations and in-
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Communication SMAC-
Efficiency Hallway PP SMAC Communication
TarMAC 49.6% 3232 19.1% 17.4%
MAIC 0.0% 29.75 27.1% 10.1%
SMS 0.0% 51.63 13.7% 41.8%
MASIA 98.6%  32.52 46.5% 28.5%
M212(Ours) 165.6% 55.76 98.7% 59.3%

Table 1: Communication efficiency, defined as performance
improvement with communication normalized by communi-
cation frequency.

tentions of their teammates. In PP, where the communication-
free method QMIX struggles, most communication methods
demonstrate effectiveness. Notably, M2I2 achieves the best
sample efficiency, swiftly identifying the optimal policy. In
SMAC and SMAC-Communication, several full communi-
cation methods face challenges in scenarios with large joint
observation spaces. For instance, TarMAC shows compe-
tence in lo_2r_vs_4r and 5z_vs_lul but underperforms in
corridor and 1o_10b_vs_1r. This could be attributed to the
naive approach of these methods in feeding observations
from all agents directly into the policy network, thereby in-
creasing the complexity of policy learning. In contract, M2I2
consistently excels in all six SMAC scenarios, irrespective of
the varying difficulties, number of agents, and terrain types.
This further underscores the broad applicability and potency
of M2I2 in diverse multi-agent communication contexts.

5.3 Efficiency (RQ1)

Efficiency is a long-standing issue in multi-agent communi-
cation, as many real-world applications operate under limited
communication resources. Therefore, it is crucial to achieve
promising performance while maintaining a low communi-
cation resource cost. Notably, the performance of M2I2, as



reported in Figure 2, was achieved with a 60% communica-
tion frequency, where 60% is a hyper parameter defined by
our proposed top-k mechanism in Section 4.1. To further un-
derstand the communication efficiency of M2I2, we adopted
a mechanism inspired by MAGIC (Niu, Paleja, and Gom-
bolay 2021) to measure communication efficiency. Specifi-
cally, we calculated the performance improvement for each
communication algorithm by subtracting the baseline perfor-
mance of their communication-free versions. For the SMS
algorithm, the communication-free baseline used was DOP
(Wang et al. 2020), while for other algorithms, QMIX served
as the baseline. Subsequently, we examined the communica-
tion frequency for each method. M212 and SMS both operated
at approximately 60% communication frequency, in contrast
to other methods which utilized 100% communication fre-
quency. Finally, we calculated the communication efficiency
for each method by dividing the performance improvement by
the communication frequency. As indicated in Table 1, M212
demonstrated a substantial lead in communication efficiency
across all tested scenarios, further validating its effectiveness.
This analysis not only underscores M2I2’s ability to maintain
high performance with reduced communication demands but
also highlights its significant advantages in terms of resource
efficiency.

5.4 Ablation (RQ2)

To assess the contribution of each module in M212, we per-
form an ablation study across three SMAC-Communication
scenarios. Specifically, to isolate the role of the two auxiliary
tasks introduced in M2I2, we evaluate two ablated variants:
one without the MAE module and another without the in-
verse model. As illustrated in Figure 3, removing the MAE
results in a noticeable performance drop, indicating that the
MAE-based masked state modeling is a fundamental compo-
nent of our approach. This outcome is expected, as the DRN
module was specifically introduced to enhance the masked
state modeling process. Moreover, the inverse model typi-
cally requires two consecutive states as input to predict the
intermediate action. However, under the CTDE paradigm,
global state information is not available during execution. To
address this limitation, our state modeling mechanism con-
structs latent state representations from the agents’ received
messages, thereby effectively capturing global information
during execution. Then, our inverse model leverages two rep-
resentations obtained through state modeling training as input.
Removing masked state modeling would render these latent
states meaningless for training, ultimately degrading overall
performance. Finally, to evaluate the contribution of the DRN
itself, we replace it with a naive random masking strategy.
We observe that this substitution causes performance to drop
in all three scenarios, confirming the importance of the DRN
component. Additionally, we provide fine-grained ablation
studies in the Appendix D, such as an analysis of the impact
of meta-learning on DRN.

Furthermore, to gain insight into how varying communi-
cation frequencies impact M2I2’s performance, we executed
an ablation study with communication rates set at 0.8, 0.6,
0.4. The findings, depicted in Figure 4, consistently show the
best performance at a communication rate of 0.6. This result
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suggests that an excessively high communication rate can
introduce redundant and misleading information, whereas too
low a rate may lead to critical information being overlooked.
Intriguingly, reducing information by 0.6 using DRN still out-
performs a random mask reduction of 0.4, underscoring the
DRN’s proficiency in discerning and prioritizing key infor-
mation. This delicate balance achieved by M2I2, efficiently
filtering out non-essential data while preserving crucial in-
formation, significantly enhances the overall communication
efficiency in complex multi-agent environments.

5.5 Generalization (RQ3)

Our previous experiments have conclusively shown M212’s
robust performance in a variety of environments, encompass-
ing scenarios with diverse complexities and scales. Building
on this, we extend our evaluation of M2I2 to assess its gener-
ality across various MARL baselines, including QMIX, VDN,
QPLEX, MAPPO and MADDPG. We present the test win
rates for the scenario lo_2r_vs_4r in Figure 5. Remarkably,
M212 demonstrates consistently superior performance across
all these baselines, often achieving a significant margin of
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Figure 5: Generalization for multiple MARL baseline.

improvement. This observation shows that M2I2 is effective
not only with off-policy algorithms but also with on-policy
approaches, and not only with Q-learning methods but also
with policy gradient methods, demonstrating M212’s broad
applicability and effectiveness within the MARL domain.

6 Conclusion

In this work, we delve into the complexities of multi-agent
information integration. We introduce M2I2, an approach
that incorporates two auxiliary tasks to enhance communica-
tion efficiency. We specifically design a MAE and an inverse
model. These elements play a crucial role in guiding the
processes of information integration, thereby significantly
enhancing the agents’ ability to navigate uncertain environ-
ments and dynamically adapt to their teammates. To substan-
tiate our claims, we conduct exhaustive experiments across
a multitude of benchmarks. The results from these tests not
only validate the effectiveness of M2I2 but also its efficiency
and adaptability in various multi-agent scenarios. These find-
ings highlight M2I2’s potential to significantly advance the
field of multi-agent communication. In future work, we plan
to delve deeper into which observations are being masked by
M212 and what kind of representations the model is learn-
ing. This enhanced understanding will help further refine the
model’s application and effectiveness.
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