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Abstract  Multi-agent reinforcement learning (MARL) extends reinforcement learning to interactive
multi-agent systems (MAS), providing a common modeling and solving paradigm for many real-world
situations, enabling agents to learn and update their strategies in the process of interacting with
the environment and other agents. Through the continuous interaction and policy iteration be-

tween agents, MARL gradually adapts to the influence of allies’ policy evolution. MARL can
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model high-dimensional, non-stationary and partially observable environments. In recent years,
MARL make significant progress in the fields of game Al, autonomous driving, UAVs, power
grid control and embodied AI. However, the increasing number of agents leads to an exponential
state space expansion and complexity of agents’ environmental sensory information in MAS. Ev-
ery agent needs to decode allies” communication and fuse multi-source observations while keeping
its own state. Thus, it is still a key challenge to extract useful information and make decisions in
complex environments. Existing methods often consider allies” observations deterministic inputs
and use unified or grouped encoding methods, which can not describe the uncertainty of allies’
behavior intentions. This makes it difficult for agents to reason and respond to allies’ behavior
intentions., limiting the agents’ policy updating efficiency. In this paper, we propose a Variation-
al Information Aggregation (VIA) module, which improves the agents’ ability to perceive and u-
tilize allies” behavior intentions. VIA divides the state space into three subsets according to the
information source: the own-information subset, representing the agent’s own state; the ally-in-
formation subset, representing the state of the surrounding allies; and the other-information sub-
set, representing the state of enemies or other entities. Each information subset is processed by
independent encoding to obtain the corresponding embedding. VIA integrates the own-informa-
tion subset and other-information subset into the agent’s own state. Subsequently, VIA models
these states together with the ally-information subset as a Gaussian distribution. By using varia-
tional inference and the reparameterization trick, VIA explicitly models the uncertainty of allies’
behavior intentions. We also propose a collaborative intention-action semantic regularization
which include agent modeling regularization and mutual information regularization. Extensive ex-
periments on benchmarks with different difficulty levels verify the effectiveness of VIA. With
high compatibility and low training cost, VIA provides an efficient solution for promoting multi-
agent collaboration. Compared with the baseline, the integrated VIA method not only increases
the average test win rate by 30%, but also reduces the training time required to achieve the same
win rate by up to 60%.

Keywords  multi-agent reinforcement learning; information aggregation; mutual information;

variational inference; agent modeling
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Background

Multi-Agent Reinforcement Learning (MARL) enables
multiple agents to independently learn policies from a com-
mon environment by interacting with it for a particular goal.
To tackle this problem, each agent must not merely optimize
its own decisions based on local observations, but also take
into account the non-stationarity caused by the policies of al-
lies. Significant traction has been gained for MARL in com-
plex fields. Nevertheless, correctly reasoning about allies’
behavioral intentions presents a major obstacle for agents.
Existing methods are either using one neural network that
encodes the complete observation or using unified encoding
modules for different information subsets, so that distinct
modeling is enabled. However, these methods generally cap-
ture and aggregate allies’ observations as deterministic in-
puts, failing to capture uncertainty and diversity of their be-
haviors.

In this paper, we propose a module, Variational Infor-

mation Aggregation ( VIA), that enables agents to better
perceive and utilize the collaborative intents of allies. VIA
learns a probabilistic model of the agent’s state and its allies’
observations, and samples from the model to explicitly repre-
sent the uncertainty in the allies’ intentions. Then, we pro-
pose a collaboration-intent-action semantic regularization
mechanism to improve the accuracy of predictions of allies’
behavior. The experimental results indicate that VIA im-
proves prediction accuracy by modeling uncertainty in allies’
behavioral intentions explicitly and achieves performance
comparable to baselines while significantly reducing training
time,
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