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Abstract. Keywords:
Modeling interaction structure is essential for scalable
coordination in cooperative decision systems. This work explores  Graph attention networks;

a graph attention-based reinforcement learning approach in which Reinforcement learning;
agents are represented as nodes and communication dependencies — Multi-agent systems, Actor-
are encoded as dynamic edges. Policy updates are performed critic; Coordination

using actor-critic learning combined with graph attention
networks (GAT) to capture context-aware influence among agents.
The model is evaluated on 8,500 collaborative decision instances
derived from logistics routing and distributed resource allocation
tasks. Compared with fully connected communication baselines,
the proposed framework achieves a 21.7% improvement in task
efficiency and reduces communication overhead by 18.3%.
Moreover, performance gains remain stable as the number of
agents increases from 5 to 20, demonstrating improved scalability.
These results highlight the importance of structured interaction
modeling in reinforcement-driven coordination systems.

INTRODUCTION

Cooperative decision networks are increasingly used in logistics routing, distributed resource
allocation, and networked control, where multiple agents must coordinate under uncertainty and
changing operating conditions. Reinforcement learning (RL) has attracted substantial attention in
these settings because it can learn decision policies directly from interaction and adapt to dynamic
environments without relying on hand-crafted coordination rules. Recent studies indicate that
multi-agent reinforcement learning (MARL) can improve collaborative performance in
transportation systems, communication networks, and resource management tasks, particularly
when decision quality depends on continuous interaction among multiple agents [1]. This
advantage is especially relevant in complex decision processes that require structured information
exchange and adaptive inference over multiple steps, where efficient coordination depends not
only on local action selection but also on how agents organize and interpret shared information
[2]. Even so, existing MARL methods still face persistent difficulties in scalability, communication
cost, and performance stability as the number of agents grows [3]. These limitations become more
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serious in large cooperative systems, where dense interaction may overwhelm the learning process
and weaken the practical value of coordination models. A major limitation of many early MARL
approaches is their reliance on centralized training or shared global information. Although such
designs often improve coordination during training, they usually assume that all agents can
communicate with one another continuously. This assumption is difficult to satisfy in large-scale
systems, where unrestricted communication increases transmission cost, introduces redundant
information, and may even reduce learning efficiency by obscuring the most useful interaction
signals [4,5]. As a result, recent work has shifted toward learning communication structure, in
which agents decide what information should be exchanged and with whom, according to task
requirements and local context [6,7]. This direction reflects an important change in perspective:
communication is no longer treated as a fixed background mechanism, but as part of the decision
process itself. For cooperative systems operating in uncertain and distributed environments, the
ability to form selective interaction patterns is often as important as the ability to optimize actions.
Graph-based methods provide a natural framework for modeling such structured interaction. In
these approaches, agents are represented as nodes and their relationships are encoded as edges,
allowing the model to focus on localized dependencies rather than unrestricted global
communication. This representation is well suited to cooperative decision networks because real
interaction structures are often sparse, time-varying, and dependent on task context. Recent studies
show that graph neural networks can improve coordination efficiency while reducing unnecessary
communication overhead [8,9]. Learnable communication graphs have been shown to outperform
fixed interaction structures, while hierarchical graph-based designs can preserve coordination
quality as the number of agents increases [10,11]. Related findings also suggest that graph-based
MARL is particularly effective in large-scale systems where communication resources are limited
and the relevance of neighboring agents changes over time [12]. These results support the view
that structured interaction is not simply a computational convenience, but a key mechanism for
scalable coordination. Attention mechanisms further strengthen graph-based coordination models
by enabling agents to assign different weights to different neighbors. In cooperative tasks, the
value of incoming information is rarely uniform. Some neighboring agents provide highly relevant
signals for current decisions, whereas others contribute little and may even introduce noise.
Attention-based communication helps the model distinguish critical interactions from less
informative ones, thereby improving both efficiency and decision quality [13]. Recent work has
shown that attention mechanisms are useful for handling partial observations, adaptive
communication, and higher-level interaction patterns in cooperative multi-agent environments
[14,15]. By combining graph structure with attention-based weighting, the model can capture both
who should interact and how much each interaction matters under a given task state. This is
particularly important for large decision networks, where the quality of coordination increasingly
depends on selective information filtering rather than unrestricted message passing. Graph-
enhanced reinforcement learning has already been applied to a range of practical problems,
including vehicle routing, structured multi-agent coordination, robust decision-making under
system changes, and large-scale resource allocation [16,17]. These studies demonstrate that
structured interaction can improve coordination effectiveness in realistic application settings.
However, most existing work remains focused on a single domain or a narrow class of tasks, which
limits the broader understanding of how graph-based communication behaves across
heterogeneous environments. In many cases, reported improvements are tied closely to a specific
scenario design, making it difficult to determine whether the same interaction mechanism remains
effective when task structure, agent density, or communication demand changes substantially. As
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a result, the general value of graph-attention coordination for cooperative decision networks has
not yet been fully established. Despite recent progress, several important gaps remain. Many
existing methods still rely on fixed or densely connected communication structures, which do not
match real systems where interactions are sparse, selective, and continuously changing.
Experimental evaluation is also often confined to limited task settings, reducing confidence in
cross-domain generalization. In addition, communication overhead and scalability are not always
examined in sufficient detail, even though these factors directly affect whether a method can be
deployed in larger cooperative systems. Another limitation is that many empirical studies involve
only a small number of agents, leaving open the question of how coordination quality changes
when system size increases and interaction patterns become more complex [18]. These issues
indicate that a more adaptive and scalable communication framework is needed, one that can
preserve coordination quality while controlling the cost of information exchange. This study
addresses these issues by developing a graph attention reinforcement learning framework for
structured interaction in cooperative decision networks. In the proposed framework, agents are
modeled as nodes and their communication links are represented as dynamic edges that change
with the task state. A graph attention network is integrated with an actor-critic learning scheme to
capture context-dependent interaction among agents and to strengthen selective communication
during decision-making. This design allows the model to focus on useful coordination signals
while reducing unnecessary information exchange, thereby improving both efficiency and
robustness in large multi-agent environments. The purpose of this study is to examine whether
structured interaction can provide a more effective basis for scalable coordination in cooperative
decision systems. The framework is evaluated on 8,500 decision tasks drawn from logistics routing
and resource allocation domains, with particular attention to task efficiency, communication
overhead, and performance stability as the number of agents increases. The significance of this
work lies in showing how graph-based representation and attention-guided interaction can be
combined within reinforcement learning to support more efficient coordination under sparse and
dynamic communication conditions. By moving beyond dense communication assumptions and
single-scenario validation, this study aims to provide stronger empirical evidence for scalable
cooperative decision modeling and to contribute a practical interaction mechanism for
reinforcement-driven multi-agent systems operating in complex real-world environments.
2.Materials and Methods

2.1. Samples and Study Scope

The experiments were carried out on 8,500 cooperative decision cases from two task domains:
logistics routing and distributed resource allocation. Each case included a set of agents, a state
description, an action space, and task constraints. In routing tasks, agents represented delivery
units working on networks with changing demand, travel cost, and time limits. In resource
allocation tasks, agents handled limited resources under competing requests and deadline
constraints. The number of agents ranged from 5 to 20 so that model performance could be tested
under different system sizes. All cases were generated in controlled simulation environments to
cover different network forms, constraint levels, and interaction patterns. The full dataset was
divided into training, validation, and test sets, and no case appeared in more than one set.

2.2. Experimental Design and Baseline Settings

The proposed method combined a graph attention network with an actor-critic reinforcement
learning framework. Its performance was compared with two baseline methods. The first baseline
used full communication, where each agent exchanged information with all other agents at every
step. The second baseline used a fixed graph, where the communication links were set in advance
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and did not change during training. All methods used the same network size, learning rate, and
training length to keep the comparison fair. The experiments focused on three aspects: task
efficiency, communication cost, and performance stability under different numbers of agents. Each
setting was repeated with several random seeds, and the final results were averaged across runs.
2.3. Measurement and Quality Control

Model performance was evaluated with three measures. Task efficiency was calculated by the
average reward in each episode. Communication cost was measured by the average number of
active links used during one decision step. Scalability was examined by tracking how performance
changed as the number of agents increased. To improve result reliability, each experiment was
repeated five times with different initial settings. Mean values and standard deviations were
reported for all measures. Unstable runs were screened with the interquartile range rule. Key
hyperparameters, including learning rate, batch size, and discount factor, were selected on the
validation set and then kept unchanged in all test experiments. Training quality was checked by
monitoring reward curves and policy update behavior throughout the learning process.

2.4. Data Processing and Model Formulation

All input features were normalized before training so that variables from different tasks had a
similar scale. Agent states were encoded as node features, and communication relations were
written as an adjacency matrix. The graph attention layer assigned a weight to each connected
neighbor according to

exp (LeakyReLU(aT [Wh; | Whj]))

! Yien exp(LeakyReLU(a[Wh; | Why]))
where h; and h; are the features of agents i and j, W is the projection matrix, a is a learnable vector,
and N(i) is the neighbor set of agent i. Policy learning followed the actor-critic objective

L,=E [log T (at|5t);‘:t]
where 7(ays,) is the policy output and A, is the estimated advantage at step t. The value branch was
trained by minimizing the mean squared error between predicted returns and target returns.
2.5. Implementation and Evaluation Procedure
The model was built on a graph-based actor-critic structure with shared parameters across agents.
Training used mini-batch updates over multiple episodes. At each step, agents exchanged
information through the attention layer, and the communication graph was updated according to
the learned attention scores. In the test stage, the model was evaluated on unseen cases with
different network structures and different numbers of agents. Performance was measured both
before extra updates and after a small number of adaptation steps. All methods were trained and
tested under the same hardware and software settings to avoid differences caused by the computing
environment. Final results were reported as mean values with standard deviations over repeated
runs.
3.Results and Discussion
3.1. Overall task performance
The proposed graph attention reinforcement learning method achieved higher performance than
the baseline methods in both logistics routing and resource allocation tasks. Compared with the
fully connected communication setting, task efficiency increased by 21.7%. This result shows that
the model can focus on useful interactions instead of using all communication links. As shown in
Fig.1, the proposed method kept better performance across both domains, which indicates that the
improvement is stable rather than limited to a small number of cases. Previous studies also reported

o
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that graph-based methods can improve coordination, but many of them were tested on simpler
environments [19,20]. The present results extend this finding to more complex decision tasks.
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Figure 1Performance comparison across methods, showing task efficiency in routing and resource allocation tasks.

3.2. Communication cost and efficiency

The proposed method also reduced communication cost by 18.3%. This means that fewer
communication links were used while task performance still improved. In cooperative systems,
full communication often leads to repeated or unnecessary information exchange. The graph
attention mechanism reduces this problem by assigning higher weights to important neighbors and
lower weights to less useful ones. As shown in Fig.2, this advantage becomes clearer as the system
grows. This result supports the idea that structured and selective communication is more effective
than full communication in large systems. Similar observations have been reported in recent graph-
based reinforcement learning studies [21,22].
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Figure 2Comparison of communication cost, measured by the number of active links used during decision steps across
different system sizes.

3.3. Scalability with increasing agents

The model remained stable when the number of agents increased from 5 to 20. The proposed
method kept its performance level, while the fully connected baseline showed a clear decrease.
This result indicates that structured interaction helps control the increase in communication
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complexity. In full communication settings, the number of connections grows quickly with the

number of agents, which can affect learning and decision quality. In contrast, the attention-based

graph keeps only the most useful connections. Previous work also showed that graph-based
methods can improve scalability, but most studies used smaller systems [23,24]. The current
results show that this advantage remains in larger and more complex settings.

3.4. Comparison and practical implications

Compared with previous studies, this work has two main advantages. First, it tests the method on

two different task domains, which provides a broader evaluation. Many earlier studies focus on a

single type of problem, such as routing or simulation benchmarks. Second, this study examines

both task performance and communication cost, which gives a more complete view of model
behavior. The results suggest that graph attention is useful for improving both efficiency and
scalability in cooperative systems. However, some limitations remain. The experiments were
conducted in simulated environments, and all agents used the same model structure. Real systems
may have more complex conditions, such as delayed communication or different agent roles.

Future work should test the method in real-world settings and consider more flexible model

designs.

4.Conclusion

This study investigated a graph attention reinforcement learning method for structured interaction

in cooperative decision networks. The framework combined a graph attention mechanism with an

actor—critic learning scheme to model how agents share information during decision making. The
results showed higher task efficiency, lower communication cost, and stable performance as the
number of agents increased. These findings suggest that selective interaction can improve

coordination while reducing unnecessary communication. The main contribution is the use of a

graph-based interaction model to support scalable learning in multi-agent systems, together with

an evaluation on routing and resource allocation tasks. The method can be applied to systems
where many agents operate with limited communication, such as logistics networks and distributed
resource management. However, the experiments were conducted in simulated environments, and
all agents used the same model structure, which may limit performance in more complex settings.

Future work should include tests in real systems and explore model designs that can better handle

heterogeneous agents and changing communication patterns.
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