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Abstract  In collaborative multi-agent system (MAS), the communication between agents dy-
namically changes due to mobility, interference, or bandwidth limitations, resulting in message
loss and network topology disconnection, which affects the efficiency of collaborative decision-
making. At the same time, traditional exploration strategies lack specificity, and intelligent a-
gents are prone to falling into local optima, unable to fully cover the environmental space. A col-
laborative multi-agent reinforcement learning method, Graph-based Reinforced Exploration Multi

Agent Reinforcement Learning (GREMARL), is proposed to address these challenges. This

Wk H . 2025-05-12; FE LR & AT H W1 :2025-10-28, AR 3 E K [ A FF= 342 (62376179,62176175) s 4k Bk 138 X H SR Bl 2% 4k
4:(2022D01A238) YLI8 A AL S 2B 1 TR ¥R B0 H (PAPD) . B EE L0500 A, P EIFRE L2 (CCP) 2 A, EETF5E G N
WREESR AL 2] NS . 2B Re R A3 3 . E-mail 120244027007 @stu. suda. edu. cn, X £ GBEEZ), W1, 2082, b HiH &L
2 (CCRERE L, T BRI IR E A2 A #EM . E-mail: quanliu@suda. edu. ecn, XUEEH 6+ 0F5 4, b EIT BN RS
(CCP £ Bt EEMF IO TR BE L% > 2R Beiksr k% 2] . R, LB 504 b BT 5 0L £ (CCP) & Bt 32 20 58 4588k T
EamfbaE g,



30

2
&

it B il

method combines Self-Motivated Exploration (SME) and Graph Neural Network (GNN) for
multi-agent communication. The SME module uses state action entropy increment as an intrinsic
reward signal to enable each agent to dynamically adjust exploration priority based on their curi-
osity about unknown areas of the environment. And the learnable weight parameters of SMEs are
adaptively attenuated, ensuring a greater emphasis on external environmental rewards in the later
stage, achieving a smooth transition from breadth exploration to depth utilization. The GNN
communication module is based on a dynamic graph convolutional network, which learns the dy-
namic evolution law of communication topology end-to-end through a temporal graph neural net-
work, ensuring that key information can quickly propagate along the optimal path at different
task stages, while redundant or secondary channels are automatically weakened. In order to veri-
fy the effectiveness of the GREMARL algorithm, experiments were conducted in the StarCraft
Multi Agent Challenge (SMAC) and Google Research Football (GRFootball) environments.
The experimental results showed that the average win rate of GREMARL in the SMAC complex
task environment reached 88. 8%, which was 16. 8% higher than the SOTA algorithm. By desig-
ning ablation experiments, the necessity of self excitation exploration and graph neural modeling
for GREMARL was verified from multiple aspects.

Keywords  deep reinforcement learning; multi-agent reinforcement learning; self-motivation;

multi-agent exploration; graph neural network
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Bk 2¢c vs Smvs 8myvs 10m vs
jm §m 64zg 6m 9m 11m
QMIX 0.91 0. 90 0. 68 0. 55 0. 94 0. 00
CW-QMIX 0. 86 0. 88 0. 88 0. 20 0.12 0. 20
QTRAN 0.75 0.72 0.00 0. 00 0.02 0. 00
RIT 0. 89 0. 88 0. 65 0.72 0.16 0. 33
UPDET 0. 87 0. 88 0.52 0.75 0.62 0.68
GREMARL 0. 94 0.93 0. 94 0. 80 0.97 0.75
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Bk 3 vs 1 with Counterattack pass and shoot
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QTRAN 0. 05 0.02 0.01
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Background

In real-world application scenarios, multi-agent systems
often face issues of limited communication and insufficient
exploration. To address these challenges, this paper propo-
ses a novel collaborative multi-agent reinforcement learning
framework that combines self-motivated multi-agent explora-
tion (Self-Motivated Exploration, SME) with graph neural
network-based (Graph Neural Network, GNN) multi-agent
communication methods. Specifically, the paper designs an
internal incentive mechanism to encourage agents to proac-
tively explore unknown areas and uses graph neural networks
to model the communication structure between agents,
thereby capturing dynamic interaction relationships and pro-
moting efficient information transmission. Experimental re-

sults show that GREMARL achieves an average win rate of

88.8% in complex SMAC environments, showcasing a sig-
nificant 16. 8% improvement over the suboptimal algorithm
UPDET. Through carefully designed ablation studies, this
paper has validated from multiple perspectives the necessity
of self-motivated exploration and graph neural network mod-
eling for GREMARL. This paper was supported by the Na-
Science Foundation of China (62376179,
62176175) ; The National Natural Science Foundation of Xinjiang
Uygur Autonomous Region (2022D01A238); and A Project

tional Natural

Funded by the Priority Academic Program Development of Jiang-
su Higher Education Institutions (PAPD). These projects aim to
enrich deep reinforcement learning theory and develop efficient
algorithms to significantly enhance their computational power and

applicability across diverse domains.



