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A robust and efficient improved multi-agent deep deterministic policy
gradient algorithm

JIANG Jia-hao, CHEN Shi-ming', ZHANG Zheng
(College of Electrical and Automation Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract: Multi-agent reinforcement learning is a key technology for solving complex collaborative decision-making
problems, yet efficient coordination among agents and robust exploration remain core challenges. Existing algorithms,
such as MADDPQG, typically employ a flattened information aggregation approach when handling inter-agent
relationships, neglecting their inherent topological structure. Simultaneously, their exploration mechanisms are often
fixed or globally adjusted, failing to adapt to dynamic state changes. To address these challenges, this paper proposes a
graph attention network-based, state-adaptive maximum entropy multi-agent deep deterministic policy gradient
algorithm (GSA-MADDPG). This algorithm explicitly models agent interactions using a graph attention network,
generating more expressive state representations to enhance collaboration. Furthermore, we introduce a maximum
entropy framework and design a state-dependent temperature coefficient that dynamically adjusts the weight of policy
entropy based on current state uncertainty, enabling intelligent exploration-exploitation balance. Experimental results in
multi-agent simulation environments demonstrate that GSA-MADDPG outperforms baseline methods (MADDPG and
MASAC) in both learning efficiency and final collaborative performance.

Keywords: multi-agent systems; Reinforcement learning; Maximum entropy; State-dependent temperature
coefficients; Exploration-exploitation; Graph attention networks
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