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Abstract:l Purposes]In recent years, multi—agent systems (MAS) have achieved extensive appli-
cations across various domains, particularly in industrial control and automation. However, in partial
observability environments, MAS face non—stationarity challenges caused by information incomplete-
ness and dynamic policy interactions, leading to inefficient cooperation and learning convergence diffi-
culties. In this paper, a bidirectional communication-based sequential decision-making model for
multi—agent systems is proposed to address these issues through serialized decision processes and bidi-
rectional information exchange. [Methods] First, traditional parallel decision-making was trans-
formed into a sequential process where agents make decisions successively to reduce policy conflicts.
Second, a bidirectional communication module was designed, which integrates forward action inten-

tion propagation with reverse attention—driven observation extraction to enhance global perception ca-
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pabilities. Additionally, a decision scheduling module was introduced to dynamically evaluate agent

state values for optimizing decision sequences. Experiments were conducted in the StarCraft Multi—

Agent Challenge and Google Research Football environments, covering heterogeneous, homoge-

neous, and complex adversarial scenarios. [Results] Results demonstrate that the proposed method

significantly outperforms baseline algorithms in win rate and convergence speed, and ablation studies

validate the effectiveness of both bidirectional communication and decision scheduling modules.

Keywords: multi-agent reinforcement learning; non-stationarity problem; sequential decision—

making architecture; bidirectional communication
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Table 1 SMAC experimental environments

Name Ally Units Enemy Units Type Name
2c_vs_64zg 2 Colossi 64 Zerglings micro—trick: positioning 2c_vs_64zg
3s5z_vs_3s6z 3 Stalkers &. 5 Zealots 3 Stalkers &. 6 Zealots heterogeneous&.asymmetric 3sbz_vs_3s6z
3s_vs_5z 3 Stalkers 5 Zealots micro—trick: kiting 3s_vs_5z
5m_vs_6m 5 Marines 6 Marines homogeneous &. asymmetric 5m_vs_6m
6h_vs_8z 6 Hydralisks 8 Zealots micro—trick : focus fire 6h_vs_8z
8m _vs_9m 8 Marines 9 Marines homogeneous &. asymmetric 8m _vs_9m
corridor 6 Zealots 24 Zerglings micro—trick: wall off corridor
MMM?2 1 Medivac, 2 Marauders & 7 Marines ! Medivagcl,v[?;arl\i/ll]aer:uders & heterogeneous &. asymmetric MMM?2
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