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Abstract Multi-aircraft cooperation is the key part of air combat, and how to deal with the complex cooperation
relationship between multi-entities is the essential problem to be solved urgently. In order to solve the problem
of intelligent decision-making in multi-aircraft cooperative air combat, a deep-reinforcement-learning-based multi-
aircraft cooperative air combat decision framework (DRL-MACACDF) is proposed in this paper. Based on proximal
policy optimization (PPO), four algorithm enhancement mechanisms are designed to improve the synergistic degree
of agents in multi-aircraft cooperative confrontation scenarios. The feasibility and practicability of the method are
verified by the simulation on the wargame platform, and the interpretable review analysis of the antagonistic pro-
cess data is carried out, and the cross research direction of the combination of reinforcement learning and tradition-
al wargame deduction is discussed.
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Fig.2  Multi-aircraft collaborative air combat decision framework
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