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Abstract  Multi-agent systems are widely used in many practical fields, including robotics, distributed
control, and multiplayer games. Many complex tasks in these fields can not be solved by predefined agent
behaviors , and communication based mulii-agent reinforcement learning ( MARL) technology is one of the
effective methods to deal with these challenges. There are two core research issues in this field: 1) How to
establish an effective multi-agent communication mechanism to improve the overall performance of the multi-
agent system; 2) In the scenario under limited bandwidth , how to design an efficient communication sched-
ule to compress redundant information in the communication process. The literature is summarized for deal-
ing with these two core issues and some representative works are focused , then its application prospects in the
aerospace field is presented, and finally the points of this research are shown.
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