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Abstract

This paper introduces the key techniques ,the current state of the research and the development tendency of

the reinforcement learning and its applications in the multi-agent system. The content includes: (1) the structure of

the reinforcement learning; (2) several representative reinforcement learning algorithms; (3) the applications and

problems adopting reinforcement learning algorithms in the multi-agent system. Finally,the challenge that will be

encountered when adopting reinforcement learning algorithms in the multi-agent system is discussed.
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