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Overview on Multi-agent Reinforcement Learning

DU Wei' DING Shi-fei'**
(School of Computer Science and Technology,China University of Mining and Technology . Xuzhou,Jiangsu 221116, China)!

Laboratory of Intelligent Information Processing, Institute of Computing Technology,Chinese Academy of Sciences,Beijing 100190, China)?

Abstract Multi-agent system is a distributed computing technology, which can be used to solve problems in various
fields.including robot system, distributed decision-making. traffic control and business management. Multi-agent rein-
forcement learning is an important branch in the field of multi-agent system research. It applies reinforcement learning
technology and game theory to multi-agent systems, enabling multiple agents to complete more complicated tasks
through interaction and decision-making in higher-dimensional and dynamic real scenes. This paper reviewed the recent
research progress and development of multi-agent reinforcement learning. Firstly, the theoretical background of multi-
agent reinforcement learning was introduced, and the learning objectives and classical algorithms of multi-agent rein-
forcement learning proposed in the literature were reviewed, which are respectively applied to complete cooperation,
complete competition and more general (neither cooperation nor competition) tasks. Secondly.the latest development of
multi-agent reinforcement learning was summarized. With the maturity of deep learning technology in recent years,in
more and more complex realistic scene tasks, researchers use deep learning technology to automatically learn abstract
features of massive input data,and then use these data to optimize the decision-making of agents in reinforcement lear-
ning. Recently, researchers have combined deep learning and other technologies to improve and innovate algorithms in
different aspects,such as scalability,agent intent,incentive mechanism,and environmental framework. At the end of this
paper ,the prospect of the application of multi-agent reinforcement learning were summarized. Multi-agent reinforcement
learning has made good progress in the fields of robot system,man-machine game and autonomous driving,and will be
applied in the fields of resource management,transportation system.medical treatment and finance in the future.
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Fig. 1 Basic framework of reinforcement learning
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