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Survey on Multi-agent Reinforcement Learning for Control and Decision-making
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Abstract Reinforcement learning, as an important method in artificial intelligence, has been widely used to solve
complex control and decision-making problems and has shown great potential in various fields. Recently, multi-
agent reinforcement learning has evolved from single-agent decision-making to multi-agent cooperation and competi-
tion, forming a research hotspot in the field. Multi-agent systems consist of multiple entities with autonomous per-
ception and decision-making capabilities, which hold promise for solving large-scale complex problems that tradi-
tional single-agent methods struggle to address. Multi-agent reinforcement learning must not only account for the
dynamic nature of the environment, but also deal with uncertainties in the strategies of other agents, adding com-
plexity to the learning and decision-making processes. This paper reviews the research on multi-agent reinforcement
learning in the fields of control and decision-making, analyzes the major problems and challenges, summarizes exist-
ing results and advances from the perspectives of control theory and decision-making, and looks forward to future
research directions. Through this survey, the paper aims to provide valuable references and insights for future re-
search in multi-agent reinforcement learning.
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Fig.1  Multi-agent reinforcement learning control
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JjEP;
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1
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B35, FIRZ R BEIR R G s — B R
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FETFH %L (27), 15 B) Leibniz 2 s0R &AL 1
JEH AT A5 AN (2). HET, 2 NEA
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SRTTANF TSRS, ST B #2286
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Fig.2  Multi-agent reinforcement learning
cooperative control
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Fig.3  Multi-agent reinforcement learning
decision-making
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