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Review of Research on Agent Training Methods Toward Human-Agent Collaboration

HUANG Weiye,.CHEN Xiliang and LLAI Jun

College of Command and Control Engineering, Army Engineering University of PLA,Nanjing 210007, China
Abstract Human-agent collaboration has received widespread attention in recent years,and multi-agent reinforcement learning
has demonstrated significant advantages and application potential in the field of human-agent collaboration. This paper first intro-
duces the basic concepts and important models of multi-agent reinforcement learning,and analyzes the advantages of multi-agent
reinforcement learning in human-agent collaborative tasks,and introduces human-agent collaboration in three types. Secondly, it
explores three training paradigms of multi-agent reinforcement learning,including centralized training and centralized execution,
decentralized training and decentralized execution,and centralized training and decentralized execution,as well as the applicable
scenarios for each training paradigm. Then,in response to the problems faced by agent training methods for human-agent collabo-
ration,such as poor generalization ability,lack of diversity in training partners and inability to better adapt to human partners, it
summarizes the research progress on agent training methods for human-agent collaboration from the perspective of whether hu-
man data is used or not. Finally.it discusses the application scenarios and future development trends of human-agent collabora-

tion, proposes possible solutions and research directions.

Keywords Artificial intelligence, Multi-agent reinforcement learning, Human-agent collaboration,Zero-shot coordination
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Table 1 Comparison of three types of human-agent collaboration
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