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A Review of Robot Manipulation Skills Learning Methods

LIU Nai-Jun' 2 LU Tao"? CAI Ying-Hao"? WANG Shuo!» %3

Abstract Designing a robot manipulation skill learning system with autonomous reasoning and learning ability has
gradually become an important branch of robotics research field in combination with artificial intelligence and robotics
technology. In this paper, the main methods and the latest research results of robot manipulation skills learning methods
are introduced. We divide the learning methods into three categories, namely reinforcement learning approach, demon-
stration learning approach, and few data learning approach. Achievements of the robot manipulation skills learning areas

based on these methods are discussed thoroughly. Finally, the future research directions are listed.
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