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Abstract: Imitation Learning (IL) has always been a research hotspot in the field of artificial intelligence. Imitation learning
is a kind of method that reconstructs desired policies based on expert demonstrations. This method has been combined
with methods such as reinforcement learning in theoretical research, and has achieved important results. In practical appli-
cations, especially in the complex environment of robots and other agents, imitation learning has achieved good results.
This paper elaborates the research and application of imitation learning about robotics. Firstly, theoretical knowledge related
to imitation learning is introduced. Secondly, two main methods of imitation learning are studied: Behavioral Cloning
(BC) method and Inverse Reinforcement Learning (IRL) method. Thirdly, the successful applications of imitation learning
are summarized. Finally, it is necessary to summarize the current problems and challenges and look forward to the future
development trend.
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