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Robot Performance Teaching Demonstration System Based on Imitation Learning
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Abstract In recent years,imitation learning has been widely applied in the field of robotics,demonstrating significant potential.
At the same time, the application of intelligent systems in the field of education is becoming more and more diversified, and the
reasonable application of robots in teaching can improve the teaching effect. If robots can instruct certain professional skills,such
as playing musical instruments,it could offer significant convenience for both students and human teachers. Imitation learning is
particularly suitable for highly specialized and technically demanding tasks,such as violin performance. However, the introduction
of expert demonstrations into the process of dynamic movement primitives(DMP) , especially regarding the ambiguity issues like
uncertainties in string-changing angles, poses a prominent challenge. Traditional methods of measuring string-changing angles,
such as physical measurements,exhibit substantial errors and lack generalization. To address this issue,a new model named fuzzy
dynamic movement primitive for teaching (T-FDMP) is proposed. The model is constructed based on Type-2 fuzzy model and
principal component analysis(PCA). It utilizes the features obtained from principal component analysis (PCA) . specifically the
bowing angle,as input for the membership functions(string angles) and simultaneously builds a professional-level music perfor-
mance behavior database. Bionic experimental results demonstrate that our T-FDMP model can precisely control the robot for vio-
lin performance. Furthermore,it opens up new resecarch directions for imitation learning in other highly specialized and technical
domains.

Keywords Imitation learning,Robot control, Type-2 fuzzy model,Smart education, Dynamic movement primitives
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