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recommendation technology can take into account the individual
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the @Rercise path for them. In this paper, the research work on personalized exercise
iewed. First of all, from the perspective of recommendation methods, the global
ion and local iterative exercise path recommendation methods are introduced, and the
o types of recommendation methods are summarized. Then, from the perspective of

widely used in the current personalized exercise path recommendation work, five methods

are introduced, which are based on collaborative filtering, cognitive diagnosis, knowledge tracking, in-depth learning and

reinforcement learning. Finally, current research difficulties in this field are discussed, and the future research directions are

prospected.
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2 MM S B ES 1R SR (Types of personalized
exercise path recommendation methods)
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Fig.1 Recommendation process of personalized exercise path
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Fig.2 Global optimal path recommendation
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main algorithm used for personalized exercise
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