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Abstract

The calculation of similarity is the core content of the recommendation algorithm, and the appro-
priate similarity calculation method has an important influence on the recommendation effect of
the recommendation algorithm. This paper summarizes the similarity calculation methods com-
monly used in the recommendation algorithm, and compares and analyzes the limitations and
characteristics of these similarity calculation methods, and finally summarizes the improvement
of similarity calculation methods.
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Table 1. Comparison of similarity calculation methods
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Table 2. Comparison between ItemCF-1UF algorithm and temCF algorithm in MovieLens data set
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