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Abstract

Recommendation method is a popular research technology to solve the problem of “information
overload”. Traditional recommendation methods have problems such as data sparse and cold
start in music, video, news and other fields. Deep learning can be integrated into the recommen-
dation method to effectively solve the above problems. This paper analyzes the application of tra-
ditional recommendation methods in music, video, news and other fields, focuses on the recom-
mendation methods in music and video fields based on deep learning, and finally summarizes and
prospects the recommendation methods based on deep learning.
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Figure 1. Recommendation system architecture based on deep learning
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