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Abstract

At the same time as the rapid development of digital music, people are moving from the era of lack
of music to the era of music overload. More and more users are hoping to get their current favorite
recommendations from a wide variety of music when using digital music. Unlike other product
recommendations, the consumption of music is highly correlated with the user’s mood. In re-
sponse to these problems, a music recommendation method combining facial expressions and so-
cial networks is proposed. The method uses social network historical behavior analysis to estab-
lish a user knowledge model, and then uses the current facial recognition technology to combine
the user’s facial expression to determine the user’s current mood. Based on the existing music
recommendation method, the emotion classification and the recommendation result in accor-
dance with the user’s emotion are added or filtered. The experimental results show that emotional
factors have an impact on music preferences. The proposed music context recommendation me-
thod combining facial expressions and social networks is slightly better and more stable than
other recommendation methods based on content recommendation or collaborative filtering. It
has a better practical application result.
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Figure 1. User knowledge model
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Figure 2. Third-order tensor tucker decomposition model
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Figure 3. Convolutional neural network structure
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