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[ Abstract] To make full use of the structural features of user historical behavior data and improve the effect of personalized video
recommendation, a personalized video recommendation method based on multi—-modal feature fusion is proposed. The word vector
features of the video were extracted by applying the Word—to—Vector, so that the video data was mapped from high—dimensional
space to low—dimensional dense space. Then the video image features and text features are extracted. Then the video image features
and the text features were extracted and merged with structural features. The model is trained by these merged features. The
recommendation model has both the learning ability in continuous features and the generalization ability in combination of high—order
features by fusing the LightGBM and DeepFM model. The proposed method can better excavate the user preferences by learning the
hidden features of user sequences and improve the accuracy of recommendation.
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Fig. 1 Distribution of user visits
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Fig. 2 Video daily exposure and click—through rate distribution
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Fig. 3  Video hourly average exposure and click — through rate
distribution
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