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Abstract; The sparsity of user rating data is one of the main factors affecting recommendation quality. A deep learning model combining
rating data and comment text is proposed to mitigate the impact of rating data sparsity by introducing auxiliary information. The review
text can be used to obtain the user’ s preference information and item characteristics,and the rating data contains the potential association
between the user and the item. Most of the existing fusion models deal with rating data by using matrix factorization methods. In order to
make better use of the effective information in the rating data,the convolutional neural network is used to process the comment text,and
the attention mechanism is introduced to extract the representative comments from the comment information, so as to better characterize
the user preferences and project characteristics. The deep neural network is used to process the score data to extract the deep features
which are fused to predict the user’ s score on the item. It is verified on the Amazon data set with the mean square error (MSE) as the e-
valuation index. The results show that the proposed model is better than many excellent baseline models.
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