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Abstract: Recommendation systems based on reviews generally use convolutional neural networks to identify
the semantics. However, due to the “invariance” of convolutional neural networks, that is, they only pay
attention to the existence of features and ignore the details of features. The pooling operation will also lose
some important information; In addition, using all the reviews as auxiliary information will not only not
improve the quality of semantics, but will be affected by the low-quality reviews, this will lead to inaccurate
recommendations. In order to solve the two problems mentioned above, this paper proposes a SACR (Self-
Attention Capsule network Rate prediction) model. SACR uses a self-attention capsule network that can retain
feature details to mine reviews, uses user and item ID to mark low-quality reviews, and merge the two
representations to predict the rate. This paper also improves the squeeze function of the capsule, which can
obtain more accurate high-level capsules. The experiments show that SACR has a significant improvement in
prediction accuracy compared to some classic models and the latest models.
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