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Rating prediction recommendation system based on reviews
feature extraction and hidden factor model

LUO Xin-Tao'y, CHEN Li', WU Shao-Mei', WANG Hao®

(1. College of Computer Science, Sichuan University, Chengdu 610065, China;
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Abstract: Rating prediction is the core issue of the recommendation system research. It predicts the user’
s rating of the product through the user's historical behavior, and recommends the user's favorite prod-
uct based on the rating. The current recommendation system based on comment score prediction general-
ly only uses convolutional neural network to capture local features or recurrent neural network to cap-
ture global features, ignoring the effective fusion of these two types of features. Aiming at the existing
problems, this paper proposes a rating prediction recommendation model based on review feature extrac-
tion and hidden factor model, using adaptive receptive field convolutional neural network (CNN) to ex-
tract local features, and using gated recurrent unit (GRU) to extract global features. Fusion of different
features into embedded representations of reviews. Then combined with the hidden factor model (LLFM)
to model the user’s feature preference and the feature attributes of the product. Finally, the rating pre-
diction is made on the embedded representations of users and commodities. The experimental results
show that the model in this paper is higher than the existing baseline model on the five data sets.
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Tab. 3 Result of comparative experiment
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Tab. 4 Results of ablation experiment
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Fig. 4 Results of ablation experiment
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