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Hybrid Recommender System Based on Attention Mechanisms and Gating Network

GUO Liang, YANG Xing-yao, YU Jiong, HAN Chen and HUANG Zhong-hao

School of Software, Xinjiang University, Urumqi 830008 ,China

Abstract Combining user reviews with user ratings to improve the performance of recommender system is the current main-
stream research direction of recommender system. However, when user review data is sparse, the performance of most existing
recommender systems will degrade to a certain extent. To solve this problem,this paper proposes a hybrid recommendation sys-
tem (AMGNRS) , which combines attention mechanism and gating networking based recommendation system. It use auxiliary
comments generated by like-minded users to alleviate the sparsity of user comments. Firstly,a variety of mixed attention mecha-
nism are combined to impove the feature extracting efficiency of user comments and grading. Then features are extracted by adap-
tive fusion of gated network,and features most relevant to user preference are selected. Finally, the higher order linear interaction
of the neural factorization machine is used to derive the score prediction. By comparing the model with the current model with ex-
cellent performance on three real data sets,the results show that the problem of data sparsity is significantly alleviated and the
effectiveness of the model is verified.

Keywords Recommender system, Attention mechanism.Gated network,Semantic information, Collaborative filtering
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