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Review of recommendation system

YU Meng, HE Wentao, ZHOU Xuchuan®, CUI Mengtian, WU Keqi, ZHOU Wenjie
(The Key Laboratory for Computer Systems of State Ethnic Affairs Commission (Southwest Minzu University), Chengdu Sichuan 610041, China)

Abstract: With the continuous development of network applications, network resources are growing exponentially and
information overload is becoming increasingly serious, so how to efficiently obtain the resources that meet the user needs has
become one of the problems that bothering people. Recommendation system can effectively filter mass information and
recommend the resources that meet the users needs. The research status of the recommendation system was introduced in
detail, including three traditional recommendation methods of content-based recommendation, collaborative filtering
recommendation and hybrid recommendation, and the research progress of four common deep learning recommendation
models based on Convolutional Neural Network (CNN) , Deep Neural Network (DNN), Recurrent Neural Network (RNN)
and Graph Neural Network (GNN) were analyzed in focus. The commonly used datasets in recommendation field were
summarized, and the differences between the traditional recommendation algorithms and the deep learning-based
recommendation algorithms were analyzed and compared. Finally, the representative recommendation models in practical
applications were summarized, and the challenges and the future research directions of recommendation system were
discussed.

Key words: recommendation algorithm; collaborative filtering; deep learning; Convolutional Neural Network (CNN);
Deep Neural Network (DNN); Recurrent Neural Network (RNN); Graph Neural Network (GNN)
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Fig. 1 Classification of traditional recommendation systems
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Fig. 9 Social recommendation model via dynamic graph attention network
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Fig. 11  Session-based graph convolutional neural network

recommendation framework
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Tab. 3 Comparison of improvement directions of deep learning in different recommendation fields
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Tab. 4  Summarization and statistics of commonly used open datasets
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