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Abstract: Recommendation system (RS) was introduced because of a lot of information. Due to the diversity,
complexity, and sparseness of data, traditional recommendation system can not solve the current problem well.
Graph neural network (GNN) can extract and represent the features from edges and nodes data in the graphs and has
inherent advantages in processing the graphs structure data, so it flourishes in recommendation system. This paper
sorts out the main references of graph neural network in recommendation system in recent years, focuses on the two
perspectives of method and problem, and systematically reviews graph neural network in recommendation system.
Firstly, from the method level, five graph neural networks of the recommendation system are elaborated, including
the graph convolutional network in the recommendation system, graph attention network in the recommendation
system, graph autoencoder in the recommendation system, graph generation network in the recommendation system
and graph spatial-temporal network in the recommendation system. Secondly, from the perspective of problem
similarity, six major problem types are summarized: sequence recommendation, social recommendation, cross-

domain recommendation, multi-behavior recommendation, bundle recommendation, and session-based recommen-
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dation. Finally, based on the analysis and summary of the existing methods, this paper points out the main difficu-

Ities in the current research on graph neural network in recommendation system, proposes the corresponding issues

that can be investigated, and looks forward to the future research directions on this topic.
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Fig.1 Recommendation system classification
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Fig.2 Taxonomy of graph neural network-based

recommendation system
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Fig.3 Principle diagram of graph convolution networks
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