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GPUI. A graph neural network for recommendation system based on
propagation of user behavior and item knowledge
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Abstract; Collaborative filtering algorithm has the problems of data sparsity and cold start. Current recommender systems generally
introduce knowledge graph (KG) to alleviate the defects. However, these KG—aware recommendation methods solely focus on
constructing feature representation of users and items through KG, ignoring the effective utilization of user interactive information.
This paper proposes a recommendation method based on user behavior and knowledge graph, which consists of interaction
propagation and knowledge propagation. The former utilizes user —item interaction graph through GNN to construct high — order
interaction feature of users and items. The latter exploits related entities from KG to complement the description of the item.
Extensive experiments show that compared with the baseline models, the proposed system has better recommendation effect and the
ability of generalization.
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Fig. 1 User—Item Interaction Graph and Knowledge Graph
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Fig. 2 Overall framework of the model
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