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Convolutional Networks Fused with Knowledge Graph
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Abstract ;: Aiming at the fact that the existing recommendation based on knowledge graph pays less attention to user information than item

information,a two —end neighbor recommendation algorithm based on knowledge graph convolution network is proposed to extract

0

features at both user and item sides. The extraction of user personalized features is carried out through the diffusion process of user prefer-

periments were conducted on two data sets. Compared with baseline method, AUC and F1 improved by 1.5% and 2.0% respectively on
Movielens—1M data set, while AUC and F1 improved by 5.3% and 1.9% respectively on Book—Crossing data set. The effectiveness of
the proposed algorithm has been significantly improved.
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ences in the knowledge graph. For item feature extraction, neighbor information is aggregated to item node to generate embedding vector.
Since the weight of each neighbor is closely related to the neighbor node of the item clicked by the user, the vector of item feature is

extracted based on KGCN model. Finally,user interest dissemination and item feature aggregation are carried out in turn. Comparison ex-
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