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Knowledge Graph and User Interest Based Recommendation Algorithm
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Abstract In order to solve the problems of cold start and data sparsity in the collaborative filtering recommendation algorithm,
the knowledge graph with rich semantic information and path information is introduced in this paper. Based on its graph struc-
ture, the recommendation algorithm which applies graph neural network to knowledge graph is favored by researchers. The core
of the recommendation algorithm is to obtain item features and user features,however,research in this area focuses on better ex-
pressing item features and ignoring the representation of user features. Based on the graph neural network.a recommendation al-
gorithm based on knowledge graph and user interest is proposed. The algorithm constructs user interest by introducing an inde-
pendent user interest capture module,learning user historical information and modeling user interest,so that it is well represented
in both users and items. Experimental results show that on the Moviel.ens dataset, the recommendation algorithm based on
knowledge graph and user interest realizes the full use of data,has good results and promotes the accuracy of recommendation.

Keywords Recommendation algorithm,Knowledge graph,Graph neural networks, User interest
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Table 2 Experimental results compared with knowledge graph

recommendation

ML-100K ML-1M
methods
AUC F1 AUC F1
MKR 0.8801 0.8048 0.9060 0.8314
KGCN 0.8896 0.8144 0.8912 0.8188
KGCN_LSTM 0.9139 0.8361 0.9022 0.8283
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KGCN_MultiAttention 0.9062 0.8322 0.9101 0.8370
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Table 3 Experimental results compared with CF recommendation

and sequential recommendation

ethods ML-100K ML-1M
AUC AUC

FM 0.7832 0.8081

Wide & Deep 0.7834 0.8129
DeepFM 0.7865 0.8182
DIN 0.8672 0.9140

HGN 0.7474 0.7367
SINE 0.8532 0.8990
KGCN_LSTM 0.9139 0.9022
KGCN_Attention 0.9237 0.9118
KGCN_MultiAttention 0.9062 0.9101
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