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Abstract ; Knowledge graph embedding technology has attracted widespread attention in the field of recommendation systems. Integrating
information from structured knowledge graphs into recommendation models can enhance the personalization of recommendations.
However, existing knowledge graph recommendation models still face the issue of error propagation due to the inaccuracy of initial data,
which leads to incorrect recommendation results. To address this problem, we propose the RR-KGE model, consisting of a knowledge
graph embedding module and a recommendation algorithm module. The focus is on the knowledge graph embedding framework , where
rule embedding and knowledge graph embedding are jointly learned. Rules provide the model with additional constraints to reduce error
propagation. This framework is combined with the recommendation algorithms ALS ( Alternating Least Squares) and RNN ( Recurrent
Neural Network) to obtain more accurate recommendation results. Finally, RR—KGE is compared with different baseline models, and
multiple metrics on two datasets demonstrate its superiority over the comparison models, confirming the effectiveness of the
recommendation approach.
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