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Diverse relationship modeling network for recommendation
LUO Xuyang

(School of Communications and Information Engineering, Nanjing University of Posts and Telecommunications
Nanjing 210003, China)

Abstract: Knowledge graph—based recommendation models utilize knowledge graphs to construct embeddings for users and items.
However, they fail to consider the long—tail distribution of relationships within knowledge graphs, leading to the overfitting of head
relations and a subsequent reduction in the accuracy of recommendations. To address this issue, we propose the Diverse Relationship
Modeling Network (DRMN) , which is designed to enhance learning across both head and tail relations, thereby improving overall
model performance. The DRMN comprises two key components: a knowledge optimization module and a multi-view loss function.
The knowledge optimization module addresses the long—tail problem by integrating soft and hard strategies to extract deep semantic
insights from the knowledge graph and applying clustering constraints to simplify the relationship variety. Additionally, the multi—
view loss function encourages the acquisition of more precise embedding representations from various angles, reflecting user
preferences and increasing sensitivity to tail relations. Experimental results on two public datasets have demonstrated that DRMN
significantly enhances recommendation accuracy by effectively alleviating the long—tail distribution in knowledge graphs, confirming
the effectiveness of the proposed model.
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Fig. 1 Example of long—tail distribution
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Fig. 2 Overall framework of the model
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