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Research on the application of self-supervised hypergraph
in personalized recommendation scenarios

MOU Da’en, NI Lin, SONG Na

(FinTech Department, Shanghai Securities Co. , Ltd. , Shanghai 200002, China)

Abstract: This paper conducts an in—depth study on Click—Through Rate ( CTR) prediction in user personalized recommendation
scenarios, leveraging self—supervised hypergraph deep learning methods and the DBSCAN clustering algorithm. Based on user—item
interaction data, a hypergraph is constructed to capture relationships between users and their interactive items. A hypergraph neural
network models users’ multiple heterogeneous interaction behaviors, generating hypergraph embeddings. These embeddings enable
customer clustering analysis using the DBSCAN algorithm. By integrating user base attributes and multi—-modal vector features, a
personalized recommendation CTR prediction model is built using the two—tower DSSM framework in deep learning. Experiments
show that the proposed model framework exhibits strong predictive power, achieving a 7. 40% improvement in AUC over the
benchmark. This research offers both theoretical and practical insights for enhancing user recommendation performance.
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Fig. 1 Overall structural block diagram for Click—Through Rate prediction in user personalized recommendation
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Fig. 3 Schematic diagram of CTR prediction for user personalized recommendation based on self—supervised hypergraph
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Table 3 Statistics of user clustering results
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