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Multiple Attention Mechanism News Recommendation Approach with Hypergraph Learning
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Abstract In personalized news recommendation, graph structures are often utilized to establish interaction relationships between
users and news, however conventional graph structures mostly overlook the high-order association information among clicked
news items. Furthermore,existing methods typically rely on a single vector to learn user interest representations and candidate
news representations,leading to inadequate modeling. To address these issues,a multiple attention mechanism news recommenda-
tion model approach with hypergraph learning is proposed. Firstly,a candidate news hypergraph is constructed,leveraging a hy-
pergraph attention network to capture high-order correlations between candidate news and their semantically similar news, there-
by enriching the semantics of candidate news. Secondly,a news-topic hypergraph is built to model user interests,employing a neu-
ral network architecture with multiple attention mechanisms to explore deep,fine-grained user interest features. Lastly,an activa-

tion unit is introduced to further extract user interests from candidate news. enhancing recommendation accuracy. The experi-

ments on the MIND-small and MIND-large datasets confirm the effectiveness of the proposed approach.
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Fig. 1 Framework of personalized news recommendation
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Fig. 2 Framework of MNRHL model
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Table 3 Ablation analyses

MIND-small

A —
AUC MRR NDCG@5 NDCG@10
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