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Hierarchical Multi—-View Contrastive Learning for Knowledge—Aware
Recommendation

Z0U Ruiji, LIU Mengchi, LI Hao
(School of Computer Science, South China Normal University , Guangzhou 510631, China)

Abstract: In recent years, graph neural networks (GNN) have enabled novel knowledge—aware recommendation approaches by integrating
the semantic relations from knowledge graphs (KG). By combining the rich semantics of KG with the powerful representation capabilities of
GNN, knowledge—aware recommender systems can effectively uncover deep associations between user preferences and item attributes, there-
by significantly improving recommendation performance. However, existing methods are often limited by the quality of KG and lack robustness
to noisy triples. Moreover, most of them perform single—view contrastive learning within a unified framework , resulting in small structural dif-
ferences among views and limiting the ability to learn richer semantic representations, which hinders further performance improvements. To ad-
dress these issues, this paper proposes a Global-aware Hierarchical Contrastive learning method for knowledge—aware Recommendation (GH-
CRec). First, we employ a global graph attention mechanism with a masked autoencoder to denoise the triples and highlight the semantic rela-
tions in the knowledge graph. Second, we construct a dual-contrastive learning framework to achieve comprehensive information distillation.
Finally, extensive experiments conducted on three public datasets, demonstrate that our model captures richer semantic features and consis-
tently outperforms state—of—the—art baseline methods in terms of recommendation accuracy.
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Fig. 1 The overall architecture of the model
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Fig. 2 Global-aware graph attention framework
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Table 2 Comparison of the proposed model with baseline models on

three open datasets

R2 ANEBE=ANRAFHEE L SELERHITIR

Hom Last-FM MIND Alibaba—-iFashion
Recall NDCG  Recall NDCG Recall NDCG

LightGCN  0.0747 0.0651 0.0409 0.0249 0.105 8 0.065 2
CKE 0.0843 0.0717 0.0386 0.0245 0.082 6 0.050 8
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Table 3 Results of ablation experiment
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X Last—-FM Alibaba-iFashion
i)
Recall NDCG Recall NDCG
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GHCRec 0.1118 0.097 7 0.1229 0.077 1
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