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Abstract: Session-based recommendation predicts the next interaction item by analyzing anonymous users’ historical
interaction data. Because of the sparsity of user behavior data, modeling session representations from a single perspec-
tive may fail to fully capture users’ true intentions. Moreover, existing session-based recommendation models primar-
ily focus on the sequential order of session items while overlooking the higher-order relationships between them. To
address this, the cross-view contrastive learning and multi-channel hypergraph convolution (CLMHC)model that con-
structs two complementary views was proposed: a hypergraph and a global hypergraph. By leveraging a channel-
mixing attention mechanism, the model adaptively integrated the user intentions captured from both hypergraph chan-
nels while employing contrastive learning to refine user representations across different views. Extensive experiments

on three datasets demonstrate that our model significantly outperforms existing approaches in recommendation accu-
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racy. The ablation studies further confirm that both views contribute positively to performance improvement.

Key words: session-based recommendation, hypergraph, multi-channel, attention mechanism, contrastive learning
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