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Abstract: In the task of recommendation through multiple behaviors, individual behaviors usually do not work inde-
pendently. The mining of collaborative effects and dependencies between behaviors can better enhance user behavior mod-
eling and reflect user preferences. The introduction of multiple user behavior relationships also increases the heterogeneity
in the user-item interaction graph and representation space. To address these issues, this paper proposes a dual-channel
cross-adaptive contrast learning recommendation model (MB-DCAC), based on heterogeneous graphs. To improve the
model’ s ability to mine user behavior patterns and expressions, this model innovatively constructs a comparative learning
scheme from the convolution process of heterogeneous data and enhances the representation features based on heteroge-
neous connections. Experimental results show that compared with the baseline model, the proposed model improves the
HR @10 metric by 16.7%, 18.3%, and 2.76% on the Tmall, [JCAI-Context, and Beibei datasets, respectively. This model al-
so performs well in tasks such as mining dependencies between multiple behaviors.
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