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[Abstract] User cold start is a major challenge faced by recommendation systems. Cross domain
recommendation is one of the effective methods to solve the problem of user cold start. Previous cross domain
recommendations mainly relied on single direction mapping of user features, namely from the source
recommendation domain to the target recommendation domain or from the target recommendation domain to
the source recommendation domain, without effectively integrating user information in the two
recommendation domains. To address the aforementioned issues, a Bidirectional Cross Domain
Recommendation Model (Bi CDRM) is proposed. This model trains two user feature mapping networks to
map user features from the source domain to the target domain and from the target domain to the source
domain, respectively, to obtain coarse grained user mapping features; Introducing correlation unit, utilizing
attention mechanisms to weight coarse—grained user mapping features and interactive item features, and finally
using average pooling to obtain finer grained global user features. This process not only improves the
performance of cross domain recommendation models, but also enhances the interpretability of user feature
mapping. In three cross domain recommendation scenarios on the Amazon dataset, Bi—-CDRM showed
significant improvement in rating prediction tasks compared to the comparison models.
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