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A Cross-Domain Recommendation Algorithm Based on
User Information Mapping

YUAN Shugiang, SHI Yancui
(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: The cold start problem has always been a difficulty in recommendation systems, and cross-domain recommenda-
tion can alleviate this problem by migrating information from other domains. In this artical, we propose a cross-domain rec-
ommendation model based on user information mapping, which can effectively learn cross-domain relationships with a small
amount of labeled data, and improve the accuracy of user and item coding by using tags. In this model, firstly, the potential
vectors of users and objects are learned and processed into low-dimensional dense vectors by improving the dimensionality
reduction method. Then, the user population is generated and the mapping function is trained by the user population with
different preferences. User information is mapped by mapping function to improve recommendation effect. Through experi-
ments to explore the impact of each parameter on the experimental results, it is verified that the proposed model in this artical
has a lower dependence on the number of overlapping users, and has better recommendation accuracy compared with the
benchmark experiment. At the same time, it shows that the method in this artical has better recommendation effect.
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Fig. 2 Overall representation of user information
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