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A Constrained Probabilistic Matrix Factorization Algorithm
Based on Item-neighborhood

ZHANG Tian-jie,CAO Su-yan, YAN Shi-yang
(College of Computer,Nanjing University of Posts and Telecommunications , Nanjing 210003 , China)

Abstract ; Collaborative filtering is one of the most successful applications in the field of personalized recommendation. Constrained prob-
abilistic matrix factorization is a model-based collaborative filtering algorithm which can effectively deal with the problem of scalability
in large—scale recommendation system and guarantee the real-time of recommendation. However , the traditional one does not consider the
relationship between the users or the items, which makes the quality of the algorithm affected. It takes the relationship of item—neighbor-
hood into the algorithm model of constrained probability matrix factorization to improve the quality of the proposed algorithm. To guaran-
tee the accuracy of item—neighborhood, the inherent features extracted from the item’ s summary and the tag of user marked for the item
are used to get the set of the nearest neighbor for the items, then the item—neighborhood set is applied into the framework of the constrain-

ed probabilistic matrix factorization algorithm. The experiments on real datasets show that the proposed algorithm can predict the user’s

rating on the item more effectively ,and improve the accuracy of the recommendation.
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