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Abstract: A novel hybrid matrix factorization algorithm (HMF) is proposed to solve the problem
that the correlation between latent factors and explicit attributes can not be established in
traditional matrix factorization methods. The algorithm combines implicit and explicit attributes
and uses correlations among explicit attributes to constrain factor matrixes, and to relieve the
over fitting in sparse data matrix decomposition. Since factor matrixes include explicit attributes,
HMF is used to solve the problem of cold start and to recommend new items. HMF realizes
mapping from rating matrix to weights of explicit attributes and offers an interpretation for
recommender items. Experiment on Moviel.ens datasets shows that the accuracy of HMF is
superior to that of BPMF for same number of factors, and HMF can be used to recommend new
items based on explicit attributes.
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