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SCMF: A Matrix Factorization Model With Soft
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Abstract: Data sparsity is a big challenge for recommender systems. In recent years, the integration of data from
different contexts provides a promising way to combat the problem of data sparsity. However, existing methods
for data integration mostly assume that the representation of a single user/item is the same across different
contexts. This assumption is a kind of hard constraint and is incapable of depict the distinct characteristics of
different contexts. In this paper, we propose a matrix factorization model with soft constraint that the difference
between the representations of a single user/item is minimized together with the error function of matrix
factorization model. Experiments on two widely-used datasets, i.e., Netflix and MovieLens, demonstrate that the
proposed model outperforms the state-of-the-art models, including the matrix factorization model separately for
each context and the collective matrix model with a hard constraint. The proposed model performs particularly
well on the case where the data is sparse in one context but is not sparse in others. This indicates that the
proposed model is effective at alleviating the problem of data sparsity.
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Fig.1 Users’ and items’ rating distribution in MovieLens dataset
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Fig.2 Probability graph model of matrix factorization
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for 1=1 to K do
fors=1to Ldo (3 [T BT PRI 4T 2 R
for each pair (i,j) in Ry do
Update Ug;, Vs ;
end for
end for

end for
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