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We propose a novel method called Non-negative Multiple Matrix Factorization (NMZ2F),
which integrates the information of multiple matrices and extracts common factors from the matrices

v' Generalize Non-negative Matrix Factorization (NMF) to decompose multiple matrices
v' Improve generalization performance on factorizing a highly sparse target matrix
v’ Extract common factors of the target and auxiliary matrices simultaneously

Problem: Extract non-neqative factors from a sparse matrix _
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Solution: Utilize complementary data as auxiliary matrices
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