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A Survey on Algorithms of Nor-Negative Matrix Factorization
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The fundamentals and propeities of nor negative matrix factorization (NMF') are introduced, and available NMF

Abstract:
algorithms are classified into two categories: basic NM F mode} based al gorithms and impro ved NMF modekbased algorithms. Based

on these, the design principles, application characterigics, and existing problems of the algorithms are systematically discussed. Be-
sides, some open problems in the development of NMF algorithms are presented and analyzed.
non-negative matrix factorization; multivariate data representation; feature exiraction
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