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Potential Information Restrained Nonnegative Matrix Factorization

Gao Xinbo, Wang Di, Wang Xiumei
(School of Electronic Engineering, Xidian University, Xi'an, 710071, China)

Abstract: Traditional NMF method does not fully utilize the internal similarity among original
data, thus the performance of dimensionality reduction is limited. To this end, a new nonnega-
tive matrix factorization algorithm restrained by the regularization of potential information is
proposed. Firstly, the potential information is mined via the iterative nearest neighbor. Then
the potential information is utilized to construct similarity graph of data set. Finally, the simi-
larity graph is incorporated as a regularization term to preserve the relationship between origi-
nal data in the decomposition process of nonnegative matrix. The regularization term keeps the
similarity between the original data in the process of dimensionality reduction, which can im-
prove the discriminant ability of nonnegative matrix factorization algorithm. Thorough experi-
ments on standard image databases show the superior performance of the proposed method.
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Fig. 1 Experimental result of INN on the Yale face data set
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