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Hessian Regularization Based Factorization Algorithm Combining
Multi-view and Non-negative Matrix
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[ Abstract] Non-negative matrix does not consider the manifold of data when represents multi-view data, which results in
the ineffective express of the data internal expression. In this paper, Hessian regularized Non-negative Matrix Factorization
(NMF) is proposed. By using the L2 model of Hessian functional ,the local topology of the sample is preserved and the
algorithm is further extended into Hessian Regularized Joint Non-negative Matrix Factorization ( HR-J-NMF) to work on
multi-view data. Experimental results show that the Hessian regularized NMF and the HR-J-NMF have a great
improvement in both clustering accuracy and mutual information value. The performance of the two algorithms is superior
to that of the traditional NMF algorithm.
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