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Abstract Nonnegative Matrix Factorization (NMF) decomposes the data into non-negative base matrix and coefficient
matrix,and both of them have relationship with each other. Thus, some researchers rebuild the base matrix based on the
projection of coefficient matrix. However, these two NMF-type methods can not satisfy the requirement of non-linear
data analysis, With the development kernel learning, kernel function is introduced into the traditional NMF model for
non-linear data analysis, which results in another problem,1i. e. , kernel parameter selection. We presented a Multi-Kernel
Projective Nonnegative Matrix Factorization(MKPNMF) method, which has ability to avoid the problem of kernel pa-

rameter selection and improves the final learning performance. A series of experiments on real-world face data were con-
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ducted. The results show that MKPNMF outperforms the existing NMF-type methods.

Keywords Projective nonnegative matrix factorization, Kernel function, Multi-kernel learning
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