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Block Sparse Symmetric Nonnegative Matrix Factorization Based on Constrained Graph
Regularization

LIU Wei, DENG Xiuqin, LIU Dongdong and LIU Yulan

School of Mathematics and Statistics, Guangdong University of Technology,Guangzhou 510000, China
Abstract The existing algorithms based on symmetric nonnegative matrix factorization(SymNMF) are mostly rely on initial data
to construct affinity matrices,and neglect the limited pairwise constraints,so these methods are unable to effectively distinguish
similar samples of different categories or learn the geometric features of samples. To solve the above problems. this paper propo-
ses a block sparse symmetric nonnegative matrix factorization based on constrained graph regularization(CGBS-SymNMF). First-
ly,the constrained graph matrix is constructed by prior information,which is used to guide the clustering indicator matrix to dis-
tinguish different clusters of samples with high similarity. Secondly, pairwise constraint propagation by semidefinite programming
(PCP-SDP) is introduced to learn a new sample graph mapping matrix by using pairwise constraints. Finally,a dissimilarity ma-
trix is constructed by cannot-link constraints,which is used to guide a block sparse regular term for enhancing the anti-noise ca-
pability of the model. Experimental results demonstrate a higher clustering accuracy and stability of the proposed algorithm.

Keywords Symmetric nonnegative matrix factorization, Affinity matric, Pairwise constraint, Graph regularization, Block sparse
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Table 1 Datasets
Datasets instances features classes
Iris 150 4 3
Seed 210 7 3
Zoo 101 17 7
Mnist 2000 784 10
USPS 1500 256 10
Yale 165 1024 15
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Fig. 1 Partial examples of figure data
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Table 2 Average Acc of different algorithms on six datasets

H% - LSS -

Iris Zoo Seed Mnist ~ USPS Yale
SymNMF 0. 944 0.857 0.913 0.242 0.183 0.397
GNMF 0.905 0.863 0.935 0.262 0.271 0.233
BNMF 0.913 0.873 0.941 0.227 0.243 0. 584
GSymNMF 0.982 0.917 0.973 0.435 0.319 0.903
SymNMFCC 0.991 0.875 0. 964 0.516 0. 454 0.993
PCPISymNMF 0. 954 0.813 0.941 0.414 0.443 0.981
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Fig. 2 Acc comparison of different algorithms under different pairwise constraints
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