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Abstract: Community structure is one of the important characteristics of complex networks. Community discovery
has important application value in the study of network structure. Community discovery methods based on non-negative
matrix factorization (NMF) are a kind of basic methods to solve the problem of community discovery. However, most of
them can not be well extended to large networks, and often fail in sparse networks. Because of the localization of the fea-
ture vector when the data matrix of the adjacency matrix is sparse, the NMF based method is often unable to work. This pa-
per proposes a NMF based sparse network community discovery algorithm, trying to improve the accuracy and fitness of
NMF based community discovery methods. By learning the regularization matrix from local eigenvectors, it is able to ex-
press the topological features of original network. The obtained eigenmatrix can well explore the global structure implied in
complex network and has stronger feature expression ability. Compared with adjacency matrix, regularized data matrix
overcomes the localization problem of eigenvector (or singular vector) caused by sparse or noise. The experimental results
in artificial network and real network show that compared with the classical NMF based community discovery algorithm,
this algorithm can find more accurate community structure, and has better performance in sparse network.
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