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Clustering Algorithm for Peaks Non-negative Matrix Factorization

XU Xiaohua, FANG Wei, HE Ping, REN Xiang, JIANG Yulin, GE Fangyi
(College of Information Engineering, Yangzhou University, Yangzhou 225000, China)

Abstract: The nonnegative matrix factorization model is a common data dimensionality reduction method. In
the existing non-negative matrix factorization algorithm for clustering research, each category is generally
represented by only one or more designated center points. However, this type of representation often fails to
accurately describe the characteristics and structure of its category, which affects the clustering performance.
In order to solve this problem, we proposed the peaks non-negative matrix factorization (PNMF ) algorithm.
The algorithm first finds multiple density peak points for the dataset, constructs a bipartite graph of the
density peak points and sample points, then uses the bipartite graph to complete the clustering. In addition,
the algorithm introduces a manifold regularization term to make full use of the manifold structure information
between the data, and gives the iterative update rules of the algorithm. Sufficient experiments on real-world
datasets demonstrate that the proposed method can effectively utilize the structural information of data and
improve the clustering performance.
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Fig.1 Peaks on the Twomoons dataset
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Table 1 Comparison of clustering performance on Yale dataset

P FE AR NMF GNMF LCSNMF NMFAN PNMF
ACC 0.384 8+0.040 4 0.387 3+0.025 6 0.426 4+0.028 2 0.386 1+0.030 5 0.462 3+0.048 4
NMI 0.450 7£0.030 1 0.452 3+0.018 7 0.497 7£0.022 3 0.453 6+0.024 4 0.524 7+£0.023 6

Rand Index 0.894 1+0.008 2 0.894 1+0.007 1 0.887 8+0.009 7 0.894 9+0.006 7 0.922 4+0.009 8
®2 ORLEBEE LWRIMRER
Table 2 Comparison of clustering performance on ORL dataset

P AR NMF GNMF LCSNMF NMFAN PNMF
ACC 0.540 6+0.035 1 0.529 8+0.021 9 0.538 8+0.022 8 0.474 6+0.025 2 0.582 6+0.036 2
NMI 0.752 9+0.018 6 0.753 3+£0.012 9 0.753 5+0.013 4 0.704 1+£0.016 4 0.760 8+0.014 7

Rand Index 0.968 2£0.003 0 0.967 7£0.002 2 0.967 0£0.003 1 0.964 0+£0.002 4 0.980 2+0.004 5
£3 COIL20HEE ERREMRELLLE
Table 3 Comparison of clustering performance on COIL20 dataset

P HE AR NMF GNMF LCSNMF NMFAN PNMF
ACC 0.580 3+0.0417 0.607 7£0.056 6 0.568 0+0.058 0 0.578 9£0.040 2 0.611 8+0.078 0
NMI 0.732 7+£0.018 5 0.758 9£0.028 0 0.7351£0.029 3 0.720 9£0.022 6 0.792 8+0.031 8

Rand Index 0.948 4+0.006 7 0.9504+0.0119 0.9414+0.0128 0.947 9£0.006 3 0.939 8+0.027 1
®4 TDT2HIREE LR EMRELLE
Table 4 Comparison of clustering performance on TDT2 dataset

P AR NMF GNMF LCSNMF NMFAN PNMF
ACC 0.5136+0.0417 0.495 3+0.037 5 0.607 1£0.068 7 0.544 70.089 6 0.622 4+0.030 8
NMI 0.398 0+£0.031 8 0.2352+0.084 4 0.455 6+0.087 7 0.402 5+0.059 1 0.462 5+0.098 9

Rand Index 0.584 8+0.030 5 0.586 140.040 1

0.674 440.069 5 0.606 4+0.057 3 0.702 3+£0.082 2

#£5 ISOLETHEE FHBE R ERELLE

Table 5 Comparison of clustering performance on ISOLET dataset
P AR NMF GNMF LCSNMF NMFAN PNMF
ACC 0.601 9+0.0559 0.714 5+0.033 9 0.571 7+£0.094 4 0.423 4+0.038 6 0.6914+0.029 2
NMI 0.608 3+0.031 9 0.765 0+£0.023 7 0.6225+0.070 8 0.3024+0.039 4 0.6899+0.014 7

Rand Index 0.863 8£0.022 1 0.8855+0.016 7

0.844 8£0.037 7 0.809 2+0.0109 0.896 5+0.007 5
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