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A multi-view clustering algorithm based on deep matrix
factorization with graph regularization

LIU Xiangnan', DING Shifei', WANG Lijuan"’

(1. School of Computer Science and Technology, China University of Mining and Technology, Xuzhou 221116, China; 2. School of
Information and Electrical Engineering, Xuzhou College of Industrial Technology, Xuzhou 221400, China)

Abstract: In view of the extensive multi-view data composed of multiple representations or views in real world, the
deep matrix factorization (DMF) model has attracted much attention because of its ability to explore the hierarchical in-
formation of data. However, it ignores geometric structure of data. In order to solve the above problem, this paper pro-
poses a multi-view clustering algorithm based on deep matrix factorization with graph regularization, which can protect
geometric structure information of data by acquiring the local and global structure information of each view and adding
two graph regularization limits in the layer-by-layer decomposition. It combines the weight of views with feature repres-
entation matrix to acquire consensus representation matrix to maximize complementarity of data and ensure consistency
and difference among data. In addition, this paper uses the iterative updating variables method to minimize the objective
function, continuously optimize model and conduct convergence analysis. This algorithm and other multiple algorithms
are run on three face benchmark datasets and two image data sets. Through the comparison of multiple indicators, it can

be seen that the algorithm proposed in this paper has good performance.
Keywords: multi-view clustering; deep matrix factorization; geometric structure; graph regularization; matrix factoriza-

tion; multi-view representation learning; hierarchical structure information; deep learning
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Table 1 Experimental results of different algorithms on the Yale face dataset (mean + standard deviation)

(=¥73 NMI ACC AR F-score Precision Recall

BestSC 0.670+0.010 0.642+0.010 0.453+0.110 0.489+0.103 0.466+0.107 0.514+0.010
ConcateFea 0.585+0.004 0.556+0.005 0.341+0.006 0.383+0.005 0.369+0.006 0.398+0.005
ConcatePCA 0.464+0.017 0.372+0.018 0.165+0.014 0.217+0.013 0.210+0.013 0.226+0.014
Co-Reg SPC 0.645+0.002 0.078+0.017 0.429+0.034 0.466+0.032 0.439+0.029 0.497+0.037
Co-Train SPC 0.669+0.028 0.084+0.065 0.457+0.038 0.491+0.035 0.469+0.033 0.516+0.028
Min-D SPC 0.655+0.001 0.642+0.000 0.444+0.000 0.476=0.001 0.463+0.000 0.498+0.000
DiMSC 0.635+0.001 0.569+0.001 0.408+0.001 0.447+0.001 0.412+0.001 0.489+0.001
GMVNMF 0.529+0.003 0.407+0.003 0.243+0.010 0.308+0.008 0.219+0.008 0.524+0.006
DMF MVC 0.716+0.040 0.721+0.050 0.519+0.007 0.549+0.002 0.534+0.002 0.565+0.004
DGRMF _MVC 0.851+0.001 0.872+0.001 0.737+£0.001 0.753+0.001 0.740+0.001 0.766+0.001

*®2 A EIHATE Extend Yale BEAHFEE LHAIRER BEHTRAEE)

Table 2 Experimental results of different algorithms on the Extend Yale B face dataset (mean + standard deviation)

ER7S NMI ACC AR F-score Precision Recall

BestSC 0.469+0.156 0.468+0.144 0.287+0.140 0.361+0.123 0.336+0.122 0.391+0.123
ConcateFea 0.401+0.001 0.342+0.001 0.164+0.000 0.262+0.000 0.221+0.000 0.322+0.001
ConcatePCA 0.507+0.002 0.556+0.002 0.342+0.001 0.410+0.001 0.391+0.001 0.431+0.003
Co-Reg SPC 0.182+0.015 0.101+0.005 0.087+0.009 0.179+0.007 0.175+0.008 0.183+0.007
Co-Train SPC 0.336+0.018 0.117+0.035 0.184+0.012 0.267+£0.012 0.261+£0.016 0.277+0.018
Min-D SPC 0.496+0.001 0.492+0.000 0.233+0.001 0.324+0.000 0.271+0.001 0.401+0.000
DiMSC 0.238+0.001 0.287+0.001 0.139+0.000 0.228+0.000 0.217+0.001 0.239+0.001
GMVNMF 0.263+0.005 0.316+0.004 0.124+0.004 0.215+0.003 0.204+0.003 0.228+0.003
DMF MVC 0.580+0.014 0.645+0.005 0.288+0.011 0.379+0.009 0.293+0.010 0.537+0.018
DGRMF _MVC 0.624+0.005 0.679+0.010 0. 393+0.002 0.462+0.003 0.412+0.005 0.550+0.010
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Table 3 Experimental results of different algorithms on the UMIST face dataset (mean + standard deviation)

Bk NMI ACC AR F-score Precision Recall
BestSC 0.768+0.010 0.562+0.021 0.502+0.024 0.529+0.022 0.498+0.022 0.564+0.024
ConcateFea 0.764+0.007 0.549+0.019 0.491+0.018 0.518+0.017 0.488+0.018 0.554+0.017
ConcatePCA 0.534+0.008 0.459+0.011 0.251+0.010 0.291+0.009 0.277+0.012 0.310+0.008
Co-Reg SPC 0.676+0.007 0.047+0.011 0.391+0.009 0.423+0.008 0.414+0.008 0.432+0.009
Co-Train SPC 0.684+0.022 0.039+0.045 0.400+0.029 0.431+0.027 0.418+0.026 0.447+0.031
Min-D SPC 0.805+0.001 0.647+0.000 0.604+0.001 0.625+0.001 0.604+0.000 0.649+0.000
DiMSC 0.619+0.001 0.453+0.001 0.320+0.001 0.355+0.001 0.560+0.001 0.354+0.001
GMVNMF 0.758+0.002 0.506+0.005 0.436+0.002 0.478+0.002 0.330+0.001 0.864+0.004
DMF MVC 0.769+0.030 0.595+0.009 0.507+0.008 0.534+0.004 0.495+0.060 0.581+0.009
DGRMF_MVC 0.851+0.001 0.713+0.001 0.644+0.001 0.663+0.010 0.630+0.001 0.744+0.002

R4 AREEAEECOIL20 BIFE EWTHRER ELHREE)

Table 4 Experimental results of different algorithms on the COIL-20 dataset (mean + standard deviation)

(=R7N NMI ACC AR F-score Precision Recall

BestSC 0.943+0.021 0.853+0.024 0.826+0.026 0.836+0.024 0.771+0.029 0.913+0.037
ConcateFea 0.932+0.001 0.780+0.001 0.770+0.001 0.782+0.001 0.688+0.001 0.907+0.001
ConcatePCA 0.554+0.004 0.514+0.005 0.321+0.003 0.374+0.003 0.329+0.007 0.435+0.010
Co-Reg SPC 0.812+0.015 0.044+0.036 0.655+0.032 0.672+0.030 0.651+0.038 0.696+0.023
Co-Train SPC 0.824+0.014 0.081+0.031 0.669+0.050 0.686=0.047 0.665+0.037 0.714+0.023
Min-D SPC 0.897+0.001 0.836+0.000 0.789+0.001 0.800+0.001 0.773+0.000 0.828+0.000
DiMSC 0.843+£0.013 0.771£0.018 0.724+0.020 0.737+0.019 0.730+0.018 0.745+0.020
GMVNMF 0.788+0.012 0.500+0.001 0.424+0.036 0.466=0.032 0.314+0.029 0.911+£0.017
DMF MVC 0.923+0.014 0.770+£0.018 0.759+0.021 0.773+0.020 0.683+0.024 0.891+0.030
DGRMF_MVC 0.948+0.001 0.876+0.008 0.846+0.005 0.854+0.005 0.8020.007 0.913+0.002

F 5 AEEETE Caltech101-20 HiEE LW E R BELHREE)

Table 5 Experimental results of different algorithms on the Caltech101-20 dataset (mean =+ standard deviation)

(=R7H NMI ACC AR F-score Precision Recall

BestSC 0.510+0.011 0.392+0.050 0.251+0.058 0.328+0.056 0.522+0.090 0.239+0.038
ConcateFea 0.385+0.003 0.340+0.017 0.190+0.011 0.267+0.012 0.457+0.014 0.188+0.010

ConcatePCA — — — — — —
Co-Reg SPC 0.536+0.013 0.051+0.038 0.268+0.021 0.328+0.021 0.651+0.030 0.220+0.015
Co-Train SPC 0.610+0.020 0.103+0.060 0.321+0.035 0.379+0.035 0.727+0.030 0.256+0.010
Min-D SPC 0.400+0.001 0.328+0.002 0.196+0.001 0.270+0.001 0.475+0.005 0.189+0.001
DiMSC 0.304+0.007 0.261+0.009 0.130+0.009 0.199+0.008 0.405+0.018 0.132+0.006
GMVNMF 0.417+0.005 0.382+0.011 0.280+0.009 0.382+0.006 0.440+0.015 0.338+0.007
DMF_MVC 0.468+0.030 0.465+0.026 0.268+0.043 0.373+0.030 0.431+0.064 0.332+0.024
DGRMF_MVC 0.583+0.006 0.526+0.006 0.404+0.007 0.476+0.006 0.646+0.016 0.377+0.004
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