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Complementary and Consistent Multi-View Subspace Clustering Network

HE Shihao, ZHANG Yulong, TANG Qifan

(School of Software Engineering, Xi’an Jiaotong University, Xi’an 710049, China)

Abstract: A complementary and consistent multi-view subspace clustering network (C2MSCN) is
proposed to better explore the complementarity and consistency of multi-view data in nonlinear
subspace. The network consists of four parts: encoder, self-expression layer, spectral clustering
module, and decoder. This network firstly maps the data to the potential nonlinear space through
the encoder to explore the complex nonlinear relationship among multi-view data. Then the self-
expression layer is used to simultaneously learn the self-expression coefficient matrix shared by
multiple views and private self-expression coefficient matrixes of multiple views to simultaneously
mine the complementary and consistent information in multi-view data. Then the coefficient
matrixes are fed to the spectral clustering module to obtain the clustering label. Finally, the self-
expressed data is restored to the original space through the decoder. A multiplicity normalized
item for private self-expression coefficient matrixes is added to fully mine the complementary
information among multi-view data. Meanwhile, a self-supervised normalized term is added to

supervise the learning process of self-expression coefficient matrixes. Experimental results show
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that the proposed algorithm achieves an average ranking of 1.25 in six data sets under four

evaluation indexes. On the Yale dataset, the clustering accuracy evaluated by ACC is 8.3%,

6.3%, and 11. 7% higher than that of the linear space multi-view clustering algorithm CSMSC,

the deep multi-view subspace clustering algorithm DMSCN and the autoencoder algorithm Ae2-

nets, respectively. Parameter sensitivity experiments and ablation experiments indicate that the

proposed algorithm can effectively explore data complementarity and consistency in nonlinear

subspace, and performs stably in different data sets.

Keywords: multi-view clustering; autoencoder; subspace clustering; self-supervision;

self-expression
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Fig. 1 Complementary and consistent multi-view subspace clustering network
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Table 1 Experimental results of different algorithms on the Yale data set
=7 N A R F

BSV 0.656(0.033) 0.614(0.048) 0.426(0.052) 0.463(0.049)
FeaCon 0.593(0.015) 0.394(0.023) 0.353(0.025) 0. 550(0. 030)

Co-Reg 0. 648(0.002) 0.564(0) 0.436(0.002) 0.466(0)
LRRbest 0. 713(0.009) 0.703€0.012) 0. 515¢0. 004) 0. 556(0.015)
RMSC 0. 684(0.033) 0.642(0.036) 0. 485(0. 046) 0.517(0.043)
LMSC 0.702€0.013) 0.670(0.012) 0.472(0.018) 0.506(0.018)
CSMSC 0. 784(0.001) 0. 752(0.001) 0. 615(0. 005) 0. 640(0. 004)
DMSCN 0. 769(0.003) 0.772(0.004) 0.582(0.012) 0. 598(0. 006)
Ae2-nets 0. 748(0.026) 0. 718¢0.037) 0. 566(0. 050) 0. 663(0. 030)
DMSC-UDL 0.796(0.002) 0.832(0.007) 0.713(0.001) 0.732(0.004)
C2ZMSCN 0. 852(0. 003 0. 835(0. 006) 0.723(0. 008) 0.740C0. 008)
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Table 2 Experimental results of different algorithms on the ORL data set

Bk N A R F
BSV 0. 888(0.013) 0.683(0.031) 0.67500.032) 0. 753(0.025)
FeaCon 0.811¢0.015) 0. 531¢0.033) 0.519¢0.034) 0.639€0.031)
Co-Reg 0. 843(0.008) 0. 725€0.021) 0.602(0.004) 0. 598(0. 065)
LRRbest 0. 886(0. 006) 0. 754(0. 006) 0.713(0.002) 0. 707¢0.007)
RMSC 0.872(0.012) 0.723€0.025) 0.635(0.029) 0. 663(0.003)
LMSC 0.931¢0.016) 0. 819¢0.017) 0.769(0.044) 0. 758(0. 009)
CSMSC 0.936(0. 008) 0. 850(0. 020) 0. 805(0.023) 0. 810(0.022)
DMSCN 0.928(0.001) 0. 833(0.008) 0. 790(0. 005) 0. 787(0.001)
Ae2-nets 0. 865(0. 004) 0.695(0.012) 0. 595(0.010) 0.609¢0.021)
DMSC-UDL 0. 942(0. 002 0. 865(0.001) 0. 832(0. 005) 0. 821(0.003)
C2ZMSCN 0.933(0.003) 0.876(0.007) 0. 820(0. 006) 0. 824(0. 006)
% 3 BBCSport 4 # &£ 5k 236 4 R
Table 3 Experimental results of different algorithms on the BBCSport data set
Bk N A R F
BSV 0.719(0.002) 0.766(0.001) 0. 696(0.002) 0. 853(0.007)
FeaCon 0. 607¢0.021) 0. 668¢0.021) 0.561€0.025) 0.722€0.027)
Co-Reg 0. 737(0.003) 0. 746 (0. 006) 0. 744(0.005) 0. 805(0. 004)
LRRbest 0. 699(0) 0.797¢0.001) 0. 697(0.008) 0.761(0)
RMSC 0. 818(0.017) 0.871(0.022) 0. 845(0.047) . 869(0.035)
LMSC . 826(0. 006) 0. 900(0. 044) 0.893(0.012) .887(0.071)
CSMSC 0.861(0) 0. 955(0) 0. 888(0) 0.914(0)
DMSCN 0. 813(0.002) . 888(0.003) .859(0.001) . 854(0.002)
Ae2-nets 0. 843(0.033) . 948(0.013) .869(0.011) .902(0.027)
DMSC-UDL .890(0.001) .961(0.003) . 889(0.001) . 917(0. 004)
C2ZMSCN 0.880(0) 0.959(0) 0.899(0) 0.923(0)
% 4 3sources X EE T TR LR
Table 4 Experimental results of different algorithms on the 3sources data set
ik N A R F
BSV 0.453(0.049) 0.462(0.047) . 320(0.061) 0. 531¢0.074)
FeaCon 0.523(0.038) 0. 488(0.038) . 347(0. 054) 0. 555(0. 025)
Co-Reg 0. 533(0. 760) 0. 543(0. 360) .450(0. 010) 0. 505(0. 770)
LRRbest 0. 634(0.007) 0.678(0.013) 0.531¢0) 0.615¢0.018)
RMSC 0.612¢0.007) 0.575(0.014) .514(0.010) 0.562(0.010)
LMSC 0.669(0.016) 0.704€0.017) .611(0.023) 0.631¢0.017)
CSMSC 0. 693(0.002) 0. 720€0. 007) . 562(0. 006) 0. 660(0. 006)
DMSCN 0.779(0) 0.899(0) 0.817(0) 0.861(0)
Ae2-nets .602(0.001) . 781(0.011) . 660(0.015) . 678(0.007)
DMSC-UDL .701(0.001) . 812(0.003) .731(0. 003) . 883(0.001)
C2ZMSCN 0.696(0) 0.792(0) 0.701(0) 0.876(0)
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Table 5 Experimental results of different algorithms on the NGs data set

ik N A R F
BSV 0.241€0.025) 0. 353(0.005) 0.061¢0.011) 0.268(0.001)
FeaCon 0.112(0.014) 0. 328(0.003) 0.035(0.012) 0.290(0.018)
Co-Reg 0.421¢0) 0.494(0.001) 0. 430€0) 0.481¢0.001)
LRRbest 0. 340€0.020) 0.421¢0.018) 0. 354(0.002) 0. 391¢0.005)
RMSC 0. 519¢0.007) 0. 597(0.006) 0.450€0.009) 0.520€0. 004)
LMSC 0. 905¢0.007) 0.970(0.002) 0. 931(0.003) 0.941(0.005)

CSMSC 0.946(0) 0. 984(0) 0. 960(0) 0. 968(0)
DMSCN 0. 655(0.008) 0. 709(0.009) 0.544(0.019) 0.653(0.012)
Ae2-nets 0.852(0.017) 0.940(0.011) 0.850(0.028) 0.891(0.018)
DMSC-UDL 0. 954(0.002) 0.992(0.003) 0.973(0.002) 0.972(0. 004)
C2ZMSCN 0. 958(0. 004 0. 988(0.001) 0. 969(0. 003) 0. 975(0. 002)
% 6 Movie #3EE 3T E 4R
Table 6 Experimental results of different algorithms on the Movie data set

SRS N A R F
BSV 0. 244(0.007) 0.136(0.009) 0.077(0.010) 0.235(0.014)
FeaCon 0.252(0.008) 0.144(0.008) 0. 086(0.009) 0.248(0.011)
Co-Reg 0.260€0.001) 0. 257¢0.002) 0. 087(0.001) 0. 158¢0.001)
LRRbest 0.269(0.006) 0.276(0.009) 0.092(0.001) 0. 156(0. 004)
RMSC 0.296(0.002) 0.298(0.004) 0.133(0.001) 0. 181(¢0.002)
LMSC 0.279(0.009) 0.269€0.013) 0. 105¢0.001) 0. 160(0. 008)
CSMSC 0.294(0.007) 0.295(0.009) 0. 131(0. 006) 0. 186(0. 006)
DMSCN 0.266(0.003) 0.295(0.006) 0.112(0.007) 0.176(0.006)
Ae2-nets 0.253(0.018) 0.283(0.017) 0.106¢0.014) 0.198(0.016)
DMSC-UDL 0.331C0. 003 0. 342(0. 005 0.151¢0.001) 0.213(0.007)
C2MSCN 0.320(0.003) 0.320(0.009) 0. 154(0. 005) 0. 205(0.005)
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Table 7 Ablation experiment results on Yale: [

Fk N A R F

M1 0.730(€0.003) 0.727(0.004) 0.540(0.007) 0.569(0.007)
M2 0.755(0.002) 0.733(0.005) 0.576(0.008) 0.602(0.006)
M3 0.815(0.003) 0.793(0.003) 0.645(0.005) 0.668(0.006)

M4 0.852(0.003) 0.835(0.006) 0.723(0.008) 0.740(0.008)

M 7 AT LUA M2 PERE R S T ML U] A
i B LT T [ 2 3k 2R ORI 2 ) 9 MBS AT R
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Table 8 Ablation experiment results on Yale: [|

Rk N A R F

N1 0.811¢0.002) 0.794(0.001) 0.639(0.005) 0.662(0.006)
N2 0.735(0.004) 0.739(0.002) 0.551(0.004) 0.579(0.005)

N3 0.852(0.003) 0.835(0.006) 0.723(0.008) 0.740(0.008)
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