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Deep Low-Rank Multi-View Subspace Clustering

YAN Jintao, LI Zhongyu, TANG Qifan, ZHOU Zhihao

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

Abstract: To deal with the problem that the current deep multi-view subspace clustering methods
lack robustness due to the lack of low-rank representation constraints on the self-representation
matrix, we propose a novel deep low-rank multi-view subspace clustering (DLRMSC) method.
Based on the deep multi-view subspace clustering algorithm, the self-expression layer is split into
two low-rank linear self-expression layers: the commonly shared self-expression layer and the
view-specific self-expression layer, which becomes a double-layer self-expression module with
low-rank constraint. To make full use of the complementarity of multi-view data, the parameters
of the commonly shared self-expression layer are forced to be the same, but the parameters of
specific self-expression layer are different. We embed the self-expression module in the middle of
the deep auto-encoder of each view., so as to obtain a deep low-rank multi-view subspace
clustering model which can be solved by backpropagation. In the training stage, the commonly
shared self-expression layer extracts the common information of multi-view data, the view-

specific self-expression layer extracts the specific information of each view., and the double-layer
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self-expression module guarantees low-rank representation constraint. The experimental results

on six public datasets show that compared with the deep multi-view subspace clustering

algorithm, the clustering accuracy and normalized mutual information (NMI) of this proposed

method on six datasets are significantly improved, where the average accuracy is increased by

0.064 and the average NMI is increased by 0. 064,

The DLRMSC method substantially

outperforms the eleven comparative state-of-the-art clustering methods, and its accuracy is

increased by 0. 097 and NMI is increased by 0. 103 at most.

Keywords: multi-view clustering; subspace clustering; autoencoder; matrix factorization;

low-rank representation
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Table 1 Tradeoff parameters and max rank constraint on

benchmark datasets

B 4R Ay Az m
Yale 0.1 1.0 5K
3-sources 0.1 0.1 10K
Movies 0.1 10.0 16K
ORL 0.1 1.0 4K
Caltech-101 0.1 1.0 5K
UCI 1.0 1.0 5K
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Table 2 Number of channels of the CNN on benchmark

datasets

B1R B2 )R 532
Yale 10 20 30
3-sources 10 20 30
Movies 5 10 15
ORL 10 20 20
Caltech-101 10 20 30
UcCl 10 20 30
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N
Bk -
Yale ORL 3-sources Movie Caltech-101 UCI
BSV 0.656(0.033)  0.888(0.013)  0.453(0.049)  0.244(0.007)  0.422¢0.011)  0.620(0.001)
FeaCon'?! 0.593(0.015)  0.811(¢0.015)  0.523(0.038)  0.252(0.008)  0.431¢0.021)  0.557(0.015)
Co-Reg"" 0.648(0.002)  0.843(0.008)  0.533(0.760)  0.260(0.001)  0.383(0.003)  0.607(0.001)
LRRbest 0.713(0.009)  0.886(0.006)  0.634(0.007)  0.269(0.006)  0.440€0.002)  0.716(0.006)
RMSC] 0.684(0.033)  0.872(0.012)  0.612€0.007)  0.296(0.002)  0.374(0.006)  0.826(0.001)
LMSCHH 0.702(0.013)  0.912(0.012)  0.669€0.016)  0.279(0.009)  0.437¢0.018) 0. 783(0.026)
csMmsct# 0.784(0.001)  0.915(0.011)  0.693(0.002)  0.292(0.007)  0.441(0.006)  0.807(0.031)
DMSC 0.760(0.002)  0.918(0.008)  0.621(0.021)  0.266(0.003)  0.556(0.001)  0.766(0.005)
AE2-Nets?" 0.748(0.026)  0.865(0.004)  0.602(0.001)  0.253(0.018)  0.546(0.009)  0.782(0.004)
DMSCNetH®! 0.716(0) 0.922(0.002)  0.591¢0.039)  0.251€0.002)  0.559(0.004)  0.766(0.002)
DMSC-UCLP 0.796(0.002)  0.942(0.002)  0.701¢0.001)  0.331(0.003)  0.621(0.004)  0.780(0.003)
DLRMSC 0.798(0.001)  0.924(0.002)  0.804(0.003)  0.282(0.001)  0.639(0.002)  0.827(0.000)
T < IR 7 SR A A
K5 BEAELE LW EHE
Table 5 Accuracy of different methods on the benchmark datasets
A
RS
Yale ORL 3-sources Movie Caltech-101 UClI
BSVt# 0.614(0.048)  0.683(0.031)  0.462(0.047)  0.136(0.009)  0.470€0.011)  0.638(0.001)
FeaCon'?! 0.394(0.023)  0.531(0.033)  0.488(0.038)  0.144(0.008)  0.468(0.036)  0.437(0.020)
Co-Reg™™ 0.564(0) 0.725(0.021)  0.543€0.360)  0.257(0.002)  0.509(0.007)  0.620(0.001)
LRRbest"* 0.703(0.012)  0.754(0.006)  0.678(0.013)  0.276(0.009)  0.528(0.001)  0.782(0.014)
RMSC" 0.642(0.036)  0.723(0.025)  0.575(0.014)  0.298(0.004)  0.510€0.010)  0.855(0.016)
LMSCHH 0.670(0.012)  0.804(0.036)  0.704(0.017)  0.269(0.013)  0.518(0.007)  0.858(0.030)
csMmscl 0.752(0.001)  0.802(0.028)  0.720€0.007)  0.293(0.009)  0.520€0.003)  0.782(0.063)
DMSCHE 0.772(0.003)  0.791(0.010)  0.710(0.006)  0.295(0.006)  0.702(0.002)  0.857(0.003)
AE2-Nets?] 0.718(0.037)  0.695(0.012)  0.781¢0.011)  0.283(0.017)  0.689(0.205)  0.874(0.000)
DMSCNet- 0. 709(0) 0.813(0.006)  0.730€0.017)  0.255(0.002)  0.702(0.003)  0.854(0.002)
DMSC-UCLP 0.832(0.007)  0.865(0.001)  0.812(0.003)  0.342(0.005)  0.734(0.002)  0.862(0.001)
DLRMSC 0.808(0.017)  0.829(0.012)  0.909(0.003)  0.303(0.020)  0.750(0.014) 0.911(0)
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