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Co-consensus Multi-view Spectral Clustering

Chen Shu, Zhu Zheng-dong, Yang Zu-yuan, Li Zhen-ni
(School of Automation, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: Multi-view learning has attracted wide attention because of the ability to integrate information from
different views. For the issue of multi-view data fusion, a co-consensus multi-view spectral clustering method is
proposed. The method adds two consensus constraints in the model of spectral clustering to utilize the feature
relationship and the similarity relationship of different views’ spectral embedding matrices which enhances the
consistency of multi views. Simultaneously, this method obtains closed solution of the consensus variables in the
optimization process, which further improves the clustering performance. The experiment tests the convergence,
parameter sensitivity and clustering performance of the proposed method in three real-world datasets. The
experiment results show that this method has the best performance in multiple performance metrics compared with
the existing methods, and the maximum improvement in clustering accuracy is more than 10%. The experiment

proves the co-consensus method effectively improves the performance of multi-view spectral clustering algorithm.
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Table 2 The Statistical information

BACITES FEAS Mt BRI SRR
BBCSports 544 2 5 3183,3203
MSRCvI 210 5 7 24,576,512,256,254
3-SOURCES 169 3 6 3560,3631,3068
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Table 3 Different methods’ clustering performance on

BBCSports datasets

T3 ACC ARI NMI
S-MVSC 0.915 40 0.807 5+0 0.786 5+0

NESE 0.713 20 0.592 3%0 0.675 00

GFSC 0.8029+0.0545  0.6560£0.0884  0.655 0£0.068 3
AGLMF 0.711 40 0.589 7+0 0.750 80
UOMVSC 0.393 4+0 0.055 80 0.075 7+0

Ours 0.9529+0.0016  0.8793+0.0020  0.869 8+0.001 6
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Table 4 Different methods’ clustering performance on MSRCv1

datasets

T3 ACC ARI NMI
S-MVSC 0.8714+0 0.750 5=0 0.801 60

NESE 0.766 7+0 0.643 3=0 0.717 00

GFSC 0.8176£0.0416  0.6779+£0.0499  0.7449+£0.036 6
AGLMF 0.757 10 0.624 2+0 0.7112+0
UOMVSC 0.909 5+0 0.799 4=0 0.829 5+0

Ours 0.919 0£0.0055  0.8220+0.0048  0.847 8+0.004 1
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Table 5 Different methods' clustering performance on
3-SOURCES datasets

Ty ACC ARI NMI
S-MVSC 0.816 6+0 0.639 6+0 0.691 40
NESE 0.781 10 0.643 4+0 0.759 80
GFSC 0.6716+0.0459  0.4878+0.0856  0.491 7+0.095 7
AGLMF 0.739 6+0 0.585 10 0.713 620
UOMVSC 0.686 4+0 0.537 50 0.588 80
Ours 0.929 0+0 0.840 7+0.0050  0.828 3+0.001 8
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