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Decoupled Projection and Shared Consistency Multi-View Subspace Clustering

Wang Sen, Liang Zhijian, Zhan Xiaoqing, Wang Yuelin
(School of Science, East China Jiaotong University, Nanchang 330013, China)
Abstract: Multi-view data often suffer from feature space heterogeneity and noise interference, which severely
affect the stability and accuracy of subspace clustering. To address the limitations of existing methods in handling
view dimension differences and low-quality view impacts, this paper proposes a decoupled projection and shared
structural consistency multi-view subspace clustering method (DP-SC-MVC). The model designs independent
linear projection matrices for each view to achieve feature decoupling and dimension alignment. It simultaneously
learns a shared representation across views and imposes low-rank constraints to maintain structural consistency. A

dynamic weighting mechanism is introduced to adaptively adjust the contribution of each view, suppressing the
interference from inferior views. Additionally, ¢, -norm regularization is incorporated to enhance robustness

against noise and outliers. The unified optimization framework is solved using the augmented Lagrange multiplier
method and alternating direction minimization. Experimental results on multiple multi-view benchmark datasets
demonstrate that the proposed method significantly outperforms existing mainstream multi-view subspace
clustering methods in terms of clustering performance. The DP-SC-MVC method effectively addresses the issues
of feature space heterogeneity and noise, demonstrating strong practical value and broad application prospects.

Key words: Multi-view subspace clustering; Decoupled projection; Shared consistency; Dynamic weighting;
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Tab.1 Experimental datasets

iRk AR U AU

ORL 400 40 3
Reuters 2000 5 2
MSRCV1 210 7 5
BBCSport 282 4 3

2) SEWBH: I, FAVEH WU SHORIEAE A MR« @i AR HE R E 7 B 4EMSRCV
Reuters. ORLHMIBBCSportfJSiZ4 4 GZIGHIENMERED « g (0, WWHIEMWRED . o (BEIE
Mtk ZHO Ak CF2aSAL4ER) EREWR: {1=1.175, B=1.5, a=0.01, k=20}, {1=08, =12, «
=0.0125, k=10}, {A=1.715, B=1.0, a=0.0075, k=40}, {1=0.5, B=0.5, a=0.005, k=10}.
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PEEEM) NMI N 42.3%, SBAGHBARE EE 5T LMVSC(37.28%) 5 MCLES(35.79%). £ ACC f&¥5 L,
MSRCV1 ik 93.38%, KWE&%: £ RLfEAs b, ARSI ES HmE, HH Reuters 18 80.05%, L
F MSSC(67.09%) 5 DIMSC(67.49%).

#2 5 MSSC. DIMSC, LT-MSC. LMVSC #1 MCLES J5 (B0 bL 5]
Tab.2 Comparison with MSSC, DiMSC, LT-MSC, LMVSC, and MCLES methods

HiEs Hik NMI(%) ACC(%) F-Measure(%) RI(%)
ORL MSSC 92.63 82.00 79.35 84.94
DIMSC 94.00 83.80 80.70 85.60

LT-MSC 86.20 80.40 74.80 76.10

LMVSC 73.30 47.75 35.36 96.85

MCLES 90.33 78.00 70.91 98.46
DP-SC-MVC(Ours) 94.40 83.90 72.80 98.60

Reuters MSSC 20.56 44.50 37.23 67.09
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HiEE T NMI(%) ACC(%) F-Measure(%) RI(%)
DIMSC 18.21 40.00 28.68 67.49

LT-MSC 17.93 36.20 28.29 68.16

LMVSC 37.28 48.17 48.89 21.73

MCLES 35.79 49.47 47.04 21.07

DP-SC-MVC(Ours) 42.30 45.70 51.30 80.05

MSRCV1 MSSC 63.10 70.99 62.87 86.54
DIMSC 62.87 68.57 57.92 89.72

LT-MSC 70.04 80.00 68.48 91.12

LMVSC 24.95 34.28 24.74 78.93

MCLES 68.89 78.57 66.77 86.68

DP-SC-MVC(Ours) 81.70 93.38 85.29 90.60

BBCSport MSSC 69.96 79.78 76.13 87.27
DIMSC 58.11 87.32 91.08 91.32

LT-MSC 72.56 89.43 81.19 92.91

LMVSC 37.18 60.11 4727 64.73

MCLES 68.70 85.48 76.32 86.68

DP-SC-MVC(Ours) 87.31 90.17 83.09 93.70
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t-SNE Visualization Results on the ORL Dataset
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Fig.4 Convergence curves of the objective function for the DP-SC-MVC algorithm on four datasets
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Fig.5 Parameter sensitivity analysis of DP-SC-MVC (using ACC as example)
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Tab.3 Results of ablation experiments on ACC (%) metric for each module

UE/EE S SERER O EMEIY AR T, 0 EREHLAR
ORL 83.90 78.00 80.00 81.00 79.00
Reuters 45.70 40.00 42.00 43.00 41.00
MSRCv1 93.38 85.00 88.00 90.00 86.00
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BBCSport 90.17 82.00 85.00 87.00 83.00
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