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Deep Multi-view Subspace Clustering Based on Adaptive Weight Fusion

LIU Jing, SUN Yanfeng, HU Yongli
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

Abstract: In view of the inability of deep multi-view subspace clustering network to distinguish the
reliability of each view when data fusion, and the lack of utilization of the consistent and complementary
information between multi-view data, a deep multi-view subspace clustering method based on adaptive
weight fusion ( DMSC-AWF ) was proposed. First, a common representation matrix was studied by
making each view of sharing the same self-representation layer, and a self-representation layer was built
for each visual to learn a specific representation matrix. The efficient use of consistent and complementary
information that depends on the data was ensured. Second, the importance of different views was
quantified by introducing attention modules based on the shared self-representation layer, which
adaptively assigned weights to each visual data. Finally, clustering experiments were conducted on four
public datasets, and the clustering results of this method were significantly improved compared with the
comparison method. Moreover, the validity and importance of the attention module learning visual weight
were verified by the degradation experiment.
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Fig.2  Structure of attention module
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Table 2 Comparison of the clustering performance of different methods under the ORL dataset

Jrik ACC NMI ARI
LRR 0.773 +0. 003 0. 895 +0. 006 0. 724 +0. 002 0.731 0. 004
DSCN 0. 801 +0. 009 0. 883 +0. 005 0.704 +0. 012 0.711 0. 011
DCSC 0.811 0. 003 0. 893 +0. 003 0.709 +0. 021 0.718 £0. 004
DC 0. 788 +0. 002 0.865 +0.011 0. 684 +0. 007 0.701 +0. 008
Co-Reg SPC 0. 715 +0. 000 0. 853 +0. 003 0. 602 +0. 004 0. 615 +0. 000
RMSC 0.723 +0. 025 0.872 +0. 012 0. 645 +0. 029 0. 654 +0. 028
DMF 0.823 +0. 021 0.933 +0.010 0.783 +0. 001 0.773 +0. 002
LMSC 0.819 0. 017 0.931 £0.011 0.769 +0. 044 0.758 0. 009
MSCN 0. 833 +0. 008 0.928 +0. 001 0. 790 +0. 005 0. 787 +0. 001
DMSC-AWF (A30) 0. 848 +0. 007 0. 937 +0. 004 0. 802 +0. 003 0. 819 +0. 007

%*3 AEFHIELE Still DB THIR KR LE
Table 3 Comparison of the clustering performance of different methods under the Still DB dataset

WiReS ACC NMI ARI
LRR 0. 306 =0. 039 0. 109 =0. 030 0. 066 = 0. 002 0. 240 =0. 052
DSCN 0. 323 =0. 006 0.216 +0.011 0. 145 +0. 002 0.293 +0.019
DCSC 0. 325 +0. 007 0. 222 +0. 008 0. 148 +0. 003 0. 301 =0. 002
DC 0.315 0. 001 0.199 +0. 003 0. 131 0. 001 0.280 +0.011
Co-Reg SPC 0.263 +0. 024 0.093 +0.016 0. 092 =0. 004 0.226 0. 035
RMSC 0. 285 0. 020 0. 106 0. 056 0.113 +0. 063 0.232 0. 021
DMF 0.336 +0.017 0. 154 +0.010 0. 124 +0. 001 0. 265 0. 005
LMSC 0.328 0. 029 0. 137 £0. 032 0. 088 +0. 007 0.269 +0. 055
MSCN 0.312 £0. 008 0. 168 +0. 001 0. 133 £0. 005 0.261 +0. 001
DMSC-AWF (A30) 0. 353 +0. 006 0.210 £0. 007 0.152 £0. 003 0. 304 £0. 012

*®4 AEFHEE BBC Sport THIB A ERERT L
Table 4 Comparison of the clustering performance of different methods under the BBC Sport dataset

WiRZS ACC NMI ARI
LRR 0.832 0. 026 0.690 +0.019 0. 667 0. 008 0.774 0. 023
DSCN 0. 821 0. 000 0. 652 +0. 000 0. 856 +0. 001 0. 683 +0. 001
DCSC 0. 843 =0. 000 0. 683 +0. 001 0. 864 0.012 0.712 £0. 002
DC 0. 724 +0. 000 0. 556 0. 001 0.781 £0. 000 0. 492 +0. 000
Co-Reg SPC 0. 564 +0. 000 0.718 0. 003 0. 696 +0. 001 0. 766 +0. 002
RMSC 0.737 £0. 003 0. 608 +0. 007 0.723 0. 025 0. 655 =0. 002
DMF 0. 890 +0. 031 0.821 £0.003 0. 883 £0.012 0. 889 = 0. 001
LMSC 0. 900 =0. 044 0. 826 =0. 006 0.893 =0.012 0.887 £0.071
MSCN 0. 888 +0. 003 0. 813 £0. 002 0. 859 +0. 001 0. 854 =0. 002
DMSC-AWF (Z30) 0. 920 =0. 004 0. 831 +0. 003 0. 902 +0. 003 0. 857 0. 001
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Table 5 Comparison of the clustering performance of different methods under the RGB-D dataset
Fk ACC NMI ARI Fcasure
LRR 0.299 +0.010 0. 589 +0. 002 0. 143 £0. 002 0. 156 £0. 001
DSCN 0. 339 +£0. 006 0. 589 +0. 004 0. 163 £0. 004 0. 179 £0. 004
DCSC 0. 340 £0. 002 0.591 £0. 002 0.170 £0. 001 0. 182 0. 003
DC 0. 340 £0. 002 0.594 +0. 003 0. 177 £0. 004 0. 184 +0. 004
Co-Reg SPC 0.268 +0. 003 0. 602 +0. 007 0. 155 £0. 020 0.175 £0.018
RMSC 0.341 £0.015 0. 603 £0. 006 0.162 £0.010 0.178 £0.010
DMF 0. 286 +0. 006 0. 549 +£0. 004 0. 107 £0. 002 0. 123 £0. 001
LMSC 0.335 £0. 028 0.593 £0. 030 0. 151 £0. 035 0.167 £0. 034
MSCN 0. 354 £0. 003 0. 608 £0. 001 0. 190 £0. 002 0.203 £0. 004
DMSC-AWF (4<30) 0.397 £0. 006 0.628 0. 003 0.202 +0. 004 0.217 £0. 004
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Table 6 Clustering performance of degraded experiments

Ik ACC NMI ARI Fasue
DMSC-AWF (A30) 0. 397 = 0. 006 0. 628 +0. 003 0. 202 = 0. 004 0.217 =0. 004
DMSC-AWF/att 0. 382 0. 006 0. 634 0. 004 0.200 +0. 007 0.215 0. 007
MSCN 0.354 +0. 003 0. 608 +0. 001 0. 190 +0. 002 0. 203 +0. 004

2 6 Al LA H, DMSC-AWF #H % MSCN Al
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Table 7 Clustering performance of noise data with standard deviation of 0. 2

Jiik AcC NMI ARI
MSCN 0. 345 £0. 004 0. 609 +0. 003 0. 167 £0. 002 0. 183 £0. 002
DMSC-AWF (Z<30) 0. 388 0. 007 0. 627 £0. 004 0. 200 0. 005 0. 215 £0. 005
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Fig. 6 Visualization of experimental weight of noise
3 &g

1) DMSC-AWF J7 {5 il 25 0 B He 22 { 3ROR )2
CRRARLEE fil 75 ) AR O — S0, IFAE Al 15 T
AL ST () BAMAE R B BRI R 25 W01 43 0l 2 2] —
MHFRZE, [FIE, 75205 B G A
B 2] )5 A0 A 43 L, A AR B Rl o o
PR T R

2) DMSC-AWF %3k n] DL T+ 500 mh A ot
MBI

3) DMSC-AWF [ & 18 A Bl T8 /& I 4%
(R 45 B — e BT e 1, I TR

[1] MASCI J, MEIER U, CIRESAN D, et al. Stacked
convolutional ~ auto-encoders for hierarchical feature
extraction [ C ] // International Conference on Artificial
Neural Networks. Berlin: Springer, 2011 52-59.

[2] VIDAL R, MA Y, SASTRY S. Generalized principal
component analysis (GPCA) [J]. IEEE Transactions on
Pattern  Analysis and Machine Intelligence, 2005,
27(12) ; 1945-1959.

[3] CHEN G, LERMAN G. Spectral curvature clustering
(SCC) [J]. International Journal of Computer Vision,
2009, 81(3) : 317-330.

(4] L, R/AMR, T, BT 00 A SRR R 1Y 723 6]

BREPL[I). IEYHRS AR, 2016, 53(7);
1605-1611.

XU K, WU X J, YIN H F. Distributed low rank
representation-based subspace clustering algorithm [ J ].
Journal of Computer Research and Development, 2016,
53(7): 1605-1611. (in Chinese)

[5] EDL, 2/, SR, 55 Fign 725 [ R KL
[J]. AZhE4R, 2015, 41(8) : 1373-1384.

WANG W W, LI X P, FENG X C, et al. A survey on
sparse subspace clustering[ J ]. Acta Automatica Sinica,
2015, 41(8): 1373-1384. (in Chinese)

[6] PARSONS L, HAQUE E, LIU H, et al. Subspace
clustering for high dimensional data; a review[J]. ACM
SIGKDD Explorations Newsletter, 2004, 6(1) : 90-105.

[7] AGRAWAL R, GEHRKE J, GUNOPULOS D, et al.
Automatic subspace clustering of high dimensional data for
data mining applications[ J]. Data Mining and Knowledge
Discovery, 1998, 27(2) : 94-105.

[8] ELHAMIFAR E, VIDAL R. Sparse subspace clustering:
algorithm, theory, and applications [ J |]. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2012, 35(11) : 2765-2781.

[9] LIUGC, LINZ C, YU Y. Robust subspace segmentation
by low-rank representation [ C ] // Tnternational Conference
on Machine Learning. New York: ACM, 2010. 663-670.

[10] VIDAL R, FAVARO P. Low rank subspace clustering

(LRSC) [J]. Pattern Recognition Letters, 2014,
43(7) . 47-61.



768 =[S S N A NI - ¢ 2023 4F-
[11] LIUGC, LINZC, YAN S C, et al. Robust recovery of 05]. https: // arxiv. org/abs/1908. 01978.
subspace structures by low-rank representation[ J|. IEEE [24] GRETTON A, BOUSQUET O, SMOLA A, et al
Transactions on  Pattern  Analysis and Machine Measuring statistical dependence with Hilbert-Schmidt
Intelligence, 2013, 35(1); 171-184. norms [ C ] // Tnternational Conference on Algorithmic
[12] CAO X C, ZHANG C Q, FU H Z, et al. Diversity- Learning Theory. Berlin: Springer, 2005 63-77.
induced multi-view subspace slustering [ C] // IEEE [25] J1 P, ZHANG T, LI H D, et al. Deep subspace
Conference on Computer Vision and Pattern Recognition. clustering networks [ C] // Proceedings of the Conference
Piscataway : IEEE, 2015, 586-594. and Workshop on Neural Information Processing Systems.
[13] ZHANG C Q, FU H Z, LIU S, et al. Low-rank tensor La Jolla, California; NIPS, 2017 24-33.
constrained multiview subspace clustering [ C ] // [26] JIANGY B Y, YANGZ Y, XU Q Q, et al. When to
International ~ Conference  on  Computer  Vision. learn what: deep cognitive subspace clustering [ C] //
Piscataway : IEEE, 2015, 1582-1590. ACM International Conference on Multimedia. New York :
[14] ALDROUBI A, SEKMEN A. Nearness to local subspace ACM, 2018 718-726.
algorithm for subspace and motion segmentation [ J ]. [27] CARON M, BOJANOWSKI P, JOULIN A, et al. Deep
IEEE Signal Processing Letters, 2012, 19 (10) . 704- clustering for unsupervised learning of visual features[ C] //
707. European Conference on Computer Vision. Berlin;
[15] TARI L, BARAL C, KIM S. Fuzzy c-means clustering Springer, 2018, 132-149.
with prior biological knowledge[ J]. Journal of Biomedical [28] KUMAR A, RAI P, DAUME H. Co-regularized multi-
Informatics, 2009, 42(1) . 74-81. view spectral clustering [ C ] // Neural Information
[16] MILITELLO C, VITABILE S, RUNDO L, et al. A fully Processing Systems. Cambridge: MIT Press, 2011.
automatic 2D segmentation method for uterine fibroid in 1413-1421.
MRgFUS treatment evaluation[ J]. Computers in Biology [29] XIA R K, PAN Y, DU L, et al. Robust multi-view
and Medicine, 2015, 62(7) . 277-292. spectral clustering via low-rank and sparse decomposition
[17] ZHANG C Q, HU Q H, FU H Z, et al. Latent multi- [ C]// AAAT Conference on Artificial Intelligence. Menlo
view subspace clustering [ C ] // TEEE Conference on Park: AAAI, 2014, 2149-2155.
Computer Vision and Pattern Recognition. Piscataway : [30] PENG X, ZHU HY, FENG J S, et al. Deep clustering
IEEE, 2017 4279-4287. with sample-assignment invariance prior [ J ]. IEEE
[18] WANG X B, GUO X J, LEI Z, et al. Exclusivity- Transactions on Neural Networks and Learning Systems,
consistency regularized multi-view subspace clustering 2019, 31(11) . 4857-4868.
[ C] //IEEE Conference on Computer Vision and Pattern [31] FELZENSZWALB P, MCALLESTER D, RAMANAN D.
Recognition. Piscataway: IEEE, 2017, 923-931. A discriminatively trained, multiscale, deformable part
[19] DANG X, BAILEY J. A framework to uncover multiple model[ C] // IEEE Conference on Computer Vision and
alternative clusterings [ J ]. Machine Learning, 2015, Pattern Recognition. Piscataway: IEEE, 2008 . 1-8.
98(1/2) : 7-30. [32] GREENE D, CUNNINGHAM P. Practical solutions to the
[20] REN P Z, XIAO Y, XU P F, et al. Robust auto- problem of diagonal dominance in kernel document
weighted multi-view clustering [ C ] // International Joint clustering [ C ] // International Conference on Machine
Conference on Artificial Intelligence. San Francisco: learning. New York; ACM, 2006, 377-384.
Morgan Kaufmann, 2018 ; 2644-2650. [33] LAT K, BO LY, REN X F, et al. A large-scale
[21] LIU Y, HE L F, CAO B K, et al. Multi-view multi- hierarchical multiview RGB-D object dataset[ C] // IEEE
graph embedding for brain network clustering analysis[ C] International Conference on Robotics and Automation.
// AAAT Conference on Artificial Intelligence. Menlo Piscataway: IEEE, 2011, 1817-1824.
Park: AAAI, 2018 117-124. [34] RAND W M. Objective criteria for the evaluation of
[22] ABAVISANI M, PATEL V M. Deep multimodal subspace clustering methods [ J ]. Journal of the American
clustering networks[ J]. IEEE Journal of Selected Topics Statistical Association, 1971, 66(336) : 846-850.
in Signal Processing, 2018, 12(6) ; 1601-1614. (ﬁ/ff:éﬁjffi’p Z 3
[23] ZHU P F, HUI B Y, ZHANG C Q, et al. Multi-view

deep subspace clustering networks[ EB/OL]. [2021-05-



