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Adaptive Multi-View Subspace Clustering
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Abstract: Aiming at the combination of traditional subspace clustering algorithm and super-
parameter adaptive algorithm, an adaptive multi-view subspace clustering algorithm is proposed
to deal with performance failure in specific data sets. According to the principle of similarity
approximation between different view data point pairs, the correlation constraint of
representation matrix and similarity matrix in multi-view range is constructed. Based on the
designed subspace clustering objective function, the correlation between data matrix and
representation matrix in a single view is constrained in the first and second terms of the function.
In the third term, RBF radial basis function is used to construct the similarity between pairs of
data points in a single view, and then the difference is processed at the points in the connection
graph corresponding to the pairs of points. The consistency of the values in multiple views is
constrained. To solve the above objective function, the block coordinate descent method is used,
and the super-parameters are automatically solved by the principle of linear least square method.
Based on the obtained connection graph, the spectral clustering algorithm is applied, and the

cluster allocation result is finally obtained. Compared with COMIC, a nonparametric clustering
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method, the performance of the proposed algorithm on four data sets is improved by 9.3%,

6.8%, 55.8% and 15.39% respectively, and the problem of performance failure on three data

sets is solved. In a comparison with the other seven manual parameter adjustment algorithms, the

average ranking of the proposed algorithm is 2. 15.

Keywords: multi-view clustering; subspace clustering; adaptive parameters tuning
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Table 1 Contrast of experimental results on MSRCV1 dataset
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ASC 0.643 92£0. 001 0.630 9£0.002 0.688 2-£0. 031
ASC BikLi A HE4 2 2 3
% 2 BBCSport # # &£ 3t £ 4 R
Table 2 Contrast experimental results on BBCSport dataset
Bk A (=R7S N \%4 A
) ) k-means 0.294 740.032 0.282 9+0.021 0.542 8+0. 005
PO R )
LRR™ 0.674 32£0.018 0.674 3+£0.018 0. 802 52£0. 005
LMSCH! 0.709 2£0. 006 0.709 1£0.025 0.795 2£0. 054
RMSCH! 0.724 2+0.062 0.724 2+0.036 0.811 7+0. 002
FEE Y SOEA N e CsSMCH 0. 742 4+0. 000 0.724 5+0. 000 0. 846 6+0. 000
LTMSCH™ 0.726 02£0. 006 0.732 00. 003 0.787 0+0.071
Co-REGH* 0.737 0+0.003 0.728 0+0.017 0.746 0+0. 006
) . COMICE 0. 000 0==0. 000 0. 000 00. 000 0. 000 0=£0. 000
ERLIVEZ R £
ASC 0.725 140. 001 0.719 34+0.013 0.792 2-0. 000
ASC Bk A HE4 3 4 4
% 3 ORL #%3EE£x b L4 R
Table 3 Contrast experimental results on ORL dataset
(=R EYi| Bk N \% A
o ) k-means 0.799 2-£0. 004 0.799 10. 044 0.647 52£0. 008
A R 2 o
LRRM™ 0. 744 94£0. 005 0. 744 6£0.007 0.702 52£0. 003
LMSCE] 0.813 2+0.022 0.813 1+0.018 0.817 5+0. 022
RMSCH 0.772 0£0.012 0.721 8+£0.023 0.623 0£0. 006
HSENZ M MAERAE CSMC! 0. 808 60.009 0. 808 6+0. 009 0.704 940.027
LTMSCH™ 0.815 2+0.013 0.815 2+0.013 0.704 4+0.016
Co-REG!H 0.743 0£0. 008 0.745 0£0. 004 0.725 0£0.012
) . COMICH! 0. 000 0=£0. 000 0. 000 0£0. 000 0. 000 0=£0. 000
ERcIVEZ N £ i
ASC 0.793 2-£0. 004 0.785 8+0.003 0.806 2£0. 011
ASC Bikgi 5 HE4 1 5 2

A ZEE RN B A W O /DB B R . T B MR R MUBLEE 4R b il T Tk 2 B0 AR O
S RRF A LIRS N R B R E S R 2 BN ] f 98 2, o AR e I B AL Y PERE 5
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/NIRRT SRR EE 2R AL ER S BOT AR
AEARASPE AR TE 0 A, i A SCRE R I SIGE P, 3 3K LA RE A SRR KRB AR Caltech 101,
% 4 Caltechl01 & #EFE AT B R

Table 4 Contrast experimental results on Caltech101 dataset

®
j‘

Ly Bk N 14 A

) ) k-means 0.634 62£0.005 0.634 6£0.005 0.436 740. 061
P R _
LRR™! 0.512 7£0. 004 0.510 2£0. 007 0.391 1£0.002
LMSCH! 0.620 40.017 0.616 9£0.016 0.438 3£0.027
RMSC!??) 0.410 2+0. 003 0.408 8+0.021 0.332 3+0.019
FEE Y SO N R e csMmctzs 0.653 8+0.016 0.651 6+0.002 0. 544 2+0. 004
LTMSCH™ 0.620 92£0. 005 0.617 6£0.003 0.458 32£0. 005
Co-REG!H" 0.566 4+0.018 0. 565 3+0.007 0.613 4+0.001
. \ . COMIC™ 0. 689 64-0. 002 0.683 84-0.016 0.724 44-0. 066
ERLAVEZN:E £
ASC 0.742 5+0. 027 0.743 4+0. 036 0.756 240. 002
ASC Bk A HE4 1 2 1
% 5 LandUse21 #3EE Tk T4 R
Table 5 Contrast experimental results on LandUse21 dataset
Bk A (=R7S N \%4 A
) ) k-means 0.250 82£0.072 0.249 24+0.015 0.176 12£0.015
PO R _
LRR™ 0.341 82£0.009 0.341 4+0.047 0.272 82£0. 009
LMSCH! 0.345 6£0. 012 0. 345 6£0. 002 0. 305 7£0. 044
RMSC!??) 0.235 9£0. 006 0.235 8+0. 006 0.201 8+0.007
Ve 2 SO N R B csMmctzs 0. 350 5£0. 003 0. 350 7£0. 028 0.316 2£0. 000
LTMSCH™ 0.349 9£0. 002 0.349 8+0.038 0.316 12£0.003
Co-REGH" 0. 305 4+0. 002 0.301 3+0.010 0.313 3+0.002
. X . comIct 0.432 940. 005 0.388 940. 005 0.412 24-0. 001
ERRIVEZN:E S
ASC 0.632 82£0. 006 0.597 42£0.007 0. 689 32£0. 006
ASC Bk A HE4 1 1 1
% 6 Movies617 253 £ st b s 3b 45 £
Table 6 Contrast experimental results on Movies617 dataset
Bk 2w Bk N \%4 A
\ ) k-means 0.134 8+0.017 0.104 2+0. 009 0.129 6+0.011
PO R .
LRR™ 0.268 22£0.019 0.268 2+0. 000 0.267 4+0.018
LMSCH! 0.265 9=£0. 022 0.265 9+0. 021 0.252 8+0.061
RMSCH 0.179 7+0.013 0.179 6+0.003 0.199 3+0. 006
FEE Y SO N RS csmck 0.292 5+0. 009 0.292 6+0.008 0.294 2+0.010
LTMscH™ 0.275 8+0. 007 0. 275 6+0. 007 0.269 9+0. 009
Co-REGH* 0.260 0£0. 001 0.259 9+0. 006 0.257 4+0. 002
) . COMICH 0. 000 0=0. 000 0. 000 00. 000 0. 000 0£0. 000
ERciVEZ Wik £
ASC 0.402 9+0. 004 0. 392 5+0. 000 0. 502 2-0. 000
ASC Bk a4 1 1 1
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Table 7 Contrast experimental results on Scene-15 dataset

GR7Ei| CR7S N A% A

) . k-means 0.361 42£0.021 0.290 1£0.074 0.163 6£0. 002
A R 2 _
LRRM™ 0.489 72£0.014 0.489 740.001 0.492 72£0.008
LMSCE] 0.529 6+0.018 0.529 4+0.034 0.511 740. 007
RMSCH 0.422 140.013 0.422 140.002 0.487 12£0. 036
VEE LGB N R TN CSMC! 0.556 0£0.014 0.556 0£0.012 0.506 8+0.006
LTMSCH 0.516 2+0.036 0.516 1+0.001 0.522 2+0. 000
Co-REG!™ 0.479 1£0. 036 0.480 3+0.001 0.512 6£0. 004
) . COMICH 0.465 9=0. 001 0. 388 9=£0. 000 0.455 6£0. 091
ERCIVEZ N £ i

ASC 0.495 8-£0. 007 0.495 6£0. 004 0.511 9£0. 001

ASC Fik A HE4 3 3 2

LandUse-21 D) K M 75 304 45 Movies617 R H
BAR T EAALHES A S IR E 2R T N R
FAXT T RSECE RERE AT, Bt ] W, A S
B & .
3.5 WEgSRESH
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Fig. 2 Time complexity analysis of experimental results
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Fig. 3 Convergence analysis on Caltech101 dataset
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