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Consistent Block Diagonal and Exclusive Multi-view Subspace Clustering

WU Jie, WAN Yuan and LIU Qiujie

School of Science, Wuhan University of Technology, Wuhan 430070, China
Abstract Subspace clustering method provides an effective solution to the clustering problem of high-dimensional multi-view da-
ta. Focusing on the issue that the representation matrix cannot obey the block diagonal property directly by using low rank or
sparse constraints in existing algorithms,a consistent block diagonal and exclusive multi-view subspace clustering(CBDE-MSC) is
proposed. CBDE-MSC decomposes the subspace representation matrix of each perspective into consistent and specific self-repre-
sentation matrices. For the consistent self-representation matrix,block diagonal constraint is used to make it have an approximate
block diagonal structure and explore the consistency of the data. The exclusive constraint is applied between specific self-repre-
sentation matrices to explore the complementarity of data. The matrix L., norm is used to constrain the error matrix so that it
satisfies row sparsity. In addition, alternate direction multiplier method C(ADMM) is used to optimize the objective function.
CBDE-MSC is evaluated by normalized mutual information(NMI) ,accuracy( ACC) ,adjusted rand index(AR) and F-score. Expe-
rimental results show that compared with some existing excellent algorithms, CBDE-MSC has a great improvement in the results
of the four indicators,especially in the YaleB dataset, CBDE-MSC compared with the classical method CSMSC, NMI, ACC, AR
and F-score increased by 0. 088,0. 127,0. 145 and 0. 122, which verifies the effectiveness of the proposed algorithm.

Keywords Subspace clustering, Multi-view learning . Representation learning, Block diagonal representation
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Fig. 4 Iteration error curve on 3Sources dataset
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Fig. 5 Iteration error curve on Caltech101-20 dataset
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Table 1  Clustering results of different algorithms on Yale

Method NMI ACC AR F-score
SSC best 0.711 0.673 0.477 0.511
LRR best 0.722 0.706 0. 540 0.569
S3C best 0.716 0.679 0.492 0.525
RMSC 0. 684 0. 642 0.485 0.517
DiMSC 0.727 0.709 0.535 0.564
LMSC 0.754 0.768 0.659 0.649
CSMSC 0.784 0.752 0.615 0. 640
DSS-MSC 0.779 0.782 0.601 0.613
BWSC 0.672 0.676 0.519 0.521
TM2vC 0.790 0. 787 0.661 0. 650
Ours 0.782 0.789 0.650 0. 652

F 2 RREILTE YaleB IR LM RAKER

Table 2 Clustering results of different algorithms on YaleB

Method NMI ACC AR F-score
SSC best 0.534 0.587 0. 430 0.487
LRR best 0.625 0.615 0.451 0.508
S3C best 0.542 0.391 0.415 0.492

RMSC 0.157 0.210 0.060 0.155

DiMSC 0.635 0.615 0.453 0.504

LMSC 0.715 0.736 0.578 0.618
CSMSC 0.629 0.615 0.441 0.500
DSS-MSC 0.526 0.527 0.259 0. 345

BWSC 0.612 0.632 0.474 0.513

T™M2vC 0.732 0.733 0.577 0.617

Ours 0.717 0.742 0.586 0.622
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Table 3 Clustering results of different algorithms on 3Sources

Method NMI ACC AR F-score
SSC best 0.471 0.550 0.328 0.481
LRR best 0.531 0.562 0.463 0.583
S3C best 0.618 0.669 0.508 0.620

RMSC 0.521 0.564 0.331 0.531

DiMSC 0.728 0.792 0.669 0. 750

LMSC 0.676 0.734 0.579 0.669
CSMSC 0.723 0.793 0.662 0.742
DSS-MSC 0.648 0.733 0.631 0.719

BWSC 0.622 0. 620 0.597 0.653

TM2vC 0.728 0.788 0.705 0.764

Ours 0.735 0.797 0.712 0.777
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Table 4 Clustering results of different algorithms on Caltech101-20

Method NMI ACC AR F-score
SSC best 0.592 0.530 0.424 0. 490
LRR best 0.602 0.487 0.382 0.449
S3C best 0. 544 0.466 0.374 0.417

RMSC 0.580 0.412 0. 300 0. 357

DiMSC 0.557 0. 381 0.279 0.338

LMSC 0.651 0.457 0.328 0.386

CSMSC 0.663 0.458 0. 345 0.401
DSS-MSC 0.676 0.563 0. 464 0.521

BWSC 0.578 0.461 0.364 0.423

TM2vC 0. 685 0.569 0.472 0.528

Ours 0.697 0.579 0.478 0.533

R 1R EAR T LLE 7 Yale 3045 4E I+, CBDE-MSC
HIZER S TM2vC RSG5 R A 2 5 5 CSMSC A X, CBDE-MSC #y
NMI &A% . {5 ACC, AR FI F-score 3% 3 4§45 L4 427+ T
0.037,0.035 F1 0. 012, & 2 A% R HHAE YaleB $4#964E -,
CBDE-MSC 5 TM2vC % F k45 ; # Ik T CSMSC, CBDE-MSC
) NMI, ACC, AR Fl F-score 43| #& 7+ T 0. 088,0. 127, 0. 145
F10.122, % 3 5H T CBDE-MSC F1EL Al %t kb 77 3 4 3Sources
e g R 4E B . CBDE-MSC 945 i 47 T TM2vC; 4
I F CSMSC,CBDE-MSC f# NMI, ACC, AR Fl F-score 3§ #7543
BARTET 0.012,0.004,0. 050 0. 035; 5 3 & 277 1% BWSC M
It , CBDE-MSC # NMI, ACC, AR 1 F-score 4> #3277} 7 0. 113,
0.177,0.115 f1 0. 124, & 4 R 1 Caltech101-20 X 4~ H
4 I ,CBDE-MSC Fy 45 F th TM2vC J7 A 3 M T
TM2vC.,CBDE-MSC £ NMI, ACC, AR I F-score 4> M4& 7+ T
0.012,0.010,0. 006 FI 0. 005,

GAERI-RAMETF AWM B E, 20 M dET#
BT 2 MA1ME R R R = TR RO s R B 25 18 2 A A
I8 19— Bk A B #9757 B CSMSC A1 CBDE-MSC 5 Hi Al
T LR R B 2 A 0 —BUE B EAME B R E
R TFEM¥ I M RREEHNRI RN 5 CSMSC M LIt
CBDE-MSC 4 845 B 45 58 SR H R IETE . X £ 0 B /i
TE DU 3T (4 5 1 R 2R 5 B 19 0T L e X £ B 65 T 4 b 4 SR R
L W T HROKT A 2 K A 3RS R R T 9K b 5 2R 2SI R X N 5
A TR Y BR e Pk 2 R 4 R TR E Y 22 e AT 4R
THEREHR,

W N G- W NIE S €/ M W S P ] B 7
MRT ZMABIEGRAHE SRELERZAEH R, BT
HAR A OLT L BR Y2 AS A B PR OGS R A R 2 G
PEAT T RS, DL 3Sources IR B N ). 4 Fh2H 4 Y 45 R
maR 5 A, ATLER LA FE AR EE R REL R A K
3R A R I SRS 25 R X S T 2 A0 A BN 4 1 B AR
BAMARLZENGERL AT MM A2 A
FIERE RE AL 15 B AT I TR G5 R

# 5 1 3Sources R4 I ILE 2 WM R ML RE

Table 5 Multiple views clustering results on 3Sources
View NMI ACC AR F-score
Viewl+ View2 0.556 0.673 0.513 0.630
View2+ View3 0.531 0. 608 0.431 0.568
Viewl + View3 0.631 0.707 0.535 0.636
All Views 0.735 0.797 0.712 0.777

4.5 REEHH

TE 3Sources FUPE4E Lid sk T AN S 52 1745 1 B4
SN TILIBAT 30 WEE R F-XE . B 6 FIE 7 5087 T 3 4
SEOTREHERMWEZW ., BE Acsdp M Ac IR E N
{0.001,0.005,0. 01,0. 05,0.1,0.5,1,5,10}, 7EI& 6 1, [#
FE Ao =310 Ac M Ap MZEILIT R R M, Xt T34
Ap BN KIS EUHB A S RBP4 R, 2 2 T
0.5 ZE A IS5 AU, 2 A, =0.5, 8% Ac £ 0.01~0.1 7
B, BB R AP TIRME., TREMESH A BRESH
Ap B RAA L KR gl X R R X T2 WM RAE 2
i 22 WA B i —BUE B EAME BRI EEM., &
B 7 H LB SE Ac=0.07 A, =0. 5,30 5% A HYAE 1k X B s 4%
Rysgm, FTLLE B, A 76 0.5 M iy, A R I df, 16
457N 3 A SHRTE IR Ak S A M TE 1R 9 ABOR AR Y S R
(s

ACC

F-score
o
Iy

(c)F-socre

&6 AN[A Ac Al Ap 7 3Sources B 4 I i R e
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Table 6 Ablation experiment result on 3Sources dataset
Parameters NMI ACC AR F-score
AcsAp 0. 680 0.753 0.668 0.745
A A 0.632 0.758 0.576 0.675
Ap A 0.560 0.707 0.519 0.623
All parameters 0.735 0.797 0.712 0.777
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