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1. Affinity matrix construction

Uy =y gz
| Intrinsic representations
g iichid
| H

T v =y@g
a= HEHH e

e - EEEEEERE
HE z
' - 2. Spectral
: clustering

T e e | o - |
I ym = ym z

.
: NN SEEN-ENEE S (m) — x(m)y(m) |
o e M X = XU P
X

EiiELEE R = = - o3
mEEEEEEEEEEEE EwEZEES
xm ym & A
Multi-view data Underlying representations Clustering results

1 (MERFE) ISMSC KR {KIESS
Figure 1 (Color online) The framework of ISMSC

B R AERAS A — B A A5 2 6 AR H S — B Ron T X, 200 M 8l 2 (045 8 4 T
T BE B8 52 T a7 BT O RSCR,, BRI 2 A0 o 2] BT S BRI FU A A

DAL T R R IAE 72 (B R R B b, IR A LA R 1015 2, K e e Bt W 20 AN ] 5
R IE R, AT RAR B E AR SR RACR, BRI A AT S H AT, BERE ORI R E 2 A T R
FEE, ABREAEE AR AL, V12 7575 B N S AR 5040 5 o g Sr AT HE R (RRBLEESE R ) (7281, (R
s, JEIEEARE A S AR TUARE S, BR A, g T A RSOR. ik, 1R 2 07k 910
T (Gauss) % eRHUE SR LBERERE, (Him = SN I E SR RABOR. 7 —RKE I
22 AT BRI BEAT S 3, o 2] Bl A AE s B0 12 (B 307 2 1 &40 A s 1) 10 22 5,
TeE T8 3 AR AN TR A B 1) i L AME S

N T g AR e B ASCRR T PR T AR B R R B 2 A T R B SE T (intrinsic self-repre-
sentation for multi-view subspace clustering, ISMSC). M 1 Fr] LE H, ISMSC & e fli H 8RR 77k
S ) AL BRI RN, IRJE R 2 DAL B KB E R s B S A RO, e, A A a
B HHE R AV AR AL A B R AE AR 5 37 A DAAA L.

AR EEAAIAE LTS 3 ANJ7 .

(1) 9 7 W5 A B e R O S0, TSMSC WS 7% o 2 AL A .

(2) 7EZ VLA AT A AL — T, ISMSC 52U SR (I8 FE 2R il & A 2
7R, FEARI T AR Z I — B AL .

(3) HET A2 BT ITETH ISMSC BiHRALSIIE. A SOl N HHRE b S0 5 W T 5004
X7 0 5, 9 7E % SRV MR B8 E T H I At

ASCHES 2 AT TARIEAT T . 5 3 A T AT AR B 4R 2 WA T2 BA
RIARRLIOARAL S, 5 4 0 NS0 5250 1 IERA T SRR 75 B b, I 7E 2 F I
M 5 0 FIJTRHETILAL, JOIlE T SUARIH AL, JUR, 3 5 TRHASCIAT T84,
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2 MxXIfE

A TR Z AR — 003, AR TR R FEIR. AT E el 241
B BN 7 B AL T A 18 R TT I, AR A0 2 WA 2 8] SRR D5 AT 3 R .

2.1 BYAF=EELE

Har, 7ol g 8 FEaERE. REGE. Gitid, DU T RERR . IEER, HE
T Z2MIEFIERENFEMERER T, RERRERTEZ Elhamifar 25 4 32 H 05 72 AR
7% (sparse subspace clustering, SSC). ‘E 4 H 1 £0¥ 1) B B R, BIAENEds SUER AT DU HoAh s 28
P AT R ETR, FRARIE X — Rt P Mg T 32K, MG, 7£ SSC Byszm T, Il 1 24
BT A RIAFFEMSE. Liu 55 M BT HER IREE R, Bt TIRBRRR RIS, 456 BN
HitE AR R R, Luo 25 19 2 7 2258 F/R (multi-space representation, MSR) SRf#HR-1 25 ] K24
A1) Hu 25 16 $2 H T PR R (smooth representation, SMR) H ) il 73 4 AR 2544, Sk
W e AR AB Y rh e I AEAE S AR

2.2 ZUAT=ERE

LA TR RRRET ATy 3 3 BT IR MTT ik JE T AR M ) D7 0% ) R T
IRPESA 2053 U8 Horp, S SR T i ol T 3 2 SEBLME AN P T s AT, 3 A & B
Br. 55 1 BrBOE AR, 5 2 M BEATHE SRR IR AR, BRI &, FEIRAAR U AR FE 2
Ja, AEIE (CRPAEE) BEAT B4, PR IRAT k- S S00R Bt Rl 7 AR BB A A%, A ae AR ADURE e P 2
A 4 M7k e AIMEL k- BIEARE . s E M0 M ERRTTE. BRRITER IR &R,
FIH T SSC 201 vt 8t B R IR PERIE AR FE RS, Xia 55 P T H/RBER (Markov) HEEH
TICEHAEMEAAELE. 9 T RIS R AL A B 2 18] (AR DG, Wang 45 22 fEARGEAR P A —
ANV AR R AR RN 73— LA R AT 40 Zhang 55 (U R BN [F)RR A 22 AT ROV £E FLAME B
X AT I, AR RN A -, Tang 55 230 800t 7 2 REAEIE NI, 2 LA 2 IR, 15
BT GRSk E AR ¢ B, Yin 85 PO SRH T ¢ MR SRR 2 A R TS
% Xie 55 2515 2 AN ) 728 A R AR MG B AR MG TR, R T 2 A B0 < I B A 5%
V.l e B A 1) ST UK, Wang 85 1261 B BEAR AL AR B Foe R REE FEE ML A0 T FLE 72 e B 2 i), A
R AR AR RS, Zhang 45 27 S5 1 Hodls (0] R AR LR S5 4, 75 B HESR BL 22 5] 36 [ A AR (AL AR R
Li 45 B8 I ph e MR 2 2 1 5 R R0R, 7225 I RKEH. Kang 55 29 855 1 0L 1 18127
2. BRI LR S A R A, SRt T — R 2 A T A SRR T . Weng 45 B0 SRIUCT 2
AR — B, a2 S SRR T A A

JE Z AU 722 A RS T USRI e, (B RAFAEAR 2 1. B e, V2 iR AR
gl vh A STARAURERE R, 25 32 BIWE A AN TUAR AR B AN, JoVESRAG BLAE AR . Hk, IR 2 077
e B AV I P A R OR, B0 T AR A 2 W 225, JeR R A R 18] A 5%
F, LU RON R A AL B 2 IR EAME S AHEEZ N, ARSCHEH ) ISMSC IR AE 2o Hh 2 ST AR AL
FEFERE, HI99 1 IR R cdfE th e s FL . eAh, 8 DR A R R il A AR TR R, ISMSC RES 78 77
A FAAS R A Kot 2 18] B L AME S
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x1 FSREX

Table 1 The meaning of notations in the paper

Notation Meaning
a A scalar
a A vector
A A matrix
|IA]l1 The l; norm of matrix A, ||A|1 = Zi,j a;,j
|| Al F The Frobenius norm of matrix A, |A|lr = Zi,j |ai,j\2
diag(A) The vector of the diagonal elements of A

3 ETARBRRINSUABTF=ERE

KAEE SN AR, S5 TEG U] ISMSC e, JRFg i 1tk ISMSC AL TTE. &
Ja, X ISMSC I THSR R 2 FEAMS SV 04T 1 0 #7.

3.1 MR

NT T ERER, 1 A T RS AT T B

AN T B AR E FRIARRE I E RN L AR H R IR E X

EX1 (BAE A RIEREE) 72 A HHE A BN EE S nT DLd i B 4 o A s 2 A AT
ERERE. BE 0 MIESNES X, X = [z, @0, .., x4, ..., @] € R B FIE —DEIE A,
FIR B B R IARE M, X WTLARIRR XZ, i Z = (21,20, .., 21, ..., 20) € R Z FRONREE
B, AR —T0 2, 2 JRIGEAE S 2 FIRR. NG Z R PALERE, 4 diag(Z) BN 0.

EX2 (HFR) HERREF RN A RERE, BEIESANES X B XZ kER Z B
N R IRHRE.

ENX3 (BIEFR) ST 2UWAEIEE X TS, 5 o MUAREEE X© FREERRHRT X©
[RREAE, ATLAFSRER R X ). A SCfdt A 6 F RIS R R IR X BB TERIR.

EX4 (KFRER) ZOMEEE X FREMIUAHET DUE BoEx X B—FR, fAE—fE
N, BRI X A S E 2 T AR ALRE . AR R R A A SRR 2 A B Hh S TR ) AR o A
BLEE.

EX5 (KFHRR) AR H R 2l EEE 1 B RIS RERSRAT 2 A0 B0 0 A AR R R,

3.2 ETARBRTHZMUABT=ERE

W 1 FR, TR AR 20 T2 8 RS 2 i Bt G A AR R AT
WRREE AT EZENAE 1 B AWM X, X e R o8 X K58 v ML
f(v=1,2,...,m), d, f& X FBARLERL, n FORFEARRECR. TR mEdn @ s QA
TR G P LR, ISMSC A1 SR ADURERE R AL A5 A2 A6 Y v A% o it SEARAUUBE AR
B 19100 (EZ 7 QA BRI ARALURERE R 1A i 22 ) 32 B e i bR v 7 222 MU 50 0. 56T S A i 1 2 )
RKIL SSC 1 H R R PEREAR S st B dhAT LA, WU A B R KRG Bl OV A2 o

X = xy), (1)
Hrp XO) g Rdvxn RFH X M o DAL, U0 2 XO MEERR. = EERIEAHR

1628



FERE EERY: F51E 10

Keady, 153
%nz H x® _ xopyo| 2)
BT X R A G R F]— BR R R RIR, T8 NAFAE — R R, AT DARR B AL A b 8 53
FIARMLRE R & AEIRRFMERBCT, 18 Z € O8 X AR S, E3CHR [31) IR T, BB ERRa &N
AR, BT R B RRRE, UC) WTRLRIR N

F’

U =pgz, (3)
R RO A R R RS AR, 153 219K R AL
x® yw
i, 2o -

o xy FEPANMRUR R B 2 TR REAT U BeA, Dy T AEAR U SR R R AT RERGR, Xt Z A T 1, ek
J&HEE‘FE'J B2 H bR ERE AU T B

2
o oz @

U) (v)
U%%HZZHX U

2 m 2
@) _ 7
F+AlvzHU U ZHF+>\2HZ||1, 5
s.t. diag(Z) =0,
oA No HERAUET B R AT IE I, S 15 Z 2 AR RE, 4 diag(Z) BRENZE.
3.3 ffik

#F ADMM (alternating direction method of multipliers), & T —F b Z KR (5) )
R, sk 1 PR, SIN T ERRBIAR R, B Z TMEZAW, HirREE N

min Z HX v) _ 'U)U(’U)

2
() _ (U)ZH z
U,z +)‘12HU U - T 22llZll,

st. J =2, diag(J)=0, diag(Z)=0.

BE 1 1SMSC Mk

: Input: Multi-view data matrix X, superparameter A\ and «;

: Initialize: J =0,Z =0,U® =0, = 10™%; pmax = 10'0; p = 2; maxiter = 200, iter = 0; tol < 10~8;
: while iter < maxiter and not converged do

iter = iter + 1;

Update Z via (9);

Update J via (11);

for v from 1 to m do
Update U™ via (13);

end for

© 0N DT RN

—
14

Update multipliers Y and penalty parameter p via (14);

—_
=

: end while

—_
[\

: Perform spectral clustering algorithm with Z as the similarity matrix.

—_
w

: Clustering results.
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A )RR B H e 7% (augmented Lagrange multiplier, ALM), ik jn @454+

m

i x@ _ x@ )
amin 3 |

2 m 2

+xu Y v —vwz| el
F =1 F
(Y. J=2)+ | - 2|3,

i () RORPFEREIR LS (Euclid) AR, Y 2R HIR T, ||-||F & Forbenius Y544, u € Rt
RN 2. X (5) TN 4 AT IR, AT i B A S iR RGOSR P, R4 L
AR A AT T

(1) KR Z. (RFFHARALEAA, Hirk LN

m 2
Z = argmin\; Y HU(“) - U(”)ZHF (Y, J—2Z)+ %HJ — Z|2. (8)
v=1

(0 EREET Z R, I SRR N E, BF)

m -1 m
Z = <>\1 Z(U(”))TU(”) + uI) (N (J + 1;) +N Z(U(v))TU(v)> _ (9)

v=1 v=1
(2) Kf# J. KA R RFAAL, HH J:

J = axgmin Mol T + (Y, T = 2) + 5|17 — 2|3,

2 (10)
= argmin \s||J||1 + i HJ —Z+ Y
2 F
P J KRR, IR SEE RN 0, 153
J=25s (Z—Y), (11)
2 [

Hrh s R EBRIERT 52,
(3) KR U™, RREFHAZEAL, KT UV #HRR N

m 2 m 2
() — ~ ) _ xgy® ) _ g
U fargmanHX ). F+)\12HU U ZHF (12)
v=1 v=1
¥ ERRES U KT, I SEERON 0, KT
(XNTXWU®W 4 U (12" -2+ 2Z") = (X)TXW), (13)

X —NERUERI TG R R (Sylvester) J7FE, W LA# ] Bartels-Stewart 5y2: 33 JE1T R A
(4) BEFFET YV METMEH p. XY M p FEHIREOT:

Y=Y +u(J—Z), p=min(tmaxp X ), (14)

Hrp>1.
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x2 BREENEXER

Table 2 The statistic information of the datasets

Dataset Instances  Clusters  Views Dimensions Domain

MSRC 210 7 6 1320, 48,512,100, 256, 210 Object image
Politics-uk 419 5 9 419,419,419,419, 419,419, 2879, 3614, 19868 Social network

ORL 400 40 3 4096, 3304, 6750 Face image
Still-DB 467 6 3 200, 200, 200 Action image

UCI 2000 10 3 216,76, 64 Handwritten digit

COIL-20 1440 20 3 1024, 3304, 6750 Object image

Extended-YaleB 650 10 3 2500, 3304, 6750 Face image
Caltech-101 8677 101 4 2048, 4800, 3540, 1240 Object image

3.4 TESZE M

A ISMSC BRI B 4 A e . R G, oo ACEREARECR, 7K Z mHEH 736
PR IS, WMERE N O(n3); ¥ J #H T Hadamard Jef, BEAE N O(n?); R U™ WK T
FE R RIE A PR YEIRE T RR, MU R BN O(n®); TR T E AR LA O(n?), BT VIR AN 5 - FE
N OMm3 +n?). KTV, MAMERR FUERH, 5 SCHR (12,26, 34]) Z800L, FRATTAE SLEQ A 15 0 e Sk gk
TIHE. RS A B AE EREAT SCIR IAIE, TEW T ISMSC 2SR,

4 S

4.1 REBIREMIHEIEIR

LI FES M ISMSC EZ MR Lk AT T RE, GRFEMERZBBRERICHEGEESE v1
(MSRC)Y | Je[H B HERF B4R (Politics-uk)? « ORL AAHESE (ORL)? . i &SRAZAT MEWESE (Still-
DB) 51, UCT FEARRAEIEE (UCTHY . 42T 5HE LLIE K2 (Columbia University in the City of
New York) BUGHEHEEE (COIL-20)7) . § R IRHRE N HE E (Extended-YaleB)®) | JIFA#E JE I3 T2
Bt (California Institute of Technology) 101 844 % (Caltech-101) B8, By H BRG4GB
Z WA 2, TEAFESLEIEE . )@ U AR 4RSS B, S BT RO B A e Tk
I BE4E, Hb ORL, COIL-20, MSRC, Politics-uk A& H13CHA [18] $24L, UCT A& /1 SCHk [9] 3243t
(11, Caltech-101 N2 HSCHR [34] 3RALH). SCTRHESREUEAE S, 7T LIS % LR STk,

ARAER 6 DNERMIIBIRRIEAEERE: A E(EE (normalized mutual Information, NMI).
HEAPE (accuracy, ACC). F 733 (F-score, F). %5 2184540 (adjusted rand index, ARI). %
[ (precision, P) MIH [FIZ (recall, R). fEIXLE4E R, ACC M1 NMI 2l F ) iFa 5. 48 )5 1) 2245
TEH F 00 RS REAT A ml Z e )2 A0 . IR B B AR M T SR s R B o i bk sy, R
Uf. ISR E 2 R [37].

1) http://research.microsoft.com/en-us/projects/objectclassrecognition/.
2) http://mlg.ucd.ie/aggregation/index.html.

3) http://www.uk.research.att.com/facedatabase.html.

4) http://archive.ics.uci.edu/ml/datasets/Multiple+Features.

5) http://www.cs.columbia.edu/CAVE /software/softlib/.

6) http://cve.cs.yale.edu/cve/projects/yalefacesB /yalefacesB.html.
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1.0 — 1.0
5]
£ 0.5 E 05f
£ =
) 5]
[aN] NMI A~ NMI
0 - - . - - - - 0 - - - -
0 0.0001 0.001 0.01 0.1 1 10 100 1000 0 200 400 600 800 1000
A A
(2) (b)
2 (MEMFE) SHOBRED. (a) A3 (b) X2
Figure 2 (Color online) The sensitivity analysis of parameters. (a) A1; (b) A2
0.8
0.10
0.6
Q Q
E 3
=04 =
= < 005}
0.2
0 - : . 0 . . \
0 5 10 15 20 25 30 0 5 10 15 20 25
Iteration Iteration

(a) (b)

3 (MERFE) Wit 5 #r. (a) Extended-YaleB; (b) MSRC
Figure 3 (Color online) The convergence analysis. (a) Extended-YaleB; (b) MSRC

4.2 SEHERM DRSS S

ISMSC BEyEFILHEPAE S, A A Ao, EATRIHBUEEREAE T 0.0001 F1 1000 Z [A]. ASCLE ORL
AR EXTENTEAT T BURENS. SRR, KR —ANSHMEAE, 55— SE0EEE [0.001
0.01 0.1 1 10 100 1000] 424k, X TREANSHA A, HAT 5 L, i3k NMI Fl ACC 45 RI-FIA.
A P BUBEENNA W 2(a) BTN, %2 50R R IE 72 7R B A T 27 1) B8 e, Wl SRR B
2\ /N 0.0001 B, BEE A BIIEIN, PEREARLT; 24 Ay 7E 0.0001 F 10 Z [A1RALE PERERRE, IX 3R HH
T LE R s v 2 STARCLEE 36 B e = AR B 25 3 A, 29 A KT 10 I, PERERRAS, R T4 A
IR R 6o JER G B ek 3ok /0. N FOBBUBKEE AR G B 2(b) AR, 122 50F SR BUT IE 00, 2448 KT 1
IV REAH X A BEE N HO3GIN, Z AR ATRERME; (H2, 2 Z BaEZe, \ Y0 UMW U™ Z|%,
KIME KR, BT HARREEB N, A S0 U — U™ Z)|2 F || Z|) 3P T2z FAH ]
29, e AT RTIE B 5 /N AE AR

KA Extended-YaleB Fl MSRC ##E 4 Xt ISMSC (U SE#EAT 1 2047, 45 Bl 3 s,
FHFEIVIGEE I 0, BT LA ITZRIT 46 I A7 Lk ). i HARME AT 0, IXER B ISMSC 2 ISk,

4.3 XtEbAEE

N THAE ISMSC A %Mk, K ISMSC A1 9 FEfET ikt AT T IR X 9 MIjiEe: X
2% (spectral clustering, SC) 38, #iBi T 251 % (sparse subspace clustering, SSC) 4. &R R T
A1 22K (low-rank representation, LRR) M4 FEF 5/ MU/ 5 [ AR A1 22K (minimizing-disagreement
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(b) )

4 (MEMFEE) NERBENTTRK. (a) KAMEEFPRA 1; (b) RARMZERBNA 2; (c) RMSH
IREERMA 1; (d) AMSHREERNEA 2

Figure 4 (Color online) Visualization of the synthetic dataset. (a) Visualization for view 1 without noise; (b) visualization
for view 2 without noise; (c) visualization for view 1 with Gaussian noise; (d) visualization for view 2 with Gaussian noise

® 3 NEHEELRIELER (191E)

Table 3 Results (mean) on Toy dataset

Method NMI ACC F ARI P R
SC 0.633 0.715 0.664 0.554 0.655 0.674
SSC 0.072 0.387 0.268 0.030 0.265 0.271
LRR 0.628 0.830 0.698 0.597 0.678 0.718
sM-D 0.925 0.957 0.942 0.922 0.935 0.951
Co-Reg 0.858 0.950 0.899 0.867 0.896 0.902
DIMSC 0.939 0.980 0.959 0.946 0.958 0.960
LMSC 0.909 0.970 0.939 0.920 0.938 0.940
MSSC 0.633 0.715 0.664 0.554 0.655 0.674
MSC_IAS 1.000 1.000 1.000 1.000 1.000 1.000
ISMSC 0.970 0.990 0.973 0.990 0.979 0.980

spectral clustering, sM-D) 39| FILFE IE ML (co-regularized spectral clustering, Co-Reg) 1),
ZHMIE SN2 A T 2B (diversity-induced multi-view subspace clustering, DIMSC) (CVPR
2015) 1401, JEAE Z LA F 25 1M 52 (latent multi-view subspace clustering, LMSC) (CVPR 2017) 11| J
T RN ) 2 S T 23 [0 22K (multi-modal sparse representation-based subspace clustering, MSSC)
(Information Fusion 2018) BU, HA7 5E B AAHLLIE M Z LA T2 M 28 2% (MSC_IAS) (Pattern Recog-
nition 2019) 261 3X 9 Py, 1 3 AN EMLA JIE, IR R 2 ML 2 A0 SR HE T, HAR 4
AR BT I 2 AL 128 () SRR HE T k.

4.4 UOIFMESEIS
4.4.1 XTF 55 A NAYIEIEME SIS

T IR ISMSC & 75 AT LAysk 55 Ji7 46 Hictfs Hh e 78 sz e, FRATTBETT T 100 ANECHE 250 A A A
. ZEIREE R AHEFIIVIAS 25 x 25 BB PRI, SR EAE 0 B 1 JEFE P REHLAE &, SRR
WENE. BATERIREFRM T FHRMERN 0.5 J7 2R 1 HIEHgE . JEE S 19 J5 465 FE AR N
T A S R PR 4 s, SRAFELR R AR B BT f vk AT T SR, S5 Rk 3 Fion. ISMSC
f) NMI 45 AT MSCLIAS, EH SC, SSC, LRR, sM-D, Co-Reg, DIMSC, LMSC, MSSC 435l & 33.7%,
89.8%, 34.2%, 4.5%, 8.4%, 11.2%, 3.1%, 33.7%. &5 REKH, 5HAMITVEAM L, ISMSC A DS 5 1 S 56 JiR
GRRFAE P I

T 3 ISMSC Wi s B SRR R, A1t 7 — #4448 S-MSC (sparse multi-view sub-
space clustering) 5%, MK ISMSC & 75 A2 i it [A] 482 5 > AR EEH R N X e A5 (1. S-MSC 1) H A bR
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® 4 SARBERAEZMAIIIEMSIIRER (H1E)

Table 4 Verification test results (mean) on the cause of noise reduction

Method NMI ACC F ARI P R
S-MSC 0.692 0.750 0.703 0.608 0.701 0.706
ISMSC 0.970 0.990 0.973 0.990 0.979 0.980

% 5 7 ORL ¥iE&E EFAERRTMBIEMEZIEER (E)Y

Table 5 Verification test results (mean) about different representations on ORL dataset

Representation NMI ACC F ARI P R
(78] 0.812 0.660 0.543 0.532 0.512 0.579
U® 0.916 0.802 0.751 0.745 0.707 0.801
U®) 0.865 0.729 0.650 0.641 0.612 0.693

z 0.943 0.861 0.823 0.819 0.789 0.861

a) U®) denotes the underlying representation of the vth view and Z is the intrinsic representation.

m
1
miny = [|X®-X®Z|Z + )| Z|,
2 )

s.t. diag(Z) = 0.

3 (15) ATLLEIE ADMM HEhE KA.

¥ (15) A1 ISMSC ) HARRHEC (5) X EERT BLAEL, S-MSC Al ISMSC 2 [|] ) = X G 4T S-
MSC & M JEGA 0 b 2% ST R RS, 177 ISMSC M M 7E s tp e 2% 5] LI 45 RNk 4 iR,
Bt NMI 1fi 5, ISMSC HIZ5 5 S-MSC 5 27.8%. B TIX PP 7 721 X B TE T 15 B IR AR
ST RAABE A R, DRI T DUAS HH 45 i TSMISC 3@t M ESCHE (75 75 0 7 v 2 ST AHABLBE R B, 955 T JR 46
KA Hp g 7 B TR

4.4.2 RTARBRFRHEIEY S

N T 3T 2 BIA R R 58 75 LU A R e S AP s RIE TR A, 3R 5 XN AE R 7R 1A
ALLBERE R LA R AR B 2 s RO AR AU EE R R AT 17 EE AL, 5 SRR WA BT LU AE SR s R AT SRR
A AR FE KDL T AEAR DU RE R, RO AS AR AR R R 1) 2 203 R, e 0 UL T AN TR A B — 3
PeAE BB AR,

4.5 FEERIREE LRI

BAVE— DA 8 NI LT T80, A 3 MR B EEE . HIA ANE R B IE 4.
—ANIERFHHRE . AN URRIBEEE . AT ERFERBEEEM MW S R E. X
Tt EE, ] 7 MSRC, COIL-20 1 Caltech-101 $#i4E; xtT AR, M IEUERIESE ORL
Al Extended-YaleB k{75256, Xt FahERIK, £/ Stil-DB Hdi4E,; X FF 5 7R, £ UCT L
BEAT T S28; XA AR T2, A Politics-uk $diEdE. 45 R EIRTER 6~9 . Hp, MHMEERLH
PGS SRR R,

AR L3R 77 i pr e SCik b 10 S B kAT R 2. (H2, 7218 ] DIMSC A Politics-uk XM
eI, AEIEARE R B <Rt R 4ETRE T AR DR A AEE SR E— (SR, E3R 6 TP — TRt
[ AL Ak, 24{d ) LMSC 7E Caltech-101 ¥#E 45 EiEAT 92U, — ol B (OB AE 40 J LA 28
SN “Inf?, 78 3R MR PG 2R 4 ek 7 R i) A R B e FRAVTE R 9 TR AR < R AR,
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% 6 7 MSRC # Politics-uk ERISTLLER (1E)
Table 6 Results (mean) on MSRC and Politics-uk

MSRC Politics-uk
Method  —r——3c6 7 AR P R | NMI  ACC T AR i3 it
SC 0.600 0695 0578 0508 057 0586 | 0611 058 0598 0444 0821 047
ssc 0.617 0709 0567 0495 0553 058 | 0574 0.709 0.694 0.563 0.881  0.572

LRR 0.562 0.65 0.526  0.448  0.517  0.536 0.566  0.606  0.624 0.48 0.855  0.492
sM-D 0.635 0.747 0.619 0.556  0.608 0.631 0.522 0.66 0.617 0.46 0.807  0.499
Co-Reg 0.688  0.773  0.666 0.61 0.648  0.686 0.59 0.647  0.622 0.468 0.818  0.502
DIMSC 0.666  0.743 0.645 0.586  0.627  0.663 - - - - -
LMSC 0.632 0.717 0.605 0.541  0.597  0.613 0.323 0.613 0.524 0.308 0.636  0.445
MSSC 0.768 0.869 0.766 0.728 0.759 0.759 | 0.579 0.789 0.762 0.646  0.883 0.67
MSC_IAS 0.69 0.73 0.629 0.565 0.599 0.662 | 0.773 0.815 0.817 0.731 0.962 0.711
ISMSC 0.824 0.91 0.825 0.797 0.821 0.83 | 0.885 0.964 0.957 0.932 0.98 0.935

#F 7 7 ORL M Still-DB ERIXTLEEER (H1E)
Table 7 Results (mean) on ORL and Still-DB

ORL SHILDB

Method  —rr——3c6 AR P R | NMI  ACC T AR i3 R
5C 0001 0.76 0707 0699 0655 0768 | 0.100 03 0224 0064 0225 0223
SSC 0919 079 0745 0738  0.689 0811 | 0.118 0336 0251 0084 0236  0.268

LRR 0.851  0.731 0.62 0.61 0.582  0.663 0.115 0.315 0.234 0.058 0.215  0.257
sM-D 0.907 0.765 0.714  0.707  0.655  0.785 0.112  0.332  0.238 0.07 0.227  0.245
Co-Reg 0.866  0.717  0.636  0.627 0.59 0.691 0.081 0312 0.225 0.054 0.213  0.239
DIMSC 0.933 0833 0.793 0.788  0.751 0.84 0.128  0.315 0.25 0.081 0.234  0.268
LMSC 0.919  0.801 0.75 0.744  0.697  0.813 0.136  0.322 0.249 0.087 0.241  0.257
MSSC 0.925 0.79 0.75 0.744 0.68 0.838 | 0.143 0.339 0.246 0.087 0.242 0.25
MSC_IAS 0.93 0.849 0.801 0.796 0.763 0.843 | 0.137 0.357 0.270 0.090 0.234 0.319
Proposed 0.943 0.861 0.823 0.819 0.789 0.861 | 0.144 0.362 0.276 0.107 0.251 0.306

# 8 7 UCI #1 COIL-20 ERIXFEEEER (1918)
Table 8 Results (mean) on UCI and COIL-20

(¥el} COIL-20

Method  —m—FRcc % AR i3 R NMI ACC T AR 3 R
SC 0.661 0717 0616 0573 0609 0627 | 0802 0672 0637 0617 0594 0.688
ssC 0.826  0.796 0767 0.739  0.716  0.827 | 0.957 0.835 0.862 0.855 0.794  0.945

LRR 0.548 0.579  0.484 0426 0.478 0.491 0.774 0.672 0.578 0.553 0.515  0.658
sM-D 0.752  0.774 0.708 0.674 0.682 0.737 | 0.793 0.665 0.636 0.616 0.602 0.674
Co-Reg 0.733  0.743 0.685 0.649  0.662 0.71 0.788  0.644 0.616 0.595 0.574  0.667
DIMSC 0.455 0.56 0.413 0.347 0.408 0.417 | 0.847 0.779 0.742 0.728 0.736  0.748
LMSC 0.791  0.861 0.778 0.753  0.769  0.788 0.839 0.749 0.701 0.685 0.664  0.743
MSSC 0.837 0.912 0.837 0.819 0.834 0.84 0.854 0.77 0.748  0.735 0.73 0.768
MSC_IAS 0.941 0.974 0.948 0.943 0.948 0.949 | 0.953 0.866 0.856 0.848 0.794 0.932
ISMSC 0.913 0.959 0.920 0.911 0.919 0.921 | 0.957 0.852 0.867 0.860 0.796 0.952

SIS A RAR B, FEIX 10 FhJ7 kA, MASTAS FIASL 7% ISMSC RILA AT M. WP RE 1
FFET S, ISMSC & &I, ‘©4E MSRC, Politics-uk, ORL, Still-DB #1 Extend-YaleB ¥4 4 L () i
AR AR AEMERE. FEARLE Politics-uk & L, ¥t NMI, ACC, F 1 R i &, ISMSC 435
PL11.2%, 14.9%, 14.0% F1 8.8% MILAMIL T 2 4. &xdgs R, HATE W THEE.

(1) ZHMERET AR ARG a5 R0 T A T, 20 L o
T ZHME ., BRI 2 AN A B A B AN, AT DU G e B AT IR R, (H, SSC IR
TERLEE PR AR AR A8 SXAIE I T i B RIB R R A

(2) ISMSC EA—MZ AT AR KT, EE P E 4R, 7 Politics-uk, Extended-YaleB,
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< 9 7f Extended-YaleB #ll Caltech-101 FRIXELLER (H1E)
Table 9 Results (mean) on Extended-YaleB and Caltech-101

Extended-YaleB Caltech-101
Method  —r—7cc % AR i3 R | NMI  ACC T AR P R
SC 0354 0382 0207 0218 0289 0306 | 0821 0566 0387 0377 0.664 0273
ssc 0479 0474 0308 0217 0262 0376 | 0.814 0558 0374 0364 0.641  0.264

LRR 0.775  0.757  0.645 0.603  0.606 0.69 0.82 0.585 0.4 0.39 0.682 0.283
sM-D 0.192  0.261 0.176 0.084 0.172  0.181 0.779  0.526  0.371 0.36 0.628  0.263
Co-Reg 0.138  0.202 0.1548 0.06 0.152  0.157 0.82 0.567 0.391  0.381 0.668  0.277
DIMSC 0.629  0.603 0.499 0.441 0.47 0.532 0.831 0.57 0.4 0.39 0.706  0.279
LMSC 0.529  0.534 0.36 0.279  0.315  0.421 - - - - - -
MSSC 0.444  0.443 0.279 0.182 0.233 0.349 | 0.835 0.606 0423 0.413 0.715 0.3
MSC_IAS 0.806 0.811 0.741 0.712 0.720 0.765 | 0.814 0.597 0.459 0.447 0.608 0.370
ISMSC 0.857 0.822 0.793 0.769 0.764 0.823 | 0.840 0.605 0.451 0.440 0.669 0.334

® 10 SERMSNATEEREFATITHELLE (s)

Table 10 The running time comparison with state-of-the-art multi-view subspace clustering methods (s)

Method Time complexity MSRC Politics-uk Still-DB ORL Extended-YaleB
DIMSC O(n? +n?) 4.5 - 15.3 11.1 42.2
LMSC O(d® +n?) 5.4 86.3 15.7 42.6 83.6
MSSC O(n3 +n?) 4.4 79.8 3.1 80.6 52.0
MSC_IAS 0O(n?) 9.8 7.5 22.3 23.9 26.4
ISMSC O(n3 4+ n?) 4.3 66.1 18.8 11.1 56.6

ORL S Z A4 RIS AR 7 ISMSC B 24 1.

(3) HHAh 9 MITVEAHLL, ISMSC fEEURRKHIRE . AMERKEIEE . TERFRIHIELE.
FEAZ 0 28 B0 SR RN G SRR R 48 AR T S i 5 SR S0 Ll 7 ik AR b, B AN R S ) 25 o L
A&

(4) ISMSC HyPEREIEIEAL T MSSC. MSSC MR ARHHE o 27 > FABLEEAERE, 11 ISMSC =& Mg R
AN TR, XSS DR B T AR A SRR A R AL A

(5) ISMSC FifEfeiz#Ed DIMSC. 5 DIMSC #HEL, ISMSC il it ¥4 2 AN VB e R i & 3|
AR RN, AT DL U R R P S [ 2 B ) — BUE B AR RS R, IXUE T AR R A R

N TR ISMSC [is 47 20%, BATERE N Intel(R) Core(TM) i7-8565U CPU il 8 G RAM [
BLEE EXTECH 5 MONVEREAT 1 SE5e. RN R b, #0E FIA B PR AR IN 1) S 80 AT S5,
SIS E A 3 K, RS ATI (R (P RE, 45 FI0RAER 10 1, Hoh n RORFEARSL, 4 RFTE M AEL
PRI P 2 0, GE AT I (] S R R AN 45 SR ORI AR R OR. 7EIX 5 PO, MAS_TAS IR [ 52 4% B /s,
ISMSC 5 DIMSC HI MSSC AH[F]. 1B, SLPRIIa AT I (8] 52 VF 2 K 2 50, B anis AR HEAH
BARLAEE . W MAMEESE. F MSRC, Politics-uk, Still-DB, ORL #1 Extended-YaleB iX 5 M £E ()52
54k R, ISMSC 7E MSRC, Politics-uk 1 ORL 1X 3 M4 Lia 17 i (A1 4.

5 51

ARSCERW T R BRI H ISMSC B F 2 AM 12 [ 23K, ISMSC WA R A (78
FELIR A& R A HSAE s SEARADURERE R, 78 70 A T 8 A 2 8] 10— BUE BATILANER; R e
FORMATAFRIR I A G0 B MER T, SRS MA R R 3T TG, S5 HAR TR L,
ISMSC B 5 T AL B vy 4E Kt , mT VAU 55 SR ah 2cdie wh e 75 RO 5o, BT SE o i) B iR e, AROR, BATRERF
BrUARATY, ST AN e BEHIR AR S AL BERE 0, IR R HAE I SR IR .
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Intrinsic self-representation for multi-view subspace clustering
Xiao YUL2, Hui LIUM23" Yan WU? & Caiming ZHANG?4

1. School of Computer Science and Technology, Shandong University of Finance and Economics, Jinan 250014,
China;

2. Digital Media Technology Key Lab of Shandong Province, Jinan 250014, China;

3. Medical Center, Stanford University, Palo Alto 94305, USA;

4. Software College, Shandong University, Jinan 250010, China

* Corresponding author. E-mail: liuh_lh@sdufe.edu.cn

Abstract Clustering of high-dimensional data has been a hotspot in the era of big data. Meanwhile, changes
in data acquisition have promoted the rapid rise of multi-view learning. Under these circumstances, multi-view
subspace clustering has attracted much attention. However, many studies learn the affinity matrix from the
original features and therefore, cannot obtain a satisfying affinity matrix due to the noise in the raw data. In this
paper, we propose a novel model called intrinsic self-representation for multi-view subspace clustering (ISMSC),
which learns the affinity matrix from the underlying representations of multiple views. By fully exploiting the self-
representation property of data, ISMSC fuses the features of all views into an intrinsic representation. Moreover,
an algorithm is designed to optimize the model by using the alternating direction method of multipliers (ADMM)
strategy. Finally, experiments on a synthetic dataset show the robustness to noise, and experiments on different
kinds of real-world baseline datasets show the effectiveness of our model.

Keywords multi-view, clustering, subspace, spectral clustering, sparse
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