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NEZME 2] (multi-view learning, MVL). 2 %2 B~ (multi-view clustering, MVC) {E N2 0
Bz S ez —, Gl 1 & A B ARE A, S 4 R 22 A M1 A4 S5 B v 8080 20 B 2
R, BN LR A AT TTURAL SR, AERELE N I 5, JEAN R ML IR A e B R AL 2
PP REAKIRHE. 140, fERSTE 5 ORI b, — B8ORS F 701 5 RS FERAR I TUHE I, 6
73 WA REBF R 1 AN [F) A BBURAR]L, 3 BUR AR A B A A Y IR B T A 70 MR Pl R S R AR A AL A5

SR @ 18] FONAR 52 2 Z AR 2 (incomplete multi-view clustering, IMC).

SIRAMEE: W CE, WUHAR, PEE, & BTHLEREEINATELMEESE. DEBEE: FERIEE, 2022, 52: 1186-1203,
doi: 10.1360/SSI-2021-0070
Zhuge W Z, Fan R D, Luo T J, et al. Incomplete multi-view clustering via independent self-representation learning (in
Chinese). Sci Sin Inform, 2022, 52: 1186-1203, doi: 10.1360/SSI-2021-0070

© 2022 (PERZE) it www.scichina.com infocn.scichina.com



HEB FERE B52E BT

AR 22 A P B ok 2k 7 AN, I B AN 58 4 2 A0 SRR ) JEmT AR MDA R P36 (1) T4
TR BRI A T2 2 BRI (2) B TR R SRR AN 78 2 AR B K ) . TR 5
PSR IR AN 76 4 22 R P SR S 1) IR e I T ER) AN TR AR AR R AE A2 58 BE R AR 1, I A SRAT FE B 3R 1 VF
Z P ERMPILIE . Li 55 U9 BT AR GO RE RS 1 T 38> 2 UM JTNE, @i e A AL E )
HECHR FE I fifp 380 [R] — VB AE 1) 775 T, E %7725 1) A AS (R0 ST 0 2 ) 00 R A o R AR ] PRI 4
o, BETRECAT A B PR 4EFR R, Hu 55 PO 32 X055 A 58 4 2 R SR K, al i 5 N X - AEAEREA
EJERIAEAT 0-1 X8 1 55 A D 24 M B W 2 e RS B RE R e o 20 AT IR ZE R, RIS 4o, V8
HRACER R BB A TR . Wang 55 U $2 H T BN E 0 A 7842 2 M R ENE, B e E MK
G AN 5 A BRI, A PR A7 B G 0 3R IS N A B R K TR BEAT BN, SR SE I )
TPl RIS 70 25 R R i 5 45 SR T R O 2R 29 ) — ML BRI AT £ ST R R

FHIEAR B O 2R 2 4R PR AE AR ER IAB T AN, i T 342 BS54 I L, 8100 P ) 30 70 R A1tk
2 ANEN LEAPAEREAR R AR B — ISR B T, BT830 B T Rp AT B R IR AN 56 4 20 40 I SR 28 ) Jt e I
RANRZ. Xu 55 220 $2 T B FA SR E R 2 ALK % 21 777 (multi-view learning with incomplete
views, MVL-IV), MVL-IV 7EA M 51N 0-1 $8 7855 B3 X 0 A0 BAFAE 5 8O FRAREAE, FE T340
A FRRFAE 7 )AL B IR AE R R, Tao 45 28 76 MVL-IV FJJEAL b, JE T 0 M BHE TR T K8 &
RAGHEN, 3R 2 (A7 s R R B AT AR L ) SRR R, Tao &5 Y KGR TRERE TR AN 58 2 2 4L
P2 ) 2 21 7 iR VA 3 [F) — A2 ST HEZR, 0 DA ke, {7 H R AL 2R AN FERFAEAT: 2 i 2K 1 22 00 PRI 090
REEG N TTERAS TR RBCR, HR2RFEL T RIRE: (1) A ETRIEHME R AN Z A
RETFR Z 0 FERE 7 R IR — DN ILH I 72380, SR 2 M B AR /D Regle— > 13 [ AR &7
(R, BRI A S B AR M AR B I TS (MR s, (2) B 5 TR B R 10 2 A0 2807 vl
Wy 2 L& B AS R B ) — Bk, 1A 5 A I TR ) 22 e Ak, BRIV 2% R AR5 AN [R] 4 AR A R

Bt ks (o), A S T BRI I IASE &2 Z MR R T7E (incomplete multi-view
clustering via independent self-representation learning, ISRL). S 1 B % b H 4R AE AL 7 B2k i 508 HBE
75 BT ML A S K 42 SR A, ISRL T | IR HEN, [RIIBEAT 25N T ) B Rk R R 5 21 DL R Kl
FEREAN A, JFHERE B R IAFE R Rk IR R R A 3 1 ik, RI25 B o F 2 A7 2 I i, Bk mp
DABE I TR H BRI R A5 B 9 1 R A [RIRR I — 35k J 22 e PE{E B, ISRL 456 %ML
A FRIAFERE, 27 2 A LB AT 1) B R TR, A 2 T A kA — B R AL MR AE D (Hilbert-
Schmidt independence criterion, HSIC), B it 1 3 T B AMEAS B AL BERUER 22 S L. eAh, A SCE
BRI ML AL ] R 1 — AN R A B AR R L%, AHEE TR G 2 AL T (W 3R 2K D7V, 1%
TERIH A R FE B BRI, HAE 2 AN Eda 5 B sese o R L AR K 2 3G OL T e IR B0 e
T AR B 2 SRR A5 R

KRICAEH 2 T AIRA WA 2B UEIRETTEU LS ME B RIERET L. 83 WAL
FEH I ISRL J7VEFH 40 M EE R SRBIAR. 56 4 745 RISt 7 i Bt S 2R BE A . 565 5 749
TR 2 AR BT SEIOR ISR ISRL VERA 8. e e 454 3.

2 HXI{ERImB

B2 HEEAREAE o MERREAFTAREIRERERTN XO = 2. 20)]
R4 24 S 0 B A T W R PR A A P T SRR, Sy T X 9 4% 0 PR Py Sl e 77 7 i B 2
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*1 BERMFSHA

Table 1 Description of common symbols

Symbol Description Symbol Description
x®) e R”Xd(v) The missing data matrix of the v-th view dy The feature dimensions of the v-th view
M®) ¢ R”Xd(v) The learned complete data matrix of the v-th view n Data size
Z W) ¢ Rnxn The self-representation matrix of the v-th view \%4 The numbers of views
QO ¢ Rrxd The missing indicating matrix of the v-th view C The numbers of classes
F(®) ¢ Rnxr The representation matrix of the v-th view r The representation dimensions
F ¢ R™X" The common representation matrix a The view weight vector

HHE, £ X0 BIA—AMEREEE Q) € {0,135, 18 (i,5) Mo o & L
o _ {1, W ) FETH v MK, o

Y 0, .

P EIRFAEAE B SR RS T N 1) 2 AL BRI B AR N R RHES R 1) n D2 ALEIFEASHE R E
B O ANE SR, SEIAN R REA 8. Ak, A TR SO R 5 2R B gs TR 1 .
TEARSCH, BATE M € RPX9 1] 0y RN

P q %
1M1 =) (Z mijQ)
i=1 =1

TENH T MR B SRS A RS B 2 05, 76 F S0 1 2 BTG 1 A 3R AEAT R st
RAETE R 05T B A A ¥ 22 A0 L 23 (VSR 207 72, SR TR T o AR A e B A i 0 2 T B 3Rk
INEZVIARSA{EP - A7

2.1 FHEEERKBEE THETEESBHSAER LS X

G RHE AR B BR TS T T 1) 2 AR5 2224 R I T RERE S iR, (RN R 4T % 40 PR
HRE I (R A A A T IR 2 T B TR IR A S8 B B R R { XYY, X RTT it 2T ab 4
FOEARAERE (M@, Hh M e R4 R3S X0, AR, 78— MEE R T4 1 545
fift (MY, RS PR RAERE F e R, X ISEE T M 43 il 1) -1 7 ) 2 ST TR AR
ATl FBURT LAA A 0 T 48— i

v
. M(U) _F (v) (12 F (v) V_
o 58y e 2] U3+ R(F, UM}

st. Qo M® = o x® U ecl (W), Fecp, (2)

Hrp, U™ e RY > 25 o MUEBIBEARE, R(F,UW) & F 1 U® @IENE, ¢ fl ¢ H F
MU LR, G F )5, 817 K-BMEERITTEPMEG A RREE R, S THEL (2), K2H
SETHERE R AS 58 2 2 ML IR STV AT LAY RN RHIEAE R AR B I 2L 722 8] 52 2 k.
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2.2 FHEZZ2ER THETERIENZIERESLE

fﬂﬁﬁ‘]%%ﬂ@l?*lﬂ%%ﬁ% 16:8.9,25.26] 33 % H T &ML B HERE (X, 2 I A
B RIEFERE {201, RN S IEWBHES (2, Z A E., BUA Tk iy BlA
anJyin g —rE K P

{ZRI}DV Z£ (X, z@) x () )—l—’R({Z(”)}V D,
Lo=1

st. ZM ecl, (). (3)

b, £(-, ) NEMBUREE, R() NETARBE R {ZOYY_ | Z R IENLI 7538
Bz 25, REJTERFEET S = 2V (1Z20)] + |Z2™|T) 175 s L E AT AR A
M S.

3 ETHIBREFINATESZUERERZE

3.1 HE¥reR#

BT 5 AR B E A RFAE B AR (X (YY), A5 2 ML 7 (B SR 2R 5V AE % ML I B kAT
] A LA R I 2 B S 1R 48 RO B R R EAT D 4. D SEBIX — F b, XS TVEA LRI 27 S L]
T I BRI {20}V DARAME IR SRS (M@}, 3k M e R 4R 1 X ).
H T2 AL A A 2 R E %HEETE%&E’J, N T 8 2 ARG B IS U122 SRR, XKk
A B 2 SR S 1) B RIS HEE Z € R, 5 b BT AN SEBERHAE 1) 2 40 1 2 [A) SR AR 2L 1) H A
PR A A T

.
> oM, 20 M)+ R{ZVY L, 2),

min
{M(“)7Z(U)}X=1’Zu:1

st. QoMW = e x® zW el (w), Zccy, (4)

Hep ¢y & Z WL, SINIENMLI R{ZWYY_,, Z) WBKRME {ZW}_, M Zz Z[EE AL
HEMNAZ T, A MM REIREIE {ZO), ARG R. B TR, AT 4) o
24 ISRL ) B AR,

DA P 22 W0 -2 1) SR 2y ik 28 290 i f /A B SRR 6 FE B RRAE R B AR BB L) — 8, 4 FHlir &
RIS, IX TR BT RS 0 B R M IR A 2 R AR R IR e TN ], Z:I%thE’J ISRL
TR TAE RSO Bk (ZOW A Z TR THEE 2o BE 2nn, FESLIT:

Zomr ={FF' . F e R™" F'F =1} (5)
B (5) AIAL, {ZWY_, A Z IR e v, SBETEOUT, r < min(n, d).
9T BEARAR P A DA B SRIA TREIE 5200, ISRL SR H 4oy T E R BRIATR. g 20 =
FOFONT fI Z = FFT, (M®™, ZOM®) B0

LMD, ZOMW) = ||(M®Y — ZO M)y, = (MY (L, — FO(F®)T]]|,1. (6)
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FHLETAE SR Frobenius YUK, o1 JOE 5 Wil 7] T{E 15 (M)HT(1, — F®) (F(” VY AT R, RIS
[ HE AR AR 8 THREAE R, RO BHR A RE M) Hp () 3R ek AE 3 DOl I 5 RIAFEFE KR, R
F 0o YERUEASAS R S fin (0] =51~ Wk 52 8t B W] DICR ) B 3R i O ARFAE.

NT B {Z2MYY_, A Z Z B REEEAZ I HLE], ISRL LEAL AT 1 B R IAHFE Z2 ) g3
AHFEFE Z 217 L/UJD*X%% AT EER, BRI ZWY_,, Z) HaE W5

Z%IIZ(”’ fZII%:ZavllF(”)(F(”))TfFFTII%, (7)
v=1 v=1

Hrb o, fiig Zz0 Ml Z 2 EHEEE. N THE o =[a,...,a0]", ISRL HE {ZMW}V_, 28

P HEHAMEE R, AHAME BB 2 MBI BRI, el Bk B AR, 2E T4 KA - il Re

SEPEEN BYISRL fEH HSIC(Z™), Z(W) Sk Zz™) fl Zz(0) Z [ FMsitE. R{ZOYY_, Z) A&

I ER S

v
Z O‘vawHSIC(Z(v)a Z(w)) + /’[’HQH%?
v=1,w#v
st.a>0, a’1ly =1, (8)

Hrb, w> 08 a 2AKTIRSHL 30 (8) AR o NBERAE, e 5 i iy & A R K E
TR, ASUERA N K = Z20)(Z2W)T kit 1sIC, /)

HSIC(Z2®), Z()) = tr(HK ™ HK ™)), )

Hep H = 1, — 11,17 KhofbsEipE. E3 20 = FOFO)T R&GKR (FOYTF® = 1, %
X K =Z0(z0HT = pO)(FEHT Fl HSIC(Z™, Z(™)) = HSIC(F®), F(®)) I3

WidgEE L(M©, ZO M) M REZWY_, Z) MEMIERU KL 2™ F1 Z (2, ISRL 1 H
PR BOE T

Vv Vv
Y. v BSICFW, FW) 4y 0 ||[FO(FO)T — FFT( + plof[3
v=1,w#v v=1

14
+ A NM)TL, — FOFO) |21,

v=1

st. QoM =Wex® (FINYTF® =1 F'F=1I, a>0, a'1y =1, (10)

Hep, ¥ = {{M® FOY_ o, FYWEET ISRL MIFTAASE, X > 0 N H RIEHIAE M55 T 7
ZH. ARTR (4) I BERIEER {(ZW}_, M Z, ISRL %] {FOY_ fl F, Kt ISRL A7 %
TEVH I AR RS B B s 1T SR 2k 39“:?%%%%%%, A DLE T F ORI REE R

3.2 REEX

T o JUELPISZIA, ISRL FIPLAL AT (10) MDA B HER M, ASCRH A B IERM 7 XU H (10)
) 4 HARE (MOY_ {FOV_ | Ff a. 3ET B INBCERS 32 EREFEIEAC A SR F B4R ) g

min Azu{ — FOFEO) MO DO, — FOFO)) el
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+ Y oautr(HFW(FO)THFM (F)T —i—Za [|[FO(FOYT — FFT|2,

v=1,w#v v=1

st. QWeM® = Wex® (FONTF® =1, FTF=1I, a>0, "1y =1, (11)

o, (DO, RxtfAERE, DO e R x4 R R (M@YY_, (FOY_, SEl— R HiE, D)
I35 5 A (G =1,...,d"W) XATEER d) $Z R 0T HE

w_ _ 1
23 v ?
2/le?][

(12)

Hrp, el O o MBI B RIKIRESE B = (I, - FO(FO)TIM® e R4 15 5 51l £
AR {DWY_ )G, BERKIKER (MY {FWY_ | F Hl a.
@Eiﬂlﬂi’.zi, B FO. L {FW ), {MOY_ o, F F1{DW}V_, EER, W& (11) ¥k
RUFRT PO [R5 8
oo,y HEOTLOFO), (13)
Hrr, L) = 20, H[Y,,, 00 F (F)T|H = AM @ DO (M™)T — 20, FFT. /MU (13) %47
TN R Ak ) R
(F<“))I"rfl%‘)((“):1,,, tr[(p(u))TA(v)]_r:'(v)]7 (14)
Hrh, AW = p L, — L) S5 p) —AN 2RI IESHL, 15 A©) D IEE R RE. Jyln PR gL
K FOFEANEHBECR AR R (13) 1 (14) IS ICHE, AEXT a0 R in) B4 T >R i

)T @)
(Fw)rgg}g}):btr[(F ) (15)

Hep, ¢ = 200, F® — da, H[Y,, ., 0 FO(FO)THF®) + 40, FFTF®) 4+ 2AM® D®
(MO)TFO. TR (14), % ) WERFREMMRA ) = ULSE (V)T K
1 Ul e R, 50 e R H VY e RO (EYCHR [33] 45 TR AR ED R R A AL T i,
WATHIF M (15) BIFAR AR N

FO = Uy (Ve (16)

EEHMETE, EHM (MOYN_. Y a, F, {DWY_ M {FO}Y_ g, m (11) PEz
AR O% Z SR MRAE Y, { M)}V, AT BB S SRR VAN 17 AU

mm tr{[L, — F)(F)TI M@ DO (M), — FO (F®)T]},
M ’U

st. QW oMW = o x®), (17)
FT 0 (17), FER R TR 77 s M), B
M®W = pr) — C(”)A(M(”)), (18)
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b, AM®™) 3K (18) BIBREZ, () > 0 b K. A(M®™) #5807 Xn F
A(M(”)) - Q(M(U)D(v) _ F(v)[(F(v))TM(v)D(v)]) O (1,0 — Q(”)). (19)

RAAEFHLNEE R, () BEN

®) — max tr[E(“>D(v>(G(v))T])
¢ = ma (0’ tr[G(v)D(v)(G(’U))T] ) (20)
Ht EO) = M) — F(v)(F(v))TM(v)7 GO — A(M(v)) —F® (F(U))TA(M(“)). TSR P 1 2 e g
.5t (20) HsE 025 KR T B (18) TERTH0 MO (R (17) 10 E AR AR
Eig'f{tg%, E%ﬁ Q. j:ll F, {D(ﬂ)}})/zl’ {F(v) 1\}/':1 }Fn {M(”) UV=1 ;’EN7 rﬂgj_ﬁ (11) m‘u%{/t
AN R T o B E /MK IR) @
min - a'Ja+ple, (21)

a>0,aTly=1

He J e RV F B8 = [B,...,8v]|T € RY /il T e BmitErmEmm s HEE J 0
B (v,w) PICE Jow MHEN

Jow = {m R = w, (22)

HSIC(F®), Fw)  HAhEE.

A B v MTEEN B, = [|[FOFO)T - FFT||2 = 2r — 2r[(FO)TFFTF®)). @ id vk 354 i
SR p, J AT LA R T S R B S F R, I 1 R (21) AR RS 1 — NS SRR R AR )

EEHbEE, Eff F. 4 (DO, (FON, MW}, Al o B, WG (10) AL
AR KT F oA )

14
e {FT [Z; %F@)(F(”))T] F} (23)
SR (14) FRMARSAL, SR M LA R BT RT F, BRI FAER 0 (23) B ARG I A

tr(FTC
P, (FO), 2y

Hi ¢ =22 a, FO(FO)TF. 5% C MEHEHREMEN C = UcSc(Ve)™, b U € R,
Bo € R M Vo e R™, [l (24) HIfEN

F=UsV;. (25)

BT LR 55, 5 HARE (FOYW_ {(M®}Y_ {SYY_ a, F R {DW}Y_| &I, it
R ESZE S REER (10) 1B ARREE RS T HILE A, ISRL 595 PS5 3 5 35 AN A0
FIFIRFAE, KA o, FRVIGRIA 1)V HAGEEA D™ VIR 1y, [ A2 203 i JE it BE ML
AT A A B AL I (10) AR BD IR M A5 NS 1.
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Algorithm 1 Incomplete multi-view clustering via independent self-representation learning (ISRL)

Input: Multi-view data with missing partial features {X()1}V_,  indicating matrix {€2(")}Y_,, clustering number C,
parameters r, p, and A.

Initialization: Initialize c, = 1/V/, initialize D(") = I ,,y, initialize F, F(*), and M(");

1: while not converged do

2:  Update the self-representation matrix {F(")}V_, by Eq. (16);
Update the complete data matrix {M(“>}1‘J/:1 by Eq. (18);
Update the weight vector a by Eq. (21);
Update the common representation matrix F' by Eq. (25);

6: Update the reweighted matrix D(*) by Eq. (12);

7: end while
Output: F, o, {FM}V_  {M®}V_ .

4 BB

AFINF ISRL SyEHHT KGRI T, BRIk ARIEHM Z /RN (5) B2IK—sim, H
VOB 1 IS T 00T, B a A S 1 T R
4.1 RESH

G 2 AR RIERENEBEFH R X = X z0) HHRERECN

\%
rZrl(%E; 1ZO], + REZOY_,, Z), st X = X Z(0), (26)

SR HIL SN FH A 22 A0 PR B I o & — e S i (A A | sl BT R X0 = X () Zz(0) 7]
REAR S22 55001 1) Z @) PR A PR 25 0L b st o IE AR IR, R I 7R 0A 00 Z() Rk i 0
WFRME, ALK 20 = FO(FOHT, H @) ¢ Rrxr (FO)TREO) = 1. RIERAIH L= FO)
) 22 M0 B A TR Ay

min LMY MO FO(FONTY L RUFOLY_F),
FO),F £~ (27)

st. (FONTFW =1, FTF =1,.
SR IENAL I R({FWIY_,, F) ¥ B B REFHEERR S, A7 L RR > WE R
KA 2O R, BAI14 REFOY_ L F) = 0, L(M®, M®F®(FO)T) = || M®)-M®) F®)
(FONT||5. BV TR B FO), SRR AR 1 R

F(U)Tmlj(ri)fl HM(v) _ M(”)F(”)(F(”))TH%. (28)

EIB1  BEEIEHRE M ™) B3 FE 2% (singular value decomposition, SVD) N MW =UxVT,
U H AR R (28) AME— IR FO) = V., SR H R EUAE Y ST 62, Fert o NBHRAERE M)
[MEE @ ANFFIEE.

WERR  ESRR L (28) HEATHEAL

F(v)%rllj(ri)—I 1M = MO FO(FO)
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= min tr(MO)YT M@ — (FONYT(M@)T @) ), (29)
FOTRw=r,
BB M@ WA N MO=USVT, ERFE (29) KA T407F )
max  tr((FO)TVETSVTE®), (30)
FOTR® =],

FRHE 32 1 7 3 HT BEE (principal component analysis, PCA), i@ (29) HAME—fIH#E FO) =V,
MG 1) R (29) 9 H AR R EUE N

tr(MO)YTM® — (FOYT(MONYTMOFO) = tn(vETSVT - v,TvsTsvTy, Z 62 (31)
1=r+1

4.2 WSS
DNUEBASE 1 IS, AR SCE e R anF 5l 21 B4
5131 SHMEEAIIE 0 IR a,b e R™, G0 AR
lal|s — lall3 <|[blls — 16113
2([b]]2 2[[b][2
EIE2 LIRS 1 BRI, BB SRS BN, ISRL 1 HARe& % (10) BRIEAE, B
ZUTSL. BEBT R 1 IABA R (10) 19— AFAR AL
WERR RARIOE AR PO, M), o ML F 353R 8 F©, MW, F Al 4 G(M®, F®)
= Mr{[I, — FO)(FO)TIM® DO(M@)T[L, — FOFO)T]L B RUFON_, F) = 30 a||[F®)
(FO)T — FFY([% + Y01 sy Ottt (HFO (FO)THF O (FO)T) + pf|af3. KR (11) fEA6 R H
PRERECT LIS B R(FCNL, FLoa) + 3,2, (M), FO).
5, SCHR [33) A T 5ASCR R — B ARG (23) FISEERIVELE R ISR B, AT RAS
B {FOY_ RRERE, X (11) 1 HFRR BRI, MO TR0 R DB T BRI T,
bR (11) 1 B bR R 02D BRI BB o Rt BT R SR LR, B AR s B RS, F ST
H5A{FOIW_ BEFRAL. L5 LA

(32)

.
ZQ MY FO) + RUFOY_ Foa) > ) G(MW, FO)+ RUFV}_, F,a)

v=1 v=1

WV
M<

\%4
GM©W, FO) + RUFWY_ | Fa) 2 Y G(MYW, FW) + R{UFWY_ | F, &)
1 v=1

@
Il

174
> GMW, FY) + RUFWN_F, ). (33)
v=1
£ BO) = [I, - FO(FO)TIM®, G52 (DO, b ) = 1/(2][e}’||2), H30 (33) FTLAHES:
e <”>||2 V4 e %
ZZ (v) v)}” 1’F a < )\ZZ () U)}}’/:l’F’a)’ (34)
v=1 j= 12H || v=1j= 12” ||
ek, &) oy B (5 5 5. diglE 1
vV od® VvV 4™ | (1’)H2 vV d® VvV 4™ | (U)H2
AP DI b = AT <A el =AY TS (35)
v=1j=1 v=1j= 12|| || v=1j5=1 v=1j= 12H ||
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¥ (34) F(35) AINJE, AT LS E|

14 1%
D IE) o0+ RUFOY_ Fya) <Y IEY) loq + REFVYLL FLa). (36)
v=1 v=1

KX (10) ATLARE N SV, L(M®, FO) + REUFOI_| F o), HAEE (M@, FO) = )
(ML, — FO (F@) gy = [[(EM)T||o. B 1 WEUSHI FO, M®) o Il F 550N FO),
M®, & R F, TR TSR AT A, ({FO, MO & Fy RS (11) 11 KKT
(Karush-Kuhn-Tucker) 257 ARG (10) A1 (11) () KKT &M E, Kt ({FO, MO &, F}
W2 (10) X BPA2 AU KKT 2644

4.3 HKIE)EZE ST

F 1 R BER T K@ (10), EFGERS, EE (FOYN, R ERESR
O(V2nr? +V2nr+Vnd+Vndr+Var? +Vrd); B (MY 1 {DWYW_ I EEREN O(Vnd+
Vndr); BB o FITHESEIZRE N O(V3T), b 7 JysRg I (21) RS, 508 F R RS
N O(Vnr? +r3). lH r < min(n,d) H V < min(n,d), BILEZE 1 PFEERE RN OVedrT), H
T RS 1 EARIREL

5 I

AN SN ISRL FABAT RGUPPG. AT 6% ISRL SARSCIRITIIRAE 6 MR E L
BEAT AN BRI BB T SRR RCRXTLE, SR 45 Y ISRL H Fm bR B AU S i 26 91T 7T 2400 ISRL
YERERIREI, B 5 45 H ISRL AT SR [A] 34T

5.1 SEIRIRE

BHRE. XL 6 NMFELE LT, 43528 MSRC-v1, Ionosphere, NNSpt, Protein, WebKB,
PAK Digits. AT 2 XX 6 NS RAE SR B GEAT T 2 45, RN EE S gk AT BRI,

(1) MSRC-vIVEREE B T 8 2811 240 Tk 4k, M28F 30 5k . & R0 B 7 3 51 %,
TR EATE S N TG B W @5 WL 7 81 R Al 4E, 17544 09 MSRC-v1.

(2) Tonosphere® ##i 52 H1 351 A HLES EEE A A, X EEHERA o Jy PR 225 A “4F 7l 126
NPT

(3) NNSpt?) Hdli 4t 840 7K B 4Rk, IX L Jg@ T2 420 7k NBA A1 420 5k NASCAR
Kl

(4) Protein® #3548 HH 629 NEFRE B0 4Lk, X RSP BEAR (1 OB B 40 2 282 497 MR
FIB AN 132 AR R 5.

(5) WebKB 442 B A 4 Fr K 2= IS CEE 1Y 1051 AN T SCAREAE 4L A, 3 6 ) T SCAR O
X NP 230 ANURAE M TUECEE DA S 821 ANFEERAE I T #dis

1) https://www.microsoft.com/en-us/research/project,.

2) http://archive.ics.uci.edu,/ml/datasets/Ionosphere.

3) http://www.cst.ecnu.edu.cn/~slsun/software/MvLapSVMcode.zip.

4) https://noble.gs.washington.edu/proj/sdp-svm/.
5) http://www.cs.cmu.edu/afs/cs/project/theo-11/www/wwkb/.
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Table 2 A brief feature description of six real multi-view datasets

View MSRC-v1 Tonosphere NNSpt Protein WebKB Digits
1 LBP(256) Viewl(34) GRAY(1024) FFT(4910) View1(2949) FOU(76)
2 HOG(100) PCA(25) TFIDF(296) FAC(216) View2(334) GE(441)
3 CENTRIST(1302) Pfam(3735) KAR(64)
4 GIST(512) PIX(240)
5 CMT (48) ZER(47)
6 SIFT(200) MOR(6)

(6) Digits® FHEH 0~9 1X 10 R FTF 54K Ak, 525 200 5K, FLit 2000 5K A

Bk 6 MEEEEA S BAT EREMRE, v 7 BHURHE N R SRS T T 85 2 I 5, LRl — e
HA81 RO RSATE A FRAS 5 B 0 M. BRSO T — MR B R AR 2, 1% M5 FT LA A S
FRERE K A (incomplete ratio, IR), ESLEGH, IR M 0% 2] 50% LA 10% KK AT, 7EA AL
HAG AN R RARFALE LA 1) 22 A0 B 5, AR 0 S 6 5 400 PRl 0 1 e ) A M RRAE AR B ) — 46 21 [0, 1)
Z[A].

SEEFE. SR, AR R ISRL kS5 WR 5 MOTE#AT X A 5E e 20K
> (MVL-IV) 22 Z A EEAE T 25 (8 22K (latent multi-view subspace clustering, LMSC) 7] J&FHuxt
AR EZME ] (incomplete multi-view learning with block diagonal representation, IML-
BDR) 24, X7 A 58 4 2 M (doubly aligned incomplete multi-view clustering, DAIMC) 20, {&#k
Tk AR A Z A F 2 A 5826 (low-rank tensor constrained multi-view subspace clustering, LTMSC) [6],
—HURMA 2 M 72 2% (consistent and specific multi-view subspace clustering, CSMSC) [29],
DAIMC JFAZE XA 784 Z A BRI, ASEin i T30 (2) Ky B e db PR AE BE LR 2K (1)
ZHEEAR 77, LMSC, LTMSC Hl CSMSC & 50 RHIE 58 B 1) 22 40 BB Bt 1 773, AR skis:
S S TR P AR R A AN 4 777 (matrix completion by deep matrix factorization, DMF) [35] %
S0 B B B AT R 4. MVL-TV, DAIMC, IML-BDR 1 ISRL H #2255 8l R 4EE R, LSMC,
LTMSC M CSMSC {EM)E H FIEHRE 5, @ 3 i A\ 7 SHRYER IR, S a8 & IR A R 4E R
84T K-means K3REUEHE IR R. AU TR 23N Intel(R) Xecon(R) CPU E3-1245 v3
(3.4 GHz), W1EA 32 GB LLAHEME R4 Windows 10 H TAENS FiZ4T, “F4 4 MATLAB R2017a.

SHRE. ERIESER T, &I S 2 AR R 077 A i), idxRIRSHAE
T HIERREE R, XI5 2 B0 R R AR & H IR ST g 1, AR WA TR E. X
F ISRL, A 7E {1071, 1, 10*, 102, 103, 10*} WIS, r 7E {1C, 2C, 3C,4C,5C,6C} W™, u 7F {r, 10°57,
107} TS, ASUCSRIR T A R A28 T B S A e 1) 7V A5 L v D Dy

Jt—1)—J(t)
J(t—1)
Forr, J(t) 25 ¢ IS H bR s 2.

VRO EN]. Doy & TR, SLIfd FH R SRRV U, 23 N SRR UHER 2 (clustering accuracy,
ACC) Fbr#EL HAE S (normalized mutual information, NMI). 7ERE MR b, T 52k LU g s
G 10 MFAESR R Z AL BB, 81T & T35 a, Il -8R LbrE % (STD).

6) https://archive.ics.uci.edu/ml/datasets/Multiple+Features.

<1074, (37)
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5.2 BRELRITLE

=3 4 ouldkE T 6 MRS EARIRHMES RG] IR F&T7EREIE ACC f NMI 4558, &
REERIHM, 755 o/ © /o’ FRRBASE 95% W F ISRL Bxf EL ik “fit /%7,

M 3 FT 4 AT LA H:

(1) S5 bl J2 0 R 43 At 1) 22 0L 1 2 ) 2 31 5 RN 45 B & D VR R 2 ML 3 (R R 2R 7%, fE—
SR AR 0 MSRC-v1 |, 3 M EME T E 2 RN ERBRRZHE L FIET 3 M 20ET=
[ ER BT IE; A8 7 — e R A9 Digits I, 3 N2 BT B R EINER R BRBR K ZHE 0L R
T 3 N2 T8 5 2] 5. X AT RESE BT AN AR 7 18 A AN R B 42 S 801,

(2) ¥ MVL-1IV, DAIMC #1 IML-BDR 3 /M 72475 b, IML-BDR 7£ MSRC-v1, NNSpt, Protein,
PLJ: WebKB 4 45 I ge Al T HAh AN 7772, 111 DAIMC 7E Digits £ RSB E L. 2K
AR G AFAE T LMSC, CSMSC 1 LTMSC J7iZRxt bedr, #il4n, CSMSC 7 MSRC-v1, NNSpt 44
£ EIEUE T IR RRUR, LTMSC 1E Digits 2044 _EYEREE 4F, LMSC £ Protein 1 WebKB %%
P bR G P9 R S T AR T AR A A B S5 R X AT RE R R IR S Uy vk AR JE T R R T I,
H2 TR FE R E . AT B L o, I 75 2 A TR A B e 5 1 43

(3) BEAE B L] IR M0, K2 B OL N % 77 R B I SR SRR A PRI, 3 M P& 1 e F
Fofs B2 S8, fEIXSGs b, CSMSC 7E Protein #i4E 45 2 — >0 B 61
Ab, A R LG4 S, CSMSC BUAS T B4 SR RS B, XML R v Re/E th TRE% IR 340, DMF
FEAM A HE R B ] DA SE A At 25 B e e A5 23, AT AEE4S CSMISC 78 2 1 (1) s - Je I B 2 1) 3R
JEMERE. BLAh, 75 NNSpt HHE£dE 4 -, LTMSC HIRCR Bl & Sl 2k Lu gl i3 e TS B X LTMSC
TR, XA E T I R R AT RE A 2 IR BT, DMF #4528 7 R M R0R; 2 IR #E i,
DMF #4724 [ 22 T2 LTMSC M g R AR

(4) /£ ACC M1 NMI PR AR T, A CH2H ) ISRL J7V5 48 K 2 HU 00 T SEB 1 BE HAh 772
FOLEAH SRR R, XA REZ N ISRL 456 1 HBERFEAbS B RE = g R, 28 & K3t
MU () B AR B[R 22 S AL, A &AL RS B RSB HL

5.3 UWIEUMESEIE

N T EGAESEE 1 skt B 1 81T IR = 20% 1 3 N4 E ISRL HERER %L (10) HIUEk
k. ST ISRL S3%, r #7820 3C, X #E RN 108, g #ikeE N 10r. WK 1 FoR, 76 3 M EdESE
b, B IEARRE RGN, X (10) 09 B bR R ECRIRAIE. BiE 1 7R 50 P ER S (10) B9 HARREUE
SR — AN 5 FOME, IXRIASIEL 1 R SGH B I 2 B R ).

5.4 BEEWOH

ASCHE R R TS HO ISRL MERERIREMA. ISRL A 3 NS4, r 1E {C,2C, 3C,4C,5C, 5C} 14
BT, A 72 {1071,1,10%, 102,103, 10%} YGRS, p £E {r, 10057, 107} YO TS, SEE0IE LT
PN SN MSRC-v1 Al Tonosphere, SR LA IR #%[E 2 4 20%. B 2 4] T AN EEEE EAFR S
HH G T ISRL 26 ACC Z5 5. K 2 g v LUE e p 7R EE NAIENE, ISRL 4 Reidid
W AN SEUELAF I PERE. Y p BB N EERIES, /£ MSRC-v1 ##E4E [, ISRL BIMEREFEEZ »
[R50, 7E Tonosphere £(4E4E b, ISRL MIPERE T 252 \ (52, ISRL 7E M MR AE F Rt S50
HANE, HJF 2 ISRL RS HU G 2 i EeE Rt e 1.
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Table 3 ACC comparison (AVE(STD)) of all algorithms in six data sets at different missing feature ratios IR

IR = 0% IR = 10% IR = 20% IR = 30% IR = 40% IR = 50%
Algorithm MSRC-v1
MVL-IV 84.0(10.5)e 86.1(9.7)e 89.3(8.3)e 85.6(8.7)e 86.0(6.7)e 89.3(6.0)e
DAIMC 91.4(4.5)e 90.3(3.8)e 90.3(4.3)e 88.7(4.0)e 87.5(4.8)e 86.8(3.0)e
IML-BDR 98.0(0.9)® 98.2(0.6)0 97.1(1.3)e 96.4(1.2)® 96.0(1.6)® 94. (1.5)e
LMSC 72.2(5.6)e 71.2(3.6)e 67.7(6.4)e 69.7(4.8)e 65.7(4.9)e 64.4(3.1)e
LTMSC 64.1(1.5)e 44.0(4.2)e 36.8(4.1)e 29.3(4.6)e 32.4(3.6)e 28.9(3.0)e
CSMSC 83.4(0.2)e 82.7(3.7)e 87.7(5.2)e 82.5(4.4)e 84.1(5.7)e 82.9(3.3)e
ISRL 98.0(0.3) 98.0(0.3) 98.0(0.4) 97.3(0.5) 96.6(1.0) 95.6(1.5)
Algorithm Tonosphere
MVL-IV 81.5(6.1)e 79.0(5.6)e 76.7(7.4)e 75.0(7.0)e 71.3(4.7)e 70.5(3.3)e
DAIMC 73.2(9.0)e 70.5(8.3)e 66.3(4.0)e 66.7(2.8)e 66.5(3.6)e 65.7(2.0)e
IML-BDR 75.8(3.5)e 74.8(3.0)e 73.8(3.4)e 73.7(3.8)e 75.7(5.1)e 76.3(3.4)®
LMSC 78.3(3.7)e 75.2(4.4)e 79.3(4.9)e 80.1(6.9)e 77.3(3.7)e 74.8(3.3)e
LTMSC 53.3(0.0)e 79.6(1.7)e 77.9(2.9)e 82.1(4.7)e 78.7(4.9)0 78.1(4.4)0
CSMSC 72.6(0.0)e 75.0(1.2)e 75.2(1.4)e 75.3(1.1)e 74.2(0.9)e 72.4(1.1)e
ISRL 100.0(0.0) 97.3(0.5) 93.4(1.3) 89.0(1.7) 82.5(2.9) T77.7(1.7)
Algorithm NNSpt
MVL-IV 83.2(12.4)e 78.9(17.1)e 88.3(12.7)e 84.8(13.8)e 88.5(8.8)e 91.6(1.3)e
DAIMC 69.9(4.0)e 68.3(1.0)e 68.2(1.3)e 70.0(3.1)e 70.4(1.6)e 72.4(8.5)e
IML-BDR 94.2(0.4)e 94.0(0.6)e 94.1(0.4)e 94.3(0.4)e 93.3(0.5)e 92.4(1.3)e
LMSC 67.0(2.9)e 71.4(1.4)e 72.3(1.7)e 70.5(1.0)e 69.6(1.7)e 67.2(3.9)e
LTMSC 50.1(0.0)e 54.9(15.1)e 93.1(15.1)® 83.4(23.0)0 59.8(20.2)e 50.1(0.0)e
CSMSC 99.3(0.0)0 99.3(0.2)0 99.4(0.2)o0 99.4(0.2)0 99.3(0.2)o0 99.2(0.3)0
ISRL 98.9(0.0) 99.0(0.1) 99.0(0.3) 99.1(0.2) 98.9(0.2) 99.0(0.2)
Algorithm Protein
MVL-IV 94.5(1.2)e 94.7(1.4)e 93.6(2.3)e 90.2(4.9)e 88.5(5.7)e 87.3(6.2)e
DAIMC 87.9(1.6)e 87.2(1.8)e 87.5(1.6)e 88.4(3.6)e 87.7(3.0)e 89.3(4.3)e
IML-BDR 95.6(0.5)e 95.8(0.7)e 95.3(0.7)e 95.0(1.4)e 94.7(1.8)e 93.5(2.2)e
LMSC 84.5(1.7)e 83.5(3.6)e 83.7(2.8)e 83.2(3.2)e 86.5(4.7)e 86.5(3.2)e
LTMSC 78.9(0.0)e 78.9(0.1)e 79.0(0.2)e 79.0(0.2)e 79.0(0.2)e 79.0(0.2)e
CSMSC 76.5(0.0)e 76.5(0.0)e 76.6(1.5)e 87.9(1.2)e 94.6(1.1)e 98.3(0.4)®
ISRL 99.1(0.3) 98.9(0.3) 98.6(0.4) 98.3(0.7) 98.2(0.5) 98.1(0.4)
Algorithm WebKB
MVL-IV 91.5(3.3)e 84.3(4.5)e 81.1(1.1)e 81.4(1.4)e 81.1(0.7)e 80.4(1.0)e
DAIMC 88.7(5.5)e 86.9(7.5)e 83.7(7.3)e 85.3(7.3)e 78.4(8.4)e 78.3(6.5)e
IML-BDR 91.5(1.9)e 92.0(1.8)e 91.4(1.9)e 91.2(1.5)e 91.4(1.3)e 89.6(1.7)e
LMSC 90.0(5.5)e 81.4(9.4)e 79.5(8.7)e 78.0(12.6)e 75.3(6.0)e 68.8(3.6)e
LTMSC 77.9(0.0)e 78.0(0.0)e 78.0(0.0)e 78.0(0.0)e 78.1(0.1)e 78.0(0.0)e
CSMSC 78.0(0.0)e 80.4(4.3)e 81.3(6.9)e 78.6(10.8)e 85.3(7.6)e 77.8(7.5)e
ISRL 96.4(0.1) 96.0(0.3) 95.4(0.4) 94.9(0.6) 93.8(0.6) 92.5(0.5)
Algorithm Digits
MVL-IV 78.2(11.2)e 79.0(9.6)e 81.0(5.8)e 76.9(5.3)e 79.3(7.2)e 83.1(6.0)e
DAIMC 86.7(5.9)e 91.9(2.7)e 89.4(5.0)e 89.3(4.7)e 91.1(3.4)® 90.6(4.4)®
IML-BDR 76.9(4.1)e 80.3(2.5)e 77.9(1.7)e 77.2(2.6)e 74.9(2.5)e 70.0(3.2)e
LMSC 82.4(4.7)e 84.8(5.0)e 84.0(5.0)e 85.7(5.5)e 88.1(4.2)e 86.6(4.7)e
LTMSC 91.3(0.0)e 93.2(1.5)® 93.1(1.1)e 92.6(1.4)® 91.7(1.1)e 87.2(4.9)e
CSMSC 88.9(0.0)e 90.6(0.6)e 90.9(0.7)e 81.8(3.9)e 77.1(7.5)e 72.4(4.2)e
ISRL 94.8(0.6) 94.2(0.5) 94.4(0.8) 93.6(0.9) 93.0(0.8) 92.8(0.7)
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Table 4 NMI comparison (AVE(STD)) of all algorithms in six data sets at different missing feature ratios IR

IR = 0% IR = 10% IR = 20% IR = 30% IR = 40% IR = 50%
Algorithm MSRC-v1
MVL-IV 79.9(10.2)e 82.0(8.7)e 84.9(6.8)e 80.4(8.6)e 80.2(5.9)e 82.6(7.0)e
DAIMC 85.8(5.0)e 85.1(3.9)e 83.7(6.0)e 81.2(5.1)e 82.0(4.6)e 78.5(3.6)e
IML-BDR 96.0(1.9)0 96.4(1.1)® 94.4(2.2)® 93.0(2.0)® 92.3(2.8)0 89.5(2.6)®
LMSC 65.3(7.0)e 65.6(5.5)e 61.9(3.7)e 59.2(5.7)e 57.1(4.5)e 56.2(2.8)e
LTMSC 64.3(0.8)e 44.9(2.3)e 37.3(3.2)e 26.6(5.4)e 28.2(4.8)e 21.4(3.4)e
CSMSC 80.6(0.3)e 78.4(3.6)e 81.4(4.6)e 75.9(2.9)e 77.4(5.2)e 74.9(3.2)e
ISRL 95.9(0.5) 95.8(0.5) 95.7(0.9) 94.1(1.0) 93.0(1.6) 91.1(2.6)
Algorithm Ionosphere
MVL-IV 30.9(13.0)e 26.5(14.4)e 21.6(12.0)e 22.4(16.2)e 13.3(5.8)e 11.5(5.2)e
DAIMC 19.0(17.3)e 15.3(12.2) 8.6(6.8)e 8.1(2.5)e 7.6(3.7)e 6.1(1.9)e
IML-BDR 21.4(6.2)e 20.0(7.3)e 19.5(7.2)e 16.7(7.2)e 20.2(8.0)e 19.5(5.9)®
LMSC 35.4(3.8)e 24.8(9.8)e 32.8(8.8)e 35.5(9.6)e 28.2(5.2)® 25.1(8.7)®
LTMSC 15.9(0.0)e 37.8(2.8)e 36.4(4.2)e 42.9(8.2)0 37.9(6.8)® 36.0(5.3)0
CSMSC 16.7(0.0)e 22.9(3.2)e 23.7(4.0)e 23.8(3.1)e 21.1(2.0)e 17.0(2.4)e
ISRL 99.7(0.8) 81.5(2.9) 63.8(5.6) 48.2(5.1) 30.9(6.4) 21.5(3.0)
Algorithm NNSpt
MVL-IV 42.0(24.4)e 37.5(30.7)e 55.1(19.9)e 46.9(25.4)e 52.5(16.8)e 58.6(4.4)e
DAIMC 12.5(5.5)e 10.1(1.2)e 10.0(1.7)e 13.2(6.5)e 13.3(3.5)e 19.5(17.4)e
IML-BDR 68.1(1.5)e 67.2(2.3)e 67.9(1.7)e 68.7(1.6)e 64.8(1.7)e 61.7(4.6)e
LMSC 11.3(2.2)e 14.3(1.8)e 16.2(3.5)e 12.8(1.3)e 11.9(2.5)e 10.0(4.1)e
LTMSC 1.0(0.0)e 9.5(26.7)e 77.4(26.9)0 59.8(40.7)e 18.3(36.1)e 1.1(0.2)e
CSMSC 94.1(0.0)0 94.7(1.6)0 94.9(1.5)0 94.9(1.4)0 94.3(1.2)0 93.7(2.4)0
ISRL 92.0(0.0) 92.2(0.5) 92.4(1.7) 93.1(1.3) 91.7(1.1) 92.6(1.0)
Algorithm Protein
MVL-IV 62.2(3.1)e 63.8(4.3)e 61.9(5.9)e 51.2(17.7)e 45.1(22.9)e 43.8(23.9)e
DAIMC 42.0(4.4)e 42.0(5.3)e 41.7(6.1)e 46.1(11.3)e 42.1(11.1)e 46.2(13.4)e
IML-BDR 67.0(2.6)e 69.2(3.2)e 67.5(3.2)e 67.5(5.8)e 67.3(6.4)e 63.3(6.6)e
LMSC 34.9(4.2)e 35.4(4.9)e 38.4(4.6)e 36.1(3.7)e 44.7(10.0)e 44.7(9.2)e
LTMSC 0.5(0.0)e 0.5(0.1)e 1.4(1.3)e 1.8(1.4)e 1.8(1.4)e 1.3(1.3)e
CSMSC 2.5(0.0)e 2.5(0.0)e 34.9(1.7)e 50.1(2.0)e 67.6(4.3)e 84.4(2.7)®
ISRL 91.3(2.2) 89.7(2.2) 88.0(3.3) 85.7(4.4) 85.1(3.5) 83.9(3.2)
Algorithm WebKB
MVL-IV 51.4(13.2)e 27.1(16.7)e 15.9(2.7)e 16.4(3.1)e 15.1(1.8)e 12.3(2.0)e
DAIMC 41.3(16.0)e 38.0(19.0)e 28.2(14.1)e 32.9(16.0)e 17.7(16.8)e 12.7(14.4)e
IML-BDR 50.5(7.4)e 52.6(6.9)e 50.2(7.4)e 49.2(6.1)e 49.6(5.0)e 40.8(6.7)e
LMSC 46.7(12.2)e 30.4(17.3)e 27.7(14.8)e 25.9(16.3)e 11.5(7.7)e 3.2(2.8)e
LTMSC 0.6(0.0)e 0.4(0.0)e 0.4(0.0)e 0.4(0.0)e 0.8(0.8)e 0.4(0.1)e
CSMSC 0.4(0.0)e 11.3(17.8)e 25.7(17.2)e 29.1(11.7)e 35.0(12.8)e 15.1(12.4)e
ISRL 75.4(0.4) 72.9(1.3) 69.0(2.6) 66.6(3.2) 60.9(3.2) 54.6(2.8)
Algorithm
MVL-IV 69.1(11.8)e 70.2(9.4)e 72.2(5.3)e 68.6(6.7)e 70.5(6.4)e 73.2(6.3)e
DAIMC 82.3(4.1)e 85.8(1.8)e 84.5(2.8)e 84.4(2.7)e 85.6(1.7)® 85.8(2.2)®
IML-BDR 70.9(3.2)e 72.8(1.9)e 70.6(1.7)e 69.0(2.1)e 65.9(3.0)e 60.1(2.4)e
LMSC 79.1(2.0)e 78.3(2.4)e 78.9(2.2)e 79.8(2.5)e 80.6(1.8)e 79.6(1.8)e
LTMSC 86.6(0.0)e 88.3(1.5)® 87.8(1.3)® 86.8(1.7)® 85.4(1.2)e 81.9(1.8)e
CSMSC 83.1(0.1)e 84.5(0.8)e 84.7(0.8)e 83.5(1.2)e 79.5(2.1)e 79.2(1.4)e
ISRL 89.8(0.6) 88.9(0.6) 88.8(1.0) 87.8(1.0) 86.6(1.2) 85.9(0.8)
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Table 5 Average runtime comparison (s) on 6 datasets

Dataset MVL-1V DAIMC IML-BDR LMSC LTMSC CSMSC ISRL
MSRC-v1 1.1582 6.0947 0.7913 1.7175 3.6664 1.0469 0.3576
Tonosphere 0.0315 0.0812 0.6358 1.5895 1.5703 0.1344 0.1261
NNSpt 1.7509 3.1533 4.5344 9.5049 13.8337 1.2181 0.4306
Protein 4.3931 510.2782 6.4285 13.4356 27.5087 6.3576 2.0101
WebKB 3.8727 32.5769 7.7573 18.6160 31.1849 4.3133 1.2825
Digits 3.5635 3.3618 100.0725 93.4729 326.9522 5.2347 0.7072

AMAE L IR 22 S WL BEAh, ARG ISRL AR AL il i T — AN 8RR g 0, BEih 1 AR
PIEEES X ISRL SBE A RPEEAT 7 IR, FEARSKRIWT T, P CL R 9 5 T SR 4k SR N A ST (1) TAE:
(1) fE AR IR b, S BB M ISRL SRR H bR B IPERR; (2) BREIRANDHT o
X ISRL Bk s Je H B & g AT pLEE.
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Abstract Incomplete multi-view clustering is a learning paradigm that combines heterogeneous and incomplete
characteristics of multi-view data to obtain data structure and improve clustering performance. In practical
application, each view will also be affected by missing values and outliers, in addition to missing some complete
samples, which makes most traditional incomplete multi-view clustering methods ineffective. An incomplete multi-
view clustering method based on independent self-presentation learning is proposed to solve the above issue. The
proposed method fills in the missing features and learns the unique self-presentation matrix of each view using
self-representation reconstruction. Then, to better mine the structure, low-rank constraints are added to the
self-presentation matrix, and the diversity among different views is measured by introducing the Hilbert-Schmidt
independence criterion. Experimental results on multiple data sets show that the proposed method can achieve

better clustering than other advanced methods in most cases.

Keywords incomplete multi-view clustering, arbitrary missing feature, self-presentation, diversity
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