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Research on multi-view subspace clustering algorithm based on

weighted tensor Schatten P-norm

ABSTRACT

Multi-view Subspace Clustering (MSC), as an important research
direction in the field of machine learning, has been widely used in
computer vision, image processing and biometrics recognition. Current
major multi-view subspace clustering methods are mostly based on the
self-representation learning framework to construct coefficient matrices
and enhance the model generalization ability through the nuclear norm
constraints. However, there are two intrinsic limitations of such methods:
(1) the nuclear norm as a convex relaxation approximation of the rank
function may cause the rank of the coefficient matrices to deviate from
their original structural information; (2) the same contraction strategy
applied to the singular values fails to adequately take into account the
significant structural differences among the singular values. Existing
researches have proved that the weighted tensor Schatten P-norm can not
only approximate the rank function effectively, but also explore the priori
information among the singular values. To address these issues, this

dissertation designs three multi-view subspace clustering algorithms based
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on weighted tensor Schatten P-norm to solve the above problems. In
addition, this dissertation also explores the consistency, noise information
and higher-order correlation features among multi-view data, the details of
which can be summarized as follows:

(1) Consistency constraint-based multi-view subspace clustering

To address the problem of insufficient mining of potential consistency
information in multi-view data, this dissertation proposes a consistency
constraint-based multi-view subspace clustering algorithm. Specifically,
the algorithm first generates a shared consistency matrix by constructing
an optimization framework based on rank consistency constraints to
explicitly characterize the potential consistency associations among views;
second, to overcome the relaxation bias of the traditional nuclear norm on
the rank function, Schatten P-norm constraints are imposed on the shared
consistency matrix to effectively approximate the consistency information
across views by adjusting the P-values; and lastly, a graph learning method
to enhance the structural features inside the views.

(2) Enhanced tensor Schatten P-norm for multi-view subspace
clustering

Although the above method utilizes the Schatten P- norm to achieve
the approximation of the rank function, it primarily operates at the matrix
level, which makes it difficult to effectively utilize the higher-order

\%
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correlations among the views. Furthermore, applying average
regularization to singular values of different sizes is not conducive to
learning the prior knowledge within the views. To resolve these problems,
this dissertation proposes an enhanced tensor Schatten P-norm for multi-
view subspace clustering algorithm. The algorithm not only utilizes the
Schatten P- norm to approximate the tensor rank function, but also assigns
different weights to singular values of different sizes through singular value
weighting, thereby more effectively exploiting the salient structural
features in the views. Moreover, recognizing the pervasive presence of
noise in views, which may introduce erroneous inter-class representations
in the constructed tensor, this paper incorporates a noise model to obtain a
more reliable tensor structure.

(3) Information fusion for multi-view subspace clustering

Existing MSC methods usually learn the consistency and diversity
among views independently, rather than exploring the structural
information among views at the overall level. To this end, this dissertation
proposes an information fusion for multi-view subspace clustering
algorithm. Specifically, the algorithm first utilizes the rank consistency
constraint to generate a shared consistency matrix to accurately extract the
shared features among views. Meanwhile, the diversity of views is
explored by learning the flow structure in different views. In addition, the

VI
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shared consistency matrix and diversity matrices are spliced into a tensor
form, and the structural information of the views is effectively learned at

the overall level by weighted tensor Schatten P-norm constraints.

KEY WORDS: Multi-view subspace clustering; Weighted tensor Schatten

P-norm; Consistency learning; Data denoising; Information fusion
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Fig.1-1 Example of multi-view data
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| " R B 152 % T LS |

sttt it gttt et

f RN P - RO e -
WS L Ty T e Y e T L S e

l SE Bl R AVEA il O s |
[ [ 7
B
: |
| A CMSC ETSPMSC IFMSC |
l_ _______________________ )
L S

1-3 BERBAIER
Fig.1-3 Overall block diagram of the algorithm

1.4 IR L

KRIEFE MSC MR, HAH 3 25 TAROHNE. ZONETLLS
WS, By (B8 3 &) EAWHFURE THEREN MSC 71k, EEMIRFRR
ORI 53— B ML B, 55 80 (3 4 SIS 5 &) RETIKER
MSC J7i%, i ok & i & A R TERE IR . BARES I .

R GRTEEEABTHAME R, BXLIVR, FRERAMNE SR
ik o

2 & A MSC RIAHSCHIC SRR, ARRSRE. sKEME . Ak R
Schatten P-JU#E . HEVHAL NG . ZAEIY: )07k

93 E R TR T B AR S E TR R EE, PRI T R
vt AR, SRAGRARIEFE . SFVEE AR T, IR A ES i & BT RR
M B XoF ORISR AN RE PTG SE 06, B0 T B A

5 4 % PEH T IR5K R Schatten P-UE 2B TS HIRREL, VRGN
T SRR AR DRGSR AR L SRR R BT, JRTE A B4R I
BEAT VL RS LEAIARERT 43 H7,  BOAIE T S G Rk
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S AR T AT B AW S TR RS, A T S
PR PRI, B4R U AT, I SR bt
(RS REAS LO R RUE R AT AL G, TR T S0 M

W6 SR, EERURCI M LA BE ., JEXRR AT
TRt
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F2EF HEIMENE

2.1 EEA

T IR — ML T R AR B 10 S B FR B T e B o 2 B oz AR
AL R A T BB [, SRR S R CRVRRE (MR AE [ D
KA REIE PSS, IWTTSEIN IR, BRI S, R T okl f v K
RS R R T BT R ) AR B A s BTG ) ], R R A ) U T A
EALE, BRI AR T B EIRCE . B, R R A Dy R
(Laplace Matrix, LM) , ZH % BE 8% A7 R0 4 B A9 S5 M RFAIE o 38 30 v 2 7
REBEATRRAE 70, BRBLARFAEAEAVRRAE () 5, R BRI n ANRFAE o) A 8 HOIR
desla). fefa, Rz Al JRREE (1 K-means) SR IEAT RIS, AT
TR AT o LA XA SR & Y g ZE 50 9 -

TEE: S TEGYV,E), HhVel,v,..,v)ZRiAERSKES, E
RONEFEREAR R 2Z RIS .

LREEFERE: SAUHEFERE W 2 F DA IR TG 1) B Bl 1) P12 ) A A G &R
FIFERE . 0, %4 TR0 E G R, WIRG: My, 5 v, BAHERER, MW, =W, =1,
BH 0.

BEFERE: FEHERE D Enf MsERE, Horh D FRoR5 i A R R, B s 5

HARAR T 52 R AL, D, =Y w, o FEAEREII AR T

2.1)
Dn

hX R HAERE (Laplace Matrix, LM) : Xt T EMEG, LMt L=D-W
1930 BEAH LM -

L, =D"LDYV=1-D"VWwD"? (2.2)

rm

10
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Horp IO AdE M, D OSREERRRE, W ONBHAERE .
SRJE IREXS LM EATRALAE 209, 4515 2 (KR AL (B 72 BN BRI

BEATHES o SEHUHT o ANMRFAEAENS B FRIRFAE ) B, 223 iR e, L R R R
B, i K-means 3%, RIXLEARE ARSI E R BNR AP (Gaussian
Mixture Model, GMM) , 3 BIRFMFEA 3 J& T 7R AL, HEMPREFEAS skl 23
EAFFIHEF .

2.2

1A S RE A PR AR AL S

2 AR R AL R A J AT e [ 5 o o

3.4F5 LM 4ERE, L=D""LD™?,

4. 715 LM $5/ B ANREAEAEGT B FRRFAE [ £ 5

5.0 B ANRFAE ) B 2R FE B R AR AL, AH SR IR AR

6 X RFIE(E AR P2 1T K-means 2K, 153IRBLER,

sk 2 KK E X

sKE PR 2 YER A, R B 4R R, R b RS .

FEARIH, HREHRKEFEERR (N XD, KEMNHERFEERR (nx ) .

K 2-1 —A=FrakE x e R FEMRERIIER, Hrbn, n, Mn 5kER

AR R . —BORU, MSC EXS SKEFATERAF I — o AR B sk AT

(f1. dkE X VSR =D B AR e (FFT) 188 X = f(X,[1,3), i Faidk

AR I (IFFT) X = ift(X,[1,3) #ome N TETEMR, A SO0 Wk
AR E AT A0 T A

n;

B 2-1 =FrikE ) BN A

Fig.2-1 The intuitive representation of 3-order tensor

11
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EX 1: HRIEIFRHHERE (beire) : X TikE X e RV, HAAHRIEIAFE &
SR

X(l) X("s) X(Z)
X(2) X(l) . X(3)

bcirc(X)=| . . . . (2.3)
X(ﬂ;) X("rl) . X(l)

X 2: PSERE (bdiag) : X TikE X e R, HAOHIERE X 2 XN:

/1_’(1)
bdiag(X) = - (2.4)
X_(”s)

FEX 3: FKEMH (t-product) : HEKEX e R HY R ", Bl

AR AL X+ Y

A=x*Y (2.5)
230 (2.5) (R R RN R
AP = 200 Y (2.6)

Hor fFoR R, AW LR R 28 kA IER YA

SEN 4: KEFEE (Tensor Transpose) : & X e R™™™ , I X [FEE N
X" eRwmm o XTI E X RN ETYI A, o, 5y AT S5 15 2
.

E X 5: IERFKE (Orthogonal Tensor) : f Tk & X e R, U5 /2«

Xl s X=XxX" =T 2.7)

MIFR X AIEAC K& .

SEX 6: KERTEE (tensor nuclear norm, TNN) : X T3k X e R™"",

SREAZTEEE AT B

3 _ o h _
[ = 2N XL =D 0,(X) (2.8)

i=1 i=l =1

12
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K, o (XY ZoR X0 M5 jAERE, hoAn B, T E/ME.
2.3 fN#XEKE Schatten P-JEEE N

SE X 1: Schatten P-J5#{ (Schatten P-norm) : X} T k& X e R H

Schatten P-YE € XU iz

n

1
B »
||X||§p=(2||x<'>||§pj =[
i=1 i j

=1 ;

5

0,-<2?“')>"jp 2.9)

h
=1

He, p AREE. Hp=11, X (2.9) b AKEZITHE.,
B X 2: K ERZTEE (weighted tensor nuclear norm, WTNN) : Xf ik

B X e RY™™ HANBGK B IEHOE LT PR

ny h

| XHQ),TNN:ZH X0 o7 =Z a)jo-j(‘)?(i)) (2.10)

i-1 i1 ol
Hr, O'j(X_(i)) TR XM jAZ TG, b ln 8n, PRH/ME, @, NI .
E X 3: INBGKE Schatten P-J5%{ (weighted tensor Schatten P-norm) : ik

2 X e R (ALK & Schatten P-JEEUA

N
3

J

1
L.
lxip =| S, | =
(u,Sp w,Sp
i=1

K, o AR 0 05 j AN I0R, p AREE. o (X)) RR X0 W A

h _ P
w,0,(X") (2.11)
=1

=1 j

Sl BAh, Hp=1mF, X (211 B MK &G HHE A

24 ZUEFEEERES

H AT, K24 MSC FF 2 18 B mi 2 (R B 2R ok T4 X B 25 18]
FLH A AR I BOR FEAR ] 2 MR 2 A o0 R REGERE, BRI REA B[R] —
TR A A REA R I TR, AR

V |4
E, =Y V(X" +D yR(E) st. A" =4V X" + E (2.12)

v=1 v=1

13
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ot 49 5 ML R AR R , BEA~ A™ A U L R BGE R X e R™
EVFoRMEFEAELE, AT RBREIRTZRAEFEGEL, y NIENHSH

V() MR (o) R 73 05 B HOHE B X 55 W A 3 [ £ T i AN [R] IE AL 2
$. fE MSC RERH, 6 5 B0 e 55 P 7 A 0 it L DU A 240 R 4R T SRR P B Y
Kb, HARD LR JURE:

(1) X RBGERE X HEINTR a2 R

LR (X0 )+ 240 REGEREMGMN L, JE R, SERE IV 2 0
RaWEAE NZE, NP Bt XM g IR SRS ) b B B B
2R, PRAE e 5 R0 A DR AR AE SR, 3 T S AR IR 8 1 0 P 1)
ER:0R

A ex ) I Ot IDIRIECYG EY /61l (0D AER e8I Sl O BT e
i@ T 5040, TR BL T . TXRh - AR 2R3 1) R e g 1 o e
RS EIEMERENE, BIvER BT B S B+

ISR (x| ) ¢ Lok RACE RSt TR RN, R e S
PESARBRNE, A B AT Bda I E AR AL SRR

(2) XFMRFESERE £ HEINAS R B Y B4 3R

LB (|EV| D+ L W s i FIE T P A R o 1) 2 T 3
T2, DACSEHIME RS Mgt . RIS strh, WA BRI B, R
FEANA DB S 2B T AEBEEIE T, B L Ve B R RS A Aot ir
PEHRR L, B EA MERE B RSO R

L, WA (||EY| D+ L, WAL B AE T R0 75 (0 A Aok
AR X S A LI T o 1407 S A AR ST, RO L, S 4020 e 8 (A
Mg 7 N ST ] WS AN B s AT 38 A ) it 52 3 7 ) e B2 s
TR SR EE R AR MR AT AT 52 1k

14
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L TR BV D+ L, EARE L AL, SRR
PIRE—ATHEIN L, Y82 CARATE S 7 e s S O AUE & T8, T A R 5 &
B2 [ fa X EEANERE N L, Y520, DASPETAS[RAT 2 [a] i ne pe A B, e fo e
AT (AL BRI R/ SR A SR V5 0 5 MR P 5 6 0 A 3
HEMTHRE T R 2R ah SRS o 1 AN S 1
2.5 ZEESRLE

Z AR IRELEE e EEN E B RE RS, BE 581X S5 fE gk T
G, TR NG — BRI PR Fp ok, il ik S SR R % R MV SR R 34T
FRoMT. BB T

Q:i?@“ﬂf}@@“) (2.13)

Horp 8" FOR 5 v MBI RIARMERERE, B> 0 R ENISHE. v H T MM
PARIARAARE RS, o) F X8 BT ARACAHE [Tt in A ] B Y 280 20 R
2.6 BRBEMREVHEIER

N T 7R PG SR B BRI RE , 38 W 2K 2 R PRI R AR R SR AT 25
BT ARG HL T =R T B PR TR PRI SR BRI REREAT RGEVE I TEAS
HARALHE:

(1) H—4tHfEE (Normalized Mutual Information, NMI)

NMI & — 7 H T 8 A SRR G RAR R B PR FR bR o 107 VE I8 R 2R
R A R S SR BT HUEL R LA EAE R, IR EATZ
[ AR . 9 T T BR AN R SR A RAE A 0 A B2, BAZ Batd—1k
KR, BRERCLEATRS R LT FIME . R4S EH) NMI EVEREIE0, 17218, {H
G 1, RYIMASEEGIRBARL, TERPERERLT . NMI R LA T P

1(Y;C)

JHX)H(C)

NMI(Y,C) = (2.14)

15
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Hrr, YAC o al o HSehnRs S 45 R, H(x) R E AR, 1(Y;0) &

AHEER.

(2) #EHZE (Accuracy, ACC)

ACC JEIE TR IR LS RS bR 2 A1) IE AR T L 1 b5 SR A 2 Bk (i vk
AE. ACC HJZE XU T Fros:

27:15(3’/’0‘/)

ACC == (2.15)

n
W, nFoRBHEALL, y Me, AR BERE SR, 5(.) ki
(3) F-Score
HEHOLT, MRS A RRE AR R BRSNS, HERE
PRI AR T SRS Wy #EAT AT . O T SR G TR IX N8R, 51N T F-Score iX—
P FEAR . F-Score [ LW R FTR:

F — Score = (1 442 ) Precision- Recall

(2.16)

A? - Precision + Recall

Hr, 2 A=11, & F1-Score, X KRS FRIREFEEE., M A<, K
REEY, Rk, WHRZREEE,

16
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EI3IE ET—HMHARMZMEF=ERE

FETC B 52 2 A0, SRERIN L RES AT ROt R B (1 W AE S RIE ., H A
TEHEE AL B )R TR . o, MSC B A RO BB P s 4EfE B, &
e HEREIHTL”, # 2 M T REES .

MSC KZilid«H&KmE T2 P AR T8 S EENRTER. B
RALTHEBA FIREA 2 18] )8 2 L MEAH R 1, JF BARMEA TP RF R m] LAl
FARREA T HPRE L RN . anB 3-1 o, e R — AT #R R e (1 —
AL o ML EIERAL 1 IR a6 B YR i 20 R iR, DR A (R4 P 2 Ta] AR AL 7T
DA EANTE . U4k, BT i AR IS A R Y, PIAS R AL 2 Tal A A [ A
) —ZEAR B o A0 T TR) B ELAMAE AT — EEA5 B[R E ST 2 A B e 1 4 = 45
B, WOWEFEN SRR R 2R (E BAR g 1 s SEat

Zheng S5 NPHEH T —FRHEDHE MSC ik, &5l $f 4 2 10 S0
RFIE, IR B RR R I 2 RS 2 . Tang 55 NP3 P [A] )11 2k
SR ISR Bl AR R b D9 B IR R B, IRl i I Bk 20 R SRAG JERE R, it
MAER T B4 )RE R . Chen S5 NI H T 2R R T7 1%, &7kl
Ao 0 2 BRI 0 X R FR) AR R 2 SROR DR B R A 2 AE AT 5 B4 B i — Bk
Zheng S5 NWHRH T — R L RENER I MSC J7i%, BAEFRITA R B0
R A RO JE AR . EAh, Duan 88 NI — 28 MSC J53E4 125022 21,
B A S MR R A S DNEBAR, DIERRAERCRRER .

BRI EAREUAS TR A ERE, (BAAAE R RIRYE. B, el
K2 I 5 > 2R ANRE B R AR 7= AN R AR JE ) 18— b, AN & B2 5 > AL I 1) 1 3
IR R . HIK, REEONERMICEOT R EOE R AT 200, X AT RERR] 1
S MR PR SRS — BSOS B A HE R IR . fEAh, AL P R T 4 X AR
HAEEYW, MIAE JEREER T HBEX — 5.

AT, S/ R T SR R 2 AL 12 B R 5 (CMSC
SR N7 N w1 PSR 4 IR B U D U [ Rt G R AT S i L = o R S
TR EERIE —ARES A, DUS 55 2R B0 P 1Y) JR B A R R o AEEIEA |, Xt

gl

-

Dik="
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FRBGERE NP — B, I AR =R 7R, B3I — SR
B, DURAIF SR REE I — Bk, sbab, 850t 3t 5 REUERE N Schatten P-7i %L
PUTR, TGS R AGE R E U R AR — BUEAE R . sn A S R B R S
A SRS R SR AR R P M o 127 AR B ] 3-1 FivR o ACEE R B pTkan
e

(D) B Z TS0 55 B2 S R R = T i B — A g —
(REAL p, SEL T 240 — B AN = A5 R AR AN IR R S R

(2) XL —FPERE RGN Schatten P-JEALZI T, 2% = W0 &I ) i 4L 52— 3
EXEISH

(3) FIFH BB R 7 2k D BRI O R B B Bedh, 8T G S A
SRR B o ) A S5 RS S, DA B T T SR AR R

(4) AFZEAIEH ADMM J7ik ik CMSC. 78 FANEHERIR AR 1 ¥ s2 56
5K, CMSC LT HA LR

(a) Data matrices (b) Fusion graph and subspace leaming (c) Attinity matrix learning
— 0 P —m == — — —
‘ AD ) ‘ ‘ Subspace learnis W | [ ) W
| | | | m e H e HHH | | T T T o]
| | | |- .- Hi ] lI D' %.|Z |
‘ ‘ N | == o ' | ‘
| | ‘ X0 x® xm W@ | oo
L ]
| N R o
Bidirectional sistency
‘ : ”‘ \ l " “cugz:l]st;z?:l“em& - ‘ | ‘ tlu"cs‘hold sglcct‘icn}
‘ . and information fusion
‘ A(‘l) ‘ ‘ Graph learning ¢ | ‘ W
e ™ e i < * . g
" ‘ ‘ i __________ ! ! .W(I'J | ‘ TT1
.ee 9 | i
i |
FEIRRREEC At i
‘ L ‘ ‘ g g g | |

] 3-1. CMSC HEZE R =
Fig.3-1 CMSC algorithm framework

3.1 BT —BMARNZUEF=EEAL
3.1.1 CMSC &I 5

LEREAREIE A" e R™, Horhn FoRREREL  m FRFHES @8I0 Z AL
B dtiT ARoR, AREYE 2 MR Ha{uh:
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v y
o £l S
XLE T - 2l

st. A" =A"X"+E",v=12,..V

(3.1)

Hrp, XVRAREOEFE, EVRMFEIL y TS

2 (3.1 RBEFE 25 RE BB 1 — BvEAS 2 o AR Ta] — Stk Se i 1 AN R AL
B 2 3L (AR S 1, B A A P N B A R ) 38 . D 17 SE A RatR T AL
AV — S0, AT PO R BRI Ak — EEZ0R, IR i =L
T DR 28 B0 B A 50— g 4. D

V
min |l +Y

st. A" =A'X"+E' X" =F'CH" (3.2)
F'F' =LLH H =1

bt BRI H e R 3R RECERE X FHAE P8R 7 ) R e it

EV

2.1

F'AVH FEANIEAZ 20, % 1 FERT L. CeR™ ATBLEER —IMEE A
HOERE, efr® 7 RBOEMEN EEEE, i R BOERE ] UL XA S5 .
N TR RBUERE C HIEIL IR aa S 0 — BvE(E 2, A LGB A Schatten P-
WHCREAGE e K. BARIE 0 R s

4
min 7||C||§p + Zl
-

XY.E".C

EV

2
st. A" =A"X"+E", X" =F'CH" (3.3)
F'F =LH H =1
e Ja, WA G| B 2] T71, BeRg A RO P A I N 358 1) R i A 15
B, FEEEXA —FUE A0, SCIAR IR AR A S — BUEE B BAL R
20 H bR R B s T

. v VN ) ) 2 ,
Xrilfmcls 7/”C gp € z,1+;,-,jz=1 44 zSiJ'
Bl L AN v IR
FR 2l FT%‘X =Sl (3.4)

st. A" =AX" +E, X" =F'CH" ,F"' F' =1
H"H' =1,(8)1=15;20
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3.1.2 CMSC B9
T2 (3.4) BAIENYE, R ADMM J7iEst HaE T EN . ERERA
AFRWT:

L(X",E",S",C,F",H")

v v 2 2 2’ C v v 2
= 7/”C”§p . ] a’—a; 2S += +EZ_1:HX -S R (3.5)
V v v 2
£y L-ax - +2 dx—ren + £
2 v=1 ﬂ F ﬂ F

Hoh p RIETISH, o Moy Ak HTReT . Budh, i 2 B e/ M SRE 43 )
EH X E . S Cy F'AH, REEHATE G, KOGEH AL,
(1) EF X"
TR 8 HAb AR &5, 0 X TR, X (3.5) i TR

—ax -+ 4

m1n ZHX -S L

r (3.6)

<

t\)|t

N Q;
—-F'CH" +==
Z::‘ y2

F

EAEW XY - SHOFER (3.60 NE, 32

-1
X' = (iu A" A +1j G (3.7)
Y7,

Hr, G”zA”T(A” Ql) S+ FCH 22, TR
u) u H

(2) BHE
e A B E, X EYHTER, X (3.5) Rk e

2
L-ax -+
Y7,

(3.8)

F

/—;><D:AV—AVXV+Q—1, FRPE SCERY, 2 (3.8) AT RASK AR :
y7;

20
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e ol

D, , L >— )

EL= e )
0 s otherwise

(3) EFr S
e A S, XS iHEMTER, X (3.5) B FEA:

. V. N ) TR ﬁ v I A |4 , P
n}{n v=li,j=1 “ _aj zSij +Ezv:1 S F +EZV:1 H -8 F (3-10)
MR SCiRIe), AT IS 3 BL R TR
:rerl - ::} .
Sy = ’ —, JSw. (3.11)

g

W®iV,W+I _Z::l ®ivk
sk, 0) =30 3 e e, A% XS B EOw FOR EE R A AL,
FHTRESE L. Fow B, et g A TR 5 EH

(4 EFrcC
e e A s, X CiHTEHR, X (3.5 B FEA:

v v
4, —a;

vV Qv 2
miny|C|} +£3|x* -FcH’ + 2 (3.12)
N
¢ ’ 2 v=1 ,u F
g5, ATRLREL (3.12) LI IER:
A2
Imn;lwcp+fﬂ6—c (3.13)
c Vﬂ Sp 2 F

Hep =Y. F (X +0y (17 ) HY o C (AT LLE L 73 540 i 52743 31,
BARI R AL B LT,
(5) BHFFMH'

SR F, fEEERAEREE, X (3.5 BB

2

x -rca’ +2
Y7

, mmr
F F'=I,R" R'=I

R, TSR

(3.14)

F

21
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min [F* - ((Q;(1/ w)+ X")H" CTH (3.15)

FF—

X fE—ANIEAC ) Procrustes 7] #8,  Hidsh PR A0 il o8
F' =N'M" (3.16)

Hoep, NYHI MY 3R Fr 4 & 58 40 R 5 A5 B0 10 7 2 RAB FE R R 7 A

HY [FRAES FPAEIL nTRAS 2| RL R A
H =N'"M" (3.17)
Soth, RN SRR HY G SR B 4 S A R 7 508
yAEL o
(6> BHO» O/ -

O =0+ (A" - A4'X" ~E")
0y =0y +u(X" ~F'CH") (3.18)
p=min(pu, f,,.)

BA 1 R4S T BRI R AR, R AR BOERE X ORGSR AR

W:%VZ_;(XWXV ) (3.19)
3.1.3 CMSC FRAFEFEIIL
WAEOLR, RIS AAERE G, & B IS SRR RS B IR A I R R
5. sk, sl (3.19) P, BREOR REUEMEHES SR AR FERT e R EUE
BIUAR, WM SREMERE . N TR — 8, AR 17— s BBk
Jiik, BHERE BIUR IR SRR B S A S B T EET — 1M
OB SERERE A E SE B ERE RN, AL Z, (RER
et . FATT5E SUE BARBEE R p KREAE BBEE IR

1
pn—-p,

p= +5, (3.20)

22
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Horb g, ByA B RFERL T BT E A AR A R B SR A2 — 8. Bk
Kt FATIEREEFFERE w KRS p% BB KR, TR b Rm W E
0. ZTTEAROMIRRR T s B Hos s gy, Hgas 7 PR M . SR, 8
X AR FEE IR AT SR A R ) — L6 2% H A RE XS e 75 el B TEAE Uk, JF LT e A me v
T bt S WS i 2 I L2 R o 52 eLRRSCWI A JE K SR B RE H HOAT Al
5% B BA/NRZERRFRLAHR, A1 A A Bl E AP . M2, FIH
HOE 07 190 B A B2 A S B SR RIRE R, AT DA 5B ALR e 7 o) Hc40 FR S B VA
b TR B R R AR DG o BRI, FRATT e s de i B R FE AR 1) = e 1 £
%%%%@%ﬂﬁ%&%ﬁbﬁﬁWa%Z;anﬁﬁ%ﬁ%ﬂﬁ%W%
SVD 7rfilt, Blw =Uuzv". RJ5, EXM=UL", IHHHM KA 1THE LR
F A BRI M W

2
(nim (3.21)
[ ]U [“m,”2 H’%HJ

Horftm Fm, 53 S FRHERE MRS (AT RIEE j AT Besh, (EH ()7 SROIEW i1
#RIER . HiE 1 84 T CMSC 1) 578 B RIE AR .
3.1.4 BAEERESH

CMSC FE BT 2 S T ZH BB T REM K. ST X7, HAEHT
BT BRI R OWn®) o« E' A —AN RSB i, o i ML i 5 2
8 OVmn® +Vmn) o Xt T 8, FHEXN O, i=1..,.n #HTHF, HEREN
OWn*log(n)) . 3T C, FHIE SVD HFiRHATER, HEREHNOW), &
WF 5 H M, BFEOWR) MR . a7 B B M FEE SVD 4
RSWRAE, HERENOM +n7). Jhh, HTESEY < min(mn), T4

%, CMSC BN S E RN Om +mn® +mn)

23
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Bk 1: CMSC &iEhih
M ZUEEEE (4, RSy, p, A Flw

L Wk QO =0/=X"=F' =H"'=C=8"=0,u=001, u, =10° p=2.8,6=001.
2. While not converged do:

3. RIERG.HEH X ;

4. RERGHFEHE;

5. WRHERGCIDEHF S ;

6. RIERG13)FEH C ;

7. R R (3.16) B F;

8. RAERG1)EH H' ;

9. RAERGA)HEH O O Ml ou;

10. HAWS: (| X-C|,<e|v=12,.V};

11. end

12, 33055 5 1) R E0ERE X,

B pgsmmmgw =Y xo;

14, R4 (3.20) 78 HUAE B L1 5

15 3% skinny SVD: w=uszyv’", HitEM =UT"?;
16.

2
A (], [—m e J ;
",

17. W TR
Bt BRAR
3.2 I

RATIEE T AAATFEARR AT, K CMSC 1R RS H A uFh
JeiE R EGRAT TR L. RIS VRGN 7SI EE R, JRERTT T CMSC
(RIS .
3.2.1 ERHEE

NEGIE CMSC [PERE, SEI6R H A TSR 4T Pl . DU R R AL
I B (1 T EEME IR -

3Scources & 7K H Reuters. BBC Al Guardian = kB i kY35 1) 169
AR

MSRCV1 ##ii4E: Whias 7 N1, B 6 MAFEMALEIZAR, 35210 MEAR.

COIL-20 ##ladk: f& 20 D20, B 72 K EIME, it 1440 18,
SIGHREL T AN FE BHFE GREE. LBP Al Gabor)

UCT #0509 3% 10 RFS5HFH 2000 MEA . SKIRTRAL | =FhAS
FIRHRIE (RFEFIME R REBRTESFIE
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YaleB ##a4E: H="TEARKR, FMUEEE 10 DMME, &t 650 ™A
HEFEA
% 3-1 i ER gt T FIREEERNE R
* 3-1 BHEEF A

Table 3-1 Introduction to the dataset

BEEAR FEAS RH MEH
3Scources 169 3
MSRCV1 210 6
COIL-20 1440 20 3
UCI 2000 10 3
YaleB 650 10 3

3.2.2 WEEEE
NVEAl CMSC P RE, AR TIREL T JUPh R et I B BE 5 CMSC 1R LR,
G2
(1) GMCM'™: i B I AR B e ms, AR e B IS AL
(2) UOMvSCPY: ik N 55 k-means EBALE &, BEEARERER.
(3) RC-MSCPY: SRR —S LR T, Bl 2 0B R B0 MR R g —
MR AR L4
(4) CBF-MSCM. A Fl XU 14 43 i 77 1S ) PR AN TR 400 B 2 T 1 — BSOS 2
(5) LT-MSCP™: G| Nk EARFRLI IR, TRZE A A A Gk
(6) MvCSDP: BERBME MM, LRSI 3 IRE B
(7) CGDP3: K gs il By B AR RN 2 WL RSRAELE, 1o 0 1 1|5 B A

i o

(8) SMVSCPY: J@ It I S pi 2 I G — A AE L, REmh e R Ed i
TG

(9) HAGLMCP: g5& 723 8% 2] S E A T RN, Bl B4
[ S R

3.2.3 BREMBELLI

TESRIM B, B SHOR I e & HikRtE)E, Biraiiss 10 i, i
Bk REFRAR A SR 7 . RAMERE LI ANER 3-2 FroR, A% DU AAhR v S R
ZESRL, ARGE R UL RIZLARIR. CMSC 5 A SR SRR REXT EL i R
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1) CMSC £ i EE 5 EIAS At fe, HAR 3 3 ZLRILE: 7E 3Sources
e b, B HAGLMC #2771 10%. £ MSRCVI1 #ladE b, & IR
PR CBF-MSC 43 3Rt 4.78%, 8.58%, 9.17%. {E COIL-20 ¥(#iE4E I, AT T
flifEbRIsE 99% L b 78 UCT il e b, JE Tk — B L R H K CMSC. RC-
MSC Al CBF-MSC #JHfF 1A 5K IERE. 7E YaleB #i¥lifk b, {5 CMSC
I MvCSD PR REIAG TR IR KA R . Hih, CMSC tt MvCSD 1 RE#R
BN 5.39%, 6.02%, 12.28%. iXiegt ft—BRY], CMSC B H AR
HME

2) RC-MSC Al CBF-MSC HJERFEMEREAE R ZH S ERIWAE, 2
RT3 R B8 T Ak — Bk 2 ke 2 ST W) — SRS S 1 R e Al
B A BB I R AR BR 45k . L2 R, MvCSD 38 £ 125 8] 2 5] T iR 2 LK
M4 m—BEE R, 72 2 8RR EIUR AR IR o B B R SR A R
B TR, RBEA BB SR A M B TURE R, SEIERIIEE T
CMSC. IR ) HAGLMC KM B 52 31 532, il s B 2= R
SRR —FME LR, AZ I EARERR R WAL v f, 5 U a2 R DA i
T JEAE AR — B R R S5 M . T % 2110 GMC 1 CGD Itk REAEE, BRI
EATIAS RE F I 4248 A0 1 2 ) AR Pl N 0 B 2 A 15 5, AT et PR 2 )

3) MEZ T, CMSC HEEEA T A KEBER: D ZHE—8HAKREF
AR I R 75 2D — Bk AERE I RR R BOE I 0 3) BT XCE I
U A, 1 e SR B S R R R 2 ST RE S o A3 RO A o T B0 D7 VR A4S SR FE A — Sk

P bR BT 8 LA R R RIS A5 T T 0 I AL, T £ R B 35 Y SR 34
R 3-2 FIRRAMEREE
Table3-2 Comparison of clustering performance

gL Hik ACC NMI F-Score
GMC 69.23+0.00 62.160.00 60.46+0.00
UOMvSC 68.64+0.00 58.88+0.00 65.01+0.00
RC-MSC 68.28+2.36 52.01£1.32 63.33+1.78

3Scources CBF-MSC 62.18+2.37 62.58+0.50 59.85+1.83
LT-MSC 71.00+0.00 61.29+0.00 69.20+0.00
MvCSD 69.82+0.00 62.24+0.00 63.67+0.00
CGD 79.88+0.00 70.85+0.00 73.77+0.00
SMVSC 69.82+0.01 59.91+0.02 67.10+0.02

LHAGLMC 84.02+0.12 71.42+0.08 74.53+0.07
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CMSC 92.89+0.00 82.00+0.00 88.07+0.00
GMC 89.52+0.00 81.99+0.00 79.97+0.00
UOMvSC 84.29+0.00 77.61+0.00 73.41+0.00
RC-MSC 78.00+0.10 67.88+0.12 66.22+0.12
MSRCV1 CBF-MSC 91.3440.18 83.77+0.39 83.59+0.33
LT-MSC 77.61+0.00 71.54+0.00 67.59+0.00
MvCSD 73.80+0.00 64.44+0.00 62.33+0.00
CGD 90.00+0.00 83.48+0.00 80.45+0.00
SMVSC 90.95+0.01 83.31+0.00 82.35+£0.03
LHAGLMC 80.47+0.14 76.86+0.23 71.63+0.09
CMSC 95.71+0.00 90.95+0.00 91.26+0.00
GMC 78.68+0.00 94.01+0.00 79.20+0.00
UOMvSC 84.03+0.00 93.82+0.00 81.07+0.00
RC-MSC 76.40+0.06 84.00+0.02 73.58+0.01
COIL-20 CBF-MSC 75.06+0.79 82.23+0.63 71.11£1.12
LT-MSC 75.27+0.02 84.35+£0.21 69.64+0.14
MvCSD 91.80+0.00 95.78+0.00 89.46+0.00
CGD 84.23+0.00 93.07+0.00 81.71+0.00
SMVSC 78.81+0.02 85.29+0.01 74.35+0.06
LHAGLMC 82.98+0.02 91.04+0.14 80.46+0.23
CMSC 99.65+0.00 99.49+0.00 99.30+0.00
GMC 73.55+0.00 81.53+0.00 71.34+0.00
UOMvSC 94.00+0.00 90.14+0.00 89.04+0.00
RC-MSC 88.40+0.00 79.73+0.00 79.05+0.00
ucCl CBF-MSC 91.13+0.04 83.3840.11 83.44+0.07
LT-MSC 90.65+0.00 82.27+0.00 82.45+0.00
MvCSD 25.70+0.03 28.40+0.01 22.77+£0.02
CGD 71.55+0.00 72.51+0.00 65.17+£0.00
SMVSC 91.75+0.02 84.95+0.12 84.45+0.06
LHAGLMC 87.40+0.11 79.85+0.21 77.67+0.16
CMSC 97.60+0.00 94.61+0.00 95.18+0.00
GMC 43.38+0.00 44.89+0.00 26.51+0.00
UOMvSC 40.00+0.00 41.21+0.00 27.454+0.00
RC-MSC 56.15+0.21 56.21+£0.04 41.72+0.31
YaleB CBF-MSC 57.10+0.20 56.01+0.20 39.95+0.29
LT-MSC 46.21+0.10 47.34+0.40 34.68+0.43
MvCSD 92.00+0.02 90.77+0.16 87.58+0.23
CGD 46.76+0.00 45.64+0.00 30.01+0.00
SMVSC 37.69+0.00 32.234+0.00 28.03+0.00
LHAGLMC 45.23+0.15 42.57+0.08 27.90+0.04
CMSC 96.56+0.22 93.22+0.43 92.95+0.47
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324 BHOH
CMSC HRAEUANKREESE: v, A, pMw. yMAKFTTEEAE
[0.00001,0.0001,0.001,...,100]2 8] . Z%L p HK11E9[0.01,0.2,0.3,...,0.9], H &N <p

J& HI 0 w A[10,30,50] ik

K 3-2 g7 7 MSRCV1 Bzt 2%y, A p X ACC (IR . 45 R &I,
y FIATERIG I SHORA R R Bk sE M. IRBEAEM p EX IR
I R A K, (X BB AR IR — e g . ] 3-3 R T G R AD
e w X IR PERR RIS . AT LUK, BB G RLAR ORI g I, SRS TERE
T,

%FF 3Scources. MSRCV1. COIL-20. UCI I YaleB ##54, A %di4E+
v, A, p MlwlEESHWF: (10,10,0.8,50), (1,0.01,0.8,10), (1,0.1,0.5,50),

(100,100,0.5,30) A1 (0.1,0.001,0.01,50)
3.2.5 FEFFEFFERIATILL

FELABL (10 S5 R o I L 45 7 AT P Rt £ 2R 4, RN R X A 2 X I v
Ve, X T SRR SR 5 R MR AR N 58 4200 B o AR 5T R H UL 1%
FUE B RLA SRS, 6 Eard 7 SR G SR A R S5 A0 IS BISR R A TR R W 4544
ES5. RN, JEFR— LRI, EEL RC-MSC {E N CMSC 5t Lh Ik i
BEAT WAL 3 HT

N 3-4 froR, TR T RC-MSC ISR AN BE TGS S, O i 4 4h
FRAASR] , 1 32 VA PR 12 77 Vet B SRy R e ) 4 ) 5 M 1 S T 28R 1 T
JRFBAERIRFAE A RT3 43 52 3004 J5 2k 23 N o R L A S Ry ot A 64, (R AE
REMEE T LT, KRR CMSC 45 RAECRIFIE W M 255 i
I, AR TSGR, IUE T BT TE R
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(g) p=0.7 (hy p=038 i p=09
K 3-2 MSRCV1 itk LIS Ky, 4 M p X ACC (52
Fig.3-2 The impact of parameters y , 4 and p onACC in the MSRCV1 dataset.

E E]
G 03 503

(a) 3Scources (b) COIL-20 (c) UCI
P 3-3 %fF 3Scources, COIL-20 1 UCI ##ii4E, S w X RAMERERIR I
Fig.3-3 For 3Scources, COIL-20, and UCI datasets, the impact of parameters w on clustering
performance.
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20 40 60 80 100 120 140 160 180 200 200 400 600 800 1000 1200 14

(a) RC-MSC 5 FISERE (b) RC-MSC 3 A% (c) RC-MSC SE AR

8

200 400 600 800 1000 1200 1400 1600 1800 2000

20 40 60 80 100 120 140 160 180 200 200 400 600 800 1000 1200 14

(d) CMSC FEANERE (e) CMSC EMER (f) CMSC S FN4EF

8

200 400 600 800 1000 1200 1400 1600 1800 2000

(g) CMSC A4 W (h) CMSC A &4a[E W (i) CMSC £ f&i4arE W
] 3-4 7£ 3Scources, COIL-20 F1 UCI £u 445 _E s AR FERTA4L . (), (d)FI(g)
3Scources. (b), (e)F(h) COIL-20. (c), (f)F(i) UCL
Fig.3-4 Visualization of affinity matrices on the 3Sources, COIL-20, and UCI
datasets. (a), (d) and (g) 3Scources. (b), (e) and (h) COIL-20. (¢), (f) and (i) UCI.

3.2.6 WIS
AT T RN ERIRZE M4, MSZISMERIFE T CMSC Bkt
PE, SZEGSE LK 3-5, HANREE LN

4

1
Error = ; Z

v=I

X' —F'CH"

(3.22)

o0

M 3-5 FREAR LT LE T, FELd KL 15 WiE)a, =ZE FBERJL
TN 0, XK CMSC f&£— @ RBANER G Itk T e Jrillesh. seitel ik
B, CMSC &k EA 05 Uit ge
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2

Error
Error

15

05
1

05 \J
0 0
1] 5 10 15 20 25 30 1] 5 10 15 20 25 30

Iteration Iteration
(a) 3Scources (b) MSRCV1
45 . . 5 . . . .
4 45
35 4
35
3
3
v 25 .
g 225
a o, w
2
15
15
1 1
05 05
0 0
0 5 10 15 20 25 30 0 5 10 15 20 25 30
lteration Iteration
(¢) COIL-20 (d) UCI
4.5 T T
4
35
3
v 25
g
& 2
15
1
05
0
0 5 10 15 20 25 30
lteration
(e) YaleB

Kl 3-5 CMSC e fiE S A St 4

Fig.3-5 Convergence curves of CMSC on all datasets
3.3 KB
AREEIRH T B MSC i, HI CMSC. %7 T 7R3> 58
P EREACHEZE, DAL — BUEAS 3E B . A, SIABE—BUEL
WFN Schatten P-75 20 IE W AL SR B, SCHLXT 4G — B MRS B RS IET . itk —
HERRAERE )y, vt T B AR SRR R PR B A 1 IR AE S . SEE 4
BRI, ITEE AN SRR EVERERS L . SHUBHE T AT R R A
WSS R B B AR 3, IESE T CMSC AT IR ISR

31



S I YN 2 R e VAT

FOE 18igEskE Schatten P-So2{BIZ I EF==8) B2 3

T[] RS DR L ) SRR RE T ) A o AE 7 T RS SR R, Mt
FAME (SSC) PIGEAFIR (LRR) PWEARMSHIL, FEm &
W AR NI AE T 2 (R R o ORI, B S ST M DAL 22 Y 5 4 it 1 3¢
HIRINEREH 220 = T BRI DL R 2 Bdl o0 A (K 2 SR T

BEXT AL 2 SRR R B o N JRERYE, MSC @il & s AL = B Al
A5 BT FUIA o HoA DA TR 2 MBI I S5 MR AL, 38 5 P[RR AR
SERTERRMERE . FIA, GuolsHR T —H3Ros MISC J5i%, %77 iE i #
FRILARAERE, RAf DR 1 — B . Wang 55 NP HUR AR it AR 20 ARAH
gity, W % H AR WL R SRR IR R AL B AT U5 2

BEE DT FURIRN, MSC 512358 A A% Gt AR K S Ao 1] 5 B o v 3 gt
DASE 7873 b S 40 I ) () i B B 5 < R o 19140, Zhang 55 AP M 22 40 B 28 BRE B
MK E BB D) A, FFAE A TNN S/ S S I e e B £ S (KA R
Xie &5 NP — D3R 7 23 T ik B A7 A 70 A ) MSC J5 k. I8 IR 2 L1 &R 4K
FE RS TR E IR TNN 205, 2Bl 7 ALK s R IE B & 22 2], JRas &
WRIGRIGREL R

SR, bR MSC JHERZ KA, -TEHCRARBE A FEE, X — R GEH

AU 5, M LRI LS 5 b 52 2 R BEAh, DA T
GO, K (128 5 R 6 MR R TR S 03 B, T N7
R A2 B SR AU . TS5 R ST A S 15 8., S R ST
Xt R B R

9T AR A R, A SRt T — R SRR Schatten P-it 5010 % WLEI T2
[FIB G (BTSPMSC) o BARSKBE, 0k 2 b s SR AT R, S
45 AR e R T8 75 L, SRR ) RO 75 L, -SSR
R E IR TR R TS, AR TR RRA . BJR, X 2R
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SR B DMAL 5K & Schatten P-{5 %, AMUBEEITKERFEIRGER, ER5 % ER
T AR R RE R Tk, T VEHELE A 3-1 R .
ETSPMSC HITTHkuI

(1) ZT7 4 K 5 MR R INAL 5K & Schatten P-JE 08 & 24— HEQE 1,
A SIS B (AT 003 T, IE AN [F) 7 B R T AN R RO ACER, AT 2R H 4
35 1 3 1R S5 R RRAE

(2) ETSPMSC iiid 5| N /R AT REEL R 2], A RPEIREE R TH R SR
.

(3) it 7 — ML T ADMM J7ik iR A 5Em , i Or B b ok 2500 B 80K i

(4) 75 LA AEH R 5 LA SEIG 45 R W], ETSPMSC 8 1 Hofth +Ff e St
{DE=R7

. / t-SVD based weighted Schatten P-norm \
T
Construct Transition e el ‘ |
Probability Matrix A S * * S
s - N\ 'y ’ | |
— = — ’
— (TS \ )
X g ‘ u ﬁ I.P“) |\ -_u — _S_ J— v_ }
View 1 |  aEn | Rotate
f— | 12155,
X ' ‘ h P | FH 5 EESEuuEEE
View | ‘ T > ! 7- —_ T x : —
S g0 fli ES = +HE
: ® EmE . I H
[ ‘ . | u mEm—.
o . o |
o - * ‘ = m=m | P E N Z
View | i - p
' : sV | - | << <
| -
Dataset Similarity ‘ Transition ] n P ﬂ Graph
Mat Probability Matrix J - — FT 1 Constraint
— |
| 1 |

Kl 4-1. ETSPMSC HE4E R % ]
Fig.4-1 ETSPMSC algorithm framework

4.1 18585k = Schatten P-SEHAIZ BT B1 B2
4.1.1 ETSPMSC #&453E

FEE T Sy /R AT RBER) MSC HEZE 15 et MRS R 87 e RMY, JRiE
P =D S AR R AR P, SLh DR ASERE, Dy =" S; . NALEIL
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IR TCRIE S, BRI LE P NP AR LRI Z AR 2

FEFEE" o [N, XF Z ROARRRZAIR, HA RN FR:

4
min | Z | +A> NE |, stP"=Z+E (4.1)

FESCEEAL b, K xC 4 D Hh R ki >, DARZ AN 2 8] 1) v B A DR A
seAh, 4D AR LREEE T RS R vl AT T — A LR
B, RN S B . S AN ISR S e S 5K E AR R T IE AN, 3R
ATIRIN 25 8T o S A s BT 7, SR S YR M R s B AR K B 1) 1 (R 254

Zn}i’%_ﬂ Zllpw FANEL +A NN, st P=Z+E+N (4.2)
Hr, R & RoRmiii sk, N Rt ke (R h g Aok e
ZERoMRKE, PNMERERKE.

BEAh, (EHIINELGK B Schatten P-yi {08 TNN, Befs B 43 2 ST LI 1 S 56
KR JFIEIL A S 20 R ORI E R R 1) B AR 45 4 -

14
min | 25 +A41E L +4 [N 4> tH(Z° L7
o v=1

st.P=Z+E+N

(4.3)

4.1.2 ETSPMSC B9t
N Z SRR FE, 5l NGBhakE T , 2 (4.3) AL NI .

4
min |7 |5 +4 €L, +A 1N | +4 2 (Z'L'Z")
v=1

ZENT (4.4)
StP=Z+E+N,T=Z2
T (4.4) ZAEMNI, ATEURAH ADMM TR, BAARA X y:
LEZT.EN) =TI, +4 1€+ AL TN
+,gitr(zvvz”)+<C,7>—Z-5—N> (4.5)
=

+<A,Z—T>+§||P—Z—S—N||é+§||Z—T||i
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Hrp, uRENSE, CMARBMEIHIRT . i/ ADMM ¥ 2 7.E N,
R & HoAth o oo AT &, AR IRE T AN &,

() BHF zZ

e[ e HAh A & 5, X Z3 7R, X (4.5 Brian MR

vV
2, =argmin £(2,7,E,N;C, A p) =argmin 4, ) r(Z'L'Z")
z z

. iy (4.6)
+ BN P-z-e-N+Z L +E 1 2-T+ 22
2 Y7, 2 7

X2 KA, FELHIN 0, WA R AR

-1
zZ =4 +BV)[£(U +L )+ 21j (4.7)
’ H
Hrr, A”=PV—E”—N”+C %nszTV—A o
H JZ

(2) BHT
e[ A A s, AT #HArER, X (4.5 R e
7., =argmin L(Z,7,E,N;C, A, u),
T

=argmin || 7 ||/ +<A,Z—T>+§||Z—T||; (4.8)
T 14
— : P H 4,
=argmin|| T [|) o +=[[Z2-T +—||;
T e 2 Y7,
1% ] S P 7E TSR AR INA 3K & Schatten P-3G#. AT DL I SCHRIOOHE 1T 3R A -

T..=T, (Z+l-/1j (4.9)
;-n}w /J

(3) BHF ¢
e AT A, ST ER, X 4.5 Bk TR

E=argminL(Z,T,E,N;C, A, 1)
&

. C (4.10)
=argmin 2, | €], +§||6—(7>—5—N+;>||i

HRE SRS, w75 P 2
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na&—ﬁ 2
E'={—————=D, , | D, ll,>—D, 4.11
1, R R

0 , otherwise
C
;H;‘EF" sz—g_N+_o
U
(4) BN
R e A B E, XN B TEH, X 4.5 Bkt R
N =argmin L(Z,T,E,N;C, A, ),
N
(4.12)

. C
=argmin 2, | N[, + 51 A ~(P=Z =€+ )1

C

L2G=P-Z-E+—.

7]

(5) BEFC AMp:

Hrr,  p=2 DUnsiiesh.

413 BEEZERNH

A (4.12) KT LB E G R T, () K

N=> .9 (4.13)
C=C+u(P-Z-E-N)
A=A+ u(Z-7) (4.14)

lLl = mln(p * /’lﬁ /’lmax)

e TR e o SN

Xt ETSPMSC 5y, HEFEME FEEP Z & NFAT X PUASF 7] #H

B o Xt 2, BEREEREPERMRIE L, HXF A BR8N
OWNY) o« AT N, HAEM T MBI E RN 0Ny » €A MM, HXa

MBI E IR OWN X T T, & EBATINAGK & Schatten P-yi iR /MU NS,
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B A LB = 2k N 0N logVN)+VPN?) o F B8 BB AR B K 5

1<V <log(N) < N it B H B 2N O(KVN (N +1og(VN)) -

Bk 2 Mg T ETSPMSC [ 5234k 2.,

¥k 2. ETSPMSC EiEALAL
BN ZMEEAE 4, TTESEAAL L0 p
1.

Wit w, =107, p, =10, =107, p=2,,Z2=E=N=C=A=T =0,

2. While not converged do:

3. WIERA@.7EH =

4. R X@9)HEH T 5

5. RHER@G 1D EH e

6. R A 13)FH N

7. HRE (4. 1) 5 ¢, A F s

8.  HIMSL | P-Z--N| <&l Z-T|.<¢
9. end

it WERHEREZ

4.2 XKI§
42.1 LIRS

N T BAE ETSPMSC MPERE, AFEIREL T AN FMEHEE, MUF X AA
AR T E A

BBCsport fl BBC4view ¥4 : X P44 L KA 5 BBC 1] M s (1) 44
BRI o, BBCaview HHEEM S 685 FifAE i SCRY, R SCRYREL
T VYRRASRIZE AL AR AE s BBCsport ZHRE NI 544 351 BB SCRY, 5
RYHRHL T AR RAE R R o

COIL-20: ZHHEHEH 20 N1, AW RIENEAE 72 wEIME, it 1440
SRIKFE I . SRER IR T =R FSRBLRHE (3852, LBP Al Gabor) .

UCL: i8S 0-9 2L 10 D251 2000 N TFEHFEAR. KIRH=
FIRFIER N 710 AR FFIEARFAE 8 B RECRFHE DL B 1 F SRR AL
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Prokaryotic: ZEHREEEL & 551 FEAZEMIAEAR . SLIRHEH 7 = REHEH T
RAE, BFECARRHE. JE RS RAE A 8 5T 4 LU AR
K 4-1 SRS T BRI N EE

® 4-1 Bt
Table 4-1 Introduction to the datasets
BARELTR AR R¥ MBI
BBCsport 544 2
BBC4view 685 4
COIL-20 1440 20 3
UCI 2000 10 3
Prokaryotic 551 4 3

422 ILLEE

AT VPAY ETSPMSC B2 1T RE, ASHE U B T+ Fh 48 i S R AR nt
beuE . DUR &R HE S 24

(1) SSCPOL: et b 29 A0 B I s HEAT 52K, A RO 4 800 i #s i
451

(2) LRRP7: I ACAR R P R S a0 B 123 (B 24, AT SE e 7
Kot 1) N LEARRR AR

(3) WINNMPL 5IIAGK S AZIE L, AR A B ] ) s A DG,
L EHE Z VNS ve I N

(4) ETLMSCIY: Z5 SRR IKEMMBL N, IRAZHEREERE, 2
THE LB SRR RE

(5) LT-MSCP™: j@ i lefk ik &= 20 o s A gt £ Sty MSC, it — D F
RBRR.

(6) t-SVD-MSCP®: Z5&ik & ar mEH o, >l mbriksE 72m, ARt
e A 2 ML B

(7) HLR-MVSE2: Fi| 8 I 45 R il S A0 11 2 TR) RO AH S DL K SR BRI 54
NEME IR T ENEMER.

(8) RMSCI®: 8 Ty /R ] REETTVEANAE R R HE I, AT S 4 b A
HHE 2 MR R R, TR EIERE
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(9) LSGMCI*: SR FI X AR AURIFE FE 0 i 735, IR Z 1A — ik,
i Z IR e 2N S S

(10) HAGLMCP: FeJ--7- 3 (8] 2 2] JT A A B 45 0, IRl MRS T
IEN s R B2, 5Tt 2RI B E.
423 BAMBELLE

AATEE S HOR A A XS L EVEIE I T RIS, K 4-2 ROR TAE bk
AEHE AR FI SRR R xS L g B, oo AR bR id e R R, T RIZARic xR PERE
ETSPMSC 5 HAth+Fh SE A REXT LU T -

1) ETSPMSC ¥4 Rl B E M. BAms: &
BBCsport $#E4E F Sl FiRZ=E . £ BBC4view i £, ACC, NMI il F-
Score AR 7> BIELX M T712: WTINNM 327t 2.7%, 5.6%F1 5.0%. £ COIL-20 (¥
b, RIHERE LSGMC PR T4 3%. 16 UCT HisE b, T k2% 0
TIERAERIALS: . 7 Prokaryotic stk b, #LIRIN & /K A KEETTVEH RMSC
TEZERARIR L i8It 4.9%, 22.3%H1 9.5%.

2) ETSPMSC T SSC. LRR S5 5B J572:, iX4355 T MSC BIAREMS B 4
T 1 ) FH A (R4 P 2 TR PR SR

3) HHET RMSC. ELTMSC %55 /R A KREEJ77%, ETSPMSC i id XU o
B Chrr i dbr+m ) R R IE AL SEng, A RS T B2 IO TR
FREE AR LE -

4) LSGMC 1 HAGLMC J&J& TR FE ) 532, ANBE 78 70 4R R AN I 18] ) s i A
Ktk

5) ETSPMSC MH#T Hidth sk &7 O PE R L 35 1 205 T H e 70 2% R 315
H2 %25, LBt Schatten P-3i5 %40 5 S B 22 $000 ] IR 2645 2 10
TSR .
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R 42 HIEREMERELLAL
Table4-2 Comparison of clustering performance
HiEE Wakr ACC NMI F-Score
SSR 61.95 56.59 62.40
LRR 77.21 68.27 73.38
WTNNM 99.70 99.10 99.60
ETLMSC 98.10 98.99 98.97
LT-MSC 72.43 59.54 67.80
BBCsport t-SVD-MSC 97.61 92.86 96.40
HLR-MVS 97.43 91.58 94.92
RMSC 61.39 49.94 53.32
LSGMC 90.81 79.43 80.79
LHAGLMC 96.87 89.96 93.77
ETSPMSC 100.00 100.00 100.00
SSR 68.18 53.78 63.14
LRR 61.46 39.90 57.03
WINNM 96.35 91.41 93.43
ETLMSC 82.18 77.74 77.21
LT-MSC 57.23 36.68 48.34
BBC4view t-SVD-MSC 89.92 84.13 83.68
HLR-MVS 95.04 90.41 92.29
RMSC 49.63 28.52 40.45
LSGMC 85.49 96.04 84.28
LHAGLMC 90.94 77.06 84.91
ETSPMSC 98.98 96.58 98.15
SSR 65.97 87.78 65.00
LRR 64.85 77.26 60.18
WTNNM 83.47 89.70 82.44
ETLMSC 89.72 95.75 89.40
LT-MSC 64.72 75.49 57.86
COIL-20 t-SVD-MSC 80.06 88.69 78.51
HLR-MVS 85.56 90.85 84.61
RMSC 68.75 89.44 66.88
LSGMC 92.92 98.27 93.93
LHAGLMC 80.83 89.63 78.78
ETSPMSC 99.03 99.26 98.31
SSR 67.15 68.12 63.00
LRR 70.13 74 .45 67.79
WTNNM 91.28 95.47 91.82
ETLMSC 95.65 95.32 94.49
LT-MSC 71.05 61.70 57.85
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UCI t-SVD-MSC 99.12 98.90 99.20
HLR-MVS 99.25 98.11 98.50

RMSC 80.40 717.55 73.03

LSGMC 93.30 87.84 87.44

LLAGLMC 87.40 79.85 77.67
ETSPMSC 99.80 99.48 99.60

SSR 51.72 8.63 48.34

LRR 32.18 5.70 37.66

WTNNM 54.44 19.38 43.85

ETLMSC 62.12 39.27 53.38

LT-MSC 40.83 15.93 36.08
Prokaryotic  t-SVD-MSC 52.26 2141 40.85
HLR-MVS 62.79 21.64 51.66

RMSC 68.05 39.39 56.18

LSGMC 65.70 28.84 57.84

LLAGLMC 65.33 36.45 56.65
ETSPMSC 71.52 48.21 61.56

424 SHHH
ETSPMSC J5ikid e h A RS Hr i, B RS54, 4, 4,

Schatten P-JE$i S 4 p LA E R w - FSHEVRETEE R : EENHLSEA,,
A, Rl A, 76 B8 B {E 4£[0.001, 0.005, 0.01, 0.03, 0.05, 0.1, 1, 10, 1007+ 4T i F;

Schatten P-Ju$Z 4 p 7£[0.1, 0.2, ..., 1]IX AN L 0.1 NP KFATHUE; BUEREK
 WITE[0, 100]1X 18] Py HX{H
Kl 4-2 RS A, A A RSBV, WEITRRER 1, ETSPMSC 4%

RIS HAANE E N RI AR 2 M. thAh, B 4-3 SR 1A FAE AR £ 1k
U, ANHRRTLLE N, HECKIA A AR, REREREEE . K

4-4 JEos TR p T IRFRVERERIFEN, I AR p (EEEAT R, T LS,

R R IR R PR AL
%}F BBCsport, BBC4view, COIL-20, UCI Al Prokaryotic 44k, A%

WEF A, 4, LM pWEKSEWF: (10,0.01,10,0.7) , (0.1,0.001,1,0.6) ,
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(0.001,0.005,0.1,0.6) , (0.03,0.001,100,0.9) A1 (0.03,0.001,100,1) . &A%
EHRESH N [1,10],[0.1,1,10,100], [0.1,100,0.1], [1,1,1]F1[1,0.1,10].

ACTE)

ACC{%)

(@4 =1 (h)/% =10 (1) 4 =100
K] 4-2 COIL-20 ¥4 F Iz 4, A, fl A, XF ACC [520H
Fig.4-2 The impact of parameters 4, A, and A, on ACC in the COIL-20 dataset

42.5 FEBTHT

FESEER Y, FRATTK )\ Fh 2 LB 5H:5 ETSPMSC #H47 1 XfEE, £ 4-31d
T EAMERABEEE LSBT ), SEIREE IR B4k, HAGLMC fEixX £
Hs e v R I B R KIS AT I ) MR A SR A 2 . IR, RMISC H T AUIG
MITHE AR, RS SEIL PRI AT MU IS 47 I 18] Bb4h, LT-MSC i@id 56 [
IEEHAT RS, BAREE R AL, EHB AT AR K. T,
ETSPMSC 75 i%Hia 47 I [a) b R 85K, X F 22 T ETSPMSC 7 Z AL B EE
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Z WAFE AT EE 2 T P BR, i 5 2021

FIEEE 45 +-SVD-MSC i, Bz

TR . R ank, ETSPMSC

AT R B Z T t-SVD-MSC.

* 4-3 ZAEIEREEILERIZAT R 8]

Table4-3 The running time of multi view clustering algorithm

Method BBCsport BBC4view COIL-20  UCI Prokaryotic = Mean
(time)
WTNNM 41913 96.250 581.030 631214 16.945 273.470
ETLMSC 1.541 30.26 15.120 48.338 14310 21913
LT-MSC 14.003 72.396 104.321 136.265 4.101 66.217
t-SVD-MSC  14.944 62.574 272.350 89.191 5.396 88.891
HLR-MVS 8.587 74.645 325.365 371.888  8.187 157.734
RMSC 5.354 8.355 31.634 76.859  3.355 25.111
LSGMC 2.125 33.570 42.120 66446  8.112 30.474
LHAGLMC 0.514 1.557 3.836 6.258 0.356 2.504
ETSPMSC 4.199 12.998 103.895 81.984  3.208 41.256
. - -
“ I“ i || |
S mmue‘!,'l‘lw.wl.'ﬁ!]ll i e o e
(a) BBCsport (b) BBC4view (c) COIL-20

K] 4-3 B E S % o £ BBCsport, BBC4view Al COIL-20 b FE2 MR 1520
Fig.4-3 The impact of weighting parameter o on clustering performance in the BBCsport,

BBC4view and COIL-20 datasets

1 9 1
08 09 0gr
08 08 08
§or 807 go7r
5 H
gus E” Eus
T
& os & o0s & 05+
4 g g
5 04 504 504+
z z 3
S o3t 503 ao0ar
02 02 02+
| == — |
v . T
0 a

01 02 03 04 05 06 07 08 08 1 01 0z 03 04 05 0B 07 08 09 1

01 02 03 04 05 06 07 08 09 1

(a) BBCsport (b) BBC4view (c) ucCl
K 4-4 2% p 7£ BBCsport, BBC4view Fl UCI L%} ACC F1 NMI 50
Fig.4-4 The impact of parameter p on ACC and NMI in the BBCsport, BBC4view and UCI
datasets
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4.2.6 WS

K &L T ETSPMSC H%7E COIL-20. UCI Fl Prokaryotic iX =N FE i 44
8 B2k, B 4-5 ATLUE H, BARREESS 20 JOEARHT G REBE g
%, XRIZEERE A PR IOEAE AT ST B

<107 L %107

> 3
- ; + 7 E - <10
i P2y B Nl . —IPZ B Nl 6
1 —IE Bl 6 +— B Bl B P2y Bl
1221 p 1y Zillo 5 — By Byl
08 Ny N Ny, Nyl | A 12172
_ L4l 4t NNl
Eoe6 £
ul s 3|
0.4 n
0.2 1
N 2
[ S & e S = ol« - =
0 10 1 0 0 5 10 1 0 o * \:"!;—*
Iteration licration 0 5 10 15 20
Iteration
(a) COIL-20 (b) UCI (c) Prokaryotic

4-5 ETSPMSC 7 COIL-20, UCI 1 Prokaryotic #{#E%£ t AIU XA
Fig.4-5 Convergence of ETSPMSC on COIL-20, UCI, and Prokaryotic datasets

4.2.7 iHRAAR

N T IR ETSPMSC, A#ATHHT 7 —TUHRA 7L, DARR A ENL
T SERPERE RN o B YL, A T BTSRRIk 43 Bk SRR RE M,
T8 3 ANABE AR v Jib] o 5 G DA TR R AT I Rl SRS o IR BERIERLFE S A fl
FrHTZR . InBLEK & Schatten p-yu 20 FOF1 & IE AL .

(a) e s 20 SRR AE

N T IAEZHA AR, 2R T i A 200, 1% 057 44 9 ETSPMSC-
E. ETSPMSC-E [ H##An F:

,
min || 2|5 +4, (Il +4 2 or(ZVLYZT)

v=1

4.15)
stP=Z+N

(b) i e 7= 20 A 1
N SRR BT Y i S SRR RE IR RE I, 5B T 0 o i e

Y, ZEAT 4N ETSPMSC -N. ETSPMSC -N I HAR R T -

|4
min || Z{5 +A4 (€], +4 D r(ZV L2

ZEN

stP=Z+€&

(4.16)

v=l
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(¢)  JnAL5K & Schatten p-Ju ZZ) R 1E H
AT BRI K & Schatten p-TEELZI AR IIRLE, {HH TNN 958 E itk
= Schaatten p-JB%, %74 A ETSPMSC-p. ETSPMSC-p [ H AR AR R

4
min [ 2y +2 1€ ], 42 | N [ +24 X 0201207

v=l

(4.17)
sStP=Z+E+N

(d)  EIENTE
N T IR E A TERR R A E L, R ORI A A AR, AT T
IEMIALIR, %7 A 448 ETSPMSC-L. ETSPMSC-L (1) H AR &3 A R R
min [| 255 +4 (€] +4 [NV, “.18)
StP=Z+E+N
UbAh, e TS EE SR A B VRGN VR AL T FIR VORI AR, P Se i 4 R 1)
ACC fHILFKAER 4-4 . K 4-4 ATLUE H, EIEN{EX BBCsport il BBC4view
MR RS Ry K. st COIL-20 Bl i &, M IENL I A 5355
M, 7o 0 R e ) SRR o e SR H AR F o T UCT & — AN R B 1 5 B 4,
B AL 175 JeAE BB BRI TE AL TR & (R S MR AR X 85 /)N o 7E Prokaryotic 1
P4k b, InLak & Schatten p-0 402 SO SR BMERE VIR TN B3 2008 10.8%.
AT S, ETSPMSC IR A U AL TS AT DA RcH 5 o S IR SRR P R

K 4-4 JHAIFTT: ACC 1 ETSPMSC S o3 il A4 1) 45 4
Table4-4 Ablation Study: results of ETSPMSC and its ablation variants in ACC

BBCsport  BBC4view COIL-20 UCI Prokaryotic
ETSPMSC 100.00 98.48 99.03 99.80 71.87
ETSPMSC-E  98.90 97.81 86.67 997.0 70.42
ETSPMSC-N  99.08 96.64 93.19 98.70 69.69
ETSPMSC-P  100.00 98.25 94.58 96.30 64.85

ETSPMSC-L  96.88 94.01 95.97 99.60 69.51
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43 RENGE

AREBEHEH TP IE5RIK & Schatten P-{EEL N Z M E T2 B R 2R HIL, BIE
PP B S S e AEZTTVE, el A R R SR AR R ) =i sk R
X HCHEAT HE AR, DURZR Z A0 BB T i s B AR SGVE . EURIER b, ok & it
ATE R AE IS B B BRI, A R S SRS R iR R, N T A R
BRAE AR 75 R4S B TE I IR SRk &, X M P R AT G ASE, A5 R 7 1R T AN [
KRN FEBNEREMIRE I . AL, 78 ARG EREAT 1 AT RSB VT, AR TE
RELLEL S5 AT WS 43 BT A AT IS TR0 LG, 530 45 78 43 iE B 7 ETSPMSC

TR LS B SRR TERE -
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FHE ETEEMENZINETFEERE

MSC (RO A T30 1 5 1R I 2 =) R PR 8] 7 — B OGP BRI
RARMERE, X — B w4 g s B ok &, IRk 29 R S S A4k 2 =3 7 Ul
B, Cai 28 NHRH T — MG sl B i) BINAUT V5 . 8 55 I A7 SR AR A R
AR T NI SRAN AR RS, R I o L B AR R 5 R AR R R RN N R AT B 3RO, ARk
FRUGERE. BEJS, KA 3000 RECEMEHES =Rk &, IR A IRRRZ R B AL
D7k IR FEALE Z [ [ — 205 B o Zheng 25 AR H T —Fh £ 9L 004>
fit MSC J7i%, BTEMIIRITA REBUERE A M A F R4 . Zhang 55 APSHR
T B SR AN B S Tk o R AT A A S R S, IR T A
) — BRI SEHE R, TR T — Fhi 40 5 )5 Ab 37 12K 3R A5 5 1 & SR A
FRE. Wu S NS T — M 2 JUREE BT E . N RETH S HBHNERE, A
M S R LT 254, A R T R R AR R e [ — SohE(E R

RAG FIRTTFAE— e R BRI 2 /4G5 R, e B E T 5
M ) AL @ e . AERAEALE 2 REETT T, 388 OB T 6 R 1 B o7k, X
AREA B L TSI Z RS B o bah, BRI VR A 49 ) 25 S WL I A — B0k
MEZRENE, REEMNFERA IS ER .

BEXF bR, A 'R R TE B RS 2 B A A R 2R Rk
(IFMSC) o %771k A] AFE 344 J2 1T [R] I 27 ST R ) — SO Al 2 e 2 . Bui
AR 5-1 FioR. BARSKSE, IFMSC i B R4 %5 00 B o3 i o — Sk b
M BN REPI Sy o —J7 1], 6 — SO FERE N B — Bt 200, IR
=T, PUORIESREEE M — i 53— 7, IFMSC 5| A 1 Hilbert-
Schmidt MSZAEN (HSIC) , B AT A ML Z (8] ) 2605 2 . 7257 =T SR
BREEHERG, K= — B MR 2 R AR R R — A Tk & FRiE I A
5K & Schatten P-JE4 2V, BUIENT TAEREM R AG1E 2, DA A4 J2 THT S 4R 0 1 A 1)
ESECT AR

IFMSC H TR AN T B -
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(1) TEMSC X g — SRR FE I AR A S LA, PAORAIEAS [F) R — SO AR R
BEMFIFEARE S RN, 2GR AR SRR IS L & 2 R A
IS

(2) 383 4 o AN [F) SR AL (1 4 B B e 2 — A sk, IR A Bk &
Schatten P-Ju 14, AT B F e 2t 4L R (5 B A AR 3

(3) 7 —F ALM HIfCALHEZY, SEBL T H b ek SO et .

(4) FENDIEE RS BTS00, SCIRE R W], TFMSC LT H Al L

RGNS

Consistency

40 H . exploration .
Xt X' c
+ -
| | |
. +H = o &l
: > ese Diversity - oo
] regularization ]
P S | H
y 7 A 7 Zv
+
|l e )
mE Fusion and rotation
W ees f b
y c Rf\’x.’\’x“’*l) g f ;’
E EY

Kl 5-1. IFMSC HE4UR =
Fig. 5-1 IFMSC algorithm framework

51 E T EEMENZMEF=EESE
5.1.1 IFMSC 18Iz

FEAC PR AR 4" € R I, 1 2 Bl B s e 4R B e 2R
FAEE N, AR REGERE X € R o $dG, 0 R BUE M 3 i R P 7] —
B S Z REVE R . FR AR

14 V

min E ‘ +05§
*

v=1 v=1

X", 7" E

st. A=A (XV +ZV)+EV

X' E’

2! (5.1)
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Forp XA 2 23 3 T s ST AL TR — SR A 2 RS A

KT, TE BT AL I G — SohERT, 20 (5.0 RAERCT — 80 RE, %
A 7873 25 FERL IR 8] B — BEA5 B o AL IEITR) — B Sk 1 AR &1 2 Ta) 3R 52 g A
JE I, XA P LA R B A AR RS e Dy 1 A Rt oM R A0 )
) —BUE S, W X ok — B, DL IR — SRR X B
RIS E R . BARART:

4
min Z‘
v=l

X',z E',F",C,H"

X E"

. +CKZV: 2
st. A" =A"(X"+2")+E" . X" =F'CH" (5.2)
F'F =ILH H =1
Hep PP HY e R™ R8s —BUERERE X (AN R ITT7 10 B R & . CeR™ %K
ANFEEFUEAERE,  H BLE SR TR ) — B AE R
deAh, T S L SR I 1 2 RS S, ASCHINT HSIC FHIEFR R,

ARUWTF:

XV

V
min Z ‘
v=1

X",z ,E',F",C,H"

) +aZV:HEVH21 n; ZV: HSIC(Z',Z")
v=1 ’ j j

i=li#j
st. A=A (X"+Z")+E" X" =F'CH" (5.3)
F'F =ILH H =1

2 (5.3) FEMFEREZ 1 7 S AL 18] — EVE AT 2 AR PR GG M (5 0, X A b 4 4 5
AR IFHEATI o XAR] T MEEAR A 22 I Z R S5 (E . it BATTR:
R HWEAERE S 2 FEVEAERE RGOy — N BAR, IR RS Ik E N . L
Befili b, ik E N NALTK & Schatten P-YEA(ZI I, RS BE A R0 2% S ML IR
ZERIRFAL -

4
. V4 v v
min ||y||gp + VZ::“ X E

X", Z"E"F",C,H".Y

4
ra,
v=l

st. A" =A"(X"+Z")+E X" =F'CH" (5.4)

V
i J
, +ﬁilzl;jHSIC(Z VAD)

F“FV:LH“H”:L;y:p?w”ZCC}
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5.1.2 IFMSC Kt
ZREB AL (5.4 ZIEME, FTATH ALM J7iEx0 K7 Ei, EMERH
PRe&En R
L(X', 2" E',P",C,F",H",G)

V V
p
+ 2P| e
® *
S v=1 v=1

+{O A - X -7 —EV>+§

ol P+ a3

+p ZV: HSIC(Z',Z)

i=lLi#j

2

AV _ AVXV _ AVZV _EV

(5.5)

2
F

2

+<Q2”,X” —F'CH" > +§HX” —F'CH"

F

2
XV_PV

F

HQuV-G)+E Y=gl +(01. X" - ')+ 4

Hopp RESZH, 0, 0), QMO RAitg BN G P 7352 H Ttk
Y AX R A . A A R MU RIS R E R X, 20, EY, P
C, F', H"MG, Rligid [l e HAb-bA A & ok s 3 br e & .

(1) BH X"

FEREE ARG, XX TR, X (5.5) ARdn B

2 2
minlla—ax - a7z -+ +E‘XV—FVCHV’+%

) #l; #l

2 (5.6)
+ 2 X”—PV+%
2 |,
HEX X7 Kim S I HAE, 7] LAAS 20 P A
T -1 .

X”:(,uAV A”+2,u]) W (5.7)

Hh W =4" Q" + ud" A" —pd”" A7 — pd" E' - Q) + uF'CH” —Q! +uP’, 1%
N RV e
(2) Bz

R HAhAR R, X 27T, X (5.5) Apdn MEA:
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mlnﬂ Z HSIC(Z’ ZJ) <Q3VaZV_Gv>+ V 12?
i=li#j (58)
<QIV,AV—AVXV_AVZV_EV>+ Av_Ava_Ava_Evj:
Wi R 2 R SHOER (5.8) H0, WTLUBEILL F e
72" +2'T, =T, (5.9)

:/E\:EPTAi TBﬂ:‘DTcﬁi_\‘y\j:

T, :,uAvTAV + ul
T, = BK™ + BK (5.10)
T.=4"Q +pd" A —ud" A'X" —ud" E" - O + uG®

Hoh, K'=2"2), K=% LKL,
(3) EHFE
fERE A R A, X E" BT, 3N (5.5) ARt M B

x4z -+ (5.11)
Holp
/q‘/\d)zAV—AVXV—AVZV+(Qf/y), A DAFS 3 P 2 A
fo.1,-2 .
(E] =T ® @], > (5.12)
0 , otherwise
(4) BHF P
e e e g iE, xF P AT E, X (5.5 D FEA:
v 2
‘ _p e (5.13)
Hlp

A (5.13) mrLLEE CERBE 2 .
(5) B#iC
e A B E, o CHHATER, X (5.5) Bk A
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V+1
minﬁ‘X“—F”CH”T Q2 Hlo_gm & (5.14)
¢ ﬂF Ho g
T (5.14) , TENSH C HiwSFEIHEH AZ:
- r v+l v+l
(Z( OH" + uF" X”HV)WG : —QJJ (5.15)
1
(6) EFF A"
JeHEEFY, fEREHAMAEEE, A (5.5 R N E:
min | X' —FcH +2 (5.16)
P F IR R =1 M|
XA — N IER I Procrustes 7] @1, Hoaf ] 20 A48,
F =N"M" (5.17)

PAIRTR F il Ay e 0 i e 45 2 0 22 A S (B AR AT A 7

)

=
=
%H
it
%
d\
&u

H" HRES Fr AL, TR 3 DL R

H =N"M" (5.18)
(1) BHg
fE E A AR e, X GHHTER, X (5.5) AR T

2

Q

Slalr L Hly_ci=
m;nllgllw,sﬁzuy G+ (519

F

P T DA SRS 21

(8) EHFQ, 0, &, O M u:
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le:leJrﬂ(Av_Ava_AVZv_Ev)

0 =0l +u(X"-F'CH")

Q=90 +u(Y-9) (5.20)
0/ =0;+u(X" P

p=min (7, 1)

Bk 3 MGE T IFMSC (1) 52 B A2

8k 3. [FMSC HikAltb
A ZAOEEEE (4, RS e, B, p @
1. WIEtk: O =0 =Q, =0/ =X"=Z"=F' =H'=P'=Y=C=0,E"'=0, u=107,
u., =10, n=2,6=10",
While not converged do

RHERG. 7 EH X

HRHER(5.10) 55 27

WG 1) T H E

R (5.13) 55T P

HR 5 2R(5.15) 538 C

WG F

R R(G.18) EH H

R4 RG19)FEH G ;

WRIERG20EH o', o, 9, of M u;

|4 -ax -az - E||2F < g,“XV —F'CH"

A A o

— — —
D=2

2

<&
F .

HASk: )
2 v v
||y—g||F <5,||X -P "F <&
End
. RRGH

513 BEEERE N
IFMSC BEMBEETHE RS T EH AT REMN K. YT XY, HXirg

MERERENOVY) « 3T 2", A Sylvester 2T REH, HEREN
OWn’y . E'H—ANHEEF ik, HXFrE BRI E 2N OVmn® +Vmn) .
XFF P, FEE Singular Value Threshold (SVT) J7ikfiivke, Houk g 4L &
HRENOVR) . ST C, FHEIMIE SVD Ik THEH, HERENOM).

S HY R, WHEEOWR) MERE. WT G, HEIRE NS N
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BEAT N AL Schatten P- i % % AL WG, H XA KK E K E N

OWn* log(Vny+Vn*) » T HEEEV < min(m,n), 4%, IFMSC HikMME
HBE Ry O +mn® +mn) .

52 XI§
52.1 SKIGHIES

BBCsport 1 BBC4view ##f54E: ¥ [ BBC #[E-F- 5, 707l & 544 Al 685
AMATE HTIE E RSCRYS  BBCsport X AN SCRY SR EUH AR AEALE, 1 BBC4view M
g T PURRFAEAL ]

ORL #(%E: AE 40 MAFRAMARTHMEE, FAMESRME 10 KA R
TERIIE R, 3Lt 400 5K MG . BRI 7 LBP 803 KJE 5 . Gabor Y€K =
FlREAE AR P o

UCT $ils4E: ZEdR A 7 0 2 9 1 10 M35, 4 2000 M E
FUGFEAR . A TR ZEEEE, £ =B FIERE 7 = ADAFERRHE (R &=F
PIE AR REBATESRIE .

Yale Z#i4E: A& 15 2R F 7 11 FORFEDERSAE NI 165 5K EIR
T2 IREFEARYCN 115K, HABEOIRB T RHERIE.

NGs a5 ZEIREAS 500 AHF E ARG T =FA F LR 115

iy
o

R 5-1 e 2R T EIR BRI N

*5-1 BAREMN
Table 5-1 Introduction to the dataset

BEE AR A ES EH
BBCsport 544 2
BBC4view 685 4
ORL 400 40 3
UCI 2000 10 3
Yale 165 15 3
NGs 500 5 3
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522 XMHEEE

AR FOR IFMSC 5 LU R 74T 1 HAR:

(1) SMVSCPY: i # nik £ 5 B % I b ARG, g —RATHESE,
B fff b B A B 1 B S A0

(2) LSGMCI®: JT- R L1 o B RE B 43 AR 2, Sz BN 1] )/ — S5 PE )
Y248 -

(3) SL-MVGC!S: gl & FEARHES BlH %2, MG — 2 BRI R
EREAY

(4) ETLMSCIY: MR R ik B, Sh&Mpi Enitk, A 28003k
U P e AR AL

(5) DV-MSCHU: 4 H A B APAGESE, IARYE 1) = 48 7 R R A
B AME A —E S B

(6) LT-MSCP3: BT 5k B B A iR M b oGk, BRNT2 90 2 40 I 8 11
EPTEBEE R .

(7) t-SVD-MSCPSl: 5]\ t-SVD HESE, $EAL T —Fh5E BN vk I
2 B 1) i A AR
523 BRAMBELLE

D fESREG B, i AR R R £ i A SO 7 12 4T 10 IREATHRLIF
BEFIFRAEZS . 13 5-2 Fr7R, IFMSC Bk 5 S /LA R i SRR TR Re X L 25
W], IFMSC 72Kk RE L AR B CREg IR AR R R, IS RELT
RIZHRIE) .

2) CHMSCH fE i $dia 4 F a5 e Bl h et SR Sk e, L% Tildabr ) 3540
Ttk HAFERRE, /£ BBCsport Al NG #4541, CHMSCH fEfTH %
HKPERetabr LA T 100%, FUPEAIIEX B RHARE I T BHIR DK
7£ ORL A1 UCI ##54 F, CHMSCH KRR t-SVD-MSC. DV-MSC
ETLMSC, ‘Ef TS T 05 P RE o X AT A8 bk S 50 45 Hh 145 B4R
BR, X AEAF R IAL S AN 25 5 o Yale HUHE AL R AE & Bl BN A 25 14 N USRI
IHHELE, AEEZ NSRS, REWL, CHMSCH HyETEX k4 L)
MBI, HES 47 DV-MSC 5% almth 14.09%, 10.06%H1 18.52%.
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BBC4view (4l 45K T- BBC B i# M uk, CHMSCH 7EiZEdh4E F e 7
4R, R t-SVD-MSC 5L S T4 4%.

3) FETHERER SMVSC Ml LSGMC 3R 52: 3= BAE R [ 2 AR = AN B 2 )
M—BEE R, ERAER D% EREZ MmN E L, SERZSHEIRERN R
PEREABR . SL-MVGC & —FhBe T30 F I TE AR AR 2 ST AH 25 6 I 1 2 31 7 %,
HRBMERAE « KRRV E FEMEFH A E NI RRRIEE R, 1028 T
PP 2 T f 22 R M R — B R

4) DV-MSC 2 il f th () —FipU S I 2% =) MSC 7%, B AMIREY 2w i
FAMBER AR ENE R, AR B BRI R: . /1, 5 IFMSC AHEL,
EANSRAEAE— LSRRI, FUNE M I 2R E R, AR WA Z TR R A
(KIS AR AIE o

5) HAR t-SVD-MSC. ETLMSC {§ /] TNN K2 LI w5 B854, (B
EAIRAE T B BB R 5 AR, SERRMEREZIR .

6) CHMSCH ANl i inAl 5K & Schatten P-3i5 %5 £ 5 2% ST AL 2 18] (I s B 45
S, T ELANERAR 1) £ P 7050 2 BRI TR () 2 REPE AN — SR S5 A, JFTE SRR I

REPIRAT T I RS 45 R .

5.2.4 FFFEFERRTIL

N Y U b S SRR R 1) Bt £ S FRRAE, A SCHE BBCsport H#i4E
Xof TG S ISR AR MEEAT T T A S5, S5 3w 5-2 Fiom o AAEIH R DA B
HI S B, IFMSC A2 B IR SR AN ME AT B i 3 I HOG MR 45, R N IR,
177 FCA B892 RO SR R R (R HROn) A S5 A AN SR Y o SX IR B 1 AR Z TR R
BRI ZMEE, %A Sut s T BRI RE .
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R 52 FIRRK
Table5-2 Comparison of clustering performance

M BE EL AL

gL ik ACC NMI F-Score
SMVSC 87.68+0.00 70.72+0.00 77.89+0.00
LSGMC 97.61+0.00 91.71+0.00 95.254+0.00
SL-MVGC 76.45+0.05 63.29+0.07 63.10+0.08
BBCsport ETLMSC 98.90+0.00 96.88+0.00 98.50+0.00
DV-MSC 99.63+0.00 98.84+0.00 99.48+0.00}
LT-MSC 56.38+5.07 32.23+4.47 49.05+3.09
t-SVD-MSC 97.06+0.00 90.49+0.00 93.71+0.00
IFMSC 100.00+0.00 100.00+0.00 100.00+0.00
SMVSC 87.59+0.00 69.39+0.00 78.55+0.00
LSGMC 83.80+1.76 92.75+0.53 78.60£1.52
SL-MVGC 49.53+0.09 23.89+0.10 38.89+0.09
BBC4view ETLMSC 66.23+0.07 54.12+0.05 53.38+0.09
DV-MSC 96.50+0.00 88.58+0.00 93.40+0.00
LT-MSC 91.09+0.00 75.66+0.00 84.04+0.00
t-SVD-MSC 96.35+0.00 92.33+0.00 93.44+0.00
IFMSC 99.42+0.00 97.92+0.00 99.05+0.00
SMVSC 80.75+0.00 92.04+0.00 76.61+0.00
LSGMC 79.80+3.15 93.22+0.69 76.39+3.16
SL-MVGC 81.95+0.77 90.17+0.51 75.07£1.07
ORL ETLMSC 95.03+1.76 98.68+0.57 94.79+1.91
DV-MSC 97.10£1.90 99.36+0.47 96.85+2.42
LT-MSC 81.30+1.76 91.51+1.23 75.78+2.95
t-SVD-MSC 97.05+1.08 99.40+0.21 97.07+1.04
IFMSC 97.20+1.50 99.45+0.29 97.33+1.41
SMVSC 92.40+0.00 85.55+0.00 85.62+0.00
LSGMC 93.30+0.00 87.84+0.00 87.44+0.00
SL-MVGC 96.45+0.00 91.92+0.00 93.05+0.00
ucCl ETLMSC 99.254+0.00 98.24+0.00 98.51+0.00
DV-MSC 99.05+0.00 97.58+0.00 98.11+0.00
LT-MSC 79.85+0.92 77.00£1.00 74.64+1.28
t-SVD-MSC 99.60+0.00 98.91+0.00 99.20+0.00
IFMSC 99.95+0.00 99.86+0.00 99.90+0.00
SMVSC 76.36+0.00 78.06+0.00 63.85+0.00
LSGMC 71.58+2.48 75.77+1.17 59.28+2.17
SL-MVGC 73.21+£0.26 74.79+0.54 60.94:+0.65
Yale ETLMSC 68.914+4.62 72.85+4.00 58.61+5.35
DV-MSC 85.15+5.35 88.264+3.96 79.99+6.21
LT-MSC 73.454+0.38 76.34+0.67 61.85+1.02
t-SVD-MSC 83.33+3.54 88.15+2.30 79.10+3.72
IFMSC 97.15+3.13 97.14+2.28 94.81+4.48
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SMVSC 86.80+0.00 73.58+0.00 77.71+0.00
LSGMC 94.60+0.00 85.07+0.00 89.62+0.00
SL-MVGC 57.58+1.41 35.56+0.91 42.47+1.13
NGs ETLMSC 51.90+1.62 39.20+0.52 43.74+0.88
DV-MSC 99.00+0.00 96.86+0.00 97.99+0.00
LT-MSC 99.00+0.00 96.52+0.00 97.99+0.00
t-SVD-MSC 99.2040.00 97.22+0.00 98.40+0.00
IFMSC 100.00+0.00 100.00+0.00 100.00+0.00

50 100 150 200 250 300 350 400 450 500 50 100 150 200 250 300 350 400 450 500

(b) LSGMC (¢) SL-MVGC

50 100 150 200 250 300 350 400 450 500 50 100 150 200 250 300 350 400 450 500 50 100 150 200 250 300 350 400 450 500

(d) ETLMSC (e) DV-MSC (f) LT-MSC

50 100 150 200 250 300 350 400 450 500 50 100 150 200 250 300 350 400 450 500

(g) t-SVD-MSC (h) IFMSC
5-2 FTE BiE4E BBCsport £i¥54E Frl 44k
Fig.5-2 Visualization of all algorithms on the BBCsport dataset
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5.2.5 BEOHh
7E IFMSC Hiz, ANUNSHFERE, B: o, g, pMe, SSH0H

MIEEI T : 28 a M g HSIEEA[0.00001,0.0001, ..., 100]2 /8. S p £

[0.1, 0.2, ..., 1]XTEALL 0.1 APKEATHUE, BE R 0 W26 HTE[0, 100]2
[E] o
5-3 27~ IFMSC 1£ BBC4view ##E%E L, =128 a, pMp MREE

G, Hoh o W B AREE. WETR LA S, B SEe0EREA B BRI
M, 33X 158 B R (e P A5 R, 2 REPE S AR AIE 5 Rk bR BOE 1T 4L 5] 5 A6 SRR
K 5-4 JRoR T EF R AEACE o 3R HERE A 0 T A 2 AR 4L, W Yale
A ORL, @ %TEREISEMECR, X T BRI SCR SRS, 41 BBCsport, @
R ERUAE A [0 SR P RE I B2 I L/

%+ BBCsport, BBC4view, ORL, UCI, Yale fil NGs ¥t4i4E, & 3HuE4E
o, gl pHIEMRSHEIMT: (0.001,1,0.7) , (0.001,1,03) , (1,1,0.6) ,

(0.00001,0.00001,0.1> A1 (10,0.00001,0.3) F1 (0.0001,0.01,0.2) . @ K&K S
0 F: [10110], [0.1 1 10 100 100], [1 10 100 10], [0.1 1 10 100], [1 1 100 1071
[0.5 1 10 100].

5.2.6 WSS

AR 25 ) BT B A 00 EE R iR 2 i 4R 3R E IFMSC BEAY (e St .
PR 2 58 SUA:
errorl = &2"/1 —AX =47 -E|

v

error = %Z X -FcH"
max - : (5.21)

V+l1

1 ,
error3 = m;"YV -G "Oc

Ly oo
err0r4:;;"X -P "w

5-5 JEon T T A BHR RS2 . M aTBUE H, 75 R4 15-20 IRIEAR
5, IFMSC WiRZEFiafa e i ® . sSEig LR, IFMSC HiLEHMRM
KSR BE -
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(G) p=10
/K 5-3 BBCAview HitE LIS a , S A p X ACC 54N
Fig. 5-3 The impact of parameters « , £ and p on ACC in the BBC4view dataset.
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53 KRB

R T —FHM MSC ik, HEFEEMANZME T mRH
(IFMSC) o« ZVEN AR FE H A, 83 A 2 20 B 0 i 2 e A — 3501
RN T B ) R BRAFAE « B 5, K —BUEM 2Rt R S — 1 E R
FAME A AR, B BUE 2 AR — BUE AR R R o I — B, %
FRET AR ML Z R RS E B P2 RS>, 5L HSIC Jidokil
EAFIE AR AL I 2 B . Ak, 3854 S — SO R R AN 2 P B i 5 3
Al —sk &b, Rl INASK B Scahtten PS4, 43 Bh T 76 AL I 22 1) A% 4% Kbl 45 1
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BENE REERE

6.1 B4

T 2 WL 153 AV B2 A 408, ALK B Schatten P-3i A6 % 45 2 3550
35 B R AR 5 S 005 BTS2 302 560 . AL LUINALSK B Schatten P13 Ay 2
fill, RN T BRI i — BV MR AE B0 P e A VS Y RS RS = AT
M, FHHRET XA, NSLFEdRgEs. AT iR

(1) FET— LI 0 2 PR T2 W R %7 A Bk 45 20 FOR A 35
PSS =@, I Schatten P-J 4200, A RO0IEIT R IA SR = —
FVEAE E . AN, IR A R AR O A R R B LR, Sl 5\ R
ST R RS B 1 25 WA AT o SR8 SAIE B, % 5505 R0 A R SR 1B 1
JRES B R, BUE T S B At

(2) H45m3k L Schatten P-JU%LMI 2 WL T4 015K %0755 S T 50
FRAE AR 2 AN TR A TR A e P St 2 e P R S AN [ £ 75k S ] 5 B 240
1 252 B il rh (R 5 R B TR TR T M4 . Bksh, A Schatten
P00 4024 oK R B 4 AT K B T R B A, 3 o) SRR P 7 (ke st e
PR B E R BUa, RN IR TSR, SRS A
ETSPMSC I H 51 ) B A T4 [ 5 WA

(3) HTERAE LR TEMER: GGk RBEE D N —
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G ZREE R AN, Bt SRS SRR IR, R
HANANAL 3K Schatten P-78 $OR MK 2 T A1 FI S0 10 4 RS E . BeJa, A
HEHERAEAE AE W) T IEMSC B v it A 8 4 2 T 2 ST L PR P — B0 5 e
.
6.2 RZE

ARSI HH AR = 2 W0 B 23 18] SR 7 1 Uk 1 34 2 LI )
VAP AEAE I S, FEAESEI R R T A R R . ART, R BTk
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