Anhui Polytechnic University

T F4rie X

HBH AEFEEr¥FINTEE

BREEMR
it X 1 & 4R
g A& b FHEEE Bk
B = b B SR TR
Tl F X5 T EALRAR

ME7E (i) BRERGSNH




55 TP391 B 10363

= % AFF % 5. 2220910105
2 H £F ARTEINTF LM
RRHEZEHR

FILFH

Research on subspace clustering algorithm
& H

based on self-representation learning

w X fF & 4 e AL
' W= o PR B
- B fe m gk TRE
Tlk 2 A7 2R Al - THEALEOR
W75 (D - BRER G H M

WA RHE: 20255 H10H



RR TIRASFRE SR O

$A%Eﬁ%:ﬂﬁ¢%*ﬁm.%ﬁﬂm#moﬁiiﬁﬁﬂwi,ﬁ$
NEE SRR SR, MOTEATET ST TR R R W 3 b L B B AN 51 A
Mmﬁﬂw$%ixﬁﬁ&ﬂﬁﬁ¢kﬁﬁwB%Eiﬁﬂ%ﬁ@ﬁ%&ﬁ%%
WEB%I%$A%E&5-ﬁﬁﬁﬁmmﬁﬁﬁ,%%éﬁmﬂﬁﬁﬁﬂﬁﬁ

EREAAKA.

s rienas. P



ﬁﬁlﬁkﬁéﬁ{iiﬁtﬁﬁiﬁﬁ BH

SR SciEE A T MR RIRE. 2R X ALE, FIEFRRE
#ﬁlﬁﬁ’ﬁ%ﬂﬂﬁﬂmiﬁﬁﬁéi&ﬂiﬁlﬁﬁﬂ@.%F&r fo ¥R ST R B A .
$)\ﬁﬂﬁﬁiﬁt¥ﬁlﬁlﬁ$#ﬂi&mﬁéﬁﬂﬁﬁﬂﬂl’iﬁﬁ)\ﬁ%ﬁﬁﬁi&
STRE. LKA, g BN B A 4 20 A ) BUR AR R S A = 6L R 3

RE O, %____FREEERAARRS.

AERWIORT
AR ©.

st s, PAGE ST #VH_

sl st bR | F: 95 4 S 3 9 B



TR A A A0

ETER T INT=ABXE AN

o 2

bt BRI Bk, BRI 4E BE RS AR M RN, (54
SR T VEAE L B = B B T EOR kR . T SRR N —Fi
BT B S I HEA, et N\ g 8dE h it UKL WE R, 18
K2R Z R R, BUA T ) SR I EETE A B AT 2 B d 25 1
AT A7 R PR, i s UG ERAE LR MEAH SC IO R , T R B EE
. DRIE,  EXE BAE 2 E) SR SR SRR A AR (3 4y R R, A Sk
T T =B 72 MR 2R, FZE AT A SRR s R

(LYET 0T A% 258 1) 7 2% 18] 5 28 VR A7 LE R DU A 2 =l 2 1 A4 5 1)
M DA S - M B e B IR R, A SCHR T FhRE T & AR T AR
TR TEMEIE T (An adaptive kernel dictionary based low-rank
representation method for subspace clustering, AKDLRR) . & &,
AKDLRR I 5] NZETT, 8 5 6 H0HE B 31— AN 8 AR 25 1]
MKl B 1t A G HHE 11 5 25 1 830 e A g 0 AP AR Ak 2 (18] v (1) 2% [
R IR, S EER R B A M R 2 8] b 2 5] — Fl e %
H & N R, DL PRI SRR RE: M5, AKDLRR fE=
WIERZ WRERSUL S, FFIETHIR T4 T AR R USSR IE B
FE— LB HEAE FRgseb R, AKDLRR ANY Agf% B/ 58 4 1) SR 28k
e, JF Hit S e,

Q)FH T — P B A P AR m ok KRR R % (Efficient
tensor low-rank representation with a closed form solution, ETLRR/CFS)
YA ETREN RS R TEELE KRS, BaRENIT
HERE. N TR — @, A3C3EH T ETLRR/CFS Hik. BAf
ki, ETLRR/CFS ¥4 5k #4%35%0 (TNND Al Frobenius J5 %8 4 5| —



TR A A A0

Mg —HEZE T, JRHHES I T —FhE RO A . fE 2B
fRsie 48 KW, ETLRR/CFS AMYELIA 1 E: T-5K B 1 1 [ 3R 3
FARAR 2, T HRESRAF AL SRR BE

)P 7 — AR T R B R A 1 2R TR A R R R (Mullti-
view clustering using a flexible and optimal multi-graph fusion method,
Engineering, MVC/FOMF) . A )25 - B i) 22 40 ] 1 1] BR SR Bk
FAAE IRl AN RE LR R AL IR R A . N T i L
AR, ARSCHEH T —FhE T RE AR 2 B Rl G 7 2 0 e 5
KI5k (MVC/FOMF) . BAKMIE, MVC/FOMF & Jgiliid H&RJ7
PR RN E AR . FEIK, MVC/FOMF H41% 26 & il i —
AFIFy s (0<s<1) MILIRE, Jf H Ay Ui % S ok ke
MIRIEMERE. RIS, MVC/FOMF X iR 1 (04 34 ir 17 0 B2 e ik £
W, DL iR RE M . )5, MVC/FOMF HiX £ B 45— 5|
—AMHEZR A, IR VAR TR B R ERIAE . SRR, 5§
B IEE M, MVC/FOMF 78 —S44f 45 FR I 3EH L 5710

Kigm): L EE], 7TREEER, KEZEE, Z5dy, HRE

Yy



TR A A A0

RESEARCH ON SUBSPACE CLUSTERING ALGORITHM
BASED ON SELF-REPRESENTATION LEARING

ABSTRACT

With the advent of the big data era, the dimensionality and complexity
of data have increased significantly, posing substantial challenges to
traditional clustering methods in handling high-dimensional data. As an
effective unsupervised learning technique, subspace clustering has attracted
considerable attention in recent years due to its ability to extract low-
dimensional structural information from high-dimensional data. However,
existing subspace clustering algorithms still face limitations when dealing
with complex data structures, such as difficulties in processing nonlinearly
related data and relatively low computational efficiency. To address these
challenges, this dissertation proposes three innovative subspace clustering
algorithms. The main research contributions and innovations are as follows:

(1) To address the challenge of processing nonlinearly related data in
traditional subspace clustering algorithms, we propose an Adaptive Kernel
Dictionary-based Low-Rank Representation method for subspace
clustering (AKDLRR). The proposed method consists of three key
components. First, AKDLRR employs the kernel trick to map the original
data into a new feature space, thereby transforming the clustering problem
of nonlinear data into a subspace clustering problem in a linear feature
space. Second, the algorithm utilizes a projection matrix to learn an
adaptively updated dictionary from the feature space, which further
enhances the clustering performance. Finallyy, AKDLRR achieves
convergence within three iterations, and we provide theoretical analysis to
prove its convergence properties. Experimental results on various datasets

demonstrate that AKDLRR not only achieves superior -clustering
i
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performance but also maintains relatively fast computational speed.

(2) We propose an Efficient Tensor Low-Rank Representation
algorithm with a Closed-Form Solution (ETLRR/CFS). Existing tensor-
based subspace clustering algorithms often suffer from high computational
complexity due to the direct processing of tensor data. To address this issue,
we develop the ETLRR/CFS algorithm, which presents two main technical
contributions. First, it integrates the Tensor Nuclear Norm (TNN) and
Frobenius Norm into a unified framework. Second, and more importantly,
it derives an efficient closed-form solution through rigorous mathematical
derivation. Extensive experimental results on multiple datasets demonstrate
that ETLRR/CFS not only achieves significant computational efficiency
improvements compared to existing tensor-based subspace clustering
algorithms but also maintains comparable clustering performance.

(3) We propose a novel Multi-view Clustering algorithm using a
Flexible and Optimal Multi-graph Fusion method (MVC/FOMF). Existing
graph-based multi-view subspace clustering algorithms face two main
limitations: insufficient flexibility in graph fusion and inadequate
consideration of clustering structures. To overcome these challenges, our
MVC/FOMF algorithm introduces three key innovations. First, it employs
a self-representation method to construct similarity graphs for each
individual view. Second, it develops a flexible fusion mechanism that
integrates these graphs into a consensus graph with column sums
constrained to S (where 0<s<1), where S can be adjusted to optimize
clustering performance. Third, it incorporates a rank constraint on the
Laplacian matrix of the consensus graph to facilitate optimal clustering
structure learning. The proposed method unifies these components into a
coherent framework and implements an efficient optimization procedure
based on the Alternating Direction Method of Multipliers (ADMM).
Comprehensive experimental results demonstrate that MVC/FOMF
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significantly outperforms state-of-the-art algorithms on multiple datasets,

showcasing its superior clustering capabilities.

KEY WORDS: Unsupervised learning, subspace clustering, tensor nuclear

norm, kernel trick, consensus graph
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Figure 1-1 The frame diagram of the research idea of this paper
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representation method for subspace clustering, AKDLRR) . F’%, AKDLRRifd 5]
NAZHTT, R JFa R A B — AN Br RRFE A 18], DT AR 2 Hodfs i) 25 1) 7t
FEAC RN EARFAIE 22 18] PP (0 722 (B B s IR, A BOY R FE VR IR 2
() 2 3] — R RERS N SR 8, DAt — DRI RS MRS Ad)n, AKDLRR
FE = UGERZ W BERG ISR, FFEd BIS  #r4s 1A S RIS IE ] o 7E—Le s
e ERISCaR R W], AKDLRRAMYAENS IS 4T R EMERE, JF H T SRR
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MAREE . 9 1R — L, ARSCRR T A R P U Y R ORI R
7~ B3k (Efficient tensor low-rank representation with a closed form solution,

ETLRR/CFS) . Bl AR TKEM FMELE T HEAHE K &5, EARS
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P ERRE. AT RRIX— R, ASCHEH TETLRRICFSH L. BEAR KL,
ETLRR/CFS¥ TNNAIFrobeniusyi £ 5 &5 2| — Mg — AEZE , JRHETH 7 —Fb
ERAI AR . TE 2N EEE BRI S R, ETLRR/ICFSAMY LLELA (12
TIKRER TR REREENG L, 1 H ARSI 2R .

(3) MR T2 B SRR EIER A % RBRREN, FEERRMERA .
e 4 22 WL 728 A SRR BVEAE Rl ok B 2 WL AR LTI, R R R i 47
B E AL, FERZRBIILRERBICREZE . A, ACHRH T —
Tt 5 T RO B RS ) 2 ALK T (A SR 2R B (Multi-view clustering using a
flexible and optimal multi-graph fusion method, Engineering, MVC/FOMF) . H
KT, MVC/FOMF & Sl id | R 7 ik A AP I AR LR I . L,
MVC/FOMP# X SR & 8 — M FIFA S (0 < S < 1D BySLiHE, FEHATEL
AR S Sk F AR RIMEGE . RN, MVC/FOMPRT LR & 1 47 38 7 17
MR INFRZI R, DA ) RS M. )G, MVC/IFOMPR X 265 1% 4t
— B —AMHERS, FRITTETZERFIZENRMAIE. LREH,
MV C/FOMFREMS IU1S i (LI RS BE,  [RIIN - B[R] AR AR

BOEZ AR R AL W

AKDLRRMETLRR/CFS &4 T #4074 [A] B 2K 5%, MVC/IFOMFs2
BT 2B R K. Rk MAKDLRRATETLRR/CFS #/MVC/FOMF
A PR A ) B S ) 22 WL IR s ) B S 1) e M A . fii AKDLRRAT
ETLRR/CFS & 1E M At 4t S B 725 ) SR R BE P AFAE RN F] I jE,  — /2
[ IHFR R

1.4 B RIERZRHE
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ARSIy RN ET, HP 3R R IR LA,

BT, EENH TR RIS R IR AL A SC AR w7
ENCIEEEAY L N
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FERF L — AT B MR T IR R R T M 283807 (AKDLRR) ,
HVEAEN A T AKDLRRIGHR S R SR RIS RE, Witk b, R0t T
FE53 (1) SEBRAIE B T 52 752 (0 A b

AT T — B A I m Sk B R R BE (ETLRR/CFS) ,
HVELNAN4A T ETLRRICFS IR, SRR B0 8o, HE
N TR 45 EIGIE T ETLRR/CFS 1Bk SR RE .

BEH MM T —METRERHBEWZUE FEEEREIE (
MVC/FOMF) , FE400 48 7 MVCIFOMFIH IS FE . SRR RS . E A%
SN BT, KRS A BUIE I T BT 7 ik i st

R RA AL SR,
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F28 HEXEANE

21FE B BRE L

SSCAHILRRE P 8 it () 525 (W) BRI Sk . SSCHR U T A Hudfss s #mT LA b
et R R H SRR . BAACR UL, SSCIld At I i 29 A AE B A Y B 46 K dfs
R R BG4 A -

rrz1yiEn||Z||l+||E||1 st. X = XZ +E and diag(Z) =0 (2.1)

Horh X RoR R, Z R HROR REUERE, E RN BRI . o %
ARLTEHA R

RPCAfB B dfE i T Bl A A 2. 9 1 ARG et h 3R A5 1 R IRk
Hidfe, ERPCAMREH 1 e/ MU il

min rank(L)+A|E|, sst. X =L+E (2.2)
Horp 0 FoR AR VR WILYEEL, Layudiss, LR TH8dE. SRPCAMNF,
LRRIE— 155008 48 53 ATk &5 A e R R -

min rank(Z)+A||E|, sst. X =AZ+E (2.3)
Hrp ARIRT M, B4, BT RE rank(Z) /& — NP8, KELRRAE FZ Uz
HRARZ

min |Z]. +|E[,, st X =AZ+E (2.4)

Forr||o|l, om0 R . T IR FIEE R T AR BT, DR AE AL PR 7k R

Yais, W BARREAT RS, XTI R BRIFIREIE PR E S . N T RER
BRI BRI, pandE NfEt T LRRIGTKERR AR, RITLRR:

min||Z
ZE

L+L|E], st X=A*Z+E (2.5)
Hrh X #REGEIE, ZRFERRABRE, ARTFTM, £ XRBERE,
22 KEFZ]
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2.2.1 EAR#EE =

skE2>3] (Tensor Learning) AEHLas = ST AIEHE 70 Hr&iUsift) — N E 23, &
LR AT R 5K E (Tensor) X —42f T HORAC B = 4E 8t . K ERTLUEER
[ AR S AEY e, RS T B AR OR 2 AEBR 45

2.2.2 KERIE
FEA S R ek &80, L TS g Tk 5iR.
EX2-1 RIFFEERE) : 4K E A cRY™ ™, EHHIEIRER E XUAN:

) ) . (2)
A A A

A(Z) A(l) . A(B)

beirc(A)=| = e RM MM (2.6)

A(na) A(nrl) A(l)

EN2-2 (RIFRMIFBIEH) : ik A eRY™™, JEIFFIHISIZHE LA:

A(l)
@

unfold (A) = A (2.7)
A.(ns)

fold (unfold (LA)) = .4 2.8)

EX2-3 (KB : AhEikEBeRY™, MY —AikECeR"™™, FHAK
B Ht-product ] 5E XN

B*C = fold(bcirc(B) - unfold(C)) (2.9)
EN2-4 (IEAFHKE) : WHRikE AR ™™ ZIERIKE, A

A*AT=AT*A=T (2.10)
H T Zfrsks, B Aarimyl & —n xn BRAIEERE,  HoAdHT AR #

720,
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EX2-5 (EFREDE) : L NikEAcRY™™, CHKEFFEY
it (t-SVD) ] LAk K

A=U*S*V" (2.11)

HPUcRY™™W™ Y eR"™ ™S HEFXHhE, ScRV™WTE—M-WAKE.
EN2-6 KEEKTLE) : WEKECeRY™™, HikEM&ZIEETT LIE N

mmmw)m

IC] = Z\s (i,i,k)| (2.12)

Horbrs, AT LE s e A (FFT) 345
2.3 I hgE HkFi%

R A% B H e 7% (Augmented Lagrangian Method, ALM) J&—ff 3k
FRLZIARARAL 17 R I BE AL T7 12 BB I 46 i 20 R AR AL Il U A A TE 40 AR
ARl 51 NFLAs B H 210 51 pR BOR IR 518 U1 5 1) 8 B LA -

IS LN 25 RARAL 7]

{ min f (X) (2.13)
st.h(x)=0
Hrrh(x) ZLM%M,  f(x) & BAneks. HIG) hikg B H R E0e -

L(x,2) = f(x)+A7 (h(x)) + %||h(x)||2F (2.14)

Hrp A2 T, p— MRS

HARKMEE RS, B Bk B H sfe iR A B AN S0t T . EoE, [
SEDLAR R H e 1 L BAE, 38 SR A JE 2 AR AL R min L(x, A) R EBT AR B X .
RJE, AHEHxE, BRI T A, EAHE A AL . XA
AR BT, BEEIBRNEISEAT NI

BE TR B H SR A2 — Mo K2R ik, @i 4 &ho ks W H e 1%
AT e EE,  AEs s RO oR AR R 2% LT ARACAL 3 7L
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2.4 BIEIHNIEHRR

TESEBRL R, 8 7R LR A IR 2 NP bR R AT SRR G RIS A VPG
FEARE FPUEHL T =N WIS PR PR AT VEA A4

MR (Accuracy, ACC) =& —MH TI-ERISHE LM RERITabr. ACCRHT
ERRAER G IS abs, FoRRIEE I B S REA LB .

3" 5(s,, map(r)

ACC=1— (2.15)

Horn, s 0B RoREEE x; B R RS R 22 A ELSERRRE,  map(r) R 2R 3Shx

LW B SRR i IS GEF A 3 A SR n o8 B4
NSk

5(x,y) ={1’ =y (2.16)

0, otherwise

ACCHIIUAETE FE 9031, (EBEHI1FORRAEL RS HSLhRE AL, (B30
PR RREE RS A AR AL
AL EAS B (Normalized Mutual Information , NMID) = FrifEfk H A5 S
R RRER G HLPRR W iE B L= RE, & METE RIS,
FEI7EO, 12 17] . NMUBRHIT 1R 78 B8 45 R H SR 25 1) — BBt
1(Q,C)
(HQ)+H(C))/2
Horb, | #oR8 HAS B (Mutual Information), H &R, HA5E 1(Q,C) Ry ek
158 C HIRTHESFAF T 0B B Q i
ZiEE (Purity, PUR) : 4l i AN SRR b b 22 BB AS P Jas ) L S0 Y
Lo, S B BRI Al B

NMI (€, C) =

(2.17)

K
Purity(Q,C) :%Zmax‘wk ne;| (2.18)
k=1
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Hr, NRBPHEASH, KRRERBENEE, QRWHED, o Rrd jIr R

SR, w, R kAR,
HIFEAREL
2.5 KRB/

W, N C;| FRE K AN RAE R T A SRS

AT BN T A A R ER B USSR AT TR . B RN T LR S
TAMEREE; RENA T IREMCIIENR: BEENHE T A SOR AR H b ek s
FIRSG ) hokg B H e 7%, Bem N5 28 5 15 S5 30 23 F B B S8 P b ACC
NMI. PUR 28t 7 #igE .
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FIF ETHENGFHNRKRRTEERELFEE

3135

UEAER, TSN — PR E AR EAR, N BRALE, T
FHLSEEURAR B 7Tz R . A ISR BT B R SR B
BT, HRE A SRR RS R s . BHR AR TR TR
5T, HHPSSCRILRRIE H A4 S 1) 7% (A SR 2 5

SSCHILRRIE A N B o (1 B A A0 1T AR s s b o el R e 5
SSCi I % 28 B B it AN L 136 H0 2 Rk SRS AR B h iR R 2544, T LRRIU 2
MRPCAFPATA K. RPCARBEE i TFHE Mk A4 . 5RPCAMLL,
LRROFE— 544 3145 10 1 14 B 7 i 9 v B R R [ RS AR R Sl iR . st |,
SSCH] e JoiA A MU HLAm NE 1) 4 R 45k, T HORTERE ™ B AR SR 15 0 F .
5SSCHILL, LRRAEWS 544 2CHhAr B s (1 4 R 4, AR e B TE R A ke
FROVICRRGE . B, LRRIEVIJFELGEHE 15 FIe e i, Hp T8
HI M S (R (VR 230 T MR REUH BEAL AL -

EAESR, WA TLRRIGE S, Bldn: HT 5@ R B IE NG R
I (LRR_AGR) B8, EAkskii, LRR AGRIEIDKLRR. dE £ dAIRE B 1E
ML B — AN —IRESE T, LRR_AGRA] DUFI 42 R Fl R BB 12 Etk AT 2
2. B, KEHFET LRRIF AL FJF LG HE 825 M f5 B g, X ff
R ZHE T LRRIG AN FHUR[E e i, B8 ek G 20 2R R FR, M
M-S HR KRR .

BEAh, REHTF AR IE BB R RS Bk, XeTr i H A
REBRLEVE T 25 A] o FESBRR A, Bl sB AR ARG, T AR T
A PRI GEE, APPSR AR SR GG AR AR DG I . 5
BTSSR 2 S e, e B AR ARG R . SR R
FB IR AR o B IR B2 AU m0d O T R EE T, A% T Ll
AZ LS S B i AR AR 23 R], AR LR S FRFE A T 2 AN IR R
AR E R THE . S5 b, BERCAERIEEPER T
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2 NP AL i, AR T2 A B 28 (Kernel sparse subspace clustering,
KSSC) BIfIE %~ (Robust Kernel Low-Rank Representation, RKLRR) B4
GBI 2 ARG SSCHILRRY ™ JE B AR M5t . A% BRI FH T4 B 4 His i) 31
HHRAE S ], 1K MR AR 2 H0E (0 8 28 ) B AL O 2 I Al 2 1) B 12
[ SRR R SLIOERHT, IXEER T AL A B RENS U SR An SRV Seall BE 4 () SR 2R 1 g

AP TR T B ISR T B R RIS 7%, FROVAKDLRR. [B13-1/%
7~ I AKDLRRIFJREE] . AKDLRRIE R H FIAZ BOARME R 1K 2 By A R T7i%
TV A BB ARG PR R I I [FIES, S FE N 78, AKDLRREZfF T
AT RT3 1) BT ik v R ] g - BTy SO SRR B A = el . AR
Yi, AKDLRRE ) TAERZ S 8] 27 2] —ANREEAERE,  SR)E T Al — MEREKRIE
AR EET BOE N - Ak, H TSR T R A T U, AKDLRR
HITHERRCR ARG, I HATAKDLRRSCS M RERVELIS 70 HT R B, FERELES T,
EERE A UE ORIk, Bk, A& TAER DR T

(1) AR H 1 —Fh e T H il AR - M R R s 7S T SRR, PN
AKDLRR. AKDLRRR TG A M HhAte G515 TCI A B AR LA AR S K ) e
BEAh, ARFSRAE T N8 BRI R 8 B TRAHE R AR R AT SR RS s BIAZ
PR RE R T DL il S 1A% 2 1) BB RE B b — T 2 4 52 A R ) SRR B AL
Xt o8 a8 H AR s U HE S 305 1 R HEA.

(2) AKDLRREAFEAZZ A2 3] — DN EGEHERE, LU NREN A 3hid
PIAEIER ) 7. FEARGE R, WA E g, (HIR e e SR iR
HEIE N ERHIGE, SEEREMERERUR.

(3) A& NAKDLRREFJGEA A ) I @32 i 1 =, A s 1 it 5
HIZ. wE, KT AKDLRRIZVE IUSSE REEAT 1 BB 0 #r, 45 SRR WIAE
FEZMT, AKDLRREZE 1] LIE = Uk IS

(4) SIS, AKDLRRAMY ELHAh S FAT S A () SR8 Re, 1T HOd 2
TR,
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Iterative process

] ]
i Low rank representation matrix Z !

ﬁ)( = @ - ﬁ

\ | —

Original data Kernel Matrix K ﬁ ; imilarity matrix
i

Adaptive dictionary DTe(X)

K 3-1 AKDLRRITJFE
Figure 3-1 Flowchart of AKDLRR

32 B THENZFHNRMER R FTERELEEL
3.2.1 AKDLRR 1R&/#& 3

LRR A HASR G A E B T80 i (AR AR LR AR DGV (1 L. SR, X e
FEAE bR N oA AU B AR e e Sl . St AEIRHAKDLRR, STE
R LRRIT V5 S LA R SR BR % . Bt 4h, AKDLRRIE % & HiE 78, §E
0 27 fif 5 T LRREFL I A {8 [ 8 7 L 3 S0 SR MR R ANEE (W e /. JE o, BT
LRRIGELEFR LT -

. A
min|z), + 5[], st X = AZ+E (3.)

NT EIFfRRA(3.1), AKDLRR¥ HE IR Z I E] H bRk 4

: W
min|z]. +Z X - AZ 12 (3.2)

NTEHRRERE PS5 AELMEE R, AKDLRREEA I (3.2) R H T #
HAR. MG, B2LLFER:

*+%||@(X)—@<A)Z||i (3.3)

Forbr o(A) R A WU 2 RB%RE S0, O 1 BRI S E R R R R,
A LA 7 S AN IEAZ R LT
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rgmpm+%mey«MMzﬁsL@uwmAf=|d (3.4)

Horbd FoR B 40l IR 4E )5 M 4E5 . AKDLRRZ FE S FH o(P) o(X) 1R %& o(X) F1
o(A), Frh P &/ MERLERUAERE, o(P) o P WLl B4 /RAARE 25 18], Bl G, A
T (3.4) T AR U5 A

min|z|. +%H¢(P)T o(X)=0(P) 9(X)Z| st. o(P) p(X)o(X) ¢(P) =1, (3.5)

FER MR AN(3.5) 2/, FATE B LT 2R,
L X 1R rmr;”(p(X)-(p(p)xni, FE— A B TR o(P) -

o(P) =o(X)D (3.6)
HhDeR™,

WEMH: FIHPRUER IEZ 2, v LUK o(P) 5 ik

¢(P)" =¢(P)+¢(P), (3.7)
Hrr o(P) Flo(P), #I8%E,  o(P) HIFIEET o(X) BIFIZEH], 1 (P), HIFIA
B FZ8) 2 M IES A B . BT S, o(P) =@(X)D H.o(X) ¢(P), =0.
e, AILASE:

o0 -0(PY X[ =o(X) - (o(P)+ o(P) )X (3.8)
=[o(X)(1 - DX) - (P, X|; (3.9)

= tr([p(X)(1 - DX) - o(P), X' [o(X)(I -DX)~(P), X)) (3.10)
—tr[(1 - DX)" (X) p(X)(1 - DX+ X "p(P)Lo(P), X]  (3.11)

BT o(P)! @(P), &—MIEFEHE, MARGIHE AT LLERA:

tr[X " o(P) o(P), X1= 3 K o(P) ¢(P), % >0 (3.12)

i=1
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ARG L) A A, 28 I SIINA R KL, RO TR, BATH ENE %

B AEIME, oP), =0 H o(P) =o(P) = o(X)D NEAA# -

bafs, fHERL, ALK o(P) B o(X)D -

min 2], + D" 0(X)" o(X) - Do(X)" o(X)Z]]
st. Dp(X) o(X)p(X) 9(X)D = I,
TR A AR RO AR, FARSR SRR . o T TR
HGramiEFE K = (X)) o(X) ENANEE, BEIRA& Hirm S T:

(3.13)

min|Z|. +5H D'K-D'KZ| st.D'KK'D=I, (3.14)
z,D 2 F

3.2.2 AKDLRRE R 3k fiR

N TR~ (3.14), AKDLRRIEMRME e E. BAAmME, ®REH
— AN A AR R . Bk, AKDLRRE S Z FhEfl e e, Hik, Az
(3.14) "] AR L4658 oy — A~ ) i«

min|z|.+ 2|0k - DKz (3.15)
z 2 F

A(3.15) 7] Lhid i e B2 5K A -

REEH2: BLA=UAV' ARIFEARISVD. i T

min [C]. +%||A— AC|? (3.16)

= o s 1 _ .
1) &% AL il N C =V, (I —;Alz)vlT . HHu=[U,U,], A=dag(r,r,,..r) f

V =[V,,V, ] #RAEE A {k o > 1k <1/ RIS,
)5, AKDLRREH4F = D J[b w HA AR &, Kk, A(3.14)nT Agfeihy

T 1A @
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min|[D"K - D'KZ . st.D"KK' D=1, (3.17)

BR=K-KZz, A[LA3E:
min| D'R| st D'KK'D =1, (3.18)
BEfE, K AZ(318)HE e i n &5 In) s
mLEntr(RT DD'R) st. D'KK'D =1, (3.19)
Forprtr (o) FORFERERE . RFHBA% RA H e 2Rk A ((3.19), 1351
L(D) =tr(R'DD'R) —pu-tr(D'KK'D —1,) (3.20)

Hepzsus0. 450 o, m,

RR'D =pKK'™D (3.21)
IR BTN SCRAEE R, @i d AN/ NRHIE I 245 205 fg . PRI,
ARG fFEZ H RRTD = uKK' D FIHT d ANMRFAE ) & 485 BT d AN fe)s

FREEARE: D=[u,u,,....us]. &G, EEZRITER T AKDLRRIJIIEE.

#3% 1: AKDLRR

BN FIEEEE X e R™ 380 >1

WAL EiE K =o(X) o(X) it K, D=1_.
1. e sk

2. | 8 E PH 25K A 7] #(3.15) BEHT Z

3. IR AR M RE(3.17)F 8 D ;

44550

5. HHEHIBIAERE S =

|z|+\zT\
2

WS

3.2.3 AKDLRR & XS 404
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AKDLRRIJEEAN T 0 # B i . fE— %M, WA I @ &
R E SR EEERIE. LR EH3% T AKDLRRIGUSC S & 1F
EH3: HA>1Hd=ki, AKDLRR¥SAE=IERNISL, Hrbk g2k
5E o

ER: Wk 9(K) =|2].+ S[OTK-DTKZ[L D, =1, i, it

{H g(K) AT Rl R ig 2 35

1 L, Ao
g(K)=Z(1—5n )+§Zn (3.22)

ieVy iev,

HH[U,, S,V ]=8VD(K), diag(S)=[r,1,,....0,], ViRV BBk B, V, R
TRV, B4
FES AR, BRI i U 7 D, -

RR'D, = uKK'D, (3.23)
H R =K-KZ,, D, H#id MFIERE U, u H k. fE£RRRES, &
D'KK'D =1, LW XEH DK &—MNEAHERE. AFTAAL, (7w E 5 i#
B SRR AT B N L. AR IE 5 R B AT A A R PR, T LA E
[U,,S,.V,]=SVD(D,K), HHS &—AFX AR NI RITGENEFMIERE.
deAh, S S T d MRATT R AR Wd =k, A4S MK I kxk
1) B R R o

m%xﬂ,%zjfao%%,m%wK%~4E§ﬁ@,E%%ﬁ

diag(S,) =[5, 6o b, 11 L. B, FEA IR, > o SXEWRE, V, BV, T

1
=
HAEEG TV, g LRV RV, REER) o Fit, Tz, A
(3.22) 1] LA e A

9(K) =¥ (-1 (3:24)
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R EREAT, BT d=k, HIkS, —H2E - NRMREME. XERE
9(K) KA =BEE RN . Fk g(K)BHaEt=3 G RHFAZ, tRERIERX

3.2.4 AKDLRR B xE 4o

RAEFLIEL, AKDLRRIN) 32 2R % FEORIE T SVDARF I E 7 il i fE . A5k
IR, 25 GramAERE, HEAREHO(Cn®) . HEFHAE Z I, FHFEX
FFE D #EATSVD, HERENO(DN®) . MEH AR DK, FEATREE
HAEREHNOM®) . Fitk, AKDLRRIFFEE 4 O(t(dn® +n®)+cn?) o o,
tAREIEAR IR EL . R EHE3, AKDLRRIFIEIRKEA 2t 3.

3.3 LG KT

331 LWE/E

SIS H R MATLAB 2019b, e H )+ SEL AL & —183.70 GHz 1 i9-
10900H CPU #i1 64 GBI 4+«

BHEE

ExtendYaleB: ExtendYaleB %t £ 5 28 M ARIEIE, & A 30 ik,
et 840 kKGR . ZEIE M BRERAE T 54 AW BB TE 5806 % 4R T 40 1%
(. IR

ORL: ORL ##E4EM &40 A4007k K5, BB MM FEZERET
N A5 A4 .

FRDUE: FRDUE ##5 X HOK, A% 30405K BME, 73 152437
T HU AR EOR SRR R I = RO Xy 2 AR . i TR HCE R S B R
RO, XA T B AR

COIL20: COIL20 & TR i B g, Bam20F Wik, &5
Yotk AT f B 40 48 T 725K B8, R0 1440 RE A . X e 4 44 AL 35 2% H
YR TR, WA il R TE LS.
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Scenel5: Scenel5 FREH T4, B 15 AR SR, 81

FORZIA300 sKIEMR, it 4485 MREA . KLY SAEARA . B, miE
NG

CCV: CCV HiltE % 6773 kEMER, HTEBREMGRES.
KEkBARIG S, BT 2A0K0, s, BRSO ERYSE.

it

(xE

RIVIHRENGIHE R

Table 3-1 Statistics of data sets

Hatk FEAEL RAIEEL FHEHL
ExtendYaleB 840 4800 28
ORL 400 1024 40
FRDUE(100) | 1980 550 99
FRDUE(all) | 3040 550 152
COIL20 1440 1024 20
Scenel5 4485 1180 15
ccv 6773 20 20

FESEIG Y, BT anTRS A B 2L T A S AKDLRR ZE 6 HEL.

SSCBl:  SSCilih b REGEPEMINF LI, IR EE b TR B 5 o

LRREL LRR/EMRPCAHATAEH K. S5RPCAMLL, LRRIE—5 M4
¥ rh o3 B H ARk 4G 18 DLBEAT 28K

LRR/CFSB?:  LRR/CFSHE kLI s FFrobeniusii 4t — 2| —AMESE A, 526
LR, LRRICFSAMGEEEDL, i -5 1F 2 HAIE T LRRIGEIVEMEREAN 2.

AOPL_ROOTP: AOPL_ROOT¥ s 4Bt 51 NI 2], e &
PSR e 2SS

ACMK_SCP: ACMK_SCH4 it 25 AR HUFN S i 2 2] B4 31— M HESE
AFIX PR MT % B AH FLAEdE, AT 3RTT AT SR RE .
3.3.2 WL KIGER S 7

ST, AHERRHERE (ACC) AH—LEER (NMD EATFRHEFF.
PENIRPRATVEE J9[0-100], AARMEBOKR, R FERRAMET .
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TR A A A0

* 3-2 7R T AKDLRR 5% HUSREAE 2 Sl 2 BRI RE . K3-3/R
T AKDLRR 5 X} Lb BVEAE 2 A 5 EIISATIN B] o SR R DR AR IC . W]
DS H UL LR G

(1 AHEFEH, AKDLRRIEFTH HHEE iR T AL, Bk
M5, AKDLRREExtendYaleB## & I 114 Gk bt KAl VL 2 D & HH10%. 1E
ORL. FRDUE (100) . FRDUE (all) . Scenel5. CCVICOIL20% ¥4 |,
AKDLRR i % g tE 1 44 28 — 1 J5 ik s tH 240 1% £ 5% . /& AOPL_ROOT M
ACMK_SCHSRH 1 HI& N Hehg, (HEATA B AR EAH B K e 855, HiX
BETTEEAR N B &R SRS . PRI, MER3WT LA H, AKDLRRFZRFEMEREL
TIXFIF RS

(2) AKDLRR R 7£ExtendYaleBH 4 £ L& it A . X2 K YLRR/ICFSH LA
W R AR R . RAYAKDLRRIGZ W 75 3 = VISR AT U 8%, (HI
HLRRICFSZ [ fFAE— € 2 FE . AT, /RELRRICFSZRARIN Tk, HEHK
PEREIF AR, ¥ AKDLRRY HARSFVE AT LU, wTLAE#HES], AKDLRR
FECOIL20. ORLFIFRDUEXE4E [ EHARHITIAR . LB AKDLRRAE = IKI%
RS, EHEERETHONF, FiECCVAHIScenel5iX AN K EHE4E it
C A IESi

(3) K3FFAKH, AKDLRRAHA MM RAIERE, 1 H HE o d Ik
HR

# 3-2 AFEGE IR LR

Table 3-2 Clustering performance of different algorithms

HyEse ffr SSC LRR LRR/CFS AOPL_ROOT ACMK_SC AKDLRR
ExtendYaleB ACC 68.0 70.7 64.6 71.8 57.1 84.3
NMI 837 787 719 85.9 715 90.1
PUR 737 731 66.9 75.8 59.0 86.0
ORL ACC 684 659 65.0 63.0 59.6 71.6
NMI 83.6 80.5 80.0 77.1 76.1 84.2
PUR 837 69.3 68.4 69.0 62.8 75.0
FRDUE (100) ACC 776 77.9 87.9 89.5 80.3 95.4
NMI  90.2 915 95.8 97.9 94.3 98.8
PUR 838 829 90.4 93.9 83.4 96.4
FRDUE (all) ACC 741 701 85.4 90.6 83.6 93.1
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NMI  87.9 90.5 95.2 97.9 95.4 98.2
PUR 813 723 88.2 94.1 85.3 94.4
COIL20 ACC 775 66.2 67.9 84.2 47.9 88.9
NMI 919 751 74.9 92.7 59.9 92.8
PUR 848 69.1 70.5 88.6 50.6 89.4
Scenel5 ACC 171 264 35.3 26.7 36.7 37.2
NMI 82 231 36.7 27.7 38.8 39.0
PUR 18.7 30.1 38.1 29.1 40.3 40.9
ccv ACC 21.7 176 20.5 10.66 20.5 23.9
NMI 186 16.1 17.9 3.8 18.0 20.5
PUR 243 20.7 23.7 10.78 23.8 26.7

*® 3-3 AFHEIERIAT I 1]

Table 3-3 Runtime of different algorithms

L SsC LRR LRR/CFS AOPL_ROOT ACMK_SC AKDLRR
ExtendYaleB 134406 73.585 0.746 4.45 443.98 0.339
ORL 7.647 9.100 0.071 1.05 66.82 0.108
FRDUE (100) 44.223 271.171  0.154 46.13 629.64 5.424
FRDUE (all)  91.670 1337.40 0.260 160.56 1876.53 18.176
COIL20 36.051 109.28 0.278 36.314 413.48 2.380
Scenel5 252.78 4637.02 1.226 937.08 2899.60 1416.75
ccv 356.78 9384.45 1.280 4184.31 4756.82 6832.45

3.3.3 SHBRE SR

1— 1
09 09

08 — 08 —

ACC (%)
ACC (%)

10 100 1000 10000 2 10 100 1000 10000
A A

(a) ExtendYaleB (b) ORL
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09

ACC (%)

10 100 1000 10000 2 10 100 1000 10000
A

(c) FRDUE(100) (d) FRDUE(all)
K 3-2. DU dndE_EANF A BT ) AKDLRR H ACC 18
Figure 3-2. ACC values of AKDLRR corresponding to different values in the four data sets
fEE3-2, BAR T ARFEME T, AKDLRREZELMACCE I MERE. ME3-2A
HEE . AKDLRRAHSHOAMBUK, RS ARG BN o] DUOREF LS8 45 S 4 1Y)
REMERE. X TAKDLRRVAFIZH, E%:4£[2,10,100,1000,10000] A #%:, #&
JEAE AT S HNIE SRR E S

3.4 KRB/

AREFSEH AT N SRR R 2R T VA AKDLRR . AKDLRRS#
T RZHF AR I BRI B ARG BB AR e R . [FR
AKDLRRAE H] H i B i R 52 g [ 7 - i 3 S0 SRR BEANEE A el A2 FA
KP4 1K AKDLRR S o fih JL AR B30 47 7 OB . SEIR &5 SR mT LB
AKDLRREAT f AT ERE, JF H ISR B AR H .
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F4E BEANABISSERERMKEREE

4135|5

4, Bl SR T R BB R R R, SRR A e R, A
B W SCAR ., PSS, AWHmIL. X FHLas e S MEG A EEEN S, MYl
A o R T P RN RN U AR TR 1Y 0 U H AR R 2 BE SRR SV E I e, IXPRIN GRS
WRRNYERE R A B b, XL eI A RS b . piln, AR EE
RS2 B A FDG AR (52, AR ] — A I8 AR A7 T [/ — AN
B] o BRI, A e 3 A (R 7 (] e g e o e 1 S

T R LR I, R TR AR B AR T (], SRS A R )%
B, X B E AR NSC. 72 (A A AT LA G Hh 25 e
L ORRE A S A FR AR . 7 (R SRS TR TS B 4y 5 %6 3 SRR
SR, FEFTE TR, AR E M, RISSCHILRR. SSCUH
FHisiRR, 1MLRRIMWRPCAJHAZM K . SSCHILRRARAZ T 7% i) 5 I vp 4E o B 2
HAGREMEMNINE, BTN EEXGET, SSCH REF/RHMLLIEELIH, i
LRRXf BB AR LI . SSCHILRRESBE A Rk 5 5 (1 2 4 14 1) 4544
AL, LRRIERJE T LR M, S8 5] NS E N0k FHRACRR S/ . (EMCRK
FoR BBUERE b, 8 FE IINCUt S B2k T ER e i R I B . B S04 22 31 4% ol
WEFE T G, XA AR REAS HUE RIFIAUR . 8%, LRRIEAALMKE.

SR, 3 5 0 i T 1) o o o AR 0 58 110 A W 336 0 R 50 A P
K, Iy 7 B R R 4 O R 2 X AR ERER T BRI N eSS R, O
HAERFSE SR —SER. WA, REIERTHREE RS, HEAF
WARMAE . AT XL, 70 AT A T ok B 7 I SR
2109, Kilmerds N OHE W T — 6 gk B EA DGR E 3L, Wit-FL. t-SVDAITNN.
FESLFERL B, Lufs NOKRPCAY & ik & & i E iy o0 (TRPCA) W81, sizat 2
REW, TRPCAHFA RIFMMERE. b5, TLRR#IEH, B RLRRIIZIIER.
TLRRAEWS A ROk 52 7k =2 B (R BR 45 M R P REAR R I [FIFE, TLRRULE A
ALMRACAL LSS . SR T, TLRRT EZUIAA RESG M, I HIENHH E
THREAESVD. AMEE 1, TLRREGTHREE R E ki m, HEEERE. i, @&
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A —STLRRIJMGESH T, BIWETLRRAITLRSRES . ETLRRAMN L& T #0414z
TR, B RE T T, RR6E TE AT K R R I ICRR S5 . TLRSRIWIA
ATLRRIE BT 4 104 JR g5 M), T W80 10 )R 454, TLRSRIETLRRIY
BEAl o RER RN T AR . SR IX S AR S B LU TLRREE AP IR 45 4R,
AT T R A BT IR IR &

N T RRTLRRE L SO S irl 8, ARE e 17— M A AR E ok =
K#kK R 77 (ETLRRICFS) , DIMRETLRRIGTI % . STLRR K H — Lt
Jii5e AN, ETLRRICFSHIfA 2 AR . b ul, BA R @ &L R
RARETLRRICFS, 1R & — B HIA 3G IR Bk, HitFudEaEwEh, itHEE
AREWARFAR. BARYL, ETLRR/CFSH TNNAIFrobenius i £ & 21— M4 — 1)
S, JRgath 7M. S04SR, ETLRR/ICFSAMY HETLRR A H tiuidt Uy
B2, T H AR SRR LI SR RE

AT FEETTER T -

(D ARFRH T P TR E N T2 5%, METLRR/CFS.

(2) ETLRR/CFSHJHLISHETEM, B HA MM, By, ER & L
R IREAR, XK T HH .

(3) FEANM IS 923645 SLIGAIE T ETLRRICFS ELAT i A A KT O 1R i
42 BEARBHSBKERKRRIEZL

4.2.1 ETLRR/CFS {&Rl#E

TLRRW DASEH RAFIO SRR, (HRREZ EA. i HER AR R
HKEMt-productfit-SVD, FULTLRRIUTHEE R, THEHER. Fit, A&
R TETLRRICFS 7, W LUK KR SRR . B RHE Bl LSS m
filt, MTTROKIRE TR . k4, ETLRRICFSHIERE S RETT 5 B et i 752
MR .

BB X e RY™ ™ R IR R, 18 1R E R B i IR & i it A =K

. A
min|2],,, + 2], st¥-xz+€ (4.1)

HAt Z e R FoR X MIERRGSHD, |, 70 % b i IE AL S0 . B, 7E

TLRRHY, LoyGEH T & fr b fr e =, MAEETLRRAY, Ly EURI L0 £ ] it
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TR A A A0
JHI 3 00 o S 7 MY v U A o RTT,  EROR R T VA S BE IR AR L 1 S 45

B, HIFEEEMN K. Bk, AT %A B ARE, ETLRR/ICFSfEH
Frobenius7a M AN R TLRRAAPILTEE. FJE, 2 3(4.1)A] LAHE B 5

. A a2
min 12| +§||¢S||F StX=XZ+E (4.2)

e G0 BV TR N JE AR AR B O T BB AT A B . AR, % R B S AR A
A7 LE N 7S e i) 1) R, AR TR R A A R 5 i, R SRR EE 4 B D Al AL
WA AR, X =Cc+E&, Hpc RATFHHRKE, €RGFKE,
BEJE, A(4.2)7 LA ES A

min| 2],

+%||£||2F SLL=L*XZ, X=L+E (4.3)
B, ATRCRE A (4.3) I AE SRA R TE , 15 2 S 21 H AR R 4

2

. T 2 o
min||2],, +5lc-£* 2]+ J|x- L] (4.4)

TNN

4.2.2 ETLRR/CFS K&

s B b R BT DA a0 e EE3SR A
B3 XTAEKEL, Ht-SVDATRRINX =U*S*V" . A (4.4)F ) &M%
H:

L:**:Ll*’D*VT (45)
Z =yp*T*yT
Hrr D 2 — AR Jgn xn, xn (F-Xf Aok, A MAITR2E:
D(ii, )+ ——o——,  D(ii])> =
' D (i,i, j)’ v
D(i,i, j)—l—mS(l,l, i), D(i.i, j)Sﬁ

T ERER— KA xn, xn, (-5 Mok, HX A IC 2 2 -
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1 ol
N N
0, D(i,i,j)s%

TEIFRHE 2 2 R, B4 e 3.
EH4: KED=UIV' 24 EHM D KISVD. MAAZ

. T 2 o 2
minlz]. + S|L-12; + |p -2

A=UAV'T

C=v(l _EAIZ)VJ
T

Hrr, A=diag(\,,...,A,) TR TTRBI RN Z =diag(o,,...,c,) FX M ICR

IR R ER &

3 if AU

o=y()={

ot
A+hif A<l
o

WU =[U, U,], A=diag(A,A,), V=]V, V,] T LURIE&ES | ={i:x, >1/V}

F, ={i:a, <1/THl5
N THI 2 H R FE3AE W I R
WERH: 7Eff BmHgF, AR(4.4)0 DI s A:

argmin| 2],

T 2 o 2
+2le-cezf + SJa-cf

~argmin— [2].+3[L-T2] + S -] |

=x0) =x0)
z

T _TDaz

x 2

N, . 2 o .
=arg min 1 ( L +%HX“) ¥
F

N; =2

)

s X" [ISVD Yy XD =GN T | 15 15 17 L ] 52 B4R He 24 70 (4. 11):

A — g IO
=) (=0 AT\
c :Vl(J)T (Vl(J))
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Ho DY = diag (... AD) s T E BT E R N SO = diagGL..., 50) ot B
e =i e

r0 e L goys qos L
5 = p(AW) = * E (4.13)
T trm gm < L
o 1 T
FRE, 09 =[0W @ﬂ,zw—mw(” ‘ﬂﬂww—pw\mq%muw
Bt 1, = (i > Ve A, ={ic X < Ve R
WE
D(i.i, j)=2{ (4.14)
it
'IT“):diag( —E(DE”) oj (4.15)
T
Hop 0 VM AD B HIFISE R 4 B0 . B, %) T=im (T, [1, 3).
KT 22— AEr O R T O Ak, &5, TS EIA R (4.4) Ak ik
C=V*T*V @.16)
A=U*D*V'

T4t EIE2RARETLRR/CFS.
¥ 2: ETLRRI/CFS
BN JFIEEEE X e RY™ ™ S3ofl T
s A=C=0
1t X = fft(x,[ 1,3)

2.Perform t-SVD of X', i.e., ?(:H*E*T}T
il AR@.13)iHEH D ;
45 AR@AS) T ;
5.i+:a:Z=Zt*1_)*\7T ;
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R R RS Ai8 3C
= . —=.T
6iC=V*T*V
7.3t A=ifft(A,[ 1,3)

8.it#: C=ifft(C,[ 1,3)

W AC
Wi H%2, ETLRRICFSHILARENRARSE M 2 o s R i EdR ik & X i) 5
XU BEERAZICON ZD . FHitk, ETLRR/CFSH] LU A A # i AR AR RE S -

1 & ol
S= Z—%;(ZN ‘+\z<”\) (4.17)

Wi)5, ETLRR/CFSfH 5345 B i 4 1 R KL R
Hi% 3 [ HETLRR/CFSH %
BN JRAGEHE X e RW™™ it c
i B R
LA A, C.
2.3 24 (4. 17) MR R S
3. IR Neutf FEA 73 il ¢ A2

4.2.3 ETLRR/CFS A ZE 53

INEVE2FTIR, A SVEI VT A B 2 B el ) AR e ANt-SVD 43 D
Tk, ETLRRICFSIHE R E /443 25 80X PN G AT I v AR . Bk
Mo, WE R XeRY™Y, R EE RN RN E REAN
O(nn,n, log(nn,ny)) , 5 Ht-SVDHIE 44 &y O(n,nin,) . Kk, ETLRR/CFSH
VI 4 FE 5 O(nyn,n, log(n,n,n,) +n,n’n,) .

4.3 LIS K A
431 LR E

ARATHETLRRICFS 55 JUANAS [R] () 77 ¥ 76 A [\ H i 48 B AT Lh e, DUJEOR
ETLRR/CFSIfLEkVERE . A 52583 7E Matlab2019b R 53 N 3E47, 6 BB
Fic & Ni7-8750HAL HE 8% . 2.20GHzZCPURI16GB W17, fESLinH, %4 7 HAIE
HEHPE4E (ORL, YaleB, ExtendYaleB, FRDUE, Yale) , HA5BJLAE/EH 4-1 .
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KA1 BRI G 2
Table 4-1 Statistics of the dataset
BEE FEA% & RF
ExtendYaleB 840 30 80>60
ORI 400 10 32>32
Yale 165 11 32>32
YaleB 650 65 50>50
FRDUE (100) 1980 20 252
FRDUE (all) 3040 20 2522

fEsEIG, f# ] LRR, SSC, TLRR(S-TLRRAIR-TLRR), ETLRR,TLRSR (LRR
5 SSCAMH LA =T 5505y ) HETLRR/CFSIEEAT LL#L.

S-TLRR #I R-TLRR®ZY: TLRRu# 3 K BV E 0 LRR ) SR Bl AT R . 24
8 F R A BORVE 7 N, BRA S-TLRR: 448 FHiET TRPCA TiiAb BRI $HE /E
NFHL, BV R-TLRR.

ETLRR?2: ETLRR Lt TLRR 5 2 40 2% 58 T i 0 0k 75 0 B0 (15 me) o e b 2
TR, AR AR 45

TLRSRIZLTLRSR 7£ TLRR FIAIELAE |, X RECERRIKERIN T MHER
YR X T REERR KRR AR AR . I, TLRSR AEHE
U R B AR AR GG M, JESEIE L ) SR 2
4.3.2 LRI EER 5 574

NT EWAFRBE LR, (£ HACCNMIFPURIEAIF iR, Lik
PPN FEARTEE A[0-1]. (s, TR LT .
T2~ T A X LWRIEEA R ErgtERe, SEVERe DO AR .
WTUVE LT AR RRRR R R ik (AISSC. LRR) [ M g il & A
BTk BEMEFER R L (WITLRR. ETLRR. TLRSR) . XEH, i kik
EHR AR, REHIE KBS MR, JEHERSE R S E R
—L(EE, 284S, ETLRRICFSTERTA 4R AU T RUF 1 SR
#il4n, YEFRDUEFIFRDUEL00%4#E4E -, ETLRR/CFSHR I fE. 7EHAhEHE4E
I (WExtendYaleB. ORL%:) , ETLRR/ICFSERMNZEMA, HiIL MK
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K28R T S FRAAEANF AL s T . il A ETLRRICFS 5
TLRR. ETLRRFTLRSRTEFT A itk ERIRIL, 7 LUE HETLRR/CFS & i P
P HAb TR RS R =R . INRBMIERAT AT LLE Y, ETLRR/CFSAMY
HTLRR A H St a2, 1 HAe 88 SRAFAH A S Sk Re

K42 FRVEREM IS5 R

Table 4-2 Experimental results of clustering performance

L =07 SSC LRR S-TLRR R-TLRR ETLRR TLRSR ETLRR/CFS

ExtendYaleB ACC 0.680 0.707  0.829 0.839 0.841 0.832 0.817
NMI 0.837 0.787 0.889 0.908 0.904 0.900 0.879
PUR 0.737 0.731 0.843 0.860 0.861 0.853 0.831
ORL ACC 0.684 0.659 0.603 0.558 0.619 0.620 0.655
NMI 0.836 0.805 0.748 0.719 0.777 0.775 0.791
PUR 0.837 0.693 0.632 0.591 0.649 0.651 0.684
Yale ACC 0.631 0.523 0.377 0.369 0.484 0.524 0.520
NMI 0.559 0572 0.436 0.435 0.537 0.559 0.564
PUR 0.632 0.546 0.409 0.394 0.514 0.549 0.545
YaleB ACC 0.761 0.443 0.478 0.613 0.725 0.740 0.719
NMI 0.683 0.380 0.452 0.599 0.673 0.684 0.669
PUR 0.761 0.470 0.485 0.613 0.729 0.741 0.720
FRDUE (100) ACC 0.776 0.779 0.867 0.849 0.866 0.870 0.870
NMI 0.902 0.915 0.956 0.949 0.957 0.961 0.958
PUR 0.838 0.829 0.894 0.879 0.893 0.899 0.897
FRDUE (all) ACC 0.741 0.701 0.843 0.830 0.839 0.845 0.847
NMI 0.879 0.905 0.950 0.944 0.951 0.955 0.952
PUR 0.813 0.723 0.875 0.862 0.870 0.876 0.877

F4-3 FFIBATI A5 R

Table 4-3 Algorithm running time results

BiEE SSC LRR S-TLRR R-TLRR ETLRR TLRSR ETLRR/CFS

ExtendYaleB  205.361 75.947 272,847  311.053  189.495 966.737 4.671

ORL 88.569 21.490 25.967 30.754 19.026 92.454 0.343
Yale 61.681 6.240 13.716 16.264 35.281 47.869 0.069
YaleB 61.747 41.943 35.338 37.107 30.750 109.934  0.222

FRDUE (100) 63.702 433.336  49.397 60.106 41.042 371.229  5.908
FRDUE (all)  145.037 421.191 84.706 106.693  73.843 383.626  14.807

4.3.3 BYBURE S
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ACC (%)

2

(a) ExtendYaleB%#i 4 fJACC (b) ORL¥#E 4 IACC

ACC ()

2

B 1000 1000

(d) YaleB%i#z4E FIACC

ACC (%)

(e) FRDUE (100)%#f: ££ L [JACC (f) FRDUE (all)%i 45 4E - rIACC
K 4-1 A $dla g EASRIZ B L ACC
Figure 4-1 ACC corresponding to different parameter values on all data sets
MEA-IAEF H, ETLRRICFSX ZHOIEA R AEHHUR . AR,
ETLRR/CFS 5Nk REAE K& 05 00 T PR EF1-17

4.4 RE N
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AT T —FETLRRICFS )ik, i Z:48 K 2 Bl Ak ik | 3R R )i v 5
FOREM TR A . REREIIERE G RIFMETE, HbITHE2 IER
Rf#, I BAEGUGER B E I H-RAt-SVD, R HEERE. A,
AT T — R EA R B R R H . ETLRRICFS MY e A F] 5
Z AT EIEA S R RE, BT LB B AR R, X RS I
FEAEH R, AN B FETLRRICFS 5 HAty JUR T VL BEAT 1 Ei . SE3h 4
RRWY, ETLRRICFSEA MR frE 2tk
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EE BT REEMAEMNZUETEERATEL

5155

TERHEARETAR, B W EE N A . /TR SR 240 % e
ME M EE B RERBESEEALS . dF, HRAREH THEZRETL,
Bl inK-means FIE RS, XU T7VLIUS T RE R . AR, X LR ST VALE
Kb B i AR AT AEAE AN L o AR, 72 1A SRS DR FL R A% B 47 i A T v 24 4K
T RN — AR TR LT 1)

TR T NS N7 MR, B g Es 2= m] Lk o h 2 A4
TR HFEE, 10 A — S E AR AT AR 43 B ] —ANF [l 12 —FhA
e A B R SRR B (0 . T B SR E R T R, T E R
B F AR RS R R . E B FRB T AR AT AR T
DA3E I [7]— 28850 1 AR RE AR 2 1 0

20094, Elhamifarss A2 HH 1 SSCR & 71 H & n T MR K HIEZ —.
BB LIE LR IR, R ATREA B, 1XAE— 2 2 L Re i (R AE HdE
T IEHE T4 . AAZJE, Livg ANIRE TLRR, Bl ussw
AR FERE, AR PTREACRR . X R ERE R T BRI AR, i
R RRE T2 45K . T SSCHLRRERZ MR, HE TATIER FEmt .
LuZe N4 H 1B/ 3 [E1 U5 (LSR) BSMfE FH Y 0 SR BEIAE R, b 15 F A AT
i R ST AR FE ISR . i, Xuf§ AR T RUE A g KR (SSR) 0, ]
DA PR R B 91 R34 T RBEZ R

BaJE, VF2 oot i SRR, RIS T REFIIRCR . A, Bk
BETT R E AL R IR L, TTE SRR ERIRE. 5K
HAEAREL, 200 R B0E B TAMEA — B s, xR IER A F B,
DRI, 22 0 P SR S i L R PR SR 2 o LA 34

Gao%F ABMEH TMSC, MSCHH AT LB R SRAFIL IR S b, FEARIE
AR Z 81— 2 . Marias: AP T MLRSSC, MLRSSCI#i i & %
AZ MR 72 AR, M — IR AR . AR, MLRSSCHI A
FRARBE LI AR A SRR, A CRIL BERE R B M 2 R 450, XREORFE)S)
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AR B . Zhang®E AR HY T LMSC B, 5 R Z KA HIEAR,
LMSCHI H B 4 4L 1 ok 5 #7878 R R IF MV AE R . Zheng %5 A4 H T
FCMSCET,  Z 7 VA F Loa Y6 B0 VBRI ECHR X8 A AULHE R it I Bk 20 3
Zhao% N2 H T CRAARS!,  CRAAIE T 1 2 BT 1L B (1 27 ok 2 2] S 5 1y,
388 o B T R A3 A M BRAS AR S AR BAAE B . Yao%E A4 H T DSSSRE,
DSSSR AT LA Ja /> Mt 75 K (14 67 T 5 1 - B 22 A0 L B8l

RE LR Z B EERAS T BEBR, HelifE —SBAg., 'k, 3t
W FI AR IR AL, X LE SRR R SRR, ToVEA RO BB mb
7o Bl AT Y L o 3K A 240 SR 5 B I — A 31 o A e 7 T R ) A A R
RN BRI R, TSR AE . R, R RS M B R
ROTHERE, XL R R HR BRI A

AL, AFREH T MR T R HR 2 BRE TE N 2 M R R (
MVC/FOMF) . B/, MVC/FOMFiEIT H &5 > 3R R AL AR AL AL
HR, MVC/IFOMFPH# XL KR & N — AR E, HRHEFIRZA R RS (0< S
<1, UEmHEREE. BidiE%ES, MVC/FOMFAT LLR i i 8 R E i A4
AR, DUAR B A SR 26 ERE . 5=, MVC/FOMPFXT 3L iR & i %
R RN RRZI IR, LA ST I R . i), T IR P IR 45— 3
—ANER S, R T ETRABERTFENMRATRE., TEERR,
MVC/FOMFE 2 AR T 2 ARFMH . LK, MVC/IFOMFRILH T 3F
WA NBIEI R SRR, AREMFE TR T

(1) AT PSR REEA SRR IR MR, AFREH T
— LT R E Ha iR 2 B RhA 7 R L 2 A SRR

(2) fEMVC/FOMFH, ATLLEIHES (0 < S < 1) 3Ll 5 in iR i,
S AR I A B TR B B INRR L TR, DL S e AR AR SR 2R

(3) AMVCIFOMFIX I T —Fm R Sk . i de gt EEMLL,
MVC/FOMFYE R L 44 48 13RI AR & NS IR RE -
5.2 £ETREERMENSIETFZERERE

5.2.1 MVC/FOMF &R 52

e SN 2 € ZUNEE SN AN Y kY
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min Y £(X",X'2")+0(Z")
z le (5.1)
st. 0<2'<1, 172" =1

Hodr L(XY, X ZY) F1Q(Z") 43 51 2o EAGH RIS X ZY a0 i) 1 A 5o 38 ok i
HEAE 2" BB ML, MVCIFOMFR] LA A 2 (5.1) 5 B BAK i H A5
BRAL K HSE R

@iz”zﬂ:” XY =X Z 2 +all Z'I2 +Bll 2 -2

(5.2)
s1.0<2"<1,172" =1

Horh 2" R R B . (R, WSR2V AR R A R A, MR, X
Mo 2 T RE S IR A RORAE S, RIE— B R LSS Re . Ik,
MVC/FOMP¥Z P2 SR E 27 b, ARG.2)AT LA E H:

H = v _ V= V|2 V(|2 v *112
g}llzr]glll XY= XZ'IE +all 212+l 2 -Z7I 5.

st.0<Z'<1 17" =1

SR, AR ZT I BRI ™A LN, SRR T 3R B RE . TS

AR IR &, MVCIFOMFX A 30(5.3) I A R EEAT B, AT LA H i3k
BN

minll X" = X"Z"Ii +oll Z'Ift +pll 2* - Z'If

(5.4)
st. 0<Z2"<11"Z2"=5s1",0<s<1

K ENteZ24a>0, B>0.

SEFRS: AL r 3 70 (0 BS503R RFAE ELO PRS2
GnsE FESHTIR,  BEAR ) SRISEL M DA AR B B R P e B AR S TR
e MICREMT SIS AT RSN ESE. B)E, PTRMERIN20R:

rank(L) =n-k (5.5)
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HAfL=D-S eR™ Eh Wi iisa . b, S=(Z +(2Z)")/2 24, B
HiRE D e R™ i SCA— X R RE, HEiAXATEND (z;+2) /2. WEHE
j

B4 ARGEMAFIARGAA, ML ERERMR . 25T Ky Fanifis, Ll
IS

ijnTr(PT LP) stP'P=I (5.6)

HrPFRRAEE P e R™ 2l L (AT K DN/ MNFIE R BRI fa, TATEAR
(5.6) /AR (5.4 FE H—MELE 2 d, 15FMVC/IFOMFF H b & % :

min | X¥ =X Z"I2 +all Z'IE +Bll Z" = Z"I2 +yTr(PTLP)
2’z p (5.7)
st. 0<Z2"<1,1"2"=s1",0<s<1,P"P=I

MVC/FOMF (i R LR Z7 MR B Fahr AR P, Z7 FP #AT LA Tk 8
BB R A CEFIRVRER: P #17K-means 828, 193 R AR
5.2.2 MVC/FOMF 1R8U5K fi#

AT —MHTFMVC/IFOMFEAL 22 B ol ik 4% -
Z'-FIRE: 427 R P ERAVRRE, AR R HT LA e R )

min > Il X = X*Z"Ift +oll Z*I +Bll 2* - 271 (5.8)
=1
B AN(G.8)RTFIHAHETE, LGRS R

Z' =((X) XY +(a+B)1) (X)) X" +BZ") (5.9)

Z'-FREE: 237" AP #AAZRE,  F AR T DA g a0 T )

minyTr(PTLP) + y (ARl

st. 1727 =s1",Z2">0
NTANXGL0)ELF KM, RATEE L 00D N EoEME. tesh, 7T RLR A
— AT ANE R Z
fEH b, B AR(5.10)85 -
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rgin—yTr(PT[z*+(z*)T]/2P)+BiII ARy Al (5.11)

v=1

AXGA)RS, SR NE, WAHFEZ .

Z=(PP" + 23%2“) / (2mp) (5.12)

v=1

e b, ¥ Z BB — AN, AT LA 2 B R . S
FAF—H, RMRLLT il

mi nzj} 201" Z/;=s

12, -Z.lP (5.13)
BT RMARGLI), I TRTE, N TR
zxz;n@)=%nz;_iﬂW+naiz;—$—z;g (5.14)

Horpn e Ak I H T, Z7 K1 S04 AT Bl s 24 X (5.14) K 3 IR A

TER SR TR LI

OL(Z;ME) _. -
T:Z“ -Zji+n-¢§;=0

jii (5.15)
Z;i =Zj,i—1’]—|—§j

R AX(5.15), Z;,>0,1"Z, =s FlKarush-Kuhn-Tuckerz& {4, 0] LA 3

I

n o o -
2Z5,=22;,=>" Zii-n=s (5.16)
=

j=L =1

Hf0<psn RIFIEHIANR. JoTHEHHRE, RIS Z. HFp, &
2,22, . SUE, ATEUE T A B R A p -

pxau)=nmx{je[m:uj—%xziur—s)>0} (5.17)

PR, s e R LAt 22 2(5.17) A 3 (5.16) 15 2]
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ﬂ=§(iii,i ) (5.18)

fJh, RIEAN(.18), AXGIT)MAN(5.16), FTLAMEHZ, HEANITTERET
A

-+

Z =max(Z;i-n,0) (5.19)
P-FiR: 4z" Mz EARRS, B bR E0aT DU 3 9 an s ) # s

min, Tr(P"LP)

(5.20)
stP P=1

BT PR—NIERHHERE, HHZEWREMAE L, PG LN
L=U>UT (RFEME A B DRI, P AR5 i) R o IS AT k A B/ NRRAIE £
NACTE=&

HARKYE, MVC/IFOMFRIALACT] UL SLVE LRSS, BARSEMT

%3 4: MVC/FOMF
W REEEE XY 25Kk, 0,B,7,S
¥t 27 =0, P=0.
1AW sk
2. | IR 1A B(5.9) R 2 ;
3. |3t SR A R (5. 19) T 2
4. JE I R A iR 5 (5.20) 5 P
5.4
i Z7 AP
5.2.3 MVC/FOMF B xS & E

WEIEART R, MVCIFOMFI £ B EE LR 0 N =N 0. EHZ' 1
BRENOM xn*+n’), Hird" & X4, O@d'xn®) &5 XV (X)) 1

SRR, B ZT IR ZE N O(nlogn) . EH P E 2 E N OKY) . T
X'(X) R & s — It MVC/IFOMF f) & it 5 2 2 £ N
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R R RS Ai8 3C
O(md,n* +tmn’ +tn’ logn+tk®) , ¢ £ MVC/IFOMFRIEA R B . Bhak, 7EsE

W3R4T T SVETE M A SR A b (R SE PRI AT R )
5.3 LGRS H

531 LWKE
AL 1) MVCIFOMF 55 — SRR M HEAE 2 AR 4 AT g,

DY EPANEN 5 S i P SN QO N il vk S i S D = RF i1 7 S £ T B
¥eo FTERESHITER % Intel(R) Core(TM) i7-10750H CPU @ 2.60GHz 114 it
HHL - F Matlab 2019b i217
BAEE U

S0 B T 64N EIG B RN LA B [ B R SR IR A R AT R, B
MSRCV1. Coil20. ORL. YaleB. EyaleB10. BBCsportfllHandwritten# 4. #5-
LMPEANF 7 X SRR AR IR AR (4R, PR, SERIRIREASE) .

MSRCV1: 152405k BHUEMSIX R KT, HAMI IR R L br%E. ik
7 H A 2107k BUR AN TAN A AT S5

Coil20: 520Nk, B MIARKTERE360/%, MSREMIR—KEIR, Fit
FAMIEA T2 .

ORL: H.%4005k NG, %404 N, B A105K KIS . X G2 AEAH
TGRS A AN R A N HHE .

YaleB: G510 Af58507k 2 44 ZOLIEIR . JATAREA Nk 1655k
B

EyaleB10: 17528 NTEQFN A FI64F 6 B 244 T 1161287k KI5 . FefiTik
B 7 H A I6405K EHEA10S NHEAT 5256

BBCsport: 1720047 20054F [1]BBC Sport/ it 6445 A E Frim, HasE

Handwritten: 1Z %45 4 B2k H UCIHL 2% 22 > FE R0 RO B 7 4H i, F56352,000

NEHE
®5-1 EMEERENGIHE R

Table 5-1 Statistics of the seven datasets
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£SR3 e VAT
BAGIEES FEA MIE & dl d2  d3  d4 d5  d

Coil20 1440 4 20 1024 944 409 576

BBCsport 544 2 5 3183 3203

ORL 400 4 40 512 59 864 254 - —
MSRCV1 210 6 7 1302 48 512 100 256 210
EyaleB10 640 3 10 1024 1239 256 - - —
YaleB 650 3 10 2500 3304 6750 -
Handwritten 2000 6 10 216 76 64 6 240 47
piifl= = k7S
SSRIL. & —Fh AL SR AL, SR ol 2 A B i — B E FE AR
SSRIFIHIN -
SEANC (Spectral Embedded Adaptive Neighbors Clustering)®H. £ 5 3& i & it 5
fiti |, SEANCH S b B R It IR 2001
RGC (Robust graph learning from noisy data)®d: RGCJ» FIRPCAXT ¥ 4 [ 34T
M, SRS AL 20 i 2l 2 S AL e
FCMSCPl: FCMSCAi FH L2013 $MAZ Y ¥ 20 ok H b ek %, i N st 2 i o
FRIEERIRTF ) o
LMSCB: 5 NFEREATR, A8 2 AR5 o) L R A R
CBF-MSC (Constrained bilinear factorization multi-view subspace clustering)©.
CBF-MSCitiid # fy R ML SRS 2 MH AR RE RS, JF SR == A LR FE R
MCLES (Relaxed multi-view clustering in latent embedding space)®: MCLES[H] i
7 2 AL B EE BOTE LE RN A TR AT T SESRANAE B, I I8 Id K-means3ii43 B8 38545 o
NESC (Multi-view spectral clustering via integrating nonnegative embedding and
spectral embedding)®!: JE G ANESCHE 2% > — B R EE R
GFSC (Multi-graph fusion for multi-view spectral clustering)®®l: GFSCi#iid £ 4~k
B S SR, I B & N AR R E
SLMVGC (Sample-level multi-view graph clustering)®l: SLMVGCifid 2 > $d
PN IR RS S BRI . AR, SLMVGCIRZR 2 A1 K A8 5 LU $E A1
T ) — B4 R
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5.3.2 MEESLERS S

AHTFEMVCIFOMF Y Bk BLAAET N Bl 4 EREATELE, FrA 4R (NMI,
ACCHIPurity) W RFIEFTR .

W TFFIRP A M, SA K —EEME, MVC/FOMFAEIX £ 4 4 4
S T ARE A NEEERMERE, FE)/2Coil20. YaleB. EyaleB10AIMSRCV1. H.
ki, MVC/FOMFECoil20 84 % 58 56 )70 1 14404, MVC/FOMFHY
ACCTEH T 1 5 1 18.14%. XT T YaleBAlyalb10, iX -/ %#ks £ J& 1E AN [F] 6 I
BB G TR, XA 2 DA BIA M R R B AE A, HMVC/FOMF
AT DR 7 b iR )X S AN [R) 3G B B, MVC/FOMFTEEyeleB10#1YaleB | ) ACC
43 59 b H At B A S35 7 37.24% H1141.55% . % FMSRCV1, MVC/FOMFAEXT T H
fin LA L AEACCH An B & 17 13% L . Xf T BBCsport #1 ORL ,
MVC/FOMF £ i 1 A 8 48 48 B SRR v e A K R #g &, (H 2
MVC/FOMF £ BBCsport flIORL _I ] ACC - 15 43 5l i izt e Ath B0 A5 5925 111 5.91% Al
5.05%. &SRB, MVC/IFOMFAE—Se80 48 FHAS 1R B B PERE .

#5-2 MSRCV1H#fadiE L RELE R
Table 5-2 Clustering results on the MSRCV1 dataset

7 NMI ACC Purity

SSR 0.77 +£0.01 0.87 £0.00 0.87 +0.00
SEANC 0.68 +0.00 0.74 +0.00 0.74 #0.00
RGC 0.87 +0.00 0.92 +0.00 0.92 +0.00
LMSC 0.75+0.03 0.85+0.05 0.85+0.04
FCMSC 0.72+0.01 0.82+0.01 0.82 +0.00
CBF-MSC 0.69 +0.00 0.82+0.00 0.67 +0.00
MCLES 0.79+0.01 0.88+0.01 0.88 +0.01
NESC 0.75+0.00 0.77 +0.00 0.82 #+0.00
GFSC 0.92+0.01 0.96 +0.00 0.96 +0.00

SLMVGC 0.78 +0.00 0.87 +£0.00 0.87 +0.00
MVC/FOMF 0.96 +0.00 0.98 £0.00 0.98 +0.00

%% 5-3 Coil20 #fiafk LRI RER
Table 5-3 Clustering results on the Coil20 dataset

WARES NMI ACC Purity
SSR 0.99 +0.00 0.98+0.00 0.98 +0.00
SEANC 0.93+0.00 0.86+0.00 0.88 +0.00
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RGC
LMSC
FCMSC
CBF-MSC
MCLES
NESC
GFSC
SLMVGC

0.95 +0.00
0.84 +0.02
0.87 +0.01
0.86 #0.00
0.74 +0.02
0.91 +0.00
0.85+0.01
0.92 +0.01

MVC/FOMF 1.00 %0.00

0.85 +0.00
0.78 +0.02
0.81 +0.02
0.81 +0.00
0.71 +0.03
0.78 +0.00
0.80 +0.01
0.85 +0.01
1.00 +0.00

0.89 +0.00
0.78 +0.02
0.81 +0.02
0.76 +0.00
0.71 +0.03
0.84 +0.00
0.80 +0.00
0.87 +0.01
1.00 0.00

% 5-4 EyaleBE#E 4R L (1) 3R 4E
Table 5-4 Clustering results on EyaleB dataset

J7i NMI ACC Purity

SSR 0.67 +0.00 0.61+0.00 0.6290 +0.0029
SEANC 0.54 +0.00 0.55+0.00 0.5453 +0.0000
RGC 0.54 +£0.00 0.52+0.01 0.5196 +0.0051
LMSC 0.62 +0.03 0.64 +0.03 0.6544 +0.0285
FCMSC 0.44 +0.01 0.48+£0.02 0.4666 +0.0158
CBF-MSC 0.51+0.00 0.55+0.00 0.3588 +0.0034
MCLES 0.48 +£0.01 0.48+0.00 0.4822 +0.0012
NESC 0.61+0.00 0.63+0.00 0.6297 +0.0000
GFSC 0.71+0.00 0.70 £0.00 0.7063 +0.0021
SLMVGC 0.77 +£0.01 0.78 £0.00 0.7819 +0.0039
MVC/FOMF 0.98 +0.00 0.99 +0.00 0.9891 #0.0000

% 5-5 YaleBE#u £k |11 8 K45
Table 5-5 Clustering results on the YaleB dataset

Method NMI ACC Purity

SSR 0.54 £0.01 0.64 £0.02 0.64 =0.01
SEANC 1.00 £0.00 1.00 +0.00 1.00 %0.00
RGC 0.63 +0.01 0.62+0.00 0.62 £0.00
LMSC 0.46 £0.04 0.49 +0.03 0.46 £0.03
FCMSC 0.63 +0.00 0.79+0.00 0.79 £0.00
CBF-MSC 0.55+0.00 0.55=+0.00 0.35=0.00
MCLES 0.51+0.00 0.51+0.00 0.52+0.00
NESC 0.53 +0.00 0.52+0.00 0.54+0.00

4
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GFSC 0.47 +0.00 0.47 +£0.00 0.47 +0.00
SLMVGC 0.47 +0.00 0.46+0.00 0.47 +0.00
MVC/FOMF 0.99 +0.00 0.99 £0.00 0.99 +0.00

7 5-6 BBCsporti#ii 4 L1 5245
Table 5-6 Clustering results on the BBCsport dataset

7 NMI ACC Purity

SSR 0.91+£0.00 0.97 £0.00 0.97 +0.00
SEANC 0.84 £0.00 0.93+0.00 0.93 +0.00
RGC 0.92+0.00 0.98 +0.00 0.98 +0.00
LMSC 0.82+£0.03 0.93+0.01 0.93 +0.01
FCMSC 0.88+£0.00 0.96 +£0.00 0.96 +0.00

CBF-MSC 0.89+0.00 0.97 +0.00 0.94 +0.00

MCLES 0.81+0.01 0.88+0.00 0.88 +0.00
NESC 0.67 +0.00 0.85+0.00 0.99 +0.00
GFSC 0.83+0.00 0.94+0.00 0.94 +0.00

SLMVGC 0.63+0.04 0.81+0.10 0.83 +0.05

MVC/FOMF 0.97 £0.00 0.99 £0.00 0.99 %0.00

% 5-7 ORLHEE £ ERIRRE R
Table 5-7 Clustering results on ORL dataset

Tk NMI ACC Purity

SSR 0.94 £0.01 0.86 £0.01 0.89 +=0.01
SEANC 0.96 £0.00 0.84 £0.00 0.88 £0.00
RGC 0.95+£0.00 0.87 £0.01 0.90x0.01
LMSC 0.94 £0.01 0.86 £0.02 0.88 +=0.01
FCMSC 0.95+0.01 0.88+0.02 0.90+0.01

CBF-MSC 0.94 +0.01 0.87 +£0.02 0.80 +0.03

MCLES 0.96 +0.00 0.88+0.01 0.90 #+0.01
NESC 0.92 +0.00 0.83+0.00 0.87 +0.00
GFSC 0.95+0.01 0.87+0.02 0.89 +0.01
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SLMVGC

0.92 +0.00 0.84 +0.00 0.86 +0.00

MVC/FOMF 0.97 £0.00 0.91 +£0.00 0.94 =0.00

# 5-8 Handwritten #4545 F 1) SR8 45 3

Table 5-8 Clustering results on the Handwritten dataset
7 NMI ACC Purity

SSR 0.93+0.00 0.97 =0.00 0.97 +0.00
SEANC 0.72 +0.00 0.65=+0.00 0.69=0.00
RGC 0.80 +0.00 0.77 =0.00 0.80 +0.00
LMSC 0.74 +£0.00 0.68 =0.00 0.62 +0.00
FCMSC 0.74 +£0.00 0.85=+0.00 0.87 %+0.00
CBF-MSC 0.78 +0.00 0.88+0.00 0.78 +0.00
MCLES 0.67 +£0.00 0.68 =0.00 0.68 +0.00
NESC 0.87 +0.00 0.86 =0.00 0.86 +0.00
GFSC 0.83+0.03 0.86 =0.06 0.90 %+0.02
SLMVGC 0.90 =0.00 0.89 =0.00 0.89 +0.00
MVC/FOMF 0.95+0.00 0.98 £0.00 0.98 +0.00

533 BITRIEI S ERE LR

* 5-9 A FFIERIZ AT [A]

Table 5-9 Running time of different algorithms

WARES MSRCV1 YaleB EyaleB10 ORL BBCsport  Coil20 Handwritten
SSR 0.2261 39366  1.5208 0.6856  1.7080 14.3253  3.5963
SEANC 0.0817 1.3830  0.6210 0.2249 16.6466  5.7280  0.8338
RGC 2.3967 50.1253  1.2490 45021 21.0454  110.8623 55.5375
LMSC 3.4390 38.7992  20.1493  7.3242 20.3496  139.2890 263.6012
FCMSC 5.5091 415227 263362  7.2335 23.0589  400.7559 128.1421
CBF-MSC 1.7966 714850 19.3579  7.3783 27.6869  378.8421 12.8152
MCLES 45153 297.5465 706.6104 49.0748 99.0254  — -
NESC 1.7966 1.4305  1.2490 1.2921 257467  12.6139  4.6277
GFSC 2.0590 10.2776  7.3266 42223 5.0301 49.4634  35.1316
SLMVGC 0.2195 0.8345  0.8117 0.5529  0.7082 3.4632  43.3943
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N N T e DA
MVC/FOMF 0.7298 5.4979 5.6554 2.1686  3.9247 45.6228  52.4755

AR T EIRETA BIA ST (], nR5-9F R, a3k T AN EIALE
TABHE S BB AT ISR ) B H MV CIFOMPZE PR s 12 B 14 7] I 2
ARARAIR S 4% . BAAKRY, SSR. SLMVGC. SEANCHINESCS 5 ik
LEMVC/FOMFAE 2% i) [a] B2 /b, fHMVC/IFOMFIVEREEL I3 2 . HLAh 53k
#IRGC. LMSC. FCMSC. CBF-MSC. MCLESFIGFSC/A{WFER, T H &%
PERE A MMVC/IFOMF,  (“FRoR WAFA R BUBATIS (A I G, RIRIG R E
2t )

5.4 IRE/NEE

RESEH T — P T RE B2 B RS R R 2 R R (
MVC/FOMF) . MVC/FOMF &S A il— LRI, HAIAR] LA bR &Es, M
MRS R g . deoh, ILIR BB R M b AR Lo, DL S R AR I R 26
gEf . HideESEMLL, MVCIFOMFYE R B 48 E R B AR5 4 NSk
il
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%65 IL:\-Q—:I: 'ﬁ%tﬁ

6.1 T{ERES

LiEEwNV&/ R AMIDESID - €/ i35 2 W =03 CR TS )1 | B SN U F XY BT
E AL 3 o 2 AR BN T G KPR . 25 IR SRR N — P S s B S R,
BB M S 4 At P R R AR S5 M (S B, TR B 7T 0. AR, I Y
75 ) SR VAR RO B 5T J s G5 W T AR AE 1 22 SR BRI, s DA KR B A et
MISCRIBEE . TR BRI . XX i, ASCH T =R a1
FRRREE, 70 N BERAZ T KRR s A 2 A0 P B R 14 £ R gt
T TRAINTE, BT T BZ RO
HoE, TEE =PRI T — AT IS N T R R R T (R R 2R T
7% (AKDLRR) . iZJ7i&I8Id 5] NAZELY, K R 00 it S 2037 i e ik = 1]
T A = 22 A 0 110 5 288 1) R A A R PR A1 2 ) P 9 - (] SR 2K el /- [RIH
AKDLRRA FH #5575 B IARFAE 2% 5] pr 27 2] — Fh e 6 1 I& N 503 i 7 g, i —20
PRI T EAMERE . LIRS R Y], AKDLRRAMYAEUS B T I Bk BE, JIF
HAT SRR, JUH R AE A B e M 5 i R I
Fox, M E PSR T — B A R0 & ROk B IR R R EE (
ETLRR/CFS) . JUA M5 T3k & 1) 75 A SRR 1 T B A PR Tk = 00
AR EERE. AT — 8, ETLRR/CFSH TNNAIFrobeniusyti 4t
BER| NG —WHELE T, JEHESH T —Ms O A, e g R,
ETLRR/CFSAMY ELBIAT i 5 T 9k & 1) 7 A B R BE G 2, T HLRERE 3RA5 A1
AR SRR, JCHRTE AP R U B R I H £
B, TESETLE R T — AT RIS B R A i 2 40 B 1 s IR SRR (
MVC/FOMP) o BT B2 T B B 2 IR 45 1) SR BLVE A7 AR IR & A R LA
FORBEER ARG RGO TR RX B e &, MVC/FOMFE Jeiliid B &R
TNEPAFEAN B AR, IR XSRS — D FIFAS (0<S <D
MR @ E%EE S, MVC/IFOMFRERS R % F- R A R 25 RE . [HII,
MV C/FOMP S 3 R B PRy e B i IRk 20 B, DA ST B tE SRR . S8

=

50



LR R AR 218 3

W], SEJENEEA, MVC/FOMFYE — S sdin e I AR5 A R i
Ve, oA S B R A T TR B

BRI, ASSCHEHH I =R B AR LR M SO AL B SRR R A
ZEERA TG T B E, BERIT T MERN R AE.
6.2 RFKRE

FUBFASCHR 0 R T A RSO AT T T R AR, (s
BRI 71— S IR RGBT 17T LM RA LA T REIT
(1) VRIERES) 5 TR AL A

EAER, VRIES: STHOAR SR AR NSO RS T RS . KK
BF ST LR I BT R IE 5 ST 5 T 2 R A, R VRIE 2 427 3]
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