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Abstract

In recent years, the research of subspace clustering algorithms has made significant progress,
among which the multi-view clustering method has become a research hotspot because of its ability
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to effectively integrate multi-data source information. The newly proposed multi-view subspace
clustering method based on partition fusion significantly improves the robustness of the model to
noise and view differences by studying each view block and designing a weighted fusion mechanism.
However, this method still has certain limitations: first, the parameter optimization in the weighting
mechanism is prone to extreme values, affecting the stability of the model; second, the non-negative
constraints imposed on the self-expression coefficient matrix limit its representation ability; third,
when processing large-scale data sets, the calculation items involved in some sub-problems too
much, resulting in inefficiency of the iterative update process and excessive computing consump-
tion. In view of the above limitations, this paper proposes the following innovative improvements:
first, by introducing the affinity matrix, the restriction of non-negative constraints is effectively
lifted, thus significantly improving the expression ability of the model; second, the innovative de-
sign of intermediate variable optimization strategies, reconstructing the calculation process, reduc-
ing the complexity of the algorithm, and greatly improving the operation calculate efficiency; at the
same time, on the basis of retaining the advantages of the original weighting parameters, the adap-
tive weighting mechanism is modified, which effectively avoids the problem of parameter extremes.
In order to verify the improvement effect, we conducted systematic experiments on four standard
data sets. The experimental results showed that our method not only effectively overcame the lim-
itations of the original method, but also showed higher computing efficiency when processing large-
scale data.
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TRV IRRRN LG € e s 5, A Horh R I 3 AT AE A 4 7 18] v PR % DA S &8 AN PIxs B2 F) 725 [
AR, TR BRI NI 18858, BIRo H1 55 U ) B MR o BE T & AN
PR, MR T2 REINE, HEXWITEAL][415 . I8BT 1A 2 25 (Low-Rank Representation,
LRR) [1]3C & ik 1) AR AR e 7R Sl SR B o 12 () 1) A2 JR 45 1), D[] Ak B vy 24 040 £ e 72 0 S L
FINARAR L) FOFIHMG B 205, AT A3 28] 65 A 1 B e () 2 ) o0 B 45 SR o i 7 25 (7] 2 2 (Sparse: Subspace
Clustering, SSC) [2] 3 i i M 5 £ IR A IR B 1) R 4 4, AT 0] ey 24125 [l gk AT 5628 . de/ 3l
JH(Least Square Regression, LSR) [3]3¢ & $i& AR 4 o405 (8] AH GV 1) die /s — e [ml A Y, Jfadd e /b B A
WRZE R IR L e RoR, T HEAT T2 1481 o 3T B f 2R 107 25 7] 2K 1) J572:(Block Diagonal
Representation, BDR) [4] & $& H 1 —Ff k-t A IE M4k 25 (block diagonal regularizer), B#:ER HRIA R
B M R BT R 45, 12T N VR 2 T A I R RO VAR A T Hoxt MR 3R ORI « TR B R 7R (Tensor
Low-rank Representation, TLRR) [5] 3 FE M | — Mg — MK &5 SIHELE, FEERH T RS 207 HL AL 2 S g«
TH X A2 P e 7 4 0, L S P UL B0 A4 42 7 8 (S-TLRRY), 240 -t ™ i, W &4 7k & PCA (R-
TPCA) Fiifiti it A T BE M 7 L (R-TLRR) . TLRR J5 {03 Fft (538 I8 F) 7~ i 16 £ ML b1 B 1 1 B0 A AR ]
W RS KSR R, B T R R IR 2 4R, TEENR AL 2 S T B

FH T B A0 SR 2 R — PSR B R B R AE ,  AE — PR e (AR AIE 2 [R] o B AT 526, 7V
B, B THRMIEE . ANFEAEZ G BB A A, — SR, DU AR R R B R

][l
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REE, RREZ BNZAFAE RIS BE J7 (BRI AT 2 S8R . i, X AN W TUREAT A A, T B Y
TURISCTIR . Fa1m X DU 4 . R I B 55 2 PR Y (AR AR Rk s X — AN UK AT 40 #riy, mT LA
B, SO, TRARERRR: 2 MBS IE SRR, —ASCRAT AR 2 R4 [ 1915 5 R IR .
TXEEAN ] (RFAE T DA TR B f FE SR A B 2, TR s R stk pe . 2B R S R X 2 2 ANy
TEER R RAE — RS EAT BRI . TR AT T SR AT TE SRR R B T 2 ALK [1]-[4]3 R B R 2R, 1
Z B4 7] 38 25 (Multi-View Subspace Clustering, MVSC) [6]H, Gao &5 A3 H T — i i 22 4L & 123 1)
RETi, AEH A FLR TG [RIN o BB ) 7 2 1 R 2R 47 58238, AT ORAIE 1 AN [F) 4L 2 T]
() — 3t . AR 7R 2 41 I8 1 4% 1) 38 26 (Multiview Subspace Clustering Using Low-Rank Representation,
MLRR) [7]o SCEIRH T —FPE TR R (LRR) M Z AL 75 A R B 5%, R R R R R IR %
PR 5 110 4 Joy 5 460, 8 TR AR 240 B S A2 AR L ) 00 (R AF 3 7 R 00 %2 P ) AR e R A [ 00 P o ] g — 501k o
J TR PR B A3 i ) Bk — B0 5 10 2 40 1 25 18] 3 2% (Rank Consistency Induced Multiview Subspace
Clustering, RCMSC) [8] 3 F & T #k— B i T 1 2B 7 S [ SRS M BRL, I sk BN LI 1 5
FIk R B 2 18] 1 — BOMEARFR G54, Jm sk 6 B = 70 i (Matrix-Tri-Factorization) i - #9811 H 388 R 2K
TR 22 T6) ) — BRI RR 2854 LA RS R AL T 1) B 3Rk R BB R L A R IR R M . 2RI S I 2 A
7% i) 5 2 (Diversity-Induced Multi-View Subspace Clustering, DiMSC) [9] 3 & #2 H1 7% JR A1 4 it 25 4 b 37 v
M(HSIC) &, Z R EAFRIE RBUERE, A 2R AL Z (a1 BAME BT 328 Rk &L 240
745 6] %% 2% (Low-Rank Tensor Constrained Multiview Subspace Clustering, LT-MSC) [10]3 & #2 it £
M A RIE REOE PR R P iERE, BAEMRARMKE, RIFTAMS B —8k. SCER[8]-[10:RHANE
(451 2K BR R IE WAL DOR B A A G B TAME B, AZWESEAERESIN B 3Rik 1, KIHAHE T i
LR FIHIRE . Zhang 55 N\ H 5 R AR RR 22 A0 181+ 2 [|) 5 25 5 (Facilitated low-rank multi-view subspace
clustering, FLMSC) [11], BIA T ZFEHEIERI, it o A B 8 BRI H B, ISk ms, FRIKT
THEBUA, BB P 7R R 23 R /N RS I E A8 - BRI FE 7R, AR B T BRI P9 AR IRk &5
P, SRR — B L R (Agreement Term) R o 7 A [FIVL ST IR) I S5 44 — St et T8> SO 1 o
(e DL S A [ A B 2 ) PRI AN — S50 T RE S i S 2R M M R, 1 2 PSR B i) 2 A B R i B2 AN [ 2
TR, WEAEHAT R, MMM E2ERER, KB RRECR.

BT XAt & 1) 2 AR 125 17 225 (Multi-view subspace clustering via partition fusion, PFSC) [12]3 &
T —ME BN Z M E TR ERE L, SR NE T G 2 0 EHE BRI TEARR, &5k
IR 5 X 25 () AT Z AL E B, B R R (e, IR G T RIS R MR
FRSE M o X — G B 0 BE AN 2 A0 B SR SR AR AL T W I BORBR AT, 9 SZm B FH v ) 4R 2%
A AL B AR A MME IR TT R AR, EITIEEE LN R A EE R R Eo, HEkim
RA 7 SRS AEAL A I FE P AAE S Ak ir) &, B H bR s B S 4 R st , AR — ML AR
ZHw, N L, HABE RAE S S w, N 0, X HL w, FISREAESE v M ERE IR E, HA R A
PRI B 2 22 e, W AR o A 23 O A 2™ I 85 1 2 A B R 2 ST e 35, BRI 1 A B ot
BRs FLIR, 7 AL B IR LI B ek RECERE SY it AE LR AR, BARAERRIR B R T
R R AR, (BRG] VT RHER R B M R Ge J[4]: &5, (EACE KRR ER, T 7 e
thZ SR AR, SEOERMAGERE R THE B R B BRI K, XA SERR R o kT E AL
BRI, IR LEHARERFELEIR KA E L T 1Z7 VR RS A E AT /T 5. ASOR AR T4y Xt & 240
P73 [A) JE S (PFSC) X f S At boxof FLJmy PR PR HEAT ik, BRATTHETE 1 PRSC HYSRIG L , fiftk 1 PFSC
THE T FE IR I A) %50 22 1) () L, A1 I RATT 199 S 26 oy 44 A9 PR 1) 43 DX il 5 22 WRL 1] 1 7% ] B 26 (Fast parrtition
fusion multi-view subspace clustering, FPFSC), FA T 3= E otk in T -
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1) nkoLdIfete: FATRE T PFSC Ik A S B SL, (06 FOBCH LRI EAT 1 ik, RIFE DR B
BUE S A w, (ERE E, 5 DAL w, SRR WE oSBT 70— SRR AR SNBSS, 4
SHOE R IR R, BSEEUN IR, AT 1L T 2, RIS AR AT
ZALRES), TR T BT Tk

2) ZUHGFATMRER: IS CRAIRERE B AL L0 F RIS RBGERE Y, MR B R IE RBUERE ST
ARG PR (BDECE XS SY > 0 9Z03R), R IRTT AR RIR B 1M R G 1 -

3) WHEACKRSET: QUFTEHSINAB AR R T, I8 g N R E A AL A X ek KSR T T
SFOEPE . HIET R A LRI, BERS CRAE SR TV A1 SY 17 I LR A st v, AT SR 150k — HAR € il
WEEE T A B AR E

2. [EIW PFSC #8£T1E
2.1. B

HiFE ACR™, A LA, S BIFCRARE AKGSE I ATRIE | 9. R a i 2-THE R al, =a -,
Hob TRRE IS, Tr() RaRimast, Al =X, A SRR A ) FEH, A0 RAERE

AIFTE TLEERIER . | R B E KN O SRR R
2.2. PFSC &8

P%Ciﬁ%&?~ﬁ%%%ﬂ@%éh%%ﬁ%o&%maﬁﬁxzpﬂx%wxjdwm,E*
X' e R™™ R v AL EAE m, AMRFEREESE, m=) m , n WFEAK. 55 20E T RRE
(MVSC)J5 K F B — A FL IR RIRFRAERE F B REHRIE AN, PFSC 7870 7% iE A ML I 1] 1) 22 S ik, 04
ANRLIE BB SRR TR AR A RS F, .

BT SR B RIE R, M XY = X'SY FoRH v ML M B e, SY e R™ 58 v ML
[ Sk REOERE, BT S IENL B2 ARENSS' . FEREn R S 20
AL AT IE SRS, WA LIRS SRR R A

r;g’iFrV\Tr(FVTLVFV),

o, L'=D" - SY NP E R R, X ABIERE DY, b DY MXAITE X DY =3 S), R eR™ N
VAL SRR EERE, ¢ AR EH . NG — BIME SRR, SINEN-FESE o, f, 153
AR .

mini|xv—xvsv ~+aTr(FLF, )+ g[s"

2
v
SY.R o1 F

st,8'>0,FF =I.

RGBS AR SRR TR 22 5, Bt FE R INALA, DRI ST ABUE 250w, RRAES v AL
FEAERORUE, 5 SR
min Zt:wv{

SV R W, vy

SRR BCE S, 6RO ERR B SR, 45 v /N PLEE S L BRIUAT N, IR ) w,
R, X S'HATIEE BT, WIS B . PSRN E LR, ARSI
FRI R — B, SNSRI Y L ST AR F,F, SRR v AR S AR
TSR F- S0 2 e R A A 2 DD T A S O T

X=X +aTr(F/L'F, )+ 4"

t
2} S't'zWV:]"WvZOySVZO, FVFVT=|.
F v=1
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min
YeR™C vy T=|
WG, 2w, BORIN,  UEE v AN 23 DR Y e 2825 STk B R
BE LRTAAM, BIE1SHEEER PFSC ALY, R
. t 2
min Zwv{ F}+

sV Rw.Y v

t
Yy ' —ZW\,FVFVT
v=1

t
S.t.ZWV :1’Wv 207SV 20, FVFVT _ |,
v=1

F

X' =X"s" S"

viv'v

~+aTr(F/LF )+ 8

t
YT > wRFS
v=1

2
t F @)
sty w,=Lw,>0,S">0,FF =1,YY =1
v=l

TEAACIERE S, FATRIL PFSC KR 73 BLBANIEAE B, IR AT LG ) PRFSC BRALNS H 3RiE &
B SY BATIEAE BN, fE465 BCT SY it £ HA MR 2%, B & F-Ias, XFEREX Y #iT Rk
5, B ENA S Mk G s T I8 . R PFSC LR BUA 1 RFRME, B InAULH] i 2
AR R 3RIK R B RIS BE T [4] 32 IR R DA K A B R AR B+ SRR i . 5t
X EIR AN, R EIRA TR BRI S, SRS, DR RS RIETEATH R

3. MEMN S XRLE ZMEF=EIE A
3.1. BANAYER

HAEET PFSC Jrik, HXBAAAER 3 DN EERRERATSGE: e, NTBEDBCRAT R, 3K
AE AR B IR AR A B w, HESR ARt b, SRy AL E w, A W, 5 A o 1224 b ok sk
EaRREE, (R ERBEREOY 1, 10 H AL RS 2]y 0 X i BUE A 3
R, BATRHALE G FHRAFERE KY, RS v ML 2R IE RBOERE SY AR 203, ST HER Y
RAEtEs fa, ERARBRRER S, X v LB MBI R= T, JEA FIEsUE T, RATRH
Ij||s" -T" iﬂ%@]iﬁ%@é%i&%ﬁﬁ SY RNGINIAZ BRI T Z 18] NS T SR SRRE L, T4 55 TR 2R — Bk
BEAh, 8T G R AN R AR, BAE RS S HER L SN TS A, BRI

oh R [
2 F
Ba Ao, &5/ ISR FPFSC iR
min S wel[x = x's[f +aTr(FUR )+ 2]s T + g[8 L+ - wRE 2
SR, ¥ v E % % 2 F F v viviv

F @)
t

st w, =Lw, >0,FF =1,YY =1
=1

o, X =[ X X200 X ]eR™, XY e RV FORE v AMEEE m, MFERSEE, m=) m, . $'eR™
FFH VALEI B RIE REUERE, XY = XYSY RR v AL IR B A0, DY Fmn] M RE,
HDY R A CE SO D =3 S s F, e R™ONEE v MRS RISHRIFIERE, ¢ ARIHL w, A v ML

\ VT

T
KRR IE R E 25, Y AR IR IR, o, 8,4 N T2 5. KV:T

N 2R AR R,

v

.
T+TV]

MARQR)BATAT LS, BATIEA LA RAE 55 ik 2= 7k, Ak, AR RES

L' = D" — K" b a4 H L = lap
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W, SRFAES v A AARHEAL R, I8 I O & R, K w, B W, S B AN (S 3B 4 T
— L R RREE RN R IRYE, R ZIRTE 1P BRI i 4 R R R stk AL . b4k, i
XL SR RERE KY, BATEER 7028 v NI B RE RBOE R SY AR A B iH5
R MR, BATEV ADMRE R SRS RETY, X—&irBZmh 7R Y, W kit
FI 2 Hait ik, SBOSMRERE AT, TR R R X ot R S [R5 T 1
R Re A

3.2. BRI

TR R Z A MEARRE, KRFWNHE. sk, AT R8T 7, I A SR
RISE D RAET,SY R ow,, Y B 1A L
1) LR E AR AR, SRR S

. v vavll? A v vl? vl?
ﬁ;lan—XS F+ES—T F+ﬁS. o (3)
S EAT BT, 4 ARG)%T S HFHN 0, B
T -1 T
svz(z(xV) xV+/1|+2/3|) (2(xV) xVMTV). @)
2) PRI E HADAS fE, BEHRMATY
. A 2
Tr(EL'E, )+ Zs' -T" 5
minaTr (F/LF, )+ . (5)
EEITr(FVTLvFV):Tr(TvTRv),Rgz Ez_ij: z(i,jzlyzl...,n), Bk AR 6) %M T R
minZTr(TV ! RV)+i s 1. (6)
™2 2 F
BTYBRE T ATRASN, HRATHEE, EHT MEi1T, 13
minﬁ(TiV_T Riv_)+i s -T'[ . @)
CAPAUAVAFT M
BT AT E, 159
s Ayl Afov Tv)2
min T [Ry + 5 (S %) ®)
B JaIRATS H
\ H \ \ aRIV
T; =S|gn(Sij)( Si —2—1’]
v aRi\J{ v aRi\il
7507, ©)
=<0
aRy aR;
Sy +—21,S) <——2
LY 24

3) e AR, HHORMF,
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min aZWZTI’(F L'F )

FRR =S

+vy T - ZW FF

FY 0T S G F R
min Tr(F,MF,). (11)

F.RR =1

Hrb, M =aw L +w, 1 =2YY T+ 2> wFF" o M ) ¢ MR/ NRRAEAR TR R ¢ ANRRAE ) B RS IR TR AR

171
j=v

MR F, iR -
4) [EE AN R, HEHORE W,
t t 2
minZwvz{ - X's +aTr(F L'F, )+ ’;sv T +/3 s } VYT > wFF
Wy v=1 F
t (12)
sty w, =Lw, >0.
/Q»,\
W =[w, W, W, w],PeR™, B =Tr[ FR"xF,F ],Q, =2Tr (YY)
H v vev|? A 2 v v|?
j, =[x -x"s St _+aTr(FLF,)+A[s'|
T:[jl’jz:jal""jt]vQ:[QvQZ!Qs!"'th]’
W, I R HH (12) 28
t
- .
minW (P+Diag(J))W -QW s.t.VZ:l:w =1,w, >0. (13)

X —ANbRAE ORI E L, Wl BRI MATLAB i quadprog R 5 ims Rttt A7 SR # .
5) [l HAhA R, FHEHORMEY

min Tr{ [I—zszF j } (14)

Yy Ty=l
R AT DL I A A > MR (SVD) KRR AR, 1 -2 w, R F," 4 ¢ A/ NRRAEAE T o6S R2 K ¢ AR AIE 1]

W AIERIRIRFERE Y KR
MR Fb 7 1 2R, BRI BUE SE I R R B R R 1

Table 1. The numerical algorithm of this article

® 1L AXHEERX

FPFSC #fH 512
LN ZHEHEIRERE X XY, B e, 38a, B4, BRIRET
e TV, S",F,,w,Y
WAk BEHUREREF, , w, =1/t
M1-T FFih
Stepl MALE 1 B v
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Step2 S, i), HBERMR

Step3 EHTY, #id9), HBRE

Step4 OB F, . (1), FIHIERE S R (SVD) K
Step5 B w,, d#id(13), FIA matlab & RCR R
Step6 Y , WLL(14), FIFFREESVD)RM

YY —Y
Step7 FHIERY NYY , BARUssk H M . <107
4. LI

NG EATNER A AL, BATE 4 DIriERRE LIV T RGVESLIRIAIE. AR TR0 IR
KIS BT IR B FPRSC JTikIIZ BB B . S0t FH s B i GE T Rp M AN B e B, 0 P 77 725
R SRR SRR EURIA R 0T o Sl XA MG RS2 B8 vt AMIBERS B PP A4 3-A1T FPRSC
THERITERERDL, L RERN 7 AT HAHS T BUA 753 ML 35 oot 2 1)

4.1 SKERE

4.1.1. BIEENER

a) 3Sources HHEAE, JECFHEUEE, SBFEEILH 169 MEA S, HP A 6 M. K
K E 3 AN ERIE, 73lE BBC, BEIZEHA PR,

b) Caltech7 ##fa 48, JC& 8t e, 28R 3LA 1474 MREAS, K& 74801, A AR,
SECLE, INEEA, BRI, ZR-HURE, bR BRI . ARSI 80 FRHHIT S . 1% SLIRHE 1984
4 HOG #HiE. 928 4t LBP. 1024 4t Gabor ##fF. 40 4 Wavelet moments 44iE. 254 4t CENTRIST $3iF
H1 1024 % GIST HHiE .

c) PIE #4la45, iZBUR LI 11554 MFEAR, HhaE 68 NMAMARE R, B4 A% 170 5K IEJR .
FEAMNG  TERAREE A AEAS A B R RS R I B R TEARER RS it rp, FRATIEERL T 5 2%
NI, BE2RIEE 80 TR AT 5050 . % SLIn L 1024 4EK FEHFAE. 36 4E LBP Al 1024 4k Gabor 4F
1k

d) n-MNIST ¥4, B HREILA 2000 MEA, HPEE T HAF 565 0~9 ME R, M4
FHIE A 200 7K. FEARZHREMSE S, RAVER T 5 RFS5HEFEE, ®2RIEH 100 fkidkirse
¥ o iZSZURHREN 784 4EKEHFME. 36 4 LBP i1 1024 4k Gabor HFiF

DA E 4 ANEEEAE T B AE BAESR 2 Hh 2 I

Table 2. Dataset information summary
2. BIEEERLE

s 3Sources Caltech 7 PIE n-MNIST

FEA 169 1474 400 500
M 3 6 3 3
eS| 6 7 5 5
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HOG (1984)
BBC (3560) éffoﬁg(i?) Gray (1024) Gray (784)
FHIE The Guardian (3631) |\, o (40) LBP (36) LBP (36)
Reuters (3068) Gabor (1024) Gabor (1024)

CENTRIST (254)
GIST (512)

4.1.2. LEBFENR

1) Co-regularized multi-view spectral clustering (Co-reg) [13]: Il F 1E NI AL AL 1] A 475K 8 AN [F) 4 B Y
43 XA e

2) Facilitated low-rank mult-view subspace clustering (FLMSC) [11]: 3| A\ T ZREPEIE NI, 40l
(12 7~ B0 A /N IR 1) TEAS 7 BRI E R

3) Multi-View subspace clustering (MVSC) [6]: FJ FH— A2 3 1) 8 2 45 g [R) ol 6 B A4 P 1 7 25 R R

AT RIS, ARIUE T AN [FIRE B 2 R ) — Bk

4) On Spectral Clustering (SPCrest) [14]: FAEEAHANEFRE, F3 5% AL — 40 J5 RRAE ) 2 3T
k-means 2, EPERIEE R ILEL

5) Spectral Clustering with Two Views (Min-Dis) [15]: 1%J7 1% B YCHE H 8 B B B 2 o 3 UL 1]
I PR AL B () S5 A B (affinity matrices), A8 EEEEA LA H AR ERE,  fe MG AR I B0 e N2 [B) 22
)0 22 5, et P T ) SRR 5 R — 0

6) Auto-weighted multiple graph learning (AMGL) [16]: iZ77:5I N HiENAEA &, RIES AT
TR B Bh A E .

7) Multiple Partitions Aligned Clustering (MPAC) [17]: 1% /7242 H &N B 2 ) 30T 1) B R I8 R ¥
B, CREAMEIRE A SRR I I N G — I — 3R 46 R, RIES B — 8 5 22 5t

4.13. BEANEE

TEAN R B 2 24 rh BT U B T IR AN R S 8T 43 S5 50 (VTR Febm 10 25 R4 — e s, 76 )R
LESHFTR VPN BORA G, PN 1045 R E SR, AT THN S EORE . AT 57
{8 TJE L& PFSC 3% a, B 1% HUX 17]{0.0001,0.01,1,100,10000}, FF-7E JF S & 4 ient B, n 7
SR A, %S BN EX 7] 9{10,20,50,100,1000,10000} -

4.1.4. VR IEER

T S IRAT 26 1A B, FRATIEEL T F {H(F-score). TxvEZ (Precision). &4 (Recall). H—1k
{5 B (Normalized Mutual Information, NMI). FIi% = 4 4 (Adjusted Rand Index, ARI)ix 5 iP5
Fro XFTIX 5 MEARIIEUE R, P4 2507721 R R MR LT

4.2. SKBER

TEARTTH, FRATRF A R R LR SR, 6 3~6 2RI T 7 Mo ey, Jias PFSC 75
PLR FRATTHE A et )5 i3 FPFSC 7 4 N hrvERdE 4 | F-score. Precision. Recall. NMI £l AR iX 5 4N
FMEREFRAREE SR . ARRIRSE R TSN, FRATEAT 17 10 ML R 500, RPN FEIR R IC S A
Bl FHUER S IEPS 10 LR HFAME, 355 AEUE N R 10 RSEER 75 22, NIl R BB R
SENE. [, 267 AL T RERTT % PRFSC 53R AT757% FPRSC £ 4 R 4E LR AT I (] O 1A TR
BB, FRAIERTE A 0 B 48R N RIS AR EIE LS Rd AT T IR s .
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Table 3. The experimental results on the 3Sources database

%% 3. 1€ 3Sources #IEE _ERISLIREE R

Jiik F-score Precision Recall NMI AR
co-reg 0.4731 (0.0295)  0.5083 (0.0456)  0.4455 (0.0165)  0.4919 (0.0214) 0.3258 (0.0446)
FLMSC 0.7701 (0.0569)  0.8105 (0.0365)  0.7352 (0.0779) 0.7109 (0.0469) 0.7056 (0.0703)
MVSC 0.5038 (0.0101)  0.5839 (0.0052)  0.4433 (0.0172)  0.4330 (0.0036) 0.3255 (0.0177)
SPChest 0.5048 (0.0317)  0.5327 (0.0288)  0.4811 (0.0435)  0.4745 (0.0233) 0.3650 (0.0376)
Min-Dis 0.5057 (0.0347)  0.5362 (0.0431)  0.4807 (0.0421) 0.5259 (0.0220) 0.3666 (0.0440)
AMGL 0.4269 (0.0269)  0.4269 (0.0398)  0.4269 (0.1261) 0.2682 (0.2682) 0.1285 (0.0560)
m-PAC 0.5219 (0.0000)  0.5713 (0.0000)  0.6130 (0.0000)  0.5116 (0.0000) 0.4053 (0.0000)
PFSC 0.5548 (0.0580)  0.8689 (0.0349)  0.4407 (0.0570) 0.5395 (0.0739) 0.3690 (0.0885)
FPFSC 0.5741 (0.0567)  0.6008 (0.0605)  0.5542 (0.0695) 0.5243 (0.0556) 0.4375 (0.0794)
Table 4. The experimental results on the Caltech7 database
F< 4. 7 Caltech7 H#EE LK EER
DARES F-score Precision Recall NMI AR
co-reg 0.4784 (0.0277)  0.7544 (0.0131)  0.3507 (0.0274)  0.4116 (0.0167) 0.3101 (0.027)
FLMSC 0.4230 (0.0027)  0.7322 (0.0072)  0.2974 (0.0015)  0.4032 (0.0015) 0.2577 (0.0041)
MVSC 0.4773 (0.0237)  0.6958 (0.0194)  0.3649 (0.0343)  0.3821 (0.0012) 0.2892 (0.0124)
SPChest 0.4413 (0.0241)  0.7824(0.0318)  0.3074 (0.019) 0.4680 (0.0232) 0.2863 (0.0276)
Min-Dis 0.5233(0.0228)  0.8203 (0.0293)  0.3843 (0.0192)  0.5165 (0.0175) 0.3680 (0.028)
AMGL 0.6631 (0.0479)  0.6777 (0.0472)  0.6621 (0.1161)  0.5744 (0.0387) 0.4594 (0.0576)
m-PAC 0.6763 (0.0000)  0.6306 (0.0000)  0.7292 (0.0000)  0.5741 (0.0000) 0.4963 (0.0000)
PFSC 0.7451 (0.0064)  0.7693 (0.0235)  0.7230 (0.0128)  0.4317 (0.0109) 0.5770 (0.0081)
FPFSC 0.7570 (0.0228)  0.7457 (0.0500)  0.7710 (0.0099)  0.5288 (0.0064) 0.6096 (0.0261)
Table 5. The experimental results on the PIE database
5. £ PIE BURE ERSCINEER
WaRrS F-score Precision Recall NMI AR
co-reg 0.4435 (0.0482)  0.4374 (0.0507)  0.4498 (0.0454) 0.3879 (0.0611) 0.3034 (0.0624)
FLMSC 0.3500 (0.0011)  0.3399 (0.0012)  0.3606 (0.0018) 0.2571 (0.0029) 0.1835 (0.0014)
MVSC 0.5171 (0.0100)  0.4532 (0.0052)  0.6019 (0.0181) 0.4952 (0.0033) 0.3762 (0.0115)
SPChest 0.4669 (0.0285)  0.4622 (0.0290)  0.4717 (0.0283) 0.4261 (0.0354) 0.3336 (0.0359)
Min-Dis 0.2858 (0.0044)  0.2800 (0.0026)  0.2921 (0.0090) 0.1758 (0.0146) 0.1049 (0.0035)
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AMGL 0.5441 (0.0470)  0.4926 (0.0531)  0.6086 (0.0382)  0.5430 (0.0437) 0.4159 (0.0630)
m-PAC 0.4397 (0.0000)  0.4838 (0.0000)  0.4030 (0.0000) 0.4281 (0.0000) 0.2853 (0.0000)
PFSC 0.4118 (0.0119)  0.4788 (0.0457)  0.3634 (0.0107) 0.3798 (0.0133) 0.2414 (0.0039)
FPFSC 0.8078 (0.0203)  0.8515 (0.0081)  0.7697 (0.0396)  0.8414 (0.0091) 0.7571 (0.0281)
Table 6. The experimental results on the n-MNIST database
% 6. 7E n-MNIST HiEEE L AL AR
WaRrS F-score Precision Recall NMI AR
co-reg 0.5427 (0.0280)  0.5327 (0.0270)  0.5532 (0.0296) 0.4812 (0.0176) 0.4269 (0.0349)
FLMSC 0.4048 (0.0399)  0.2622 (0.0318)  0.9045 (0.0664) 0.2938 (0.1378) 0.1396 (0.0698)
MVSC 0.6528 (0.0034)  0.5819 (0.0033)  0.7433 (0.0036) 0.5864 (0.0045) 0.5534 (0.0044)
SPChest 0.5278 (0.0133)  0.5165 (0.0137)  0.5396 (0.0132) 0.4818 (0.0173) 0.4077 (0.0169)
Min-Dis 0.4463 (0.0077)  0.4375 (0.0054)  0.4554 (0.0105) 0.3897 (0.0090) 0.3058 (0.0087)
AMGL 0.6098 (0.0385)  0.5657 (0.0543)  0.6645 (0.0224) 0.6063 (0.0390) 0.5025 (0.0559)
m-PAC 0.5754 (0.0000)  0.5988 (0.0000)  0.5538 (0.0000) 0.5588 (0.0000) 0.4652 (0.0000)
PFSC 0.5520 (0.0375)  0.5816 (0.0433)  0.5252 (0.0326) 0.5161 (0.0337) 0.4341 (0.0464)
FPFSC 0.6759 (0.0321)  0.6959 (0.0008)  0.6591 (0.0541) 0.6593 (0.0331) 0.5923 (0.0462)
Table 7. Runtime of PFSC and FPFSC methods on four databases (Unit: Seconds)
# 7. PFSC #1 FPFSC RREIFFATE 4 MNIREH AT ITRIE (RAL: #)
K e 3Sources Caltech?7 PIE n-MNIST
PFSC 130.6382 23640.8534 276.1955 625.6171
FPFSC 23.8207 943.8113 42.6766 30.7856

4.3. SCKIREERSHT

SISk LR, TRV TR I T RS R B B R I 25 AL B MR RE R I I 181 5 2 iR, 7E 3Sources
AR FRseas, JRAVKITIELE F-score. Recall 1 AR X =AMEMFehs FISILT FLMSC 5, HAE
Precision I NMI IX P ANPEANFEAR B AK BITHIRCR, SAMERERE RS, RS, JATTEM
EE et (1 S5 86 770 PFSC R Z b TIa S [ (1548 14 81.77%). M4 3 ik 5 [skin g R LAE H,
7E Caltech7 %4 2 f1F-5 /& n-MNIST 8 I, ATk RILH T s v RE, BTG W fedrsa i T
JE 5%, IRYE R 4, 1F PIE B0 B SRse 2 b, S IEAR L, BATTVEE T W Fa br L #REUE T

LR, FEoUEM] 7 ERATI R MA bk

RCRNF LT, 35 6 VL T FATT7E FPFSC 5 777k PFSC

£ 4 DY EREEAT I A, S5 R BR AT A L IR AG T35 T b T 89.350% TSN R, IR T T

BERCR

R T, BRIEREER N 2 IO A S5 . PRI ERATT L 157558 B 3RAE R B R B # 45

DOI: 10.12677/aam.2025.146331


https://doi.org/10.12677/aam.2025.146331

FHi, R

MREE. & 1 AT 2 7R T 1E PIE Al n-MNIST BN 2 E3RAT 771 FPRSC fiTfs I [ 1A R EUE R
72 3 MAFELE N PAh o TR S SR R AR 1 AR 3 B I 7B T IO A A (] 1(a)
Bl 1(c) MKl 2(a)s 1 2(c)), TIALEL 2 07 BeRp A B 2 (] 1(b) AN 1E 2(b)). PRSI EE AL IET 2 38R T
LBP ik, H#T Gray £ Gabor FFfiE, JHHXT A LEMA B FEF R T &, LBP RHEXYEHEAR
WANTEAR BAT 5 BE I BURAE, SREORSOR IR A — BB IR, 2RISR Z — @ e R A 4
e, LBP RHIEM m i s Rt 5 42 1k B RIS B P AR AT REAEAE PR, X =AM RILF R T H
TR RBUE R HO A AR TE RGN R T A 2 IR B E AN, 5 BUR AR & 45 VA Fia b (-
340 BAF B (NMI) AT B 2 AR H(ARD) B BARRLEL 2 170 BURFEAN R AR B S, (B LB PR REATI R
FER AP X —ILGRENE T EATTVETEAFEIELE R AR RRRRE SR ISACR, IR 330 B 7 Bt #2544
1 5 B S 5 I AR R M BB A TE IEAH R R &R

(@) The 1st view (b) The 2nd view (c) The 3rd view

Figure 1. Affinity matrix K block diagram on the PIE database
1. BRIEARBIER K 7£ PIE BiEE LR RE

(@) The 1st view (b) The 2nd view (c) The 3rd view

Figure 2. Affinity matrix K block diagram on the n-MNIST database
2. BRIERBEM K 7£ n-MNIST #iEE ERI 5 E

5. &ig

ARSCEAVRM T — P AU R 2 TR R RTT%, BT PFSC AW, HATHET 7 ="kt
otk B, EOREEA AL DL B [FIE, 0 BT 2ot A RO G 1 2 BB AR A D )
A HR, B GINSRANGEREA RO R 18 RIE RECERE AR AL R ER ], R R T TR RO RE

DOI: 10.12677/aam.2025.146331 432 I3RS


https://doi.org/10.12677/aam.2025.146331

£, R

[41; fwea, QUB LA A 8E hn e A R A SR, R [T A TS R R BRI, KR 1 I8 5
o WIEAE 4 DEEEREEE BT RGEVERSEINIOUE, SEIGEIR A UEY] T IRA T VAR SE TR RE AN B
BRI HEPE (1 RS

SE

(1]

(2]
(3]

(4]
(5]
(6]
[7]
(8]

(9]

[10]

[11]
[12]
[13]
[14]
[15]

[16]

[17]

Liu, G., Lin, Z,, Yan, S., Sun, J., Yu, Y. and Ma, Y. (2013) Robust Recovery of Subspace Structures by Low-Rank
Representation. IEEE Transactions on Pattern Analysis and Machine Intelligence, 35, 171-184.
https://doi.org/10.1109/tpami.2012.88

Elhamifar, E. and Vidal, R. (2013) Sparse Subspace Clustering: Algorithm, Theory, and Applications. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 35, 2765-2781. https://doi.org/10.1109/tpami.2013.57

Lu, C., Min, H., Zhao, Z., Zhu, L., Huang, D. and Yan, S. (2012) Robust and Efficient Subspace Segmentation via Least
Squares Regression. In: Fitzgibbon, A., Lazebnik, S., Perona, P., Sato, Y. and Schmid, C., Eds., Computer Vision—
ECCV 2012, Springer, 347-360. https://doi.org/10.1007/978-3-642-33786-4_26

Lu, C., Feng, J., Lin, Z., Mei, T. and Yan, S. (2019) Subspace Clustering by Block Diagonal Representation. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 41, 487-501. https://doi.org/10.1109/tpami.2018.2794348

Zhou, P., Lu, C., Feng, J., Lin, Z. and Yan, S. (2019) Tensor Low-Rank Representation for Data Recovery and Clustering.
IEEE Transactions on Pattern Analysis and Machine Intelligence (TPAMI), 41, 1881-1894.

Gao, H., Nie, F., Li, X. and Huang, H. (2015) Multi-View Subspace Clustering. 2015 IEEE International Conference on
Computer Vision (ICCV), Santiago, 7-13 December 2015, 4238-4246. https://doi.org/10.1109/iccv.2015.482

Chen, J., Yang, S., Mao, H. and Fahy, C. (2022) Multiview Subspace Clustering Using Low-Rank Representation. IEEE
Transactions on Cybernetics, 52, 12364-12378. https://doi.org/10.1109/tcyb.2021.3087114

Guo, J., Sun, Y., Gao, J., Hu, Y. and Yin, B. (2022) Rank Consistency Induced Multiview Subspace Clustering via Low-
Rank Matrix Factorization. IEEE Transactions on Neural Networks and Learning Systems, 33, 3157-3170.
https://doi.org/10.1109/tnnls.2021.3071797

Cao, X., Zhang, C., Fu, H., Si Liu, and Hua Zhang, (2015) Diversity-Induced Multi-View Subspace Clustering. 2015
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Boston, 7-12 June 2015, 586-594.
https://doi.org/10.1109/cvpr.2015.7298657

Zhang, C., Fu, H., Liu, S., Liu, G. and Cao, X. (2015) Low-Rank Tensor Constrained Multiview Subspace Clustering.
2015 IEEE International Conference on Computer Vision (ICCV), Santiago, 7-13 December 2015, 1582-1590.
https://doi.org/10.1109/iccv.2015.185

Zhang, G., Huang, D. and Wang, C. (2023) Facilitated Low-Rank Multi-View Subspace Clustering. Knowledge-Based
Systems, 260, Article ID: 110141. https://doi.org/10.1016/j.knosys.2022.110141

Lv, J., Kang, Z., Wang, B., Ji, L. and Xu, Z. (2021) Multi-view Subspace Clustering via Partition Fusion. Information
Sciences, 560, 410-423. https://doi.org/10.1016/j.ins.2021.01.033

Kumar, A., Rai, P. and Daume, H. (2011) Co-Regularized Multi-View Spectral Clustering. Proceedings of the 14th
International Conference on Neural Information Processing Systems, Granada, 12-15 December 2011, 1413-1421.

Ng, A., Jordan, M. and Weiss, Y. (2001) On Spectral Clustering: Analysis and an Algorithm. Proceedings of the 14th
International Conference on Neural Information Processing Systems, Granada, 12-15 December 2011, 849-856.

De, S. and Virginia, R. (2005) Spectral Clustering with Two Views. Proceedings of the International Conference on
Machine Learning, Los Angeles, 15-17 December 2005, 20-27.

Nie, F., Li, J., Li, X, et al. (2016) Parameter-Free Auto-Weighted Multiple Graph Learning: A Framework for Multiview
Clustering and Semi-Supervised Classification. Proceedings of the 25th International Joint Conference on Atrtificial
Intelligence (IJCAI), New York, 9-15 July 2016, 1881-1887.

Kang, Z., Guo, Z., Huang, S., Wang, S., Chen, W., Su, Y., et al. (2019) Multiple Partitions Aligned Clustering. Proceed-
ings of the Twenty-Eighth International Joint Conference on Artificial Intelligence, Macao, 10-16 August 2019, 2701-
2707. https://doi.org/10.24963/ijcai.2019/375

DOI: 10.12677/aam.2025.146331 433 ISR e

2
b


https://doi.org/10.12677/aam.2025.146331
https://doi.org/10.1109/tpami.2012.88
https://doi.org/10.1109/tpami.2013.57
https://doi.org/10.1007/978-3-642-33786-4_26
https://doi.org/10.1109/tpami.2018.2794348
https://doi.org/10.1109/iccv.2015.482
https://doi.org/10.1109/tcyb.2021.3087114
https://doi.org/10.1109/tnnls.2021.3071797
https://doi.org/10.1109/cvpr.2015.7298657
https://doi.org/10.1109/iccv.2015.185
https://doi.org/10.1016/j.knosys.2022.110141
https://doi.org/10.1016/j.ins.2021.01.033
https://doi.org/10.24963/ijcai.2019/375

	快速的分区融合多视图子空间聚类
	摘  要
	关键词
	Fast Partition Fusion Multi-View Subspace Clustering
	Abstract
	Keywords
	1. 引言
	2. 回顾PFSC相关工作
	2.1. 符号说明
	2.2. PFSC模型

	3. 快速的分区融合多视图子空间聚类
	3.1. 我们的模型
	3.2. 模型求解

	4. 实验
	4.1. 实验设置
	4.1.1. 数据集介绍
	4.1.2. 比较的方法介绍
	4.1.3. 参数的设置
	4.1.4. 评价指标

	4.2. 实验结果
	4.3. 实验结果分析

	5. 结论
	参考文献

