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Dynamic-Fusion Multi-view Projection Clustering Algorithm

JIANG Kaibin, ZHOU Shibing’, QIAN Xuezhong, GUAN Jiaojiao

School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi, Jiangsu 214122, China

Abstract: Multi-view clustering is a hot research area, which has attracted increasing attention. Most-€xisting multi-
view clustering methods usually learn the data first, and then cluster the fused unified graph.to get the-final result.
This two- step strategy of graph learning and graph clustering may lead to the randomness of clustering results.
Besides, the inevitable noise of the data itself and the large differences among views, theseiinvalid fusion methods in
high-dimensional data space may cause important information loss, and different multi-view data may be sensitive to
parameter selections. To solve the above problems, a multi-view projection clustering algorithm based on dynamic
fusion is proposed, which integrates adaptive dimensionality reduction’graph learning, self-weight fusion without
parameters and spectral clustering in the same framework. The three processes promote each other and jointly
optimize the projection matrix, similarity matrix, consensus'matrix and clustering label. The Laplacian matrix of the
best consensus matrix obtained by dynamic fusien is constrained by rank, and clustering results are obtained
directly. Moreover, heuristic super-parameters are automatically adjusted with each-optimization iteration. To solve
the joint optimization problem, an effective alternative optimization method is designed. Experimental results on
artificial datasets and real datasets show thesuperiority of the algorithm.

Key words: multi-view clustering; projection dimension reduction; graph fusion; consensus matrix

KEB I H < [F 5 A RFL A A 42 (62076110) s VL HR A FAAREF HE 4 (BK20181341)

This work was supported by the National Natural Science Foundation of China (62076110), and the Natural Science Foundation of
Jiangsu Province (BK20181341).

RS 1497:2021-09-08 A&l [119]:2021-10-25



1148 Journal of Frontiers of Computer Science and Technology i+ ENBZEESHEER

2023, 17(5)

REEYL =T b — A E R, 57 k)
B R R 45 . fEVF 2 B A B R
B8 108 = A TR] A R AR Y o il £ 5 T L
MZ ARG ARAT , FR AT DL 24 RRAE S R AT 14
o A X LEERAR D 2 L L EE . DR O AN TR AL 1
i DU PR [ R L A, A7 A AN TR B SE Tt e, 2 52
PRI ET B BRI T vk TGk 8 o S R 2 R IR SR S A5 F Y
ST DA b e A RS A AN A £ B B T 2
LI R TT I IR A AT o

1 B MK T AT R A B 1 LA SRR
Xt AN WL T K HE AT SR, W] REAS 23 3R AT LE Sk A
FHEAS WL P B A2 G0 5 3k AP B PERE o fiid &5+ 4F
T, VR 2 5 BB AN R W 1 20 1 A B A 1 S it 22 R
P JRRFIE R KRBT 23y 2 AL D[R] )1 2R 5
BN SN 2 REFLY BT R Z R RIEH
IEY T 1A (A SR R RILS,

TEIXSET7 3k 2R T 22 A IR SR 26T DLAEAE
TR B B B b 3R I IF M 815 B 2 e dm 0 A
I, 22 40 1RT 35 5 25 B B 4 b R R 22 WL IR R 9 R 46
PRSI, S e R WAL T HAL Z R KTk . X
BR[2DF S T — Bl FH AR AR K e/ MEAS R A 2
] A — ZOF 0 242 IXEEAT IE AL B T7 v o (H X
b 7 1 AN BE X0 AN [ A0 P ) ] A 2 i e 7
ZHME BT T o T XA R T R4 2R
A RZ I, SCHR (642 i 1 I8 N IAS B 22 JL 14 335 3R 2%
Jrik o SCHR[TIE H— Rl A Z AR s g o] — A B
i L 45 FA) 1) — BRI DU B, 85 247 Bl SRR 1 2
IR TE R L o O 1 kG A A4 R 220 BRAT Ok Y
ANH RE P, SCHR (8141 ) — i 5 T AR 00 AR K 20 it O A
st 42 JR AL PR AR R 20 R 2 L IR SR 0E . BR R
T BN e TARAERE th i G, O T 4k
e Y B, SCHR[914% T PR JE S BUIMAL L5 3R
JT7 ik, ] [ HEAT 4 R 1] o > RN R 4

R PR X BB AE AN TR Y 3 5 R U T B 4
HEABAAAE LN RS . (1) IRV 2 TAERR S e
JEL G BCHE 1, T 2 T AR S B S R TTAR
FE o AR RS AR T R AL 5 AF, M e
B 2 AE B B R LR YRR T L (2) A T7
V5 AR TS 3 — A~ JL TR SRS A i 1 Y 14
AT AT 55, 3 Fof 94 25 1) 20 88 SRS ] R 2 3 il R
FBE R UL - (3) 38 5 51 A BRI Y 2 Ok figg D
A T W P A ASE R v = A R L, ] S RO B O

AR AR

TR AR R R AR SCER T — AP s S RS
1) 2 W &
projection clustering algorithm , DFMPC) , ¥ H i v/ [
A2 TS A RCE KRl RS R BB AT
[ —HE 42, B G DAk B 52 A0 B AR ABL M A B L 2R
FERE DL SR R 2 . HARSR UL, B S0 0 i A R 4%
SR YE 25 ), @ or A FEALE AL, TR
A A 1 5 A [A] A IE 2 SR 2R i X — R ik, TR
Fl A Ao A b o U [ S A AR AL B A B X S5 —
B, B ghaE 2] & L AL EE I 015 3] %) 2R B Y
P8P AR RN B 2R, R R B R . 5
DEGGIPNTE: N R GRSy NP N &
AW R e A S H s BB B R AR A 3 %
AN AR SCIR T T — Pl 28000 28 3 12 AR 07 1 o oK fi
HRA A R, 7R N T 4R 0 L S A 4 115 3
1) ST e 485 SR SR I R TR L

5 B A 1k (dynamic-fusion multi-view

1 MR IAE

KENG T ZMERETENEARFGFSE X,
FF et 1 1% 5 2 40 B RSP HAIE
L1 fF95% X

TESL—AHA m DE 0 DA Z 00 E L
PAE R X =[X' X2, X e R Horh d fRF455 o 4
WP B4R . 3T AR XY R, xf A ! 4
FORFEIESS (4756 j AT R AR Al . HEFE X
1) Frobenius 1 54 . 31 F1 4% & 790l 7R X, tr(X)
X" a2 W EON Il BEAM, T FOR R
PIFFE RN TTRA R 1 A,
1.2 SRR

GBS EA m AE 0 DA R Z AL
PRBEAX N Elwlxh, a0 BREBEFFR AR
53 o RINA] — 2 E5H AR AR B K, T[] 28 d i A
PR, 2 E R LR X el
ARLHE S H5e  FH ) R e Bpadle B 16T o AN R S 40  [)

%ﬁwﬁﬁﬁ%%%&@ﬁ%mmpufﬁq%
g

7, Hefla S A IO N BB # BT 5
(R 415, D0 7/ S0 M 1 4 , A DLEE o 25 4
BRRBUAS s B2 MLy 0. SCHRT10J B9 %
L 7 X 7 SR (L ELA 5 B BT —
P BT 7 R H M R . LR T



LYW F: HTHENSNERYREEE

1149

m n n 5
mg;nz ZHle —x;Hs; +ﬁ2”-‘i”z
2 w=1\j=1 i=1

(1)

Lot (S = st} A A BLFEL 9 41 )
RERE AR, B S It R TE T 0T , 8 6o 51 L

v=1i=1

fife, o g RIS E, H—1k 1's) = 1 #H25 FAH A
JEHRE S bR B 29 9, DR AIE T O ) Al R 1 E
B 22 A0 1 5 2H T ik 3 o %o A 380 19 AR B i o
TTAb3E, 159 8 — 8RR Y LU I A S8 5 il i s R
KRNI A, A= (2) s

mintr(F' LF), s..F'F=1 (2)
Horpr R B A BRI P A RE Lo LR L=
D—(A"+A)2 FEFEFE D 2R A B AR, IF B
B M AITERER N d, =Y (¢, +a)2 . Fe

\

R JE ISR B A9 1R AR, e J2 R0 BH o
TR A e DI R B 1Y ¢ A HFAE )
P B ER A E FE RO A, RIS RS 25 A R st i
F 2 ) RHR A 45 R vl T i o i AR AT K B (E
ol e A

2 kBN
ABETE bSO SRR b AR T AR SO 1
RERY 25 o T R O AR il Bk o
2.1 EhARA I 2 M BUE R RILIE
W 2 ] 2 3 1 8 A O Ak B b
A SCTERT AR (1) BOFERE b W IR BE X7 %
5 B e+ 25 (8], N H AT S AT B8 /2D 14 W 75 RN T A% 1)
B2 123 ] e ST ARRLE AR B . HOXh 17 A9 MR 2 1 2%
(] () 0 2 2 A H s an =X (3) Fris
gyi{ZKWTﬂ—Mﬂ%m%ﬁBZMm]

v=1\ij=1

(3)
s.LYp,s;=0,50=0,1"s) = 1L,(W")' X"(X")' W' =1

Hopr, W e R ARSI, d, AR LAE T2
FIBPRSAEAR A, (') A A0~ A A
R, BRI ERESH, BYN s N L
Usi=1RH—4b8, W)"X"(X")'W" M IE 5 29 5N
T O R P (2 5 2% 2 L (58 T R0
AR B T AACIE RS

4 W12 30 % 1 A L 0 4 0L

RS BB, LRy T sk G AR5 A BT A 52
M, 1 A P P T e A 08 R 7 22 A P g e it
SEREA R | A S o 7 A ] R P A A OR
fi i B 2 B R R IF U AR 4E 1 s ] rp g 2R
FEFE A R LORE A AR AR RS S — 80055 . fE k%
filt b, AACE ElS PLH A= (4) s -

m

min Y a,||A - S'|[}
v=1

s.t.Vi,ai]. =0, lTal. =1

Ho  AE o, AFAS I IE ) 522, 7T LR F R 9]
PEES AT MR B E o, , ARSI

av=+ (5)

2 IIA- Sz

VLA 20 285 il A5 30 A TR [ A DR BE B3R
HRARBER O TFEGINRIL IR, h ok
[131RT 0, A (SRR B L, I RR AR O 1 B4 -
ST AE R O TS ARG 15 5] R
S I ) B8 R B SRR 1 e K B rank(Ly)=n—c ,
o B IL R A A T 7 7 T A B i Bk 2 R
il AKEIFAR PO . BT L, KT B A
JEH rank(L,)=n-c WIZAELMR, HiEGI AL R
S AL ) X ISR % . AR Ky Fan’s g #119, 1)
LIt 5 (6) :

iai(LA) = min ltr(FTLAF) (6)
Hr, o(L,) FR L, 55 i/NAORREE , RS, L, AT
NSRRI 0, B Yoy =0 . (84 L, 198

n—c  SEIIE A 3560 S REROS T 8 B 1S
FIRKLAE

Bt @) 3 (4) 3 (6) B FI B A
FEZIIGERS Z S SRR PRI SRy 1
in D3I % - %l B3 Y +

v=1ij=1

(4)

iaﬂHA =S|I} +2A w(F L, F)
o=l (7)
s.t.Vv,s;,=0,5:=0, 1"st=1,
a;z0,1'a*1.F'F=1
W' X'(X'w'=1
JE ek 3k 7 2, AT DL TR IHUT S 4 A B A
W LR [ B BRI R AR B, TR — AL
HEZE T IRA 2% 2T F BT L AR BT il M 3R e b
2 BRSRUE, W XI(X))'W K IE 32 29 50 T HE




1150 Journal of Frontiers of Computer Science and Technology i+ ENBZEESHEER

2023, 17(5)

S W AT I A 2 1) 2 T S S Tl 400 ] 14 4 AR
Bl S 2 T A B0 IR TEIRA SR . s
AR IR A A sh )4 S R AL , 242
FIAY A SR (5] 5 25 B AR AR AR B S o TR R Y
PR B L, AR 2 R IE T R U
HP A 38 0 )N B (R T T RS ¢ ), ELIEIRAG R
etk
2.2 BOMEiE
221 [EW'. A, F L S
ST A AR AR R P | 24w LAl T ST, A
AT 493 s A AR 2 B O A X T ARG AR

manH
s.t.Yo,s! = O,Sij =0, lTs;’ =1
fA R UL, 2 X g, i — I HAHER o

)'w = (W) w5 + Bl
(8)

Rg,= (W) —(W“)ij‘f||§ X (8) ] AL T K
.1 8 ’
Intlnz s, +ﬁ (9)
Ha (9% @JE* PRVEICIR B A B H PR
L(s!,m,&)=~||s! +E —n(l's! = )= &s! (10)
Hrp, o f1 & 2tk El e ¥ . MR ¥PE KKT (Karush-
Kuhn-Tucker) 254", 3K fif 45 2] X (10) H w7 i AL A0 2L

JEFEFE S" B ERALHE N -

Sij.:(_igm) (11)

SR, o T kA AL A b B AR DL BE R I, 254
CAbIC I, A 2T USE AL -

mlnzH
s.t.Vo,s;,=0,s; =0,1"s/=1

[ B, 2 HEOR A 2K (8) i J7 & SRk A X (12) , AT
BRI LB AR RS S B B A A -

Pﬂi

2 2 112
Fal = (W) x| + Bl + e llu, = 113

(12)

/—J_x \

8
—71 toa, +Bn

Sij: 0{1—+B (13)

222 [ES. A. F  AREW:
Fpi A TE ST, 5 F W AR ALAT LA AE R
min (W)~ (W) 5"
1 L]Z:lll( ) x, —(W') x| ™
sLW)' X'(X)Y' W' =1

SN R W B — 1AL 1, R (14)
AT R — A
{mi,ntr((W’*)TX"L:(X’)TW”)
' (15)
s.LW)' X' (X

Hov, L=D!- 8" FEFEFE DL AR ST A X e R,
W' EAL R (XX XLIXY B e DR/ EE
FEAEARXS R 9 o A FRAE ] 275 5]
223 [EES. W' F itk A

T HATE ORI, K F A Pk IR

U)TWL' — I

min D’ Y« |4 = S'|[} +24 tw(F" L, F)
v=1lij=1 (16)

s.tYia;=01a,=1
T, SCRR[16] P 4 B A Rk AR 12

fifi ASERFHHL . & X v, J=—A 1 IF HAHE A
TCR v, =, ~fl; » A B TR -
Zaysf—%
a=——— 1
. 20‘” (17)

224 [EES. W'. ARKEF

T A TC I, 56T F ARAC AT LU

mintr(F'L,F), st.F'F=1 (18)

F (1) B AUl ik X L, R4 T RRAEAE 2 i, 2R ¢
A e/ NAEZFFEFAE T B ¢ SRR a5 51
225 fitka,. B. A

X FAE R o, BB, ()T E 245,
BT AR S JESIER S B A E T RE
OB TEG5 K ARMESHE | Pt A SC LR & =2 T vk
HEAT SR A RESE T G R S R R AN A 1k L fiE
D O RRRCIR 2, # 5 J2, HL AT DAAS 3 58 47 (M fig
T8 B, 1EA I i 4 1918 O B AR =l (13)
&g g IWNEI KA, R s, Ak JEF
T, AT LIS E] s, >0 Fil s, 120 o WA, 02X (13)
R 1's =1 IEM A A TR EIEA EAER
BB AR Bs,, % B 0 R Rk, B AT iR

kgi.k+1_2gih

B=ry— =

M A BRI LRAEBE R 1 Z 8 e B Rk A s
o ARG R T A By 8 A3 B0 T R 4R
o I A SR AS s Rz, A b —2F

_ka1:ai.l.~+] _a1: ( 19)



LYW F: HTHENSNERYREEE

1151

2.3 WAL % BE 5 B

A B AR MBI 1R RN
o, BT 4 ) DEMPC 33035 (%) B (8] 52 2% B 32 28 =3
G328 AR EIAG 3 | PRIl R SR I o X g 1 &2 2
BE 535N O(mnd + 4nd® +d°) . O’ +mn) LL X O(cn’)
o m ARFAEEL, d ICRFFIEEL, UK R IEL.
F n>m It H n>c , DFMPC & 3 1) I 8] &5 2% )5 7T
PIFIR N O(4nd® +d’ + 1) .

¥k 1 DFMPC

A BA m A E 2B (X)L, REA
e Mtnig kXBSEA .

R Ae R R ASLER

LAk 3mSRt fe s° AL IR L W
Wt a,=1/m , A=a,S" VIS F

2. HE AT

3. R (13)3k401k S

4. A (15) kAL W

5.l (5) KA o,

6. itz (17) KAk A

7.l (18) Ktk F

8. LB F vk R B

9. IR MUHA KE 0 ¢ A% 3 4 i 1 LU R A SR 2

3 SRR

ARSCHE 2 N T 4 8 1~ MG R SCRY L0 8K
AR FaEAT T S8, MRS H AT A B L S Rk
AT FUR , Bl A SCHR HH ) DFMPC 53 i O 1 o
3.0 A THOR ey

AT B 2H A T 303 42 RandomGaussian £
£E F TwoMoon £ 4fs 8 047 52 46, Horp W4 N T 85 4in
ENFWT

(1)RandomGaussian £H54E : WL #R bt o)
5K (0, 1) F1 (= 1, 0) Y 24 i 0T 0 AR B AL A, B4
et 100 HEA At ) 0L

(2) TwoMoon % 45 4 - P9 A~ #4051 43 1) 38 2 5 fin
0.12% 1) P AL e 307 e 75 8 sy H i T AR A i, A2
A 100 MEA £,

H1 T DT 2 (] R A, A8 SCH 7R DFEMPC 7R 451
NTEPEE LR ME N RESRE, K1RRT
RandomGaussian % #i& 4 #1 TwoMoon £ ¥5 £ 19 5 —
AL R RS AR . B 1(0) BEIR H AN [R) A0 40 46 1
AL P4 1 8], AT DL B WA R R A iE .
1 (o) Jr s A [a) 0 a2 AR 2 20 I B AARURE 5 A
Bl Al LLE Y — S W RS 0% A AL RE 20 2% 4 N B, i

6 1Y
o
2 .‘ :é
N~ 0} )
it
| b
—4 " .
_6 I
-10 -5 0 5
X
1.0+ (TN :"
. s.:;,:a g
0.5 L/ L)
) g.?' AT .
>~ | e ':‘c o f'. 0 ..' : [XN
or | g “ow
-0.5 ol .-:;cf'
¢ "',.\'::\:f': 'q:‘
B S
X
(2) JLaAREA (b) BRI RE R A 3 ]
(a) Original data (b) Constructed graph with

initialized similarity matrix

1 DFMPC

(c) %> BRI E R A 35 1R (d) FLPE R &
(c) Constructed graph with (d) Constructed graph with

learned similarity matrix consensus matrix

Fig.1 Clustering results of DFMPC on artificial datasets



1152

Journal of Frontiers of Computer Science and Technology i+ ENBZEESHEER

2023, 17(5)

— AT {F By AH AL BE 1 SR i X R WA ) 15 2
SRR W T DA R4 A AR BE B (B S 28 R
BFIFAR e e B 1(d) R AR R A B 42 )
B MU PR 3 18T o P T AS SCBRDEE T AR IS [A)
PR PET 18 B AN L, A [ A 1 v xE LA B 1 AT
SR O 43 5 A4S 31 5 42 40 2 i T 2

ek P R, AN [ R P R AL R B R 1 AR A 3]
1) HEURE B4 0% 2 2 AT DUAH BN | 48t 42 i B i —
ol 20y 25 il 0 18 SR BRSNS B — A P B
JI% 2 R A b ) SRR R
3.2 FUSCHAR AR

T A TE A DFMPC 575 X AN [] 4 22 90 151 4L
I S A A PEFNA M AR R 1 R 1y 8 A HL 5K
Bl b, 5 7RI BE AT TSR AL

8 /1~ 22 AL 11 B 4 4 43 il 2 ok T SCHR [6] 1Y
Caltech101-7.Caltech101-20, 3£ J5 T Clément Grimal
(http://lig-membres.imag.fr/grimal/data.html) i) News-
groups (NGs) DA J & i T 3C ik [8] i BBCSport
3sources . UCI \MSRCv1 #1ORL.

FH T ey 7 F 22 40 181 3% 2R 2 30k 4 i) 2
SC best ., Co-reg (co-regularized ) ® . SWMC ( self-weighted

multiview clustering)™, SWMPC (self-weighted multi-

view projected clustering)” \ MCLES (multi-view clus-
tering in latent embedding space) ™, MSC_IAS (multi-
view subspace clustering with intactness-aware simi-
larity ) " Fl GFSC (multi- graph fusion for multi- view
spectral clustering )", H:H SC_best J7 15 J& 8 A8 SCH
U5 K B ik 3R 2 TR VA A 2 A0 R BSO8R 2 1) B B
Bl E AT, 2R 5 S B A L 25 5

XF LY J5 1 2 B A1 T 4 18 SC A B0 AT A
LA RS R . FESRE T RO EE O 20 s
ITa R P E PR E2E o SR T 4508 H B IF o
T8 Fr , Bl ¥ B0 B (accuracy, ACC) . IH — 1k H. 15 B
(normalized mutual information, NMI ) | JJf %% % fifi 1 %
(adjusted Rand index, ARI) 140 i (purity, PUR) o X
Tk SO (R = R RS RE A, K22 RS
5 T 8 A ELI KR AL A TR A RIS R AR AR
I AEVERE , Hoth—0—0 s Y Ads i 22 JE 0 H2
T 0,

TEHELEIFOU T, 2 T AL IR L LK 1 SC_best J5 1%
P — s 2 A B 2k Ty VA R AT, X SRR R 2 AL K 4L
AR T ERIF MR REH AR, HILZT, A
SCHE B DFMPC 7 vk R B EAr PR . X 2L
&K DEMPC R T i & B & Al A AU g, 27

1
Table 1 Introduction of datasets
A Caltech101-7 3sources NGs MSRCv1 BBCSport ORL Caltech101-20 UcCI
1 Gabor(48) Guardian(3 560) M1(2 000) CM(24) Segl(3 183) GIST(512) Gabor(48) PC(216)
2 WM(40) Reuters(3 631)  M2(2 000) HOG(576) Seg2(3203) LBP(59) WM(40) FC(76)
3 CENTR(254) BBC(3 068) M3(2 000) GIST(512) HOG(864) CENTR(254)  K-LC(64)
4 HOG(1 984) LBP(256) CENTR(254) / 'HOG(1 984) MORPH(6)
5 GIST(512) CENTR(254) GIST(512) PA(240)
6 LBP(928) LBP(928) ZM(47)
FEARKL 1474 169 500 210 544 400 2 386 2 000
B 7 6 5 7 5 40 20 10
2 ACC
Table 2 ACC of different algorithms on datasets %
Dataset SC_best Co-reg SwMC SwMPC MSC_IAS MCLES GFSC DFMPC
Caltech101-7 45.54+1.09 44.64+3:61 67.98+0.00 61.51+0.00 44.59+3.08 63.914+2.54 55.2442.66 69.95+0.00
3sources 66.01+0.30 57.98+5.65 69:10+0.00 65.80+0.00 55.95+5.92 63.31+2.33 50.30+3.11 77.51+0.00
NGs 75.66+0.15 21.60+1.79 97.40+0.00 96.41+0.00 77.49+5.09 94.80+1.89 35.91+8.31 98.40+0.00
MSRCvl1 67.45+1.24 72.194+4.63 74.67+0.00 74.07+0.00 68.45+1.00 70.00+2.53 70.0745.24 86.67+0.00
BBCSport 57.54+0.00 38.97+2.02 62.50+0.00 77.68+0.00 61.06+6.06 80.13+4.13 55.07+£2.91 81.25+0.00
ORL 65.75+1.99 74.57+0.17 81.75+0.00 78.70-:0.00 83.59+£2.17 78.25+1.51 60.61+4.06 83.75+0.00
Caltech101-20  24.89+0.46 39.31+2.97 60.81+0.00 52.51+0.00 41.70+2.63 58.24+3.52 48.23+4.12 67.85+0.00
UCI 75.78+1.96 20.174+3.22 81.85+0.00 83.56+0.00 75.5243.17 81.63+£2.77 83.75+6.34 85.55+0.00
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3 NMI
Table 3 NMI of different algorithms on datasets %
Dataset SC best Co-reg SwMC SwMPC MSC IAS MCLES GFSC DFMPC
Caltech101-7 17.11+£0.31 45.73+1.77 57.78+0.00 53.38+0.00 22.63+2.25 54.66+4.27 48.28+2.95 65.74+0.00
3sources 56.10+0.61 51.59+1.43 62.98+0.00 65.21£0.00 43.62+3.96 58.90£8.12 40.06+2.52 69.24+0.00
NGs 57.93+0.21 36.13+1.57 91.47+0.00 90.60+0.00 55.06£5.11 84.19+1.62 20.96+9.48 94.61+0.00
MSRCv1 56.33+0.46 66.73+2.74 71.69+0.00 68.22+0.00 67.69+0.69 60.76+3.26 60.62+3.60 77.36+0.00
BBCSport 48.08+0.00 14.074+0.55 61.22+0.00 66.38+0.00 45.35+5.10 76.62+5.32 30.52+3.16 75.954+0.00
ORL 82.34+0.71 89.36+0.74 90.59+0.00 89.35+0.00 93.82+0.77 87.53+2.10 79.43+1.93 93.88+0.00
Caltech101-20  27.76+0.51 56.27+1.31 60.40+0.00 58.09+0.00 45.44+6.33 46.86+2.43 56.51+4.24 64.45+0.00
UCI 79.00+1.40 32.9542.73 86.70+0.00 80.31+0.00 53.61+2.21 76.63+3.86 83.2242.84 91.03+0.00
4 ARI
Table 4 ARI of different algorithms on datasets %
Dataset SC best Co-reg SwMC SwMPC MSC IAS MCLES GFSC DFMPC
Caltech101-7 13.29+0.65 29.94+2.43 55.82+0.00 48.76+0.00 —0—0 48.62+3.81 35.12+3.30 59.01+0.00
3sources 53.21£0.56 34.7943.12 64.33+0.00 51.06+0.00 33.674+6.25 36.64+4.28 15.83+4.73 57.124+0.00
NGs 54.92+0.22 —0—0 93.56+0.00 92.61+0.00 54.924+6.26 87.45+2.14 12.44+8.07 96.04+0.00
MSRCv1 46.53+0.52 54.78+7.18 63.89+0.00 59.79+0.00 54.104+0.81 52.45+3.53 50.46+5.05 71.88+0.00
BBCSport 39.99+0.00 12.56+1.03 52.09+0.00 63.64+0.00 38.58+6.33 66.27+3.51 21.64+5.88 68.08+0.00
ORL 53.08+1.98 71.3943.51 74.96+0.00 71.56+0.00 80.62+1.64 69.49+2.52 46.95+4.69 76.32+0.00
Caltech101-20 9.18+0.38 29.16+3.07 51.70+0.00 42.68+0.00 20.76+5.52 38.54+2.78 28.1146.69 41.10+0.00
UCI 68.04+2.19 26.35+2.73 79.60+0.00 78.66+0.00 50.4442.83 74.81+3.68 77.45+5.72 83.61+0.00
5 PUR
Table 5 PUR of different algorithms on datasets %
Dataset SC best Co-reg SwMC SwMPC MSC IAS MCLES GFSC DFMPC
Caltech101-7 63.59+0.31 50.27£1.73 88.43+0.00 69.03+0.00 71.18+3.12 87.72+1.34 65.43+2.55 88.81+0.00
3sources 73.73+0.30 66.86+5.24 74.21+0.00 73.284+0.00 61.48+5.79 71.01+2.85 67.22+5.33 81.07+0.00
NGs 75.66%0.15 96.00+0.08 97.40+0.00 97.33+0.00 78.64+4.39 94.80+1.21 88.20+6.42, 98.40+0.00
MSRCv1 67.57+1.27 75.08+3.85 78.48+0.00 77.21+0.00 75.45+0.96 71.43+1.43 72.79+3.66 86.67+0.00
BBCSport 65.07+0.02 47.79+£2.96 69.85+0.00 80.15+0.00 70.524+4.81 85.33+1.54 76.30+3.36 84.92+0.00
ORL 68.77+1.57 82.52+1.66 85.25+0.00 83.05+0.00 89.51+0.78 80.75%1.33 77.09+2.29 86.75+0.00
Caltech101-20  55.89+1.08 45.34+1.78 75.5240.00 59.47+0.00 49.72+2.04 70.3842.10 62.78+3.22 76.28+0.00
ucClI 79.15+1.96 87.49+1.01 85.65+0.00 85.48+0.00 78.72+3.29 84.38+1.87 83.10+3.01 88.05+0.00
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