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F (U")'X"+F (U")"UMF")
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s.1.85=0,51,=1,F=0,f1,=1,U=0 T/& ¢(S,F,
U") =0, HILeR s BARE F AR 0, ARSEFH S 2 1
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¢<Sk ,Fk+1 , ( U(v) )k+l )_¢(Sk+1 ’Fk+l , ( U(m )k+1 ) =
Ll;;+1
2
[EEIEES
¢(Sk ,Fk+l , ( U(n) )k+1 ) 2¢(Sk+| ,Fk+1 , ( U(u) >k+l )
T
QD(Sk,Fk,(U(v> )h) >¢(Sk+l ’Fk,(U(v) )A)
>(P<Sk+1 ,Fk+1 , ( U(v) )k)
2¢(5k+1 ’Fk+l , ( U(u) >k+1 )

HARER IR, X H T B R EUEE N A, T2
L 2 R SR — MBS

L 2 AR RLIN AT E A ek B 32 ek
TR B — AR IMELR, S8 BIER

Kl 1 /R T MAGNMF %378 ORL $(¥a4E I, A~
[FEARECT 09 B s R EUE . i & 1 AT, Bl A 4R
UEBE TN, B A eREE L2 BB s 3, I i R 3
WSk,

2
»=0

. || g _ght
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1 MAGNMF 53k 5 BT A A RIS I
AT, RIS R ) e 6 T R5 2 b 4R
PR R R 0 G — R AR 8 | 18R 518178
PAFRNRAERIE Z )5 , Pl K-means S/ 7R 2
HEIRISEE R Hi K-means B EHEERGER, 25
B EHTE MATLAB R2018b 1T,

4.1 HIE&E

S HE 4 R AR S 1A SOAR B A
13 S ERERLE

BBC . iZ 45 K U5 T BBC B8 M 0L, i 685 43¢
PFR R, B SRS B 1 4 A8 (4 ) L B8 S
AN AR

COIL20 . iZ B G 46 W 1 7 & 7 20 A1, 364
1440 3K X SE[E] J K 32x32 B E IR 35 M 3 AT
()£ BE A TREAR

Digit ; ZEHE A H 2000 sk FEEFE A (0 ~9) 4
B, ARAA 102 76 A ELM R LA 2 2 240 REW
BRI,

ORL. iZ 8l 45 4L 400 5k AR K R, B 40 D ASTA]
NBINKEE Rk, B N 10 3 B R, Bk B R il
4 AR B RFAEA A

4 MBI EEE B 2 Fion, Hid d, F#oR
5 NI BIE AR

F2 OBIRENEERE RS

EiEgan BBC COI120 Digit ORL
FEAEL 685 1440 2000 400
REH 5 20 10 40

A 4 3 6 4

d, 4659 1024 216 512
dy 4633 3304 76 59
dy 4665 3304 64 864
dy 4684 - 6 254
ds - - 240 -
dg - - 47 _

4.2 JtEbAH*E

TEHL 8 i SR IEIA T LA SO ) i Z AL A 2R
AW S RFFEWT

K HI{E R (K-means ) « 3 13 126 5 BT, B H 4
SrER AR RIS L

FEIE D 3% 525 (coregSC) UL R BAER T 8
SR LSRR, (T A A — B, AR B R 2R
Ao

A B B 43+ ( NMF ) < 3 ek 6 4 R 8 006 R
RLF TR T AR A5 B AR s [R] Y ek

BT HESUE M43 ik (19 Z2 00 £ 22K (multiview non-
negative matrix factorization, MultiNMF') 2L A
Ff1 4 NMF

FET AL IE W0 35 22 40 A 2R 2K ((graph nonnegative
matrix factorization, GMNMF ) "% 5l 3 A5 J=) & [ 1F W)
TR Z A0 F NMF SRR SR ER 25 18T 88 22 [a) Py 3
PR AR OGP

H AL 2 W & 2% 2 (auto-weighted multiple graph
learning, AMGL) "> . #5580 8 A5 %5 41 i 250, e g A 3
S A R AAUE

Z K A AL 2 P F 8 25 (self-weighted multiview
clustering, SwMC ) **' . 38 3 @it & A [ B BT 1 R ) 3
ARALLIET , SR 05 1 AE AL 1 4 3 — 1> B AT B A e X # 285
R =E TR

FEF— SO R 5 4 0 113 7 8 B 0 ( similari-
ty graph nonnegative matrix factorization, SGNMF) *!,
i3 22 IR B INAL 2 AR SR 22 > AL B LR, DR 4 3
AL P 7 PRT T DU e J 4 32 T D 3 A D s 1 £
FEFE o3 i B

4.3 EMHriERR

o Ef

KRB (ACC) PO ANE— b H.A5 B (NMT) 2%
PIRRFE bR E B RIS TR RE . FR bR gl Bk, SRk
AT 4 A ELSUBUREAE I ORL S8 42 19K R 90 F 4
) ACC FII NMI U 3 ~ 5 from , Hodr i A8 50(E A
T A, T K2R B A YR R

34 MEIRIERY ACC SiBRLE R
(=R7R BBC

COIL20 Digit ORL

K-means  38.20(6.21) 63.82(0.00) 70.20(8.31) 63.80(2.43)

NMF  45.36(5.43) 69.04(1.63) 52.39(0.06) 23.50(0.75)
MultiNMF  48.53(4.04) 71.42(3.65) 83.40(0.01) 78.64(3.25)
GMNMF  44.99(4.18) 75.30(0.00) 86.70(0.00) 55.65(1.71)
coregSC  47.01(0.00) 65.52(0.20) 75.56(5.96) 77.12(0.00)
AMGL ~ 53.96(11.05) 56.80(5.00) 74.40(8.19) 54.60(5.00)
SWMC  37.87(0.31) 68.60(1.90) 74.00(0.21) 77.10(2.60)
SCGNMF  50.73(2.36) 60.23(2.65) 72.11(0.00) 69.63(3.10)

Our method 70.77(0.00) 75.76(0.00) 85.25(0.00) 85.50(0.00)
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4 4 ADBARER NMI SR ES R

Ak BBC COIL20 Digit ORL

K-means  8.93(9.96) 77.94(0.01) 71.50(3.66) 82.33(1.25)
NMF 30.203.03 84.04(4.98) 45.22(0.00) 45.26(1.11)
MultiNMF  33.52(2.36) 76.46(0.36) 80.40(0.01) 72.40(0.00)

GMNMF  24.28(5.32) 87.50(0.00) 84.20(0.00) 75.91(0.70)

coregSC  28.63(0.00) 77.91(0.15) 74.21(3.27) 90.01(0.00)
AMGL  36.97(18.97) 76.50(3.10) 82.64(4.73) 77.40(3.40)
SwMC 4.90(2.61) 72.40(0.70) 84.82(0.57) 88.81(1.20)
SCGNMF  32.77(0.84) 63.68(0.32) 74.35(1.20) 85.89(1.10)

Our method 64.50(0.00) 89.00(0.00) 85.52(0.00) 92.94(0.00)

#5  ORL BUnSEa M 1EAR 7 HE ) S0 4 R

A ACC NMI

viewl 76.75 90.25
view2 47.25 70.42
view3 39.25 56.96

viewd 37.75 62.03

viewl +view2 81.75 90.25
viewl +view3 77.00 90. 13
viewl +viewd 81.50 88.25
view2 +view3 51.50 71.67
view2+viewd 56.00 72.73
view3 +viewd 61.00 75.77
viewl +view2 +view3 74.50 90.96
viewl +view2 +viewd 66.50 81.96
viewl +view3 +view4 81.00 91.99
view2 +view3 +viewd 67.75 83.79
viewl +view2 +view3 +viewd 85.50 92.94

4.4 ZMAVEIR

WA SRR Y MAGNMEF 83 FH At 8 Ff vt 1
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Ta5ie.
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ZHUEOL TR T T E e i A R

7€ BBC ,COIL20 il ORL Z:%#54E I, MAGNMF &
BaXf L A BB VE ROR A BRI T, FERIETE BBC %X
Pt b 6 LU HESE — 7L, MAGNMF 78 ACC E & T

PR T 16.04% , 76 NMI & 7 F 48 1731.73% , 1E
ORL g, % LLHESS — /Y 59, MAGNMF £ ACC
FER AR 18.37% 16 NMI i P45 172.93% .,

£ Digit £0H8 5 19 52 56 v, MAGNMF J7 7 ACC
FE R NHUS T8 A RS R S Rl ik 2=
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9 RA R, 32%
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4.6 SEEBRESH
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Non-negative Matrix Factorization Clustering Algorithm based
on Multi-view Adaptive Graph Regularization

LIN Hongyan', DU Yuanhua', ZHOU Nan’, TIAN Yonggiang’
(1. College of Applied Mathematics , Chengdu University of Information Technology ,Chengdu 610225, China;2. College of electronic in-
formation and electrical engineering, Chengdu University, Chengdu 610106, China; 3. Huawei Technologies Company Limited, Kunming
650011, China)

Abstract : In order to make full use of the inherent geometric structure relationship of each view data, this paper proposes
a new multi-view clustering method based on adaptive graph regular non-negative matrix factorization. In a unified frame-
work , the algorithm adaptively learns the consensus affinity matrix to extract the consensus local structure information of
multi-view data for graph embedding. The global reconstruction information of multi-view data is extracted by non-nega-
tive matrix factorization. Finally, the consensus expression of each perspective not only achieves the effect of data ex-
pression and clustering. Experiments on four real datasets show that the proposed method is superior to the multi-view
clustering method.

Keywords : multi-view learning; constraint Laplacian rank ; graph embedding ; non-negative matrix factorization ; clustering



