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Abstract  Graph-based multi-view clustering is one of the representative methods in that field.
However, existing models still have problems as following. First, most of them do not consider the
difference of clustering capacity among different views and force all views to share a common
similarity graph. Next, some models construct the similarity graph and conduct clustering in separated
steps, resulting in the constructed similarity graph is not optimal for the following clustering tasks.
Finally, although there are many models using kernel learning to deal with the nonlinear relationship
between data points, most of them calculate the self-expressive relationship in kernel space based on
global models. Such global schemes are not conducive to fully explore local nonlinear relationship, and
easy to bring about heavy computing load. Therefore, this paper proposes a late fusion multi-view
clustering model based on local multi-kernel learning. We implement information fusion at the level of
class partition space rather than similarity graph, and adopt local multi-kernel learning scheme to fully
preserve the local nonlinear relationship as well as reduce the computational load. We also propose an
alternative optimization scheme to solve the construction of similarity graph, combination of multi-
kernel and generation of class indicator matrix in a unified framework. Experiments on multiple

datasets show that the proposed method has good multi-view clustering effect.
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Z4; % Windows Server 2019, 4R 21 75 & Matlab.

ARSCIEIC 6 S Z R T2 R F A T 5L
i BEAT 928 SO B4R 3source il BBC, {5 %L
PE4£E Caltech101_7,100leaves F1 ALOI, DA K K 2%/
SCARBAESE WebKB.PEE £ 1 FiR .

Table 1 Detailed Information of Benchmark Datasets
F1 HAEHBESEEHAESE
Dataset N Vv C di dy ds di ds ds
3source 169 3 6 3560 3631 3068
BBC 685 4 5 4659 4633 4665 4684

100leaves 1600 3 100 64 64 64
Caltech101_07 1474 6 7 48 40 254 1984 512 928
ALOI 11025 4 100 77 13 64 64

WebKB 203 3 41703 230 230

MKMVC (multi-kernel multi-view clustering)™*,
MGFSC(multi-graph fusion spectral clustering)"®*.
[ B, o A v i B8 2 SC(spectral clustering) ™™ i
FHEN R —A B JF 45 SC 7E 4% F 4 1B 09 f A3 A
LR BB AT 10 K. 45 H 45 31 2 A
Ti 2.
4.2 LHERSH

A F H ACC,MNI, F-measure fil ARI % 4
MEIR AT R BBOCR VA LR 45 RNk 2~7
R SC_w (V) I SC_b(V,) 2 R ¥ SC i
FHE AR W ESCHE 4R 1Y 2% SR L 2 SRS @ AR 5
AP A5 3 5 B 2 (worst) File 45 (best) . 5
UFE 2 DS RT R R,

Table 2 Cluster Performance on 3sources Dataset

+& 2 3sources EHIEE FRIBE R

Method ACC NMI

F-measure ARI

SC_w(V3) 33.55(0.29) 6.08(0.47)  36.44(0.21) —1.05(0.34)

SC_b(V1) 34.910.00) 5.86(0.00)  36.96(0.00) —0.36(0.00)

MVCNMF 51.18(1.73)  47.04(1.89)  45.64(1.40)  29.48(1.87)

MKC 47.99(3.35)  36.30(6.50)  38.25(3.98)  20.79(4.02)

CRSC 55.43(4.08)  51.57(2.62) 48.83(3.07)  34.72(4.20)

RMSC  48.17(1.85)  40.71(2.17)  42.34(2.13)  27.97(2.82)
ASMV  33.73(0.00) 8.96(0.00)  35.28(0.00) —2.11(0.00)
AMG 67.51(3.12)  57.88(4.73)  60.10(4.78)  44.88(7.73)
MKMVC  72.17(0.00)  56.82(0.00)  59.63(0.00)  46.39(0.00)
GFSC 70.26(2.21)  59.21(2.42)  62.66(2.08)  47.20(3.96)
LMLEMC 78.11(0.00)  66.98(0.00) 70.87(0.00) 61.14(0.00)

£ 1o N V.C 73 iR B T i HEA A2,
LA BRI . d o AR ¢ P B Re I 24 £

SR G B AT 0 — A L R AT 12 D
PREGIEAT 2 2 Y s R K (x, y) =
xTy;d NEZUWMA K(x,y)=(a+x"y), Hf
a€{0,1},b € {2,407 M@ K (x,y) =
expC— [x =y [P /6d tu)  FE T e 29 8 A 0] B B K
PR ,£€{0.01,0.05,0.1,1,10,50,100}.

ARSI T 2 AN ERME 2 WK R Rk
7 X% 1 43 #r. A $6 . MKC ( multi-view K-means
clustering) ©*, MVCNMF ( multi-view clustering
via non-negative matrix factorization)®", CRSC
clustering )™, RMSC

(robust multi-view spectral clustering)"*, ASMV
[16] s

( co-regularized spectral

(adaptive structure-based multi-view clustering)

AMG (auto-weighted multiple graph-learning)™™,

Note: The top-2 results of every column are highlighted in bold.

Table 3 Cluster Performance on BBC Dataset
#=3 BBCHIEE LREE A%

Method ACC NMI F-measure ARI
SC_w(V1) 32.99(0.00) 2.09(0.00) 37.74(0.00) 0.13(0.00)
SC_b(V3) 33.87(0.00) 2.62(0.00) 38.04(0.00) 0.34(0.00)

MVCNMF 46.22(3.08) 32.58(2.93) 38.09(1.02) 11.81(2.24)

MKC 60.18(2.95) 48.22(4.72) 50.30(4.06) 34.16(6.38)

CRSC  46.66(0.59) 25.66(3.25) 46.52(2.31) 21.62(5.47)

RMSC  68.35(7.29) 53.45(3.07) 57.63(3.10) 44.93(3.55)

ASMV  33.72(0.00)  3.48(0.00) 37.81€0.00) 0.18(0.00)

AMG  50.32(10.16) 32.19(17.40) 51.10(7.80) 26.67(15.25)
MKMVC 71.87(0.00) 52.65(0.00) 69.42(0.00) 57.31(0.00)

GFSC  44.45(2.40) 29.32(1.14) 37.05(7.87) 7.79(2.21)

LMLFMC 87.88(0.00) 73.33(0.00) 81.39(0.00) 75.64(0.00)

Note: The top-2 results of every column are highlighted in bold.



1634

HEIR S AR 2020, 57(8)

Table 4 Cluster Performance on 100leaves Dataset

R 4 100leaves #iE &£ F YT LK M

Table 7 Cluster Performance on WebKB Dataset
F=7 WebKB H#ESE ER TR

Method ACC NMI F-measure ARI

Method ACC NMI F-measure ARI

SC_w(V3) 33.77(0.49) 63.58(0.25)  20.34(0.38)  19.43(0.39)
SC_b(VD) 60.50€0.56)  81.93(0.20)  48.38(0.77)  47.81(0.79)
MVCNMF 67.65(1.67)  86.53(0.74)  59.36(2.05)  58.93(2.08)
MKC 1.00€0.00) 0.00€0.00) 1.86(0.00) 0.00€0.00)
CRSC 78.07(2.41)  74.80(2.26)  72.94(1.65) 74.45(1.94)
RMSC  75.18(2.39)  90.72(0.88)  69.82(2.81)  69.51(2.85)
ASMV  79.06(0.00) 90.09(0.00)  61.48(0.00)  61.04(0.00)
AMG 70.58(2.75)  87.41(0.77)  38.48(4.74)  37.60(4.85)
MKMVC  74.67(0.00)  91.52(0.00) 71.49(0.00)  69.37(0.00)
GFSC 54.37(2.17)  49.33(1.94)  39.73(1.84)  29.19(1.47)

LMLEMC 80.44(0.00) 92.07(0.00) 75.72(0.00) 75.47(0.00)

Note: The top-2 results of every column are highlighted in bold.

Table 5 Cluster Performance on Caltech101-7 Dataset
R 5 Caltech101-7 1B & R B EE

Method ACC NMI F-measure ARI

SC_w(V1) 35.30€0.06) 22.97(0.13) 34.27(0.07) 15.34(0.09)
SC_b(V3) 55.09(0.00) 10.76(0.00) 57.10€0.00)  5.72(0.00)
MVCNMF 42.69(5.21) 42.06(2.50) 45.50(3.42) 29.39(3.73)
MKC  51.72(7.45) 46.58(5.37) 53.60(6.51) 38.18(7.06)
CRSC  40.91(2.38) 46.81(2.38) 44.52(2.06) 29.20(2.40)
RMSC  44.07(1.88) 45.47(1.63) 45.92(1.59) 30.57(1.88)
ASMV  54.75(0.00)  2.42(0.00) 55.81€0.00)  0.95(0.00)
AMG  65.41(8.92) 49.36(13.09) 61.60(6.79) 35.91(16.58)
MKMVC 63.57(0.00) 58.46(0.00) 59.31(0.00) 47.64(0.00)
GEFSC  55.18(0.39)

5.36(0.07) 55.61€0.02)  2.08(0.34))

LMLFMC 64.32(0.00) 63.13(0.00) 64.93(0.00) 51.36(0.00)

Note: The top-2 results of every column are highlighted in bold.

Table 6 Cluster Performance on ALOI Dataset
F6 ALOI #iE&E FRIRE A

Method ACC NMI F-measure ARI

SC_w(V1) 5.72(0.15) 20.41€0.19)  1.21€0.06)  0.20€0.06)
SC_b(V3) 70.53(1.24) 81.87(0.23) 56.11(0.84) 55.62(0.85)
MVCNMF  1.05(0.00) 4.07(0.00)

1.98(0.00) 0.03(0.00)

MKC 1.02(0.00)  0.00€0.00)  1.95(0.00)  0.00€0.00)
CRSC  53.41(2.13) 67.23(1.32) 51.91(1.18) 50.59(1.89)
RMSC  54.85(2.00) 73.70(0.51) 42.33(1.45) 41.71(1.48)
ASMV  49.37(0.00) 70.32(0.00) 10.05€0.00)  8.40(0.00)

AMG 51.30(1.51) 71.62(1.04) 20.50(1.72) 18.88(1.78)
MKMVC 72.31€0.00) 70.56(0.00) 55.47(0.00) 56.38(0.00)

GFSC  21.80(1.95) 61.94(1.49) 18.30(1.48) 16.87(1.52)

LMLFMC 76.51(0.00) 88.54(0.00) 70.47(0.00) 70.15(0.00)

Note: The top-2 results of every column are highlighted in bold.

SC_w(V2) 41.82(0.16)  3.76(0.51) 45.27(0.49) —1.29(0.25)

SC_b(V3) 49.11(1.78)  4.92(1.00) 46.14(1.82) —0.28(1.19)

MVCNMF 53.69(0.00)  3.83(0.00) 5

=)

.60€0.00) 1.43(0.00)
MKC 64.38(3.45) 27.05(1.66) 56.67(2.60) 30.19(2.87)

CRSC  61.48(3.01) 31.10(2.47) 5

a

.69(2.50)  32.57(3.18)
RMSC  46.85(3.97) 22.52(2.57) 45.79(2.64) 21.30(3.56)
ASMV  68.97(8.31) 25.45(11.33) 62.14(4.37) 31.99(16.42)
AMG  66.06(10.97) 26.56(19.30) 62.57(5.82) 22.07(18.34)

MKMVC 68.78(0.00) 37.74(0.00) 61.51(0.00) 35.29(0.00)
GFSC  62.46(2.13) 33.23(3.81) 57.59(3.61) 34.77(4.89)

LMLEFMC 69.46(0.00) 35.36(0.00) 62.87(4.37) 36.33(0.00)

Note: The top-2 results of every column are highlighted in bold.

IDIE £35S Ty

@ BT Caltech101-7 Zdi4E I ACC $8 45 Al
WebKB 4 4E 19 NMI 48 b5 45 5 85 U, A SCR AL
b JT A 5 A 1) AT PR AR AT o L O A B R T

@ M SC HIS5 AT, % W E R RE 22 5
W3E DL ALOL I, SC 78 V3 E A B a3,
HFE V1 19 45 5 38 AN AT L U WS Ta) 90 1] A 0
PEARALIE S 22 R BR K EATRAT A AL G HLR
FHZE LR A 7 2219 GFSC 78 ALOT |t 20 A .

@ HEFMImP K-means 2K 83 3k, 4 SC.,
AMG,GFSC %, 45 5 7y 28 K. AMG J7 i Je .1
ASMV.MKMVC FIA SCH 3 i T A 43 5 B i
K-means 2558, J7 22 JLF O 25 1 v B 98 5% B 9
K-means BT DI SR 2 M.

@ BAK R Z S I %0 MKMVC
AR SO T AE R o B Hie S RO R, U 2%
4 2] BB SR AR A O LI B 5 22 e g 2 ¢
ROAMERERHZEET TR ARG E TR R
FHETF MKMVC A1 [ A LI 5 2.

© HLLfE LT, B ] SR AT B A d AR 2 A
IR T80y 2 A I SR 2 B s, R W22 78 4 R T 24>
WP Z 18] B AN — B IR 5 T3 A1 40 7% it

2) B[] PERE S BT

BRI AR s T AN 8 fras. Hih SC_w
(SC_b) 43I sk 1 SC 533k 7 AH I B0 4 1 2R 2R 8%
B 22 () BB 32 47 10 A - i [a] .
T SC Bk A4 HE 4 L U e A o 25 35UR 1
HALE P 5 AR B, 8 o SC_w(SC_b) 44 g
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TR 2 (R AL T 5 ORI 75 7T L
®2~T7 A,
Table 8 Running Time of Each Method on All Dataset
®8 BMAEZEMAHEE LMEBTHE s

Method 3sources BBC Caltech? 100leaves ALOI WebKB

SC_w 0.29 0.97 3.89 7.03 14.96 0.19
SC_b 0.27 1.03 3.71 6.91 15.51 0.21
MVCNMF  32.78 74.31 214.30  343.52 967.30  29.36
MKC 1.59 6.32  72.13  151.37 434.70 1.43
CRSC 0.57 1.37  18.52 32.57 97.30 0.52
RMSC 0.45 8.94  48.23 66.84 134.70 0.43
ASMV 4.47 1413 16.32 21.81 67.32 5.31
AMG 0.43 15.31  18.37 20.32 65.17 0.56
MKMVC 0.61 23.41 87.41 189.32 607.30 0.77
GFSC 0.59 19.36  64.57  203.10 942.70 0.73

LMLFMC 0.64 27.93 86.82  169.79 495 0.85

AR SCREHR fe AR B 0 R 2 R A QPSM 4k T
HOR A FOzit B e W 2480 O ().
Horpon RBFEARNE  REIINE: S QPSM
N R % AR RS

MREARANBZ T 1000 B98I 4E . BT A 3 2 4R
K Matlab A4 (1) GPU iz 55281 A 8 o] 4, 3
T LB B MKMVC 8 3E FIAS SCE 3 #6311
BEK . EEZEINREERNEERT, ZE¥EIWN
R ] AR A A 4R 2 A M (B 19 B X B MKMVC 533
FASCHE P B8 47 I 8] 0] DU, B SO A R
T QPSM T [a] 5, FEiE by el & 2% AT
MKMV C, {H K R F SR 502 > 0 77 58, i LLas 47 s (]
{55 MKMVC FEA A0 Y, £ 2R KB E F It
MKMVC H X — 5 N AMG fil GFSC (#3217 i
)X L [ RE T S AR B I SR AR O () s
A AMG R &R 2 J5 %8 .1 GFSC R H &)%)
Bk &, B AMG B8 47 if ] 3% > T
GFSC.ix $e Bl % ¢ W, 4B 5 27 > N 75 % 18 09 B0 o5
B A5 B0 A AU P BT S A e L 1T D B AR s
TR A S A T B R AR AR R £ ) ALOT
ByE 4 Eame .

4.3 SEBRESHT

RICFIEAE 3 NBE (s, ) H o TEFR E
ARFEANEC R G R A TP AC10) ] BBk
i, LTS, UL 3source BHEE NH . H 1~4 BIR
T Y k=25 I, 455 bR X AS [7] 2 50 B 0 A8 A 1% .

Fig. 1 ACC w.r.t. different parameter settings

on 3sources

Bl 1 3sources Z#E 4 I AFESE B A ACC #5485

0.8
0.6
=
2 04
02
0.0
1E+3 >4
5E+3 U | > sE2
1E+4 U SE+11
2 5B+ SE40 SE+10
1E+5 ™N—p H

Fig. 2 NMI w.r.t. different parameter settings

on 3sources

Kl 2 3sources 4l & L AR S B B NMI 8 F5

F-measure

Fig. 3 F-measure w.r.t. different parameter settings
on 3sources
&l 3 3sources BHRAE LA WS B I A F-measure
Ei=E 7
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Fig. 4 ARI w.r.t. different parameter settings

on 3sources

[l 4 3sources I EARFSEOK BRAY ARI 1845

M 1~4 " LLE A SCE X TS50 A
AR, S50 b, BT A RO A e U (SE+ 8~
SE+12) Z [a] 4B GE B B4 25 R Ao 2402 i
EWRMK T AEHY A€ (1IE+3,5E+3,1E+ 4,
SE+4,1E+5) BF, R84 $iHis 42 41 g HUAS 58 47 45
R 2~7 i F RO MEBE TS AR 7E T A B 4R B
HREE N p=5E+3,A=5E+8. A SC B X T
BRI [ 2 B0k R R e 1.

WAL, 5 A SBET BL A SRR 4 A AR JE A
B R XA AR IA T AR TR A R 1T E
H AT — A I e ) BT A A SCAE IR v, X S AR
BRI £~ 25, % T R B B I b~ 17 W), #R g
PSR a5 . F 5 B R 2~7 s 453, 3sources,
BBC, WebKB | #HL £ = 25, 1F Caltech101-7h Al
100leaves FHX £ =17,7F ALOI FHL £ =19 W} $45.
ALOT $HE I 57 2 A UG BHi S 7 2 i 4B JE A~
B JE R AE T SCERC27 045 Y s e PR g ds L 4B
JEAEN %5 log (n) IEAH & L AR o 38 35 W58 SCA £k
Pt 45 o R B0 LR AE WA S A A B, B0 4 v AR AE R
FEAER BN 0 M0r & L R 1 75 22 2% 18 0 £ A 40 s A4
KA BE A KO 100 JR) S I 4Rk 45 AL R 2 AR S Y
PEREXT T 4R ST AN £ 1 BUE A LA TG Y, 2R
FE 1.

A SO — TR T AR AL T B e Rl 2
KE B3R WS ok 15+ &/ CI LR 23 é P S 1Y
B RA OZ R AR 2 A% 2] T R A 2

A JRy R s ) A 3% 38 KR 2 B A ] AL 18T 14 A AL 8]
Z 1] B RIS P R 22 S L AR SCAE 2 1 5 8 A I S U T
AN S B AR DL 1 Y 2 R BE AT (R SR B L AR SR
H— ol SR AL T 58 L o5 AL AT 9 4 Sl A 2R 6 AR
ST AR S5 AT D[R AIE AL o DT 38 S T R S ) A AR
X T REAT 55 I AR e L. SE B 45 SR AR W] A SO Y
RAEVEREIL T8 T A 2 IR R I k.
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