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Similar Manifold Learning Based on Selective Cluster Ensemble for Image Clustering

LUO Xiao-Hui, LI Fan-Zhang, ZHANG Li, GAO Jia-Jun

(School of Computer Science and Technology, Soochow University, Suzhou 215006, China)

Abstract: Manifold learning is one of the most important research directions nowadays. The performance of manifold learning methods
is affected by the choice of reduced dimension. When the reduced dimension is the intrinsic dimension, it is easily to handle the original
data. However, intrinsic dimension estimation is still a challenge of manifold learning. In this study, a novel unsupervised method is
proposed, called similar manifold learning based on selective cluster ensemble (SML-SCE), which avoids the estimation of intrinsic
dimension and achieves a promising performance. SML-SCE generates representative anchors with modified balanced K-means based
hierarchical K-means (MBKHK) to construct similarity matrix efficiently. Moreover, multiple similar low-dimensional embeddings in
different dimensions are obtained, which are the different presentations of original data. The diversity of these similar low-dimensional
embeddings is benefit to the ensemble learning. Therefore, selective cluster ensemble method is taken advantage of as the combination
rule. For the clustering results obtained by K-means in similar low-dimensional embeddings, the normalized mutual information (NMI) is

* FEE T [H K E LW & T RI(2018YFA070170, 2018YFA0701701); [ 5% [ AR Rl 27 3 4 (61672364)
Foundation item: National Key Research and Development Program of China (2018YFA070170, 2018YFA0701701); National
Natural Science Foundation of China (61672364)
ARG SLA TN BOAIL A 2 ) TR RS A e B R O R . RO . ORI
AR B 1) : 2019-05-29; & ISR [): 2019-08-01; K FH I [1]: 2019-09-20; jos 7E £k i it [1]: 2020-01-10
CNKI P24 % Hi i 2020-01-14 09:53:19, http://kns.cnki.net/kcms/detail/11.2560. TP.20200114.0953.007.html

© TEBREEEEIEDT  htp/ www. jos. org. cn



992 Journal of Software #+% 4% Vol.31, No.4, April 2020

calculated between clusterings as weight. Finally, the low weight clusterings is discarded and a selective vote scheme is adopted based on
weight to obtain the final clustering. Extensive experiments on several data sets demonstrate the validity of the proposed method.
Key words: similar manifold learning; manifold learning; ensemble learning; dimensionality reduction

RO B KR TU A R B A B 43 RE I 3 0 o S50y 48, B 2 70 2 o P i g ) R 5 4
B 49 Fa7 K vt 2 0 1 B 80 24 23 ) o NN AT DA R 25 B 0 AR R, T LR /b T SRR T, 4 4 1R A
BRAO BlRisimM, BLas e S BO AT g 15 5 AR .

PR SV — P 0010 4 J5 240 147 5 96 S0 4 SR R T 2 5143 BT 8 J8 Y 22 0 LBV AR T Hh R B 2%
PR A W5t (isometric feature mapping, i 7K ISOMAP)®L. J& #52k 1 #% A (local linear embedding, f&ii Fx LLE)®!. #i
e 437 4745 4F B S (Laplacian eigenmaps, fiF% LE), 536 45 3 4% % (locality preserving projection, f&i#x LPP)!Y,
(1] ) (spectral regression, & #k SR)M. JE I 8 KA & kA (unsupervised large graph embedding, f#i#x ULGE)!

T 2 STABBE R U B8 A7 78 4N o 2 2 T (10005 24 7 70 144, 3 L U 4 97 T 4 3 R g A A 4 7 150 0F 9 B,
240 15 48 5 1) 3 P 2 U R IR 27 ) 7 P M VR RE M A T 4 R T ANIE4E FE I 13 B MR 4 B B & il 2 10T R
5 L R G /N T ASAE 4 B I, 2 A S PR AR 4 25 1] S R R T A L N AR R R R i 4R
o A U (R A AR 24 52 75 e 2 O R AR 2 U 11 PR 8 45 ) A T 8 0 00 [ A A 4 8 1 TR

9T AR 2 FE TR Y 2 2 T VE RS AR SR tH T — ARG I B AR B Y 2 5T v R TR R R R AR
B A BT 2 > (similar manifold learning based on selective cluster ensemble, fii /X SML-SCE)%.i%:.SML-SCE
K 5 2 A0 W T AR ) 4 41K ¢ 2 T R A 22 S AR ABL IR TR AR AR 4 i N 10 22 B ik B R T 4 2 T TOL A i
7E SML-SCE Hh 3% I 3 T B0 (1 308 £ 58 28 4 7 iU AR MR R T T N HO BB 2K 45 SR AT R & 8 SE R A K-
means J5 1A X L AR LRI 4R R N EAT SR MG B T R B R R H TR B2 E 13— EAF B (normalized
nutual information, fii Rk NMIEE Ay B AL B (AR AE. 5% S5, & FE A E5 AR 10 T B8 28, SR I 366 T L 3 Iy e 0 4%
BT FRFAB AN R AL R m X 2 AN W 4E T ALY kA, SML-SCE 38 4 T X AR AE 4t B (1) 4k 1T,
[ s 4 e 15 B4R Tt

BEAM AR SR BE T — FloB il i A 7 i —— 03k 1 2 K K-means(modified balanced k-means based
hierarchical K-means, & # MBKHK)77i%,MBKHK 7 il T JZ X I fiif K-means(balanced K-means based hierarchical
K-means, A Fk BIKHK)M1 75 i 2R Al i AN BO0b 7 2 108 K v 3 (10 5 2, e HH L AT AR T 1 el a5

ARSI SR S T

(1) 42t MBKHK 77 MBKHK A A= i 2 A AR [ 8 A, I HOG B A 200 A B )

(2) #2i SML-SCE $1i%.SML-SCE i it 5 3R A i 7 VK A [F) 48 52 T AR MR BT ik N O ZR 2K 45 2R
HEAT BB 8 b T K A AE 2 B At

AL 1 AT AAH S TAE, BRI TE I L. G MY 22 2] 50, A G800 W TR AE Wit 30 56 2
T VEAN A 44 SML-SCE B3 A 4548 S 2L i 75 1 MBKHK . IRZE RN 2% 31 75 1 UL AR BUR T 45 & S mg 58 3 1 4e
t SML-SCE H At 3 HE 77V O S B 25 2R 58 4 1yt AT B 45 Al e

1 HXIE

1.1 HBEGRRES

TEA AR TE 5 2] /0, B S 48 AR LU e X

EX 1(HBRURFS). B M AN Z A G R IE EMoROA g:N—RY g A7 7] 5 61 RN i 55, 25 % T 7o 4
BEAAE X={x1,%,,.... X} x € R, T HU 45 4% 1] O REAR B2 A Y(YMeM) T Yy (YneN) 23 5 £l g 7520, 384 M Al
N A& AL .

TEMBAALTE 78 XCrp f F0 g R 7 AN AN [ 1) Bt S5 3 B () AN D AT DA |l 5 = SR 1 A AT D2 Hh I 4 2 1)
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Y 55 AN [R] Sk 1 T AR ARAE T 25 33 T 7 AR ABLIAE T2 O iy b 3 s o) 22 AR 2 AR AL T 04T 00 A0 S R 70 e 4 4
P 1 P AE PR o
1.2 fHRRBEIEE

2000 4F, Tenenbaum 7EAR FEULE 42 J7 &5 4 B il b 32 HE T ISOMAP £32%:, ISOMAP TE T SR A i 2 8] (1) R
IR, SR P O bt 2 B ke ECAR R R B B I S N7 P 22 g £ £ 248 R 43 (multidimensional scaling, fii 7% MDS)2%
S PR R 55 2 TR I LA 25 R A A g 2245 Bk N TE 2 48 28 [R] 1 4E 9 2. Roweis Al Saul % FE AR FF R TE 1/
HRLEPELE MY FE T R AR PE RN LLE B32:, LLE B A% AR A AT | & 50 AR 38k 9 ) s ISP 34 3 4, 3 HL AT DAYEAR
o 23 7] Y LRI RE AR S AT IBUE AN AR, AT 4K H A1 4 I T 45 #4.2001 4, Belkin 1 Niyogi $#&H T LE 59%,LE
FH L 3 - DLR 45 i 2K 52T (Laplacian-Beltrami operator) (4% 14, 5K fi# 4z 2 4z 4t Beltrami 55T (K454 26 551,15 21
TIE BN .2003 4, He 46 A7E LE FIFEAL b 32 H T LPP 035, LPP B v i 4 25 [A] S5 4 =5 7] 2 [ A7 1E 48
PR OC R J5 K 5 LE ZA0h i 5 B R AR, B 2495 2L 56 &, R G LPP A3 Bk A LE 42 197 ¢ 2007 4, Cai
SFENFEH T SR HVE,SR fRE T LPP 7E SR I 75 BN B 2 R B AT REAE 43 1 100 R, OORIRD T T 2017
4 Nie 25 AR 7 ULGE 503, ULGE 45 & 56 T4 1 g PRI IE 2 A s 22 kg its 7 — iR, SUBE ML, 2
E 58 R 9 24 Tl 24 B 1) AR R 6 B B i SR P [0 051 5 R T S48 B B2 B UL GE FRAIK T S R 26 HoaT A+
KU A
1.3 P RHTHFERR ST (LE)

P b WTREAE L LE & —Fh OGRS R IR I 2 2 5L L B BT i 4 2 [A] BE 2 50T 1) A W e B MR 4 =
T J5 A7 47 LB B M, LE 38 3o (R 430 A1 55 2R R R IR TR 6 T i e REAS 15 X={x1. 2, X0} eR™%n Jyff
AL AR S LE P RARE PP IRINT

(1) &I AR LE i eNN B35 KNN i 2 U540 25 7E NN 575 25 x| < & x5 x; 47 (E 1M 78
KNN 73 i A5 FE A 1L xg A xq (19 K Bl &0, U o 15 o AHEE AR L Rtk b 1 il 4T .

(2) o) AL P8 0 s DL V2T R, — il O-1 ¥k, BRIV R AR A1 oy 1 oy 2 IRIA7 A A M AR UL ay=1, 75 0
o 053 — R G, OB S04E AT a2, = exp( |, - x [ 20° | (v e ) 75 ) g,

(3) IRARAE IR N LE 38 5 (5 i 40 5% R SR AR AR 4 iR N LA AL 1) B 4 B8 K RO
wnfly stY'DY =1 1)
Horf YeR™P EoR p 4E5F N HR4EHR N, p N TRIL4ERT LR &4 M4y W40 [ L=D-A . JE 45 % DeR™ & — /%t
%ﬁﬁﬁ%ﬁ%%i%%:ih%ﬁﬁmm%%%Yﬂu%%ﬁfx%ﬁﬁ@m%ﬁﬁﬁﬂﬂymﬁp4
e /INFE SRR AR AR X N 145 AF ) 2 28 .

LY = ADY 2
2 ETEEBRLERNBIREEIIESE

2.1 HEEMR

8 G0 77 V238 B R R A a5 [R] 0 R B0 5 A8 17T , 4 5 RIS A K I, 1K 2 B R AR AR
T AEPIR — 17 R, TR FH 3 A 0 P 3 D s, AT AR B AR

0T 000 T T AR R R IR U SRR AR s RNV R TR (R AR R R, o R Y — B R A A I
B W VAR BE AL B 7V K-means 5 25 [ AL 36 3 07 vk T B BT B (RIS RE AR GIE £ s AR M R AR B
72 K-means J7 3% A LI H B AT AR BBl AR T E 5 55 1 BE A v AR B0 AR B ORI M e 2 32 BIAR SR 52 . oy
TR, EA B Zhu 25 A4 H T R RCEA K-means(BKHK) 75 3. BKHK SF 4 — XURE 2544, 1 5 5 2R BE /N T
K-means 7772 B &, BHKH M AE7E Bk i, B BKHK R S AN B 22 2 13 50k

ASCHEH T —Fh ek B 2 VT K-means(MBKHK) 5 v, il 8 B iR B sl Al - MBKHK 22 KigH 7
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W25 T 17 K-means J7 %,
T E AN AP T K-means 777578 R 29 T K-means 77 v BRI R AR 9 3016 A0 2 L ARt 2 BE
BT RN, R S B H B AR R BCh
n 2
m};n Zzux, —cj"z L 3)
i-1j-1
Hor1,C=[ey,¢,] eR™Z AL SRR, e0 AT ep 73 1) 9 P 25 10 3R 2 v 0 15 A0 465 v 00 25 R BE LR . R e R™2 A i SR (TR
A EERERE A BT 1 25ri=1 H rip=0;% x BT ¢, 2,rip=1 H ry;=0.[K I, rip+rip=1.
A o B3 ) W RS S5 AN, W ot = A2 F- 4T K-means J5vE™, N T Be i 76 99 28 () IS A H P AT 4T K-

means J5 7%, 75 REFIX USRS B A S, W a = [ J(ﬁﬂ%ni‘ﬂ%iﬂl,)ﬂﬂazn—_l),ﬂ:n—a.

AT IR AR E SOREAR T X B b L C EE RS  HeR™ Hohy =l x;—¢; Il . RIA rig+rip=1 T LA rip 7T AH
LR A(L-ri0) HE 4 0 2 () AT 4 1, 7T 45

n 2 n
min PP ‘cj"z fj =min Z(||xi —afsrt =)

i1
= man(hllnl+ h|2r|2)
=min > (hyry +h, (1-1))
Z (4)
—man( (g =) + i)

:man( 1(h|1 |2))

=min (i — h,)

et r FORHEEE R B985 1 510y A0 by 22 SO0 RERE H 955 1 5IRIER 2 5.
r FALEE 0 AL PIASTEE B re{0,13" 22 3K (4) T BLAS 2):

mine (b ~h) st 0.1 =a (5)

i) 0 (5) 2 R AR B 2. M (hy—ho) 3 | AN JC R FTA LR MR o S /MERT, 2 =1 BRIEZ 48 1y 5279 0,
Fio=1-ri, SEI 30 2 1) (B — hy) BUAS B/ IMELAE A B REAR ST 2800 5, T LA — A 25 30 3 o0 21 B 2, 1T
YE B w0 55, E R UL 5 IR E B 0 SO FEAR A, AR B S R R TR R A

MBKHK 7EiX B 28 R 2K L4y B AT P K-means 757, MBKHK ‘REEWE 1 Fﬁ/T i S EAECN m
(m<<n). N m FEE 5 3 P ST 1 1.

e
PR \\"'.&D \@'-’/IE:—_::")@S?J 1€ i“ -'./ P CPCP,

/Qﬂ-\c;;/u

o/ \Bg
(a) m 72 2 AUEEHLCRE (b) m A2 2 BURERCRE
Fig.1 Diagram of MBKHK
K1 MBKHK R&K

(1) 4 m 2 2 MEEHURR T, 2 IRARAT logm %S4 K-means J53%, 3745 m AN 5 AR IR0 0 i 7= AR 1) 4

& sme = C“ D=3
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MR EEWE 1a)Fiws.
(2) 24 m AR 2 (R, B 2 2 AT L logm YT 45 K-means J7 122, 343 2109 AN Bl 54— AN 0
BB A0 BV FEAEQ(I=1,..., 209™) [ty bt s A5 A A5 B (1 RE AR 5 8 o 5 01 - 24 B 85 T DAL X A A
eI BEVE S | NIRRT EE RS CPy R T
R =1 Z [l ®
Fo o O SRRy 1 TG 25 B CP B 7, 38 B 7 .oy A 150 TR, B, 2M109™ AN 4 o e 1 i (m=299™) A €
8 5 K KR EPAT V15 K-means 7%, AR E m AN 5.2 m A2 2 BB BN RE R E R 0K 1(b)
FioR.
N T BAF MBKHK 7532 [ fig, MBKHK 7 4 35 4 Jain®®®) 3475256 [ 2 SR 7 Jain J§ 44 5048 fik
H AN [ B A A S O 2@) BT AT 373 AN FEAR I i 46 i 45 e, B 2(b)~ B 2(d) 40 il R A= )
50100 F1 150 /™4 55 623 A P B Hh Al LAWY Rt MBKHK 34 H f 4 i ELAT A28, AT DAAR 407 3t sz e it 3 %0
8 (1 43 A R
30 30 30

tt'.'“‘ s S

20 %‘ 20

& %
. WP, RV 1 o %1: #
10 10 % *: 10 '
¥4 |
20 40

0

4

0 0
0 60 0 20 40 60 0 20 40 60 0 20 40 60

(a) JRan%H(373) (b) ZE i 2(50) (c) A= Hiti #1(100) (d) ZE R 23.(150)
Fig.2 Jain data set and generated anchors
K2 Jain HofE S A2 SO
2.2 REBRANFES]

SRAT R P 2 5 5 2 T 0 S A AR DL B A R UeR™ 9 e m 4 AU R 4 | N REAS ASURIZREAS 25110 o
BT AR R Z R B d = ||xi - uJ"z FKORRHE A d, <d, <--<d,,. BT AKX F AT 5 26 A
R R A 2 TR R B B ZeR™ME3:

L‘f’ if u; e (x,)
z; =4 kdig —zj,:ldij, ©)
0, otherwise
Hort Do) R REAS AT xq 1 k A0 R A
R MACLEE S5 P 2, A 5 22 1) O A (B B A B A e R™" W8 5 DL 2 s 13 32
A=ZA*Z" 8)
Horb AeR™M XA IE X LR A = i":lzij.

HI SCHER[20] 7] %0 AHALFEHE R A4 JEXTAR 2 IR AU AL A XUBE LS R R A %47 2 55T 1,%1)
AT 1,80 Zi":laij = Z';:laij =1 JZHFE D X EnRE N d; = er':laij. F Z'}:laij =1, FERERE (3T f
TCEAHZE T 1,000, D=T1eR™" N BN 45 5. L=D-A=1-A,L=1-A ¥ N\ LE [¥] H 5 & % (1), 7] 15

myin Y'(I-AY stY'IY=1I 9)

A (9) T UL A
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m}ngTAY stY'y=1 (10)

A0 I AR Y AT U A N R AE R [ AY=AY [PIRFAE 2 ff 190 8. Y FRAE % A B AT p AN d K 4F AR RN B 1)
HRAIE ) B 40 AR

EE UL BT A LU R R 4E R N R 4R N 48 B V5 FE A [x,1].
2.3 HIURELES

it T v 4 R, T LA o 24 67 4k BE AT BF FE AR AR 48 R HROHE (¥ P Sk R B 2R B AR T SR AR AE 4
(RIRIE 5+ 43 FE . SML-SCE 38 b 44 im 4 A5 5 hoke St 810 A [ EC 4 223 1), R I SR FH 3 30 SR I 48 A ¥ 4 3 8 AR UL PO IR
YR NFEAT 456 SML-SCE i 1 0 AAE4EFE It F48, BEUS T R IF I RCR.

K K-means J7iEXT t AN FHAME 4 B A AT B t= -t 1,315 2 A TR 55 B H £ K-means 7 EB 31
b B IR AL 1 40t 3wk T R AR R [1,1,1,2,2,3,]" #1[2,2,2,3,31]", Wi EH E AR LI EHE KL T R —
FRIRRLAE R N T 4 AR S R AE T 1 2 5 T ARG 1) B AT R I — MR 5, BB B 5K R I 3R 2 bR
107 75 HH R 00 S B0 12 2 A K IR0 B AR A 1l 8 [1,1,1,2,2,3,]7 T AR {1} AAR 25 1 B [2,2,2,3,3,1] 7 i
PR {2455 2 M RIARE B M 1 AR BPRE E ILR, 3R B E A B M R 36060 R BT RAR IS, 1555 2
AN RFARZE B P AR LS T 1 A REARZE A & P AR AR D, DB AR 2 i & B S 78 9 AR 25 )
BB CIE R C. EZ UL B E R 2 MREF SRR T ARICIIES 1 MR A
rh R 6 B RR AT 1% 1E 75 R bestMap 75 1. bestMap 77 24 451 L % 1.

Table 1 Example of bestMap method
=1 bestMap J7 %244

bR 1 P2 BOKHFESEXN AR SRR LW ARS AR 2 X ARE Frhs s i
#H1s [1,1,1,223] [2,2,2,3,3,1]" 3 {1} {2} [1.11,2,3.2]
$2% (000223 [2.29331] 2 {2} {3} [1,1,1,2.2,3]
F38 [00.0003] [0.0.93,01] 1 {3} {1} [1,1,1,2,2,3]

X T2 A REFRE A w, N EELE R — MEAS B R M w, Hok R T P62 w5 5 5% b5 2 W & AH L
fic, 73 B2 1F 5 B SRR 2 1) i
I, SR FFT 56 T AR 11 326 5 R S B 1R 4 4 Ik e TR L R AR ) B 1 1 U — 4k EL A R NMITL
—E TR b AT DR AR T 2 1) S TR e 7 A B b NIV A 8 2 i 7 R PO v
H K-means J5 573 8] 1) R KAR &0 & g, e R" Al g, e R", RS Hrid 29 4 {CL,C2,...,CL} M {CL,C?,
O} BBEAFRIL CL A CY A A ny A1 AL B AMRBIE Yy =" nj =n 448 C) A1 CJ itk &
176 EAFHT N ng. B2 T NMI & S
2 K K ni_n
oM (112,m,) = *zznij IOng —— (11)
Nz nn;

BRZAE g, =12,...,1) F°F NMI A A R (12) B A F):

1 t
i=——s . ®"™ (1)) (12)
t-17.
i B SR e TP LA S B R gy A E WL T PA T A R 55 2
W == (13)
21:171

M, KR 2 ST LY w =1,

S 3 SR LT UGN ) RV A TR SR B AR ST T B R R LA g e 2 0
3 K1 U Ay 0.7 AR B o B 4 B R B, 20 2 e dlr A4 ST R B i R 4 7
% B I R H A
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FC(x,) = argmax iwj I(nj =) (14)

qefL2,... K} j=1

Hort KGR REA B SE X I8 AVEL, ) Fom BB 156 I A TCR ()R — MNRARFERE, 2 NI 1()=1, R 2,4
“RARE ()T 0.

SML-SCE 77 7% 1) B AR R AE WL 1.

B 1 BT IR RS U AR LR Y & 5] 513 (SML-SCE).

BN REAR B B X e R™ AR 2 N 28 15 3 B [, 2], B A %0 m B0 48 9K dir,

IR 32 % St

1. K13 t=-ct ] DMAEBMRZE R IR T 56 26
For i=x,...,: Do
(@) PAT MBKHK, 375 m M4l 4
(b) ARHE 2 ()M A ()T H AU A FE 4;
(c) XHHEFE A BEATHRRAE ST A5 2 | 45T T PR GER Yi;
(d) SHELER N ¥ 747 K-means 25,15 5] 7 R 3545 R,
End For
K H bestMap J7iERT t AN R4S AT RIE;
CARHE AR Q2)F A R (L3) IR Z [ NMI J:13 24 E;
K TP RCERARH dr &7 X EFRRMWNEERN O
AR A (L4 R T RE GBI R SRR R AR LR,

3 KRLERSHF

9 7 HAE SML-SCE Sk MR RE 4 55 2 Fh 7 v 34T % EE, B4 3 143 23 #r (principal component analysis,
fai# PCA)PY. LPP. SR. ULGE. [k A1 >](graph embedding-based ensemble learning, fiifk GEEL)?
BV HET RN BTG M B 4E 2 2] (unsupervised ensemble learning based on graph ebedding, i #% UEL-GE)??®)
Sk, PCAL LPP. SR. ULGE i/t > 5ik GEEL Ml UEL-GE J& 4 % 3] ik M4k K-means J7 1% H
AL = RO 347 TR 2K B Dy — b Baseline 77v.

3.1 BURENAR

SLI6 > BIAE 3 BSR4 1 3E4T, 4> 5128 DBRHDP, COIL208H1 ETHP.DBRHD /& T 5 & % 7 # 4
85 0~9 11X 10 M, —3t 10 AN 2E5.COIL20 & BF S LL K 2 B FEBE 4 0 2 20 AN 5 154 5 4
A 72 TRAIE S R B ETH 29000 RS B 45, B 5 80 M, — LI JE Oy 8 AN I8 ixX 3 MR AR 1
AN BLE 2.

oA woN

Table 2 Description of data sets
&2 HIEE AR
RS HASE BEEEE EIANH

DBRHD 10 992 16 10
COIL20 1440 1024 20
ETH 3280 1024 8

32 BHRE

T IIE SML-SCE FIS Lk 77 v 149 14 B, 76 A 7] R 06 4 2 (8] 338 17 52568 . SML-SCE 454 2 M MR 4R N, &
R4 N 45 V5 N 1~15,80, k=1, =15 7E # 2 E&i) LPP. SR 1 (193 48K A i Al ULGE . GEEL. UEL-GE.
SML-SCE 1 [r T A1 4% 55 B0r 18], #6555 T~ 51%1LPP A1 SR T if i Wi % S 5% By 1.48 SR. ULGE il UEL-GE 1)
IEM 4625055 T 0.01%% . GEEL 1 UEL-GE A4 2% = 83 194N 3Ch 7% ULGE . GEEL . UEL-GE fil SML-SCE
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AR T4 A BN SEAE 4 Fh5 2% R BOE S T B0 SR AR A2 35%. 76 SML-SCE i B ¥
FE dr % E N 70%.
3.3 RN iEHR

NT RS R SR A FHERE R K-means 7 2 R 4 ik N 3EAT RS R K45 BT i R R MR R
(accuracy, fii#k ACC)FIIH—1L H.A5 B (NMI)k &, ACC Fl NMI [I1E 8, 3 7 B RO T 0 TR a8 A
SEARREREAT LU, 43 )5 ACC AT NMILR T ORAIE 512 56 25 SR (0 e iff 18, B R0 D7 VR IZ AT 20 Ik IFd T 3914H.

BT s B ARAS 4R A MATLAB 44 5 . S 36 i 435 8554 3.19GHz,Intel(R) Core(TM) i5-6500 CPU,8GB 17,
Z4: 2y Windows 10.

3.4 ERSM

& 3 R AEAN [E) 2 fei 4k B R T A T % ACC i 28 18 3(a)~&l 3(c) 7 %I 87 DBRHD. COIL20 Fil ETH %4
LRI 45 5L KA SML-SCE 454 7 M 1 4831 15 4k AR 4R i N\ BT AE R BoR oA — & B 2k A ]
LRI, SML-SCE 1F 3 AN Eiade Ltk ae 0t T ir e it by v R B 2 22 b 4k B . SML-SCE 43R 81 4 B B 11
PR

DBRHD ##EE 54 10 28 MR BEHLIEEL 2/4/6/8/10 251 B Bt 42 HE4T S2 06, S2 06 &5 R L BIAE R 3 .
AHALL I, AL COIL20 HF Bl ALi% Y 5/10/15/20 25, N ETH B ATLIE B 2/4/6/8 254 i S0 48 S 1H 47 5256, % SML-SCE
5 FAth 7 vEEAT R LU AR SR8 A o B BVE 1 2 TR 4 E 1 B O BOE AR 5 B3R 3~% 5 43 Jilid 3k T /E DBRHD.
COIL20 i ETH %454 F #1735 ACC F NMI.TE [l — £ H5 42 T~ R B am 4 J7 V2 1 S B 48 SR kL 2 7 . e SR A T 4,
1E 3 MR AT 0 T, SML-SCE 3R I i it iX % B SML-SCE 8% 8 B A T A e 5.
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Fig.3 Accuracy under different reduced dimensions p on three data sets
3 3R RIYERL T AR K UHEM . ACC
Table 3 The performance of different classes on DBRHD
# 3 DBRHD ##i % AR T I ER KL R
vk ACC (%) NMI (%)
“ 2% 4% 6 % 8% 10K 2% 4% 6 % EER 10 %
Baseline 90.98 75.99 70.41 69.31 69.37 67.35 65.19 63.02 66.60 68.20
PCA 91.42 76.76 69.21 69.88 69.95 68.26 65.40 62.25 66.85 68.07
LPP 74.72 72.95 66.27 64.67 67.54 34.54 62.27 60.48 59.52 66.26
SR 89.40 76.83 72.55 74.32 74.09 66.34 69.96 66.65 71.46 71.19
ULGE 81.30 75.55 71.76 75.07 74.68 47.38 65.19 65.95 71.91 71.73
GEEL 57.46 56.29 62.75 70.83 72.30 8.30 43.25 63.10 73.17 77.49
UEL-GE 81.74 77.53 72.14 74.77 79.26 46.86 67.26 65.82 70.74 73.02
SML-SCE 92.64 78.16 78.22 78.31 80.05 73.28 74.96 76.90 79.89 81.70
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Table 4 The performance of different classes on COIL20
4 COIL20 Hdls b EANFZS 5T 1SR 4G

_— ACC (%) NMI (%)
i 5% 10% 15K 20% | 5% 10% 15% 20%
Baseline | 7053 63.14 6353 6029 | 72.63 74.08 77.07 76.67
PCA 7172 6382 6518 6150 | 73.32 7413 77.41 76.52
LPP 7111 66,50 67.01 6359 | 7412 7860 80.94 79.74
SR 66.40 59.08 6244 59.77 | 77.29 80.00 8556 85.17
ULGE | 42.63 4380 5171 5466 | 35.83 58.23 7145 76.93
GEEL 2953 5401 5522 61.34 | 1820 65.96 74.89 80.98
UEL-GE | 29.64 4835 5433 66.53 | 15.75 58.41 70.26 82.78
SML-SCE | 78.44 7431 7632 71.64 | 84.36  84.55 87.72 85.54

Table 5 The performance of different classes on ETH
&5 ETH Hdlafe EARSEN N RIRELE R

- ACC (%) NMI (%)
7 2% 4% 6%k 8% | 2% 4% 6% 8%
Baseline | 7453 63.74 5404 4570 | 39.97 48.12 4752 4401
PCA 7449 63.72 53.61 4516 | 39.93 47.67 46.80 43.02
LPP 60.31 46.65 3359 43.15 | 504 18.06 16.43 44.27
SR 70.32 5586 46.73 41.08 | 33.35 4455 4574 42.93
ULGE | 60.81 5521 5098 4255 | 11.53 41.60 49.24 43.93
GEEL 61.26 54.74 57.11 5228 | 1291 4128 57.35 5451
UEL-GE | 56.66 60.04 51.69 4379 | 7.01 46.43 49.89 44.19
SML-SCE | 75.76  68.01 _ 58.30 53.30 | 44.66 _64.85 61.45 56.25

3.5 B¥SR

999

X R B PR RE = AR R B A S A RIS SN m IIRCE & 3 dr B 4(@)BR T 3 MR AR
EARFEE AT ACC 2k A AUHUE S B FEAS s 8 20 10%~90%. M B HH AT DUBLER 21,24 m HUE N
3500}, 7 3 MR 4 I ACC S HUAE B KAE. I H, K& 1 S F R & Mk R M, & 4448 ACC E
A BT B IR UL, 76 SML-SCE "4 i BUE A REAS S5 R 30 35%.

B 4(b)27E 3 MR E FANEARE A F%E dr Rl ACC 2k W& B4l 4, £ R R4 38 % dr K ACC (1738
A FHASBE B B2 2 5 3 R EUE N 70%0F,SML-SCE 7F 3 AN iE4E L ¥R B & 4 28 T 0k, 5 36 A 2 7 3R dr BUE

N 70%.
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Fig.4 Accuracy under different parameters on three data sets
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4 RESRE

AR T — TR B R AR BTV, A R U B JE UCT K-means(MBKHK) 77 . MBKHK A2 % 1 B A
AR A A, LG Al B AN B0 A BR L b A, SC AR B H T AR BRI T MR 8, e 4 H T 3 4 SR S AR A A AL
W2 3] (SML-SCE) &%, SML-SCE ] MBKHK A= i 4 s, ¥ 38 M 0L BE S B, B B2 45 B i N O R e
TR L& 2 A RV EFE AR MR 4E TR, 13 2 B 4 TR 45 . SML-SCE 38 5 7 5% 240 17 4 5 047 368 B A0 % AR AIE
AEFEMAS oF IR EUE T 5 v AeE 3 AN BMEEUR R B sie 2 R B T SML-SCE Bk 1 bk .

SML-SCE & — it J6 M5 B 1 AR AL 72 5532 (B 7R B0 SI2 2B 36 v, K 22 BROB0HE 50 A 4 40 2 0 A 28 1A AR S 90 [
I, SR S RT DLAE B3 43 A A 2 B R K 22 BT AR 28 B 0 AR SCARUR AT 503 K L R R 32 AR
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