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Abstract

In many practical problems of machine learning, the data has multi-views; multi-views comple-
ment each other; and the classification effect is better. This paper mainly studies the
semi-supervised method of multi-view dual support vector machine, and divides the data accord-
ing to different characteristics. Multi-views are used to find two non-parallel hyperplanes for each
view, and the model is constructed to solve the dual problem. Experimental results show that the
proposed algorithm can reduce the dimension of the data and has good classification accuracy.
The support vector machine algorithm shortens the running time, reduces the computational
complexity, and predicts better performance.

Keywords

Semi-Supervised Learning, Classification, Support Vector Machines, Multi-View

ETSUENZFRENFEEF I

B %
W, BUES RGER R, WiiE DEARST
Email: 1437912205@qqg.com

Weks HiH: 201945 H9H; FHHEM: 20194F5H23H; KA HH: 20194F5H30H

=

ENSRFIRE S LR EEY, BREZME, SANERBER, FRIREG. AXEEH4NE
LB DR [ B L B T EEAT TR, RESFRRER SRS S MLE, 23S B
AN IEFATE P, WERE, KB BAE. SRERRY, ASCHEETUNERIETESE, TR

SCES|F: DhEG. BT 2GR AL 2 I 2B SR, 2019, 9(2): 177-188.
DOI: 10.12677/0rf.2019.92021


http://www.hanspub.org/journal/orf
https://doi.org/10.12677/orf.2019.92021
https://doi.org/10.12677/orf.2019.92021
http://www.hanspub.org

Wi

HHROXEHE, ZERER REYEESEE T BT, B THEERE, TR .

XK ia
FREEY, 2RAM, FAEH, SUE

Copyright © 2019 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY).
http://creativecommons.org/licenses/by/4.0/

1. 5|8

ZALE S S MVL) ] H T RN 2 DA FERHE R EARE[ 1], ANFEPREL S AR REE, 555N
FARLIE 5 S AR S, MVL 23 Sl RN REAE AR AL G — AN 52 ) ek B, A8 i 380 0 FH AR A1\ 25088 9 0 R A
FFEAEE TR BIHATCAIE, C&IRH T2 MVL 83, B hmdl: BRI ZR[2 R0 6 IR 5 )
WL D EISREE @R, B2 A FEIRLE 22 S s, DU DR AEAH 5] 25030 1) — B
FE P IF) TR WA B2, 75 S d MG [RIRR I 5 =) bR s b i IE U T, 28 1) 07 v B 45 s i 2 A0 T SVMEs
[4], multiview Laplacian SVMs [5], Z M EIREE 2 EIENALT%[6].

PR S R MR G I, B EARIC R RN MG 7 s, AT R = AR AR e 5
Kt — R EWIAE A Ve RE, A SLIMERR o) S IR, S IHUE IR R A R A
e MREFARSE, WEFARED, RIFCHEARZ . AR AR ICEA L SORKE B iR AN REAS,
1M HLE AT PUR AR PR I A AE B MRS TR I B 2R (7]

XHFIAENL(SVM) s —MHLER 22 2T 778, BN /INEEA 73 R r) R, 38~ 45 4 AR B /M ), 3R
WA fm i fi. 1982 4 Vapnik T IKEEH SCREFEALR], R SCRE R EALA N — A R R 7 FE SR 1)
o LA S ) B A AR SRR RS Rt 3 I Rt 4R 0 ELAEASH L AT 1) B8 e K FA) 7 Bk~ . 7R3 LAF
IR, SCRFmENE AR 5 R . ORI FEIRM L BB E 7 S TR
WEFC R T 52 B 11 2 AU 1 0% . Rk, B F0 0 B W0 (1) a7 SRS UK e B & B BN« BEEN
GO TR AR R B R BORN A AT ARTE, DL R A MR S B — R YR o, il
B. Schikopf & AFEH ] p-SVM 5IK[9], T EEEI y ZHEEHSHFF AR DN ERIRZE; Lee % NG
FEH B BRI AL IE A A AR 25 T B2 HH — 6 S e EAL(Smooth SVM, SSVM) [10], Mangasarian %5
N —Fh Rz A% B H 57 37 ) ML (Lagrangian SVM, LSVM) [11], Fung 2% A$2 H B0 1 &= AL
(Proximal SVM, PSVM) [12], LK Lee 55 AN $2 H 121 32 #¢ A1 &E HL(Reduced SVM, RSVM)ZE[13],

e B SRR A B AL 1402 — Fh RS [F] I SRS 5 ToAR S FE A ) 2 2] 7%, DRI = B S il ALY
22 2] VAR AL B R U TR ) 5 o R AR R A R A IR SR A LRI S T SRS 2K 15],
RN R a7 Tk B SCRFm 2L B AR R B8R W) B — R0 J54E, FER R TS
15 & R B2 (Gradient descent) [16]; [V11™7%(Convex-Concave Procedure) [17]; Hffi i€ T4 4% Kk 77 ¥2:(Deterministic
annealing) [18]5 .

AR T T 2 W R OSRE [F) EL) B O IT E R RCCHRE  E AL 19] 5 B
ZAE 2012 S AHEE G o S B VIGREE, B UINGREE 73 PN RR I, 0 il 265 10 Bl — RN s — R AN AT
SPI, FEPIAS ZIRIURIASERY, SR A A RS 1] A, A AN 4 49 B — ANE T T, AT BASK PR SR R
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o FHL b, ETZMENC R R BN SRR SR E AT 4. BdRR, S5ICCER&
HUAEEL, 230 X R AL W B 22 X v RO RE T 50 /0, 450 T ig4rmtie), Wb TiHEE R E,
B EFIHETZR

RILERWMT: B2 WA TIRFRENLLRBEZMEAINEARE, F3TNMATHTES
RS Fr ) E AL B S AR B S N v, 5B 4 X R T 2 MR XGL I Ry W 20
JiEHAT N TEWEAR UCT Zuis B AUE S2Le, 5 H TR aRERHTH S, 26 5 TaEH — B4R kR
H,
2. HHXTI1E
2.1. XFEFEEN

X‘j‘ﬂ:v”éﬁ‘%T:{(xpy]):(xz’yz)s"',(xl,yl)} ’ ﬂEF, X; eR" %iﬁ)\ﬁ"]*$zk4ﬁ’ VY, € Y={—l,1} %%tﬂ
HIBRAE . AR AR SRR ) AL EE S — ST 10 Ao R PR R TT
f(x)=wrx+b=0, (1)
H, weR", be R4 MR THFEMEMERE. JIANMRIMARRE &, bRk SR SRR T e,
RIRN:
1 2 r
anl}rfl E(||Aw+e1b|| +ce &,
s.t. —(Bw+eb)>e, - £, 2
5205
Hrh, de(mxn), c20RENSH, e Me, RAMBIILELONN 1 . FATEIERAR2) X 1 &
A LAGEIGEART w AT D, AT AT LA B PIASPAT B SRR 1w/ x+b =1 1w x+b=—1.

2.2. MRS RIS FFEIE]
RETFUGIET = {(101). (330 ) (001 )} o 6T x, € R RBINFIREA S, 3, e ¥ = (1,1} A0

S 5 U191 4R PAIEFEAT MU /() AT 7, (o) BEA LA ) — ARV — SR A AR
REIE, TS —REEA R TREIE, RZIFHR.

fi(x)=wx+b =0, 1, (x)=wyx+b, =0, 3)
Hdr, w,w, e R" M b, b, € R 73 AR AETAT T T AR . S| AR &, ZeE0E Ry
A LA «

TWSVMMI : min %(”Aw1 +eb, ||2 +celé,
wib &
s.t. —(Bw, +e,b)2e, - & 4
$20,
A
TWSVMM2: min lm3%+g@r+gd;
wy,by & 2
s.t. Aw, +eb, 2 e =&, (5)
5 2 05
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Hrb, Ae(mxn), Be(myxn), ¢ >0,c,>0ZEISE, ¢ Me, > 0 EAHB LR AL E
TAT BRI U0, RO FR A AT AR — 0 ORI 1m) A8, XA /N VRO ) R ) i A% B H B R, SR A
PRI, AT AR R wy, wy, by, b, 5 BETT AT A5 RS e SATL AR 5 B 2

T
|wkx+bk|

f(x)=argmin , (6)

S
Horr, ke =1,2 73 B0 RLERRARZE {+1,-1} -
2.3. MR SR ZHFEE
B, FEARFTE M BE R LN 1, XTI R, AT DOE R AN E M Z K,
HIHTH g, (x) 1 g, (x) BT £ (x) B £, (x) -
& (x)=K(x".CT ), +b =0,g,(x) =K (x",C" Ju, +b, =0, (7)
Hof €T =[4 B\ B Swy = Clu Moy = Cluy » MR 2.2 1T M AL A R AT F

KTWSVMI: min %(“K(A, cT )ul +eb “)2 + clezrf,

upby &
s.t. -[K(B.CT)u+eh |26, -, )
£>0,
A
. 1 T 2 a

TWSVM2: min —(“K(B,C Ju, + b, +eel,
uy.byé 2

s.t. K(A4.C")u, +eb, 2 ¢, - ¢, 9)

5 2 07

H e, >0,c, >0 ZIETI S, e Me, >0 RAMYER N ELAL N B AEFLAE B H R ECR A0S 17 38, (7
CIECE: 803> Sk 18
24. EEBEZUERS

ZMEBATRREIEFAFRMESE, AR AIE .. E2 BRI FERT, HEEns
i £ {(xi’yi)}izl TG b 25 H A {x,.}l[_:‘+1 o AE R AN A AT AT LA B A U R P, R
x:(x(l),x(z)) , Hx, eR", y eY= {-11}, U HFR R ET AR A f =(f(l),f(2)) , f(l) il f(z) N
PNLE R B bR g B 2B S ik, AR R IE A B 3R 7V R B E AR R UM :

2

reargmin. £ -G + Lo )] +r
10
| +%;[f(l)(xfl))—f(z) (xfz))]z,

Hp, u R PEHRANRENSE, g,y R IENSEL yCREESE, TR RS 5 1 R
P,
HRAE F o & B (10) R T Fom N

I+u

I+u
f= min|:2aiK(') (x".2). > 8K (x(z),xfz))},i =12, +u (11)
iml i-1
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Horp, kORI K®D REZRE. o 1 B AT LA T A gtk 7 R SR

[1JK1+7ll+£K1}a——CK2ﬁ:1Y}
l l+u l+u /
(12)
Yk, i+ LSk, | -2 k=t |,
/ l+u [+u /

o, JRY BRI AERE, KR K, R K K ks R A R
3. BT ZMEANZHEENNEEEEIFZ*

Pt AR IR, AR T T2 0 R R BN MBS ST e, B A R L
EIEZINEER R T Sl e W%%T{QMU~%m%»UMWWWJ,E¢
X €R =1 LI+ Ll +uy, €Y = {-11}, TERING (x )" KBIEHE y, = (7,0, ) FEZH
VoI R 4 SR o £ 578 0 4

S (x)=min{f, (x). £, (x)}

= min {min‘w 107y 4 p7) ‘ s min‘w(Zi)Tx +p)

L

AR SCHRE H P 2 A0 0S4 Tl M L2 W B 2 S O K (2.2) 15 R A RS A, B 43 5 NI B BEA T 1R
2R 2 M 0] 7 10 2 A B G R R E N LA 3 B F S (MV-TWS VM) AR AL R T 5«

i=1,2,

2
MV-TWSVMI: min %(”Alw(”)+elb(”)“ a1 p02

2
)+ CuezTé(“) + ClzezTg(lz)

2
E

s.t. —(Blw(“) +e2b<”>)2e2 — g, (13)

1
+57/,c, (U,w(”) +e3b(”))—(U2w(]2) +e3b(]2))

- (Bzw(lz) + ezb(lz)) e, — &),
5(11) >0, 5(12) >0,
A

2 2
MV-TWSVM2: min %(HBlw@luezb‘”) +[[B, W) + e,

)"' 0216175(21) + szezrg(zz)

+%7zcz (Ulw( )+e3b( )) (U w? )+e3b(22))2

B

s.t. (A,w<21> +e1b(2'))2 e — &%, (14)
(4 + b))z ¢ ),
>0, ) >0,

Hrb, 4 e(mxn) M B, e(m,xn), m M m, ZmBl ri 80, v ZRWEKIANEL 70 7 o0 o
R, e, e e FoRMMERIRAIE M, £ BERI.
X5 (3.2)70 G NFLA% B H 35 FF )i hia% B H ek 0 -
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L(W(”),w(lz),b(“),b(lz)»an>0‘12’ﬁ11"312)

:%(Alw(“) +elb(”))T (Alw(”) +elb(”))+%(/12w(12) +elb(12) )T (Azw(lz) +elb(12))

1 T
+5[(U1W(H) + e3b(“))—(U2w(12) +e3b(12)ﬂ [(Ulw(“) +e3b(“))—(Uzw(12) + e3b(12) )J (15)
+0{1T1 [Blw(“) +ezb(“) +e, —f(“)}+a{2 [Bzw(lz) +ezb(12) +e, —5(12)]
+01162T§(“) +01282T§(12) _ﬂlrlf(“) _ﬂlrzf(]z),
XL ) BRI N 0 15
L AT(Aw“ +e b )+7/1c1UT [(Ulw(”)+e3b(“))—(U2w(12)+e3b(12))]+BlTan =0, (16
VoLt A (4™ 4 ep™ )+ e [(U1 004 o) (U, + b )J+B2T a,=0, (17
v (“)L e (A w) +eb )+ [(Ulw“) +e3b(“))—(U2w(12) +e3b(12))J+62Ta11 =0, (18)
vV . L: e (A w'? +eb ) e [(Uw“)+e b(“))—(U w2 4 b(u))}+era 0 (19)
J12) | | Né 3 2 3 2 Gy =Y,
V§(11)L:01162 —af,~ B, =0, (20)
Vf(IZ)L rene —ap, =B, =0, 21)
Vo Liah (B +ep ) <o, (22)
Vo, Lo (B +ep™ - ) =0, (23)
Vv, L:phE" =0, (24)
VL " =0, (25)
—(Blw(”) + e2b(”))+§(”) e, (26)
—(Bzw(”) +e2b(12))+§(12) >e,, 7)
HH(16)F1(18)15:
47 ul WD ul w2 BT
[|:e1;‘:|[Al el]+cl7/] |:€;T:|[u] 63]J|:b(11):|_clyl|:e:{:|[u2 e}]|:b(12):|+a1]|:eé":|a]2 =0’ (28)
H(17)AI(19)15:
U’ w L (Tar U’ w'? | [ BT
_ClylLf }[U1 es]{b(”) + ; [4, e¢]+an ’ [U, e] 0 + J a, =0, (29)
E X
H =[4 ¢|.H,=[4, e].
A :[Ul 33]’Pz _[Uz es]’
[B ez]T,G2 —[B2 eZ]T,
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H=H/H +¢yR R,F=—yR P,
P=HyH,+cyP P,Q=F"'H-P'F', (30)
U = [Wm) b(n)}f Ly = [W(m boqu,
HH(28)A1(29) Al F :
Hu, + Fu, =-G«,,, €3]
F'u, + Pu, = -G,a,,, (32)
HI(31)MI(32) Al 13 :
u =-Q"'F'Gey, + Q"' PG, (33)
-1 7\
u, =-0OH Gy, +Q(F ) Gya,, (34)
H1(33)70(34)70 &% KKT £4F 7] A3 3] MV-TWSVMI ({5 ) S(DMV-TWSVMI1)
1
max EoleMoz1 +tela, -
s.t. 0<a <c,
N E}j

M, M, ay, G
M= , 0 = , 6 = P
M, M, ap, Ca
Ml :MITIHMII +M1T3PM13_M1T1FM13 _MIT;FTMH _2G|TM119
Mz :MIZHMIZ_'_M]ZPMM _M1T2FM14_M17:1FTM12_2G2TM12’
M3 :_MlTlHMlz_M1T3PM14+M1T1FM14+M1T3FTM12_2G1TM12:
M4 :_MszHMn_M1T4PM13+M1T2FM13+M17:1FTM11_2G2TM13=

M11 :Q71F71G1>M12 :Q71F71G2’
-1 T\
M13:QH G17M14:Q(F ) Gz’

FEE, XF MV-TWSVM?2 5| NHik& B H 37 M) il i B H e 2k

T

B! Ul W 1 W A
[[ o }[31 el+arn [ o [U1 ea] p20 —G7 o [Uz 63] p2) T, o =0, (36)
! W (B Ul W | [ 4l
a7 { ef [U, ez]{b(m + ezi [B, e]+arn ef U, e] p2) + e; Uy = (37)
X
X =G'G +¢,7,R B,Y ==¢,y,R'P,
(38)

R=G,G,+c,y,B/ P, S=Y"'X-R'Y",
v, =[W(2I) b(21)]T’V2 =[W(22) b(zz)]r’

S

B
°
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H1(36) (37)F1(38) A fif 15

v, =S"Y"'Ha, +S'R"'H,a,, (39)
-1 r\!
v, =SX'Ha, +S(Y") Hyaryy, (40)
H1(39)30(40)20 & KKT 461F 7T LIS E] MV-TWSVM2 1% 3] Bi(DMV-TWSVM2):
1 T T
max 2052N052+e1 a,, (41)

s.t. 0<a, <c,

oy Bl
- oaz - 562 - B
N, N, Oy Cy

N, =M} XM, + M RM,, — M} YM,, — MY M, —2G/ M,,,

p
=

N,=MLXM,, + M, RM,, —MLYM,, —M.Y" M, -2GI M,
N, =-MJ XM,, —MLRM,, + M]YM,, + M.Y'M,, —2G/' M,,,
N4 :_Mzerle _M2T4RM23 +M2TzYM23 +M2T4YTM21 —2G2TM23,

M, =S"Y"'G.,M,, =5"'Y"'G,,
-1
M,y =SX"'G, My, =S(Y") G,

1 bR AR AT 0 T SR

Hi% 3.0 ZUMENRFRNENF BB LT E:

BIN: GET;

. RIRREL S

D) WANERT s y,7, >0, &HESH 05,0050, >0

2) iH5H35), @HEH o M a,;

3) I5(33), (34), (39), (40)fFF u,,uy,v,,v, 5

4) EB(30), (38)?%?'] (W(H),b(“) ),(W(IZ)’b(D) )’(W(ZI)’b(Zl) ),(W(22),b(22)) ;
5) 132K AL

f(x)= min{min‘w(”)rx +b(”)‘,min‘w(2i)Tx +p%) },i =1,2.

4. B{ELE
TEAFTF, BATHTIEMV-TWSVM 5 TWSVM #H4T bk . A SCHEE 4 82 7E W AE 4.00 GB,
64 fIEAER) Windows7 R4t H F#/4F MATLAB, R2014a iz173 3.

4.1. AIHHE

AL, A FREAEAE 1, BB y=2x+3 My =2x -3 AERIIREA SUMN 6 5 15 31 (1 4L
RENUKE 2. WP HZZM MV-TWSVM R EIR P ML T BRIk . T LA H 0 RIZAR S I R
THEEER A, JFHABGRERE, R 1 ERRIE T 83.6759%, HLIET 2 HIHERFIXE] 99.3781%.
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Figure 1. The left figure is view 1, and the right figure is view 2. The line in the figure is the partition hyperplane obtained
by MV-TWSVM calculation of artificial data set

E 1 ZEZNE 1, AERNE 2. BHELE MV-TWSVM HEATHEESIHN S XBFE

4.2. UCI ¥3E

7E UCI %4 F3# T Australian, pima, German, spectf, parkinsons, breast /N NS, & 1 25k
LS R, EPEPE Australian, pima, German E&EA T ZHIERE 02 =T HUE L. A
P ER AN BT HIEAR, 5 TWSVM 3HTHE, a15E 2. RIS IEMR5 5.

12 RLNER TWSVM, MV-TWSVM X A Hs 8t 5L IEmR 3, RAR 7 N EL 2y, 3 — a2
TWSVM J5i%, 3 i AR5k, H s —3RR TWSVM J7E FIIERZ, 5 ZFIRREME 1
THIE#R, HF=FFRREMRE 2 TRIE#ZE, BUSFRRFEE I B, G878 dE T
— AR 1, FIRFE R = BT RN BAE RN B y, — S EREL L, S
EE N 2. R AT LA B spectf, Australian, pima 7EASCHE H 575 B IERIR B .

BIATEFEAF L BT AR B R, IER R ANE, 15 3. 223 23 5IHLT 50%, 80%, 90%,
Tobr2E B 55, vH R R ZEFNFERS o MR AR AT BUE Y, B3R 4E spectf, parkinsons, breast, Pim-a, German,
R TChREE UG 2 I, FEARSCI TV N IR K.

IEAh, ARFATIEX; MV-TWSVM 5 TWSVM HEAT T B EAER LA, anlE 2, HRAESA 2 Australian,
pima, German, spectf, parkinsons, breast 6 M#E%, MWEIHTH LA H, MV-TWSVM Lt TWSVM FEHf
MRZ, B MV-TWSVM Xt 540 F 4k S S0 AR 7 o

Table 1. The details of the data set
= 1. BEENFAER

Dataset F AL RHEAN 4K £

Australian 2 690 14 1:1.25
pima 2 768 8 1:1.87

German 2 1000 24 1:2.33

spectf 2 267 44 1:3.85

parkinsons 2 195 22 1:3.06
breast 2 569 30 1:1.68
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Table 2. The accuracy of linear TWSVM, MV-TWSVM for all data sets (mean (std)%)

2. Z&ME9 TWSVM, MV-TWSVM XMETEHIEE T EINERZE

Dataset TWSVM MV-TWSVM
fi(%)(aet) £ (x)(ac2) /(%)
mean (std)%
mean (std)% mean (std)% mean (std)%
89.31 (3.68) 48.28 (12.87) 80.73 (3.68)
spectf 75.26(5.75)
86.81 (6.15) 86.29 (7.34) 75.22 (3.68)
94.89 (7.17) 71.54 (8.83) 92.39 (9.37)
parkinsons 95.80(0.82)
90.62 (9.27) 80.72 (10.54) 89.44 (8.08)
92.47 (1.97) 62.71 (4.96) 94.57 (4.43)
breast 99.60(0.82)
99.26 (1.29) 68.52 (7.46) 93.59 (4.69)
) 75.48 (4.24) 68.27 (4.64) 71.34 (7.12)
Australian* 88.21(6.52)
88.41 (4.24) 85.06 (3.90) 85.76 (6.49)
) 74.55 (8.21) 65.47 (5.18) 72.47 (6.00)
pima* 74.32(8.61)
74.40 (8.23) 70.99 (6.54) 71.44 (7.44)
71.66 (5.10) 32.68 (4.52) 71.44 (5.69)
German* 75.14(6.51)
71.33 (4.91) 70.51 (5.68) 66.06 (5.68)

R FZHAR RN 33%H TR I . AR LA IR P R R Y IE R

Table 3. The accuracy of MV-TWSVM in computing unlabeled data sets with different ratios (mean (std)%)
3. MV-TWSVM M ELL R TRERNBIEEITENERE

Dataset Hx 50% 80% 90%
VS ik mean (std)% mean (std)% mean (std)%
5 (x) 93.35 (8.67) 93.44 (6.75) 94.17 (6.93)
A (x) 88.08 (8.54) 83.46 (5.84) 85.42 (9.43)

spectf

f(x) 71.54 (12.94) 74.76 (8.18) 68.75 (9.46)

time 0.68 0.38 0.31
/ (x) 97.89 (4.46) 89.88 (8.76) 88.56 (5.33)
A (x) 72.44 (14.07) 72.54 (12.96) 76.70 (6.84)

parkinsons

f(x) 94.78 (8.43) 87.33 (8.67) 87.48 (7.38)

time 0.39 0.20 0.20
/ (x) 98.94 (1.71) 98.46 (1.79) 99.03 (1.65)
£ (x) 78.28 (7.05) 72.08 (7.65) 72.47 (6.71)

breast

f(x) 95.75 (3.20) 96.25 (7.65) 94.53 (3.03)

time 2.19 0.45 0.34
5 (x) 86.06 (8.83) 87.32 (7.27) 85.67 (5.51)
A (x) 80.00 (6.87) 64.85 (6.09) 69.88 (6.77)

Australian*

f(x) 81.47 (7.87) 79.72 (7.59) 83.89 (5.55)

time 3.36 0.61 0.30
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Continued
fi(x) 78.66 (6.58 ) 74.27 (3.39) 76.27 (7.03)
_ fi(x) 68.01 (7.43) 69.54 (4.49) 65.41 (5.26)
pima*
f(x) 63.81 (7.16) 70.69 (7.17) 70.76 (6.74)
time 5.86 0.62 0.32
fi(x) 72.80 (5.59) 73.13 (6.16) 69.22 (6.63)
fi(x) 66.00 (7.13) 66.75 (4.80) 68.67 (5.23)
German*
f(x) 68.60 (4.66) 65.63 (5.20) 66.22 (2.98)
time 8.44 1.09 0.56
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Figure 2. Comparison of training time between TWSVM and MV-TWSVM under different characteristics
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