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K% DI g i as AR 7 2O R, A 32— 4T I B v P R A e 0 I U % 5, K 5 T LSTWSVM 1 2 4%
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LSTWSVM fusion of deep feature and multiple kernel learning and its
industrial applications

LIU Ying, LIU De-yan, LV Zheng', ZHAO Jun, WANG Wei
(School of Control Science and Engineering, Dalian University of Technology, Dalian 116024, China)

Abstract: In order to improve the representation ability of multi-kernel learning and reduce its computational cost, this
paper proposes a least squares twin support vector machine (LSTWSVM) algorithm that combines depth feature and
multi-kernel learning. Aiming at the problem of high computational complexity of kernel classifiers such as support vector
machine in multi-kernel learning, a multi-kernel LSTWSVM framework based on the principle of edge error minimization
is proposed. The cost-sensitive learning idea is adopted to improve the performance of multi-kernel learning by using the
advantages of classifiers. Aiming at the problem of Gauss multi-kernel shallow structure, a highly robust depth mapping
kernel based on depth neural network multi-layer information is designed using the MKL method. The depth kernel
and multi-scale Gaussian basis kernel are fused in the form of kernel matrix Hadamard product to construct a new set
of improved cores with high expressiveness, which contains the deep feature information of data. Finally, this paper
highly integrates the multi-kernel training algorithm based on the LSTWSVM with the improved multi-kernel structure.
Through benchmark datasets and industrial experiments, it shows that it can combine the advantages of deep learning and
multi-kernel learning, and improve the classification accuracy and generalization ability at a lower computational cost.
Keywords: multiple kernel learning; deep learning; least squares twin support vector machine; complex industrial data
modeling
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PR B AR 55 2 T T £ 10 H (DUT22JC16); 10 5+48 B ZERBARF 78 +F R0 H (2023TH2/101600043).
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RIAS B, 1 4 5K 22 ol 50 000 505 00X 30 A% 2 ) e 4
. SCRER (4] 3R H T R LR M ot 2 A S HESE, L — A
] 5 (1 vy BT B AR S A — AN AR M B 2, 7R e T
Kt 2 (W RS B A5 B SR [S]3E— DR b 3 9 e
B2 %5 2, I8 R POE RS B 07 e 12k I R4k
I 0% 2 A%, A1 FH A% 2 B 3 v 7 2 R ARk I 25, 73
B G AR 25 5L SR, R A 07 N 2R A s Bk B
W% 5 A% &I R0 5 T A 1 23 A 22 3 1k,
AR FFEARXSTAN . AL R, 25T IR Bl 25 9 2%
)R FEE Pt S 4% EL A 2 1k i 11 J QR BB DU
e 0 77 2 e U ZR B 9 e 20 E s e Ak, R FE
K%L B 88 A B B Hh 2 B BARRAE, 25 B i Hh 1
I 5 5 70 A3 4 RO (A% R i okt SR A% 55 [0 4% 76 2
H R A, HR BEAR G M R 2 o) B I &
{14 1] RIS, BRI, % 22 A% 0K SE IR 45 0 S5 IR FE AR
AN TS J2 11 ), SRR R 2 21 5 2 %25 2] [ W3 [
AN REAAEEZR N

HHl, A ZEM A ST ) 5IRES S AHE
560N SCER[10] 42 1 — M 2B B AT AR Ak
T30, W A58 FH A6 AP 22 I 248 B X 1) SCARARFAIE 5 AR
T b 452 AR H ) HAR 2R B RHAIE il i MKL i, 72
SRR ZE R (1 B R . SCHR (1132 T X B
HCAZ 25 (1) — Fh 38 5 5 15, B L RER N A B
%, AZ Y R T — P TR 1 AL, o4
AR A — H B AR M2 i A SR, X
HR[12]32H T kernetiZ:, I3 MKL ¥4 28 X 4% (1] BT A
o ] B2 5 BT R fE— e FEE LR T
RFAIE ST H (1 e 3 1, S J2 TR Rl A R T PR R 4
fr. SCHR (13141 1 IR LA Ak 7 V6 1 2 A AR 4,
DA R 047 MKL, ot 2 A2 0] DR B AN 5] 1 %
ST BN T 2 ANERIEYR. SCRR[14] 32 H T 2 &
H 2 A% R FE A 22 N 4%, R F MIKL 2 7 [ U 450338 i) Rt
AT RE FE. DA b7 R SR FHIR FE 2 2] RIS YE D7 T
B RO R (B2 M M 4 2 B 2 i), S T AR ik
FAZ B A NI 0 FL A% 2 TR AE AL v, %o 25 Fol
MKL B A AN [FIFR B (1 5200, 2= FEAR A 2T RCR IS R
% 1% 5 IV % — P NGS5 TR B I R
AL IRE 2% IR ARIERZ M b A
RREBIRE Z AL E8 I — A1 8, A% 5 A% 2 B Bk 4
77 AW 2 T 2. BT X548 B Aw bR 201 28 & ik 77
L TR R EES AR E A R a4
SENT Pl Bt FH SR SR Ah VR B 2 % I 4%, 8K T
X LeARE R TR AL 22 S A U Y N 2% 2 HOH e, v
SRR K, T L e AT 1 D) 4 25 A 3] e, xof o AR

P 1 SRR DRt A el I IR R 2l S 2%
= IR AR 7 R A R % 2 2T R s B 7, IR i
FHEAZ 27 > BT B A

H T 242 5% S W52 2% B = R T I 2k
J7E R B RS R R HAT R TR m 2
1225 SRR T, I 78 00 I FE 2R A 40 SR 38 (1038
77, ] 2% I I A FH A 8] 1) 23 A kA i 2 A I I
RO 1t — B 7 KRS

Y FF A &AL (support vector machine, SVM) J& H
B BCIRAT BIAZ 4y 2R 88 2 —, B T 25 0 XU e /I
JRN5 VC YR, A RPNz LR /). SCER[21]7E
LA EHE T 254 3CHF IR AL (twin support vector
machine, TWSVM), 3 i 3R — %k — R il FBLR A4
18— X HE S A7 S 1L X0 T SVM HL 43 8 P 1,
WHERENSYMEI /4. 8 T — DM IEE
R JE, SCHR [22] fE % dm o/ R AR B T i
FeZ2 A T FF R & AL (least squares twin support vector
machine, LSTWSVM), il iz 3R fif — X 2k 14 5 #2 414X
B Z R e R A A SR g AR 25T TWSVM
5 LSTWSVM 7E T 5 2% 3 M1k B ANV~ 20405 77 T8I 14
RUFIHERE, Z k232 W5, S8, EA eI gl
T b AR RE R T O AR IEE 1, T 2 8 2 % SVM
L BRI SR HE [ 9 2 1 € T 2, iUEE X SVM I 2
W7 1M LB BT B TWSVM 5 LSWTSVM A1, 4
WA BRI T B AR AR A R (1) 5 R 2 A% B, DA
EATHIREE, AT SEIR 3 45 0 S FESR T 2 %5 )
I RE.

AR —Fh IR T LSTWSVM [ il 5 9 5 2 o
525 I RA MG 240, EE TIEW T,

1) AR I 245 2k 1% 22 e /MK S U W T — ol i
T LSTWSVM I Z i AF I 207 1%, i 4 2K 4 B
SIRBEHAR S I RIRT 2 %5 I IR S %
K LSTWSVM WA B 2 A% BSR R AT 5.

2) K H MKL B AR B v — ey B #1078 2
SIAZ, G AL TR FE A 22 P 26 (1) N 2, B e [k 2
L R M4 FoR, e TIRE G B E .

3) BT 1 T 22 R = A ) 1) 1), KR FE AR S
B i i B A7 DAAZ HE B s T8 B A R X AH R, 1 3E —
ZHB ) B v B SRR e 1 R S0 2 4%, H 2 S B R IR
FERHAIE.

g, K 2T LSTWSVM [ 2 &AL E I 45 5 7%
SN G B S 2 S — 15 3 w2
(A% 5 2] 3 R4, FRAE R B BB A 5 Sebr Tl 3k
I AT 2 4 FE SIS SR IE
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v 202 '

Fy i E T SR 4 A 2 G 1% 1
O, 2 A 2 7 11 2 I, G B R N
7 S 2 4580 6 k2 1D P, AT T
A8 5 5 4 2 A ) PO R B T 2 AU R AR
—TEA K, oo (ar) o M 7 1) 4 A AR A
2 RE W, K (2, 2,) = (s )p(ae;) HARRER
BERRHL 3 PR MO LM L 5 0 . % T
SRR MR AT BB 5, 17 R TR
SR DA A SR B P 2 1. 2
2t 3] AT ORI K ) B, LT A P B 2
SR 2 P4 . SIS0 T R R L, B
WU LA B 5 1 SR e P S

M
k(i w)) =Y Brko(as,2;) =
r=1

M M
Zﬁr«or(l’i), (pr(xj»v /Br = 07 Zﬁr =1. (1)
r=1 r=1

Horp b ARR S r M, B, AR B r MZAE A

1% 95 FE 280 o %P HAE RESZ M K, Bt 8 L —2HAN[F]
1% 6 FE ) v W A%, T4 SRAS [ () B8 AR AP S, i
X AT A S A, DOE N T 2 S .

B ARERME S 2% % I LSTWSVM
N TR 21257 SRR e 1 T AR R AR,
KNI S | & 2 WA
BEAT DA B0 SVM 45 3 S & e 1 B30 52 1% B 114 1) 3L,
() B = i 381 H 55 2 A AR ) FLAA X ), 4 HY — A
T LSTWSVM ) Z 2 H I R0k, 7 K ds B
SMBEREAS I RART 2% IR S5
B BTN R 2 R R JE A R ) 1) R, SR MKIL 5
T RS S R T IR E A N 4 2 2RI IR
FEWRIFEAZ, 3 T T HAZIR B A% S 22 ROBE i A% () e
TR FGAR, A5 31— ZH 3 (1 25 VR B ARRAIE 1 2503 4 (deep-
Gauss-kernel, DGK). Ji# i £ il ix &b AR, 75 3 48— 1)
T IREE . BENTR FERHIE I 2 % g5 R an B 1 .

—

—

TR JE AL A 2% EFNLTE YA
PN B E R Hi 2 ETZ L | | E T2 = Wiz m
| R © © ©
( [ooxt | [poxa ] [ ] [poxw]
o X
7| Z I LSTWSVM | N NN\

R LA S

El1 BAREFINZZEN

21 ETF5EIRE/NMUBIZZLSTWSVM
AR AR B S B, Wit —Fh g T A%
B MU JE U ) 22 4% LSTWSVM HE 22, 38 i £ /)
A TEAEFE AR B IR A5 5 % 22 R AR A 2 A B,
[F I E AR AT 2 KRB S S 2R EA G AR
IR &AL B, L7 73 KA LSTWSVM AR 35, 2
— PR A MKL 5 5. H B OGETE T, v Lhodd % E
AN [A) B IE A S 0 S BRI Y H AR 2 R U AL
BN D BOFEAE, 7 2 il DL s AR 1 S 44
TEAR A It 75 HH B0 98 H SRR 1) 5 M, %o 5040 AN 359
I A — 5 AL 3 R
X T LSTWSVM [ JE 28 14 73 2K i @i, 4% SC 441

$ER Y L D0 A T L8 G g A PR R A S )
A, B SN2 AL G, A S0 %19 H AR AL b £k
N

min | K (A, XT)w, + eby ||? n Chllé? n ||w1||2;
2 2 2
st. — (K(B, X w;, +eby) + & =e. 3)
min JEBXTws + eball® | Gollell® | Jlwa”,
2 2 2
S.t. (K(A, XT)’U)Q + 6b2) + 62 = €. (4)

;H\:':F'I Wy, b1, w2, bz ﬁj\%Ujﬂﬁ/l\ﬁftﬁE@*X%'—ﬁfﬁﬁ,
X = [A: B], K A EH, AN EEREARE, B
KEEARFERE, C, Co AR RN IETI S &, &
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DN AR St 7] s e Al 4 B ) T R #9081 B1 1)
B HET,ARYE OB T LR A5 9 2 A L i

[1:1] = -[C1Q"Q + P'P +17'C1Q"e,
1

ba

lwﬂ =[CoP"P+Q"Q +1I]7'CoPTe.  (5)

HiQ =
M
K(A,X") R % ) BK.(A,X"),K(B,X") {t %

r=1

M
> BK. (B, XT"), B, N r M.
r=1

%2 R HELLR F W 25702 51 AR, O T BTk
I 3L P SR i, 3 O T S — 4P 3 2 A, gkl
A3 LSTWSVM I A 2405, s el L
JRAS I 2 A B, B H AR RS B AR AL R ECh

Cq 2 Cy 2
caalal’ + s lelr]
(©)

[K(B,X"),e],P = [K(A,XT"), ¢,

min Loss = min

R (5) 5 (6), & & AT RN N

& = K(B,X"w; +eby + e,

& = —(K(A, XD w;y + eby) + e. @)
LW BRGNP 53— R RS
RERAL L, W& A E 43 I SR AD SR A X T AR P 1
)53 —FRFEAS s B PR B S &2, BRI, % B AR R3Ok
PR AN 28 J31) FR) R S TR I ) — S A I o i e B ) —
JEHCE 5 IBCR, A AR ) B4 (R T fe /M 1 4 3R

G561 VOB 2 kA, SR A% 2 AN B,

LI RARAL ] PR T

. Cy
K(B, X" b2
min | 5t o le + K (B, X Ty + eb |2+
&
— K(A, XT)wy — ebs|?
oo~ KA XD, —ebl?].

M M (8)
K = 2@«1@, Z_‘;/BT =1,

0<B <1, r=1,2,..., M.

A SRR AR AL R L 5 — 7 1L B
IEAR B 1R PR B B OB AR IR B i KARiE T
ol 10K BRHOCSK [loss' ! — loss'| < eps, 28 B IEAR
SERUE R T AT 25

M
i = arg min Br K, (z, XDwy, +bi|, k=1,2. (9
g
r=1

Z A% LSTWSVM HEZL BAR B IR IR

step 1: FIARALINAN 2 4%, ¥ B M A% R 4L A
R B RLE SO 1/ M. EXETI S C, 5 C,,
I R T, 453 5% pR AU SH R eps.

step 2: SRAARZ (5) 1F P S H 0w @, b0,

step 3: ) FH PR 4B EE L5 i 2 SR AL AK 1) R (8), 43
B H I 2 AUE O, [F] i FREL 1% 2 A% BLE R 46
5 i ¥ loss Y.

step4: F W7 101 2K 2R 40 loss K fif 73 21 R Ui Schk
(loss HI{H 15 M 0), #5 WSO I 5 56 1%, R F 1 8O,
w®, O 4 B (9) HEAT 432 5 AU S5O A FH 8 11
LKA E B H D step2. step 3, .2 & 15 1L bR
AL
2.2 ET DNN Z[ZE MR RHRE RS 1%

B0 AL G IR B A% R T THLAS A2 (1) I 8, Vi —
Tl v 68 s A (10 0 BEE WL SR A%, 38 I MIKCL Xof 98¢ ## 448 IK)
#% (deep neural network, DNN) FJ%i N 2. BaE)ZE &
B RS B AT H A Ak, T 285 58 A T 145
. LR FH R JE P 2 ) 265 3 10 A% W Op JEL AR SR 1 0,
A R A R B AE T 20 A% WS DL 48 X 2% 11
FOWs J5E 06 i N 2 18] A% 3 B SRR AIE 2% ), 0 AS 2 458 FH A%
J7iE S ke 2O A i R 20 — M X Bh B
XS H0Z, 7T B A E s v 2 > 531 5 SRk v
RGN . 5 H Al B8 K 3 k% (0 A [F) 2 A T,
VI G F5 (A% R B TG 75 BIR i O 2 1E 58 TR =X, B ot
BEW5 3% F T TWSVM 5 LSTWSVM % 4% 4y 25 4%, A
A TRT IR BB o 2 I 288 AR SR 22 J2 360 4% (mltilayer
perceptron, MLP), 3£ T MKL [ 2% 2244 4 14 2 i 7.

O
O

9’0 (x) 401(x) ¢;~71(x) ¢)r (x) ¢ou.l (X)

DNN-MKL
2 ETMKLHIRE ML LE

X2 J2 B4 25 1), BREUZ 2 18] i 3 28 14 il B
BRECH f(z) = o(Wa + b), 5 2 i NELHE « 725
—E M2 1R v an R g

vo(T) = 75

oj(x) =oc(Wipj_1(z)+ V), 1<j<r;  (10)

<pout($) = U(Womspj (‘T) + bout).
Hri-W RHESEZ BB ERE O NRE, o N
BRI r N BEEUZE AN B T N 2 11 R e
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A B AT RRAE B AL, 25 5 A BOE IR 2 AL i 2
RENS B4 S 2 R I 25 3L, 28 3 B A T O 145 I,
N 2 B % 1S B ek fo 0 A R L RO SCER AL
A REHMIEL AR R m BREZ . il 2
AN 25 BB MKL 5 R TH A, H
ko(2i, ;) = (24, 25);
ki(zs, ;) = (or (i), 00 (25));
ko (i, 25) = (Pout(2i), Pout(25));
konn = Boko + Bik1 + Baka, Bo + B1 + B2 = 1.
(1mn
X T PA_E 36 T MKL (3 B B 4%, AR 2 12
W 2% F R BRI SR AN [F] 2 IR K e A5 8, (R A 1
J5 AR S, R LA SR 2.1 154 i 2 5ok
PRAL B IR EE R T, 12 1 IR — PR FEAZ R BT
XA LSTWSVM.
2.3 BENREFHERNZZLSTWSVM
BE o T A% R 2 S5 R I AS B T AN RE 78 4290 2
0 D FRARFAE (1 I, AR SCAE) G — P N R IR 215 B
1) St e A%, LU DA 78 43 1 @ A A N 5 % H
Z 15 2, F I A ON IR P A% o 505 v 3T A% o B
(R TR, Kok IS A% o R Pl S35 A% R B8 5 vy A e
Z [8] W5 1A AL A (Hadamard product). 87 #% N F IE &
1), 7% /£ MERCER & 3, JARATE TR B A% MG 52 2= 3F
2R PR N 19 S 36 R 5 B BN Shrh, 2 B B, BT A%
B T 2B ERA S R X RN EE
B4y, T BT G ) o AR TR L, AR SOt 22 R v
A% ST it e 75 92, TRURE SC M [R) A% B8 58 10 v 307 6 %
G-y Grs IRFERZN ko, TR IE M AR IR IZ S
S AELEREAZ. A 1T LSTWSVM 5% 5 fir fi
H 2 1% 07V 138 5, AR ST R Rl B DA R B Ay 2
ThICER, 456 MR A I © BIXT A B 6 R A IR
JE B, M A E AR B T N
K; = G1 © kpan,

Ky = G2 © kpnw,
2. 2 © KDNN (12)

Ky = Gy © kpaw.
5 5, 1l I MKL XX (12) 5 M AN R AT ek
HE AEAFE R, BARE F oo i w3 2 o0 20
(5) BEAT 43 228 BUR SR AT XS 2K (9) BAT 43 25 T, 15
SEAE ZZAE R A R TP AR 2 T Az i 7
3, RIS LAk vl 8 (8) H AR R BEAN A v A, 1 Al 2k
Ttk ez a0 77 A i T ek JE B Rz ATY DA i
NER, %7 R TAT I, B LA 13 2 1) 2 i BGE

s g P O e, L RSCR T

RO AR RS IR EERE S 2% % 2T
LSTWSVM SRJLFE a1 T s,

step 1: Fic & R FE 4 28 W 25 1 )2 50, g e H.
YT R B 5 ) 245 168 2 B, T R X 265,

step 2: AR E 3 (10) $2 HOR FE #4828 AN A |2 IR
(PR BILSHF, AR 3 (11) K AR I8 i 2 A e 4

step 3: K FH AT th 19 2 #% LSTWSVM #E 221 4L
step 2 T 5 21 1) 3 /N 2 A%, SR =X (1) T AL
B AR B .

step 4: Tl € X —2H 2 JRUPE v 0 i Az, AR AR iy N\ B0
A6 3 R L P s T B A R B T R — A v I A
R B2 5 R L S A R B 2 ) e S I AR, 45 21— 4
(A% B

step 5: K H FTHE th 10 ZAZAEZEXT step 4 453 21 11
AL AL P AT AL L &, Heh Z B IR
FAEET R iz (0 77 20, SR A1 B H G R FE S 7 2R 48
B i

step 6: H 4 & S5 3K AE B S H o SH.
3 SEEFIAMAT

N T B8 AE A SC TR O VR v, R R &
{14 356 v 509 A R S B b B4R 4R 1R AT 0 ELBGAIE. A&
SCAE 26 N AN [FRFAE -5 FE AR & 0 R e £ 4 Fadk AT sk
5, LA A BT 4 th 7 VEAE AN R PR 8 R IR 80CR. IX %
PR RIE T UCT M, S E6 i s L4 id b L S
A —Ak.. 7 S HE B 2 F R PP A5 1Y 1 A, B0l R R
AH YERESRAT B LR 1. 4> K UER R N BEHLEET 20
RSB 1)~ S 4HL, 75 B R S50, BEATLIZE B 50 % A
NINZRER, HAR 50 %o HEA Rl AR &8 4 s S )|
AR 5 IMRER T2 ] R 4, A P BTk AT Rl 47

#£1 26N UCIHIREER

horse 300+68 25 cancer 286 9
monks1 124+432 6 ionosphere 351 34
monks2 169+432 6 voting 435 16
monks3 122+432 6 climate 540 18

promoters 106 55 diag 569 30
iris 150 3 indian 583 10
hepatisis 155 19 balance 625 4
parkinsons 195 23 credit 690 15
prog 198 33 wisconsin 699 9
sonar 208 60 pima 768 8
connection 208 60 oocytes 912 25
heart 270 13 banknote 1372 4
haberman 306 3 cme 1473 9
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3.1 EEHBELR

AR Frde B 1% T LSTWSVM 1 & #7 2 #%
J7 5 T8 18 8 MLTSVM, B filt NI 245 5 1) et v
2% )70 N DMLTSVM. 41115 BP #i 4 N 4% J
WIF 4 Fh 2 4% 75 12 3 AT HE R 350 L S5 MEMO (3
Jot £z KA 53 2K B B 5 fe /MG B B E) . easymikl
(5 8] 5 2% (8] Ry 2 2 4% 0715~ simplemk (3 T4 5
T RS ORI 45 A B R ELAL S RE) . kernet
(R 5 2% I ME G 2% 0715).

SR MLP K F i 22 % In) A% 7 5035 347
25, Bl ) ) 4% 1 #i 8 M 4% (back propagation neural
network, BPNN). S246 ohf H (S0l 50 B N 2, B2
TR N 100, 4 E T R EON 2, BOE B BN
sigmoid bR %, M 2% 2 > Z K FH RS 48 2% ML {0.01,
0.05,0.1,0.5,1} = i% B MEMO 2 1) 43 28 4% °% H
SVM, #8 Z # 0 % & N 0. easymkl 2% ) 43 25 2% K H
SVM, it S5\ K H A% 48 2= 5 M {0,0.1,0.4,0.7, 1}

W Y. kernet v2: (1) 3 fith 22 A% ME 22 K FH easymkl v, 43
4% K H KOMD, #8250 \ (13 B LA {0, 0.1, 0.4,
0.7, 1}. MLTSVM J i ) e Rk AR B B E O 10, 43
2 bR B SRR E B B 4 0.01. DMLTSVM [ W £ 3
o SR R BP A48 I 4%, I 28 2 5] R[] 52 4 10.
[F B Ay 1 e Sl A S FRARTH R B %, DMLTSVM
V5 AR FEE A R0 4 ) 225 AR BT 5 D 1, ek v
W3 o B AR IR B B W E N 2. A 2 % 5 i
MEh 2 ES 2K EN{52,571 1,5,
52,5% 54 55}, fE Tl S8 C 1B N 100, A ST Fh 5 ik
2 FRIE T 28 O W 100, DR IE T 2 8
Co = Ci(ma/ma)?. Frf:my & ZHERFEARNEL, mo
D BBFERAN L, I R P R RN EC, 5
Co 18] B LG A5 DL 55 $i 48 AN~ 47 R s e 7 Fp 2 4% 05
VAAE 26 ZHELHERUHE 1 (0 2 R ME I 22 S bR i 2 3R 2
JIrs. Hor: rank AR AE I A 204 5 B RS B2~ 34
%, win AR RAF 5t e 70 MG FE I B SR A4

®2 BBRAETEBEILL

KRR BPNN MEMO simplemkl easymkl kernet MLTSVM DMLTSVM
horse 78.53+£1.75 86.76£0.00 85.29+0.00 83.82+0.00 89.7140.00 85.29+0.00 86.76+0.00
monks1 99.98+0.10 86.57£0.00 83.56+0.00 93.06£0.00 66.20£0.00 81.02+0.00 91.60£0.00
monks2 78.10+£1.10 84.954+0.00 76.16+£0.00 86.81+0.00 67.13+0.00 80.7940.00 85.4240.00
monks3 81.4943.39 92.5940.00 90.05+0.00 91.90+0.00 83.3340.00 91.90+0.00 95.14+0.00
promoters 78.30+4.17 76.79+5.03 53.77+11.5 79.43+4.95 76.231+5.18 75.38+8.73 78.77+6.36
iris 90.33+9.52 95.40+2.13 95.87+1.64 93.40+3.64 68.40+4.56 94.80+1.93 95.93+1.59
hepatitis 79.74+£2.51 81.86+£4.06 81.82+3.91 82.18+2.81 80.45+2.75 82.08+3.23 82.47+3.33
parkinson 84.23+3.26 90.36+£3.25 90.26+4.65 85.51+5.83 84.44+1.88 89.85+4.02 93.61+2.47
prog 75.66+4.18 78.89+3.61 75.81£2.92 75.40+3.44 78.03+3.87 78.03+3.84 79.19+3.38
sonar 76.15+3.25 84.90+3.51 81.681+4.25 85.4342.98 77.07+3.54 80.9114.63 85.67+2.68
connection 74.71£3.46 83.32+4.05 82.60+5.10 84.86+3.48 77.36+£4.76 81.83+3.70 86.73+2.64
heart 82.24+2.08 81.36+£2.28 81.73+2.55 78.20£2.86 82.43+3.04 82.62+2.31 81.09+1.97
haberman 74.28+2.34 71.08+2.44 73.92+2.67 65.59+3.16 73.92+3.03 73.89+3.10 74.35+2.69
cancer 71.08+2.99 72.274+3.93 70.35+2.66 65.80+2.85 71.194+3.74 70.49+3.54 70.56+3.36
ionosphere 88.1442.24 94.09+1.79 93.97+1.60 93.30+1.58 88.10+2.17 94.31+£1.49 94.83+1.47
voting 59.17+£2.13 59.68+3.09 60.41+2.84 60.09+3.58 60.96+3.23 60.65+3.08 61.57+3.28
climate 94.63£1.55 93.33+1.48 91.41£1.26 93.85£1.02 94.76+1.21 91.43£1.43 93.26+1.32
diag 96.30+£1.14 97.01£0.82 95.69+1.08 95.33+£1.27 97.07+0.88 97.13£0.69 97.20+0.62
indian 71.80£2.09 71.25+£2.02 71.77£1.55 64.43+£3.47 71.23+£2.19 69.93+2.72 72.20+£1.57
balance 95.45+0.95 95.394+1.06 94.28+1.67 95.63+1.39 94.90+1.46 95.72+1.10 94.46+1.42
credit 85.354+1.30 85.80+1.55 85.861+1.23 82.87+1.56 85.96+1.27 86.26+1.43 85.45+1.29
wisconsin 96.48+0.88 96.67+0.81 96.91£0.52 95.53+0.61 96.64+0.80 97.09+0.73 96.91£0.66
pima 75.54+1.41 64.53+1.78 70.09+4.01 70.16£3.05 75.59+2.40 74.52+1.85 74.53+£2.41
oocytes 83.16£2.15 80.23+1.84 68.73+£2.23 77.15£1.76 79.54+1.37 80.39+1.63 82.37£2.02
banknote 99.97+0.10 100.04-0.00 99.16+0.23 92.99+0.98 98.4940.42 99.89+0.19 100.01-0.00
cme 76.67+£1.26 76.26+1.44 77.30+£1.20 76.48+1.16 77.041+1.26 76.10£1.12 76.98+1.06
rank 4.54 3.69 4.58 4.73 4.27 3.76 2.19
win 2 2 1 2 3 4 13

3.1.1  BEITEEMANT H LS

ZRA N R 2 R 7 M7V, B I MLTSVM
5 DMLTSVM EIUAS 105 HIRCR, 0 milfE 4 H 513
HAEAREE FHUS B 0 G B, HP 3RS BE

T HANT i R RHA L ZZESRBA R iE
PSR M, 78 0 AL T LSTWSVM FORE £, i i i
N TE B AN I8 S THD 1) 30 S48 R 2 RISk AR A 2 1%
B, X6 52 2% A 2 M J50 40 1138 I M o i o oo R P 2%
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AN 2 0 1 B PR A 1T S50, W SR RN AN 35 1l
VRS, 5 HAh 2 A% AR H, TE WAL 2 K E I (A
ZAT SR, R AR RS ok E e 2
B Mz, KRB R AR T 2
YERE, W 1E 2 B BE 7 st R A5 S AP IR U
o —J7 1, 5 5 T 4% 4 = W 2 4% ) MLTSVM A
bL, IR 245 B oG J5 1 DMLTS VM VA 7E 22 41 41
P bR B BT iR, BLTE IR o SR AR R R
00 T R B AL I REAE SR EL BE ) . KR 2 R 15
SRR S W 2%, LR R IARE 7. [FR), 44k
LT ik R RS 7 1, R T A IR
J2 A7 O PR Rl A 2R R AT PR TR AR T &
%5 ) IR FE S I AR 3, IR B I AR 45 SRS
3.1.2 EREEEST
SEEG I AR P AR SO VAR R I 4 J2 L 4T
AL K 2 S R EE SRR G AT, 2 — PR R Rk
(PR 2 21 75 8. FL I, DA 2% 2% 2] R ) AT 3
. 3 af A4k T BP #1142 W 4% 5 DMLTSVM W /5 %
7E monks3 5 horse ZHH 4 [ 5 Bl 5 S1 R ALK 0.
100

60 [ N e
A

T 2/ %

—*—DML TSVM-monks3
-4 -BPNN-monks3

20| ——DML TSVM-horse
-#--BPNN-horse

0.01 0.1 1 10
3 DEEHRESMEF I RPOBERM

MR PT ALk 5 SR, B o 25 2] R B P &, AL
J7EAAL AT BP 020 0 2% i L TR0 KS 2 K B
IR, IR — & R B e T, oA SO iR &
(1125 5] R 2 B, R AT LR SRt 58 s AR 5 )1
gk H, WA A SR 2 A E S RN Z
AT WURE, SCE &R A S B IS LS L4,
A DAZE /NSO 45 b A AR 3. el bk, AR SO VR AE
2 W 4 68 2 B A0 T T PO B R AR S S 1 T 4%
22 X 28 1R AT 53 2, A — Pl s B R VR T &
3.1.3 ZEMERMLT T

DMLTSVM i 3R i 50t iy By 2 A = g #E %
3T = iz B & d AT BCE AR AL, T 3R 2 T ot =
iz AT DAk, W08 RS LA e AT IR
WE. P4 TR T P A AZ A EE I 5 05 SUAE 5 0 B i 4R
R RS R AR v AL S B B T i U7 K
T T — P =X, i R T A E 43 e DA s WAz A
FFE B, T T BUBCE AR AL 1) 45 F A B e 5 0, T
Ja A N Zrah Rl TP B, LA R A B

B, BT B AR F SR F, AR SR AL E )
GEIRAS P IR, WS35 SR AN T 2 W 52 5
A R W AT A R, IR JG B 2 A AR T 1046
WRE.

monks1 %Sﬁ%g'{]sl\}[/M ]
monks2 !
monks3
haberman
connection

SONAT s
balance !
cme

65 70 75 8'0 8'5 90 9‘5 100
HERRER /%
B4 PSR E)IZGHERESTEE

3.1.4 AFERERMEE BTS2 %5 K KEm

N T IR BT AR R RO VR A% (MKL) 15 B 1 2
Bk 2 A A U, AR SRR E AR BX T e
W 22 4% 4 SRS R RS i R P JEAT S5 5 0 . ARTYT
Hh BB EA 28 0 285 1) B A O 265 2 B S R 2 s FE ke
S, 3 1T 5 v 0 2 A AR RS AT X 2 5, Rl SR
YR 2.3 45 Bt ik B AR 5 5, WomT DL R g
S 3 PN [F) JE IR FE -2 Bk 2 20 D7, TR
4 1-MLTSVM. 2-MLTSVM #13-MLTSVM, 43 51l % v
BP W25 4N 2 5 i Bk = At 2, AT G [R]
MLTSVM 5 DMLTSVM kg B X} bE S [l 7
BT XIRAE R TWSVM 5 LSTWSVM {4 Bh 51 56,
HEr % B S HUE BGE IR 3.1 T 2 4. irfy
TERI RSB E H 3.1, 0B R 3R,
EATH 20 R BEALEI 53 75 35— 2

H S 06 45 5 0] 0, Y MIKIL 4 45 15 39 (0 08 e Bt
T v A% 1) SO 2 R e A, 7 26 ZH AR A 12 40
HUAS i o RKG B2, W LEDE A A B 2 25 B 1)
A, FLIE I 28 0 25 11038 J2 AR $5, i B A H 0
S AN [F) 1R B PR RAIE 25 1), SR 2 A AN TR B B
Rt s TIREEME i IR oR B8 15 0 B0 . i
e i )2 5 i 2 A B 4 31 068 R A P e R
R, 5 MIAE 85 7 L A Hs ok 3 s vk B2, B T
Fadsl SR E P LI e D 5 21 R IF 45 8. KR
PRl 2 ik e 2 15 1 B Bk Bl i ks
JE. BAREMZ EWSEEIFARZIA L RER
25 SRR e it s Bk e tE 5z L
DI, 05K B HE 42 5 B0 1 1 T TSR B )
A0, A% o I S 56 25 RO AR I T i TA T AR A R i
A 07 2 R IR, RIS 25O AL 2-MLTSVM
55 3-MLTSVM, £ £ 4% £ I & M 5 T AR T B 4R 1
MLTSVM iZ.
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*F3 REMGHZEMMELE
HEde TWSVM LSTWSVM MLTSVM 1-MLTSVM 2-MLTSVM 3-MLTSVM DMLTSVM
horse 78.4611.67 79.4140.00 85.29+0.00 83.82+0.00 86.761+0.00 83.82+0.00 86.7610.00
monks1 92.1340.00 89.5140.50 81.02+0.00 86.57+0.00 91.6740.00 78.7010.00 90.744-0.00
monks2 87.67+1.13 87.27+0.00 80.79+£0.00 84.26+0.00 86.59+0.00 83.10+£0.00 85.42+0.00
monks3 91.2540.21 93.98+0.00 91.9040.00 90.2840.00 92.07£0.00 92.8240.00 95.1440.00
promoters 81.70+4.02 82.1743.27 75.38+8.73 78.87+4.46 77.55+5.53 72.0849.80 78.77+6.36
iris 94.3342.73 94.274+2.77 94.804+1.93 95.404+2.16 95.73+2.03 92.60+3.09 95.93+1.59
hepatitis 79.7443.05 80.914+3.99 82.08+3.23 81.95+3.81 82.471+3.78 82.27+3.40 82.474+3.33
parkinson 88.76+3.75 88.66+4.20 89.85+4.02 91.4943.09 93.8142.55 88.25+4.01 93.614+2.47
prog 75.20+3.01 73.69+6.86 78.03+3.84 79.14+3.75 78.94+4.01 77.124+4.97 79.19+3.38
sonar 82.50+4.37 82.69+3.30 80.91+4.63 83.08+3.23 85.24+2.41 79.524+4.80 85.67+2.68
connection 83.99+3.66 84.7143.76 81.83+3.70 84.71+£2.99 86.44+2.87 79.2343.19 86.7312.64
heart 79.4642.19 77.2442.69 82.62+2.31 81.12+1.97 80.58+2.33 83.50+1.70 81.09+1.97
haberman 68.53+7.41 68.33+6.47 73.89+3.10 73.861+3.24 73.40+£2.97 74.931+2.53 74.3542.69
cancer 64.55+3.14 65.28+7.48 70.49+3.54 69.06+3.13 66.64+4.47 71.15+3.61 70.56+3.36
ionosphere 93.83+1.47 90.11+£5.21 94.3141.49 94.11+1.54 94.83+1.19 93.97+2.84 94.89+1.47
voting 54.77+4.89 56.24+7.11 60.65+3.08 60.53+3.06 60.69+2.85 60.83+2.62 61.57+3.28
climate 93.76+1.35 91.43+1.73 91.434+1.43 91.9441.30 91.83+1.27 91.78+1.56 93.26+1.32
diag 96.3040.92 94.84+1.97 97.131+0.69 96.9040.65 97.06+0.68 96.3710.82 97.2040.62
indian 65.144+2.93 64.79+14.0 69.934+2.72 70.74+1.85 71.20+£1.94 70.50+2.16 72.20+1.57
balance 94.4441.80 91.81£2.10 95.7241.10 95.45+1.56 93.48+£2.29 96.20+1.05 94.46+1.42
credit 81.93+1.66 81.19+£1.61 86.26+1.43 85.80+£1.60 85.12+1.75 86.65+1.47 85.45+1.29
wisconsin 96.30+1.29 95.9241.45 97.09+0.73 96.6840.82 96.70+0.73 97.0140.67 96.9140.66
pima 72.2842.21 70.124+1.92 74.52+1.85 74.774+2.37 72.60+2.42 75.57+1.23 74.5342.41
oocytes 81.72+1.52 78.55+1.87 80.39+1.63 83.50+1.58 81.4742.19 79.3442.53 82.37+2.02
banknote 99.9640.06 99.86+0.27 99.894-0.19 99.8940.15 100.0+0.00 99.9340.18 100.0-£0.00
cme 72.62+1.14 77.13£1.02 76.20+1.12 74.86+1.65 77.32+1.19 76.224+1.33 76.98+1.06
rank 5.04 5.58 4.12 3.85 3.11 4.07 2.03
win 3 0 1 2 5 6 12

32 T4

AT AT B A% 7 0 B S B e £ Tk S
GRS REE N RAE 2S5 AR A
B SRR IR (0 B R 2 P i R, A B T R T B
W IGETT 50 #T, S ST B 3T I A R T R S 2 oy AR,
AT S5 BT A P IO 6 ), 70 AR 20 12 vy A T 2 (1 R
I P AT TRC R B A B e o R AR A T 4 7 B T 4 AN
IFi) 10 55 &%, A SO ST AR R TR B A R, e [ SR A
e E 2D T 08% NIEHK, KT T08% A
Z5. A R ok RNk Al kB R 2020 1)
1000 2% H#m, Hor IE A A A 205373 686 15 314.

A PR E I, R AR 0 K A3 AR 43 5 AR R 1 K
3 R 43 22 A0 BT (R 2R 1 00 3R, AN SO e v — Fol
HAT 3 NFFAE R RS: B A 0K 2« BiE A IR 2
P & B4 . TR R 6 S Bk Tl 8 T I 5 2R 72 AN
Fa e I O, R ARUE AR RS (3 M s 75 B R 2 1)
DR 25 DRI, R SO 37 35 2 P B A 10 AN N AREAE F) A
R HAE A — AR A B D T A R L A
PG Bl A 0 X E . AR Y (. TP . T
Yy g i 1a] . HUIRFE 74N J8 1k, DR 78 38 RS AiE £
AR DA S AR SC 5 00 22 e R LR R AE S A R e
T LA Ab B e

Y ZRE R 55 03 B 2 18 50 %: 50 % BE AL &I 4,
Ay YERF R N BEHLHEAT 20 YR 5236 10 - 24H. BT 4
KITE S B F 3.1, IR P ERE TS T T
IR TR ORGP SRR UE 2 IR 4 BT,

T4 ERREDREE

ik ZHRHIE R
BPNN 86.86+1.73 91.89+1.24
MEMO 85.6241.54 91.4042.32

simplemkl 85.78+1.56 91.80£1.60
easymkl 85.8411.61 90.4442.73
kernet 86.7412.61 92.04+1.35
MLSTSVM 86.30+1.63 91.93+1.02
DMLTSVM 87.28+1.91 93.42+0.68

H S 06 45 B AT S, 78 Tk B P2 AN RS B S L R,
18 FH 22 NRFIEEAT 20 2500 B A0 AN A8 P G & B TR
I8~ KA SR 3ANFIE R 43 2K, RO A = i R
HAANR b T2 FE 2 T B ok 25—
T 5 AR A 1) 7 3R 5 A, 16 PR AS [R) B e R AE 1) 1
TN, A K DMLTSVM 14 35BS #0250 i, H
TETRHENE T T M5 R T = 1E, AR 24
(1) 22 4 AR LR VERRAE P o e R A LR A, RS 1 Bl AL
P A2 L OCBERRIE (S 2, T 7R AT KR 5
M5 F THRFE TR, 3 2 2 TOUEE R R . K
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1k 5 S ) 7 2
4 &

ASCHEH T — 3T LSTWSVM Rl & 18 & 2
215 285 I B L B, A B R 2 %
5 TR AL IR FERZ I RN B8 7, BE TR %R FE AL RN
B 2 G, 2 — PO e g A 5 2T
%, R, BT T FE R T LSTWSVM 1) 2 AZAESE,
AT DA 5 R BT A 2R R S 4.

o, 6 TR VR e R R iz AR
Mg Ik B R R R 5 05 3 AR A e L B LA U 5K
AR IR BE AR AT JE 0T T w8 i 22 0% o kG B ) S 2
ST THTEAT SE56 /3 BT, B0 IE T AR SCI 22 o A
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