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Abstract: To boost the classification accuracy of support-vector-machines(SVM), we propose an algorithm with evo-
lutionary multiple kernels(EMK), based on the genetic programming(GP). In this algorithm, each individual represents a
multiple kernel function, and is encoded by the tree-structure for enhancing the non-linearity of the multiple kernel function.
Grow method is applied to initialize the GP population, from which the EMK adapting to practical problems is obtained
by genetic operations. No priori knowledge is required due to the global search of GP. Comparisons of experimental re-

sults of EMK with the single kernel function and other multiple kernel functions show that EMK effectively improves the

classification performance of SVM.
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1 5|5 (Introduction)
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AL Y — B AR T b A% B2 7 it (genetic program-
ming, GP)[1J 2t {1t £ #Z (evolutionary multiple kernels,
EMK) B TH 77725, F TR 3 58 0 A7 R0 A% RR L

2 7 FF EAML(Support vector machine)
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Table 1 Expressions of major kernel functions
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3 ETGPHEMKI& T (EMK design based on
GP)
3.1 SPEFEARA (Basic model of the algorithm)
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Fig. 1 Model of evolutionary multiple kernels for SVM
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3.2 MARE LR R R (Expression tree of the in- 3.3 HIUG AP B F= 4 5 3& M ¥ 71 . (Population ini-
dividual) tialization and fitness computation)
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D) K(x;,x;) = Ki(x;, x;) + Koz, z5);

2) K(z;,x;) = oK (x;, x;);

3) K(z, x;) = Ky (x;, ;) Ko (x,, x;);

4) K(x;, ;) = exp(Ki(x;, x;)).
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Fig. 2 Tree-structure of individual
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3.4 & #1E(Genetic operation)
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TR AL, P g M | e R AREC I G
TR, BALERAE 2> B KN T 5245 O (G M?).
SVMIINZE 73 T b S5 S AN AR B R SVM 23 28
KEIE, FEAE NG N, DRl o AR A AT A, R,
BF— AN N BE T AR — AN AR HE RIS VM
Sroad B2, HSE I SKAER ORI ), IS TR) A % R
HO(n?), g I GRFEA S, TERM AU M, B
RIAARECH GG DL, SYMIZRER 73 1) f K I
B 24 B HO(MGn3). Ak, #4624 5075 0
KI5 HO(GM?) + O(MGn?). T —#fi
B TIM < n, I Lidith 2 2 55 00 5L b R A% S
HO(MGn?).
5 #¥E L% (Numerical experiments)

kg 565 E 33 A 2 R SR T AT R RN B, A
I3 % BT S R ek B DL S Ay A ARER T 2
K R BIEAT X LU S G, SIS PR eR B P e
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SimpleMKL!2!. 5256 %5 4f5 1% FHUCTE 4 P8 Hh 1641
5 H ¥ 4 lonosphere, Breast-cancer, Ala, Mush-
rooms, Pima, Liver-disorders!"”!, Bda 45 fiE ik W22,
FIT A SI2 06 4 7E I 8 WUAZ3.0 G, 2 G AE L L gt
17, 7K HIMATLAB R2007a% F2 52 3.

& 2 UCIHHE S 414834
Table 2 Feature description of UCI datasets

EAEITES #EA #EME #280)
Ionosphere 351 34 2
Breast-cancer 683 10 2
Ala 1605 123 2
Mushrooms 8124 112 2
Pima 768 8 2
Liver-disorders 345 6 2

N T B LI M SR A R, R SR > P AL: B
VA S IE AL S 5O €. [ € IE ik 2 5 C
IR BAT 25 SRR Y 6 e i, (H ] DL SE B btk EE 7y
BT AN S R 1R Es 20 2 4 AN [ 5 1R WAL 2 4 C,
I PN SRR IO, I BT AN R SR AE
DU FE A (P RE 2 57
5.1 [# & 1E W4k 2 # C(Fixed regularization pa-

rameter C')

i 2 IE S HC = 100, JF4% K30 4% 2 Hlk
.

H1 A% 2 200 e 2 T AN, S5 rR D 31 SR R
HEEIH 104, Kgpp 1500, K57 41507, 3210
AR B L AR, EMKSEVE POl A TS SR A 0
o, MBI S EBE. t1SCIR[S, 917T 4, 2 b
LTS AR SR Bro AR T A% R UM AR X BUE, H.

FO SURENE B N[0, 1), ASCAE[0, 11X 18] N BEAL
HEHUI0ME, 5 Hk% e B i A o R TS, 424 2 4L
PSRz S e AT i A, EMKSVE b R 2 i 2
HAT TR M | e K REACARERG S SEVE M S KR
FED BRI P, A8 XRS5 A Py, FLAR
BCEWIRAPTR.

&3 MAHAERE
Table 3 Settings of kernel parameters

T B K
d
Kliol c=1,d={1,2,---,10}
KI%BF 0-:77’107-’77:{1,27""710}
T:{75,747--- ’71}
K&y k=o,v={0.1,1,10}

A4 R S HGR R
Table 4 Settings of control parameters

SR SR E
AR M =100
e KA SR G =50
S RIS D=38
SR P =01
XM P.=09
AR SRR Pm = 0.01

A SCHE H EMKS. 7k FIMATLABS #2 55 3,
SCHRI8IFE it T SILPE v2: i Y AR A5 4% kb, SCiik
(12142 4t T SimpleMKLS 72 () Y5 A AS T 8 ik,
1R FHMATLABZi 5 52 0.

S ¥E ] B, B S AR SR A [ 4 B
DUJ, B4 7] B /N 10,01 8K 2 125 Ak B8 1 10005,
Sk

EE G — AN B 4, FEIEATS00R, Bk M B
£ T B HLIE ELT0%1E R IR FE AR, 30%1E 24 A
A, RO S G g IR S 2, SO BT A REA
ATV — AL Ab L.

RSWHR T LRGSR g5 1. o MEOR
WIGREARLL, NRR A% R BN

&5 UCIE#E &Rtk R
Table 5 Experimental results on UCI datasets

Ionosphere M = 246, N = 210

ik RBF  SILP SimpleMKL EMK

MRKERE/% 89.842.392.2+1.8 92.44+1.7 94.1+1.5

PN Ta/s 47419 408491 114435 79428
FREA S 1£0  18+32  21+3.6 25442
RIS 2146 382444 104433 62420

(e T 10)
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Breast-cancer M = 478, N = 210

Bk RBF SILP SimpleMKL EMK
TRKE /% 90.14+1.1 92.6+1.4 92.54+1.5 95.14+0.8
YNgrmfal/s 35411 192435 86422  53+19
BN 120 17416 18+12 26+1.2
EARREL 1847 104422 3316 21417

Ala M =1124, N =210
Bk RBF
TRKE BT /% 82.1+£3.9 84.3+1.1

SILP  SimpleMKL EMK

84.3+1.2 87.5£0.9

YNGrmal/s 70412 547449 213433 111422
PZREANEC 1420 21421 2542.8 29427
AR EL 2042 179+£29  68+18  38+15

Mushrooms M = 5687, N = 210

Bk RBF  SILP SimpleMKL EMK

MRk /% 89.3+1.1 92.6+1.0 92.5+1.4 95.1+1.6
Y ZRINTRl/s 533488 2011+106 1861+118 844-+96

BB 120 32441 3943.6 45434
RIS 14411 221426 99429 58418
Pima M =538, N =210

Bk RBF SILP SimpleMKL EMK
MRKE /% 74.6+1.8 77.2422 772424 81.14+2.9
YIIsta)/s 3849 205+£32  99+19 6614

PR 120 14£1.6 15421 21433
ARHIREL 1845 113419 38411 2548

Liver-disorders M = 242, N = 210

Bk RBF

TRKE /% 60.1£1.9 65.942.6 65.9+2.3 66.8+2.5
YNt a]/s 14.848.256.6+£10.5 26.7+14.3 18.4+14.1
HREANE 120 16.6+£13 17.8+£12 24.9+1.5
AR 1946 106422 44+19  31+15

SILP SimpleMKL EMK

MG NG FE K, RBFSAZ L (1) 40 RS B B
fi, SILPFISimpleMKLIE A 4 [F], EMKAT 4 ¥ 43 2%
R BE S5y, X — R o Ul T 2 A% ek e % B A
R B RFAE, JCHEEMKR AL, BT B AR
AR RIS R i K KFE T EE I oy NS
1K — AR AT DLUNEE T-AN [ A% eR B0 532 v FH 21 ) 5 A%
bR EAS BB AT 23 B, B RS T LU Y, SimpleMKLI%
FEI 5% B B0 %2 T-SILP, 1M EMKE £ 1) F A% ok %
I /b LESimpleMKL % H15% L _I-(Mushrooms), fx %
(I 2] T 44%(Breast-cancer). T 3C 54T 0] A1, A
[Fi) 1% BR E5O0T W AN [7] B S i Z5ORH AR i 2% [, DRI, PPA%
PR R 22, 2H 5 IR IR e Pk b, BE925060 S o i)
(IR fE 7 0 s, Xt 2 EMKS VL0 R =
T A Z AL 1) AL

M Zx I} 8] K, RBFFRAZ 5795 1) I 2 ) [) £
b, 3% 2 A% 5 LEMK 25t B S5 P, STLPER 2.
X m AT UMGIEACIREOR 43 #r, HERSTTLLE Y,
1 bR BRBFE AR IR Bt /b, 11 2 1% 3% h SILPIE AR
R E 5 %, SimpleMKLIX 2., EMKIE Ak $ R /b,
T S AR R B S HE ) E LI R R,
DRI, SRARIRER 1) 22 20 B4 S W T I8 5 1K/
5.2 FBIE W4k = i C(Searching optimal regu-

larization parameter C')

SE R N R, IE AR 2 50 C ) B A I A FNE,
el 2 ORI S R L, 78— e T N R
LI A, T A SCIGAUE 725 A2 L 1R A TR e

AT LG H B AP S50 AH R, B R
TSI LU B AN [R) A% BR AR I ) AR 2 5O
LI R P RE 2 A TR) 22 R SR TSR FH ST
A LI UE T AR b A W U, £ X E][0.01,1000] A4
PLTOM F X e B S oA 3R A3 CEL. K6l sk T AR
EAE10IRC LIS FEHFE R 1K T34 I ().

HR64s Rl UG H, 2 H 35T, EMKP) -1
W fe, SimpleMKLIR 2, SILPIR 7. [FIIN), 2145
LI TR 5 T FRA% B BURBE.

%6 FHENICASAL 2L

Table 6 Comparison of consuming time in searching optimal regularization coefficient

e RBF SILP SimpleMKL EMK
Tonosphere 242+106 7980+1912 11894762 8661641
Breast-cancer 181497 31201867 9674536 802+443
Ala 396145 864141421 2017+1211 11134988
Mushrooms 26634912 147714+£5662 998242110 532141449
Pima 210481 5906+1163 9864201 667+186
Liver-disorders 62+8 824+119 132431 89422

5.3 45 HiF8(Result and discussion)
WK, i Z L EVEEMKEL L 2 8% 57 B

A7 SR 5 NG LA AR IR I FR I, X &g

AL 25 RAG . HIE VTR B, 5
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VERBFALL, 2 A% ST VEAE 3 5 20 SRS BE 10 IR I, 200
BRA T VI ZRiieR.

B TR, SCH B 4 L 2 A 5TV EEMKAE
KA 45 _E P Re e, LU B A% oh 4L
AR, EMKYE e ARSI, A DB i
B HEFE DR,

6 45i8(Conclusion)

AL BIGPEAR, #id T ML 2 A% ek . ik
H SR FH BT &5 6 55 22 4% R B0 2502 308 AR AT 4
i, EE T 2R B2 A g, $em T AR
MRIERE S, Bk, T GPELIE R AE 8 R 28 ) v
AT A R 2R, DR n] LALE B A FL AR () 854 56 4
PRI R A5 BIRAMR. X) Lb S 45 5L 0 k4L
ZIZHIVLEMK LI 2 4% 5000 B B m iz AL e
FIROSCSIGH

N DR A AR R L A ) R e £ 1)
B B KRB, T EMEK 2 8 FH ] )5 )
IEA e e
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