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Parameters selection of a support vector machine using an improved

estimation of the distribution algorithm

WANG Xue-song, CHENG Yu-hu, HAO Ming-lin
(School of Information and Electrical Engineering, China University of Mining and Technology, Xuzhou 221116, China)

Abstract: The learning performance and the generalization property of support vector machines (SVMs) are greatly influenced by
the suitable setting of some parameters. The parameters selection can be transformed into an optimization problem by defining the
root mean square error of a SVM prediction model as an evaluation function. A kind of improved estimation of the distribution al-
gorithm (EDA) with a chaotic-mutation operation was proposed and used to optimize parameters of a e-SVM including a penalty
factor, an insensitive loss coefficient and a width of a Gaussian kernel function. The improved EDA could take advantage of the
randomness and ergodicity of chaos, which could solve the local minima problem of traditional EDAs. Simulation result of the pre-
diction of a Chebyshev chaotic time series showed that the improved EDA was an effective method of solving the problem for pa-
rameters selection of a SVM.
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Fig.1 Prediction result of the Chebyshev chaotic times series
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Fig.2  Error prediction of the Chebyshev chaotic times series

R

AR FH e 0 A2 1] B A pR Y e - S8R5 ) ALy
1], 7 SCRERL TR X5 7 W5 22 S DA RS, SR T ek
ST ERE DL A SR AR AT Y 7 AN U Ok R AL
DI 1o 07 4% 1) 6 A% R B E B . Chebyshev JE {5
(] 51 S50 175 EL 235 SRR I, 22k itk EDA DAL Ab 38 1Y
e- SRR AL FOIORS BE 8w . o A0 (AR — 421
R ATCRINIEV e -3 S LY S ROk B )y
LA, (B2 i $82 Bl o3 A A 11580k TR A P R
TR R S ) B, A A R SR ] BEAIL A 2 B0k
PRI B AL 7R R AR

SE Lk

[1] VAPNIK V. The nature of statistical learning theory[ M]. New
York: Springer Verlag, 1995.

[2] WANG X S, TIAN X L, CHENG Y H. Value approximation
with least squares support vector machine in reinforcement le-
arning System[J 1. Journal of Computational and Theoretical
Nanoscience, 2007, 4(7/8): 1290-1294.

[3] CHAPELLE O, VAPNIK V, BOUSQUET O, et al. Choosing
multiple parameters for support vector machines[ J]. Machine
Learning, 2002, 46(1): 131-160.

[4] WU C H, TZENG G H, LIN R H. A novel hybrid genetic al-
gorithm for kernel function and parameter optimization in sup-
port vector regression[ J]. Expert System with Applications,
2009, 36(3): 4725-4735.

(5] BREDE, M, RN, JE TR HEOU AL 31 1 S 4 1)

EHLSBOE PR I AT e 58, 2006, 23
(5): 740-744.
SHAO Xinguang, YANG Huizhong, CHEN Gang. Parameters
selection and application of support vector machines based on
particle swarm optimization algorithm [ J]. Control Theory &
Applications, 2006, 23(5): 740-744.

[6] LARRANAGA P, LOZANO J A. Estimation of distribution al-

gorithms : a new tool for evolutionary computation[ M]. Boston:

Kluwer Academic Publishers, 2002.

BRI, TRAER . TR 5 09/ Bk 73k

(3], #hl 5Pk, 2007, 22(1) : 708-712.

JIA Dongli, ZHANG Jiashu. Niche particle swarm optimization

[7

[

combined with chaotic mutation[ J]. Control and Decision,
2007, 22(1): 708-712.
(%3 15 %)



