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This paper tries to apply evolutionary multi-criterion optimization (EMO) to the parameters esti-
mation problem of multi-class support vector machines (SVMs). As the kernel function, we choice
the weighted radial basis function (RBF) kernel, which the number of parameters equals the di-
mension of the input patterns. In this paper, we investigate which combination of objectives should
be used to designing the kernel parameters of SVMs through computational experiments on vehicle
and glass. Through the results of examples, it turns out that the combination of #SV and AUC(avg)
and AUC(min) could be more suitable for this problem.
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Table 2 F-Score(vehicle)

st | 2t 3st
Fly | 0.114(3) | 0.003(7) | 0.087(8)
F2, | 0109(1) | 0.007(3) | 0.090(14)
F2, | 0.240(14) | 0.195(18) | 0.078(3)
Fé) 0.715(8) 0.637(7) | 0.628(12)
Table 3 F-Score(glass)
[ 1st | 2st t 3st

FL [ 0361(3) [ 0277(4) | 0.092(8)

F2, | 0.008(2) | 0.047(8) | 0.035(9)

F?, | 0335(3) | 0.159(4) | 0.104(8)

F& | 1.263(3) | 0.502(4) | 0.269(2)

F?, | 0.876(2) | 0.588(3) | 0.572(6)

Fg, | 1.796(3) | 1.460(8) | 1.269(4)
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