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3 : : *1 ,
£=0.1, 10%, , € , f(x)
2
Suykens (least square support vector machine, LS-SVM)
[4
, , Platt SMO(sequential minimal optimization)
[5]
, LS SVM , SMO ,
3
100 , y=10sinx/x, :
( QPA), RBF ' c=2, & 0.6,0.1 0.01, 1, error
1 100
= Y=y, |. 17
error =205 2 1/ (x) =] (17)
, £=0.01 |, 99, ¢=06 |, , 42.
, £=0.01 , ( SPA) 1. , ,
6.
, 1 ( LSA), 2 ,
) .2 .
Tablel Applications of the simplification algorithm in the example
1
Algorithm ¢ Average error No. of SVs Running time (s)
QPA 0.6 0.716 42 1.68
QPA 0.1 0.704 90 172
QPA 0.01 0.701 99 1.64
SPA 0.01 0.715 6 0.18
Table2 Applications of the efficient learning algorithm in the example
2
Algorithm & Average error No. of SVs Running time(s)
LSA L 0.708 100 0.10
SPA 0.01 0.700 9 0.20
4
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Abstract: Aiming at the computational complexity resulted from the large amounts of support vectors when the
support vector machines (SVMs) are used in function estimation, a simplification algorithm is presented to reduce
the number of support vectors and simplify applications. By the adaptation of the simplification algorithm, the
LS-SVM (least square support vector machine) algorithm can be combined with SMO (sequential minimal
optimization) algorithm to achieve good results with high learning efficiency and a few number of support vectors.
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