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num 1 1000 1000 98.9 36 98.9 159 1024 0. 16

num?2 1000 1 000 96.3 33 96.5 126 1024 0. 12




4
HBSVM ;
SVM, , ,  SVM
, SVM, SVM
HBSVM . NP , HBSVM
HBSVM

[1] VAPNIK V N.The nature of statistical learning theory[ M].New York :Springer, 1998.

[2] OSUNA E,FREUND R, GIROSI F. An improved training algorithm for support vector machines[ C]// Proc of NNSP* 97,
1997.

[3] JOACHIMS T.Making Large scale SVM learning practical[ C] // B Scholkopf, C J C Burges, A J Smola. Advances in Kernel
M ethods support vector learning. London: Cambridge, M A, MIT Press, 1999.

[4] PLATT J.Sequential minimal optimization: A fast algorithm for training support vector machine[ R] . T echnical Report MSR
— TR- 98- 14, Microsoft Research, 1998.

[ 5] s , . [J]. : ,2004,26(5) :
373 377.

[6] FRIESST T, CRISTIANIMI N, CAMPBELL C. The kermel adatron algorithm: a fast and simple learning procedure for
support vector machine[ C]// In Proceeding of 15th Intl. Conf. M achine Learning. Burlington: Morgan Kaufman Publshers,
1998.

[7] , . [M]. : , 2001.

Parallel algorithm of support vector machine based on orthogonal array

QIU Ywrging', HU Guang-huaz, PAN Werrlin
(1. Department of M athematics, Yunnan University, Kunming 650091, China;
2. School of Mechanical & Electrical Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: Ex plores the training problems of support vector machine with large training pattern set, and a
new parallel algorithm based on orthogonal array is presented. This method breaks a large training problem irr
to some small independent problems. Then the large problems can be solved via solving those small problems
individually. Thus we will be able to use this algorithm and the computer with many CPU to calculate large
problems.

Key words: orthogonal array; parallel compute; support vector machine(SVM); HBSVM



