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A Hierarchical and Parallel SupportVectorM achines A lgoritim for
Reducing the Training Tine

WEN Ymin LAO Hongyuan ZHOU Lhua

(D eparim ent of Infom ation Eng neering Hunan Industry Polytechni¢ H unan Changsha 410007, Chia)

Abstract Based on the essence of supportvecors and parallel alsorihm the paper proposes a novelstrategy of filte-
ring he traning sanples n a hierarchical and parallel way to speed up the tramng of support vector m ach ines
(SVM s). During the training process the entire classificaton problan is dwided into several small sub— pwoblens
that can be handled n a parallelway Having herarchically filtered out the non-supportvecor data we can obtan
the final training data set which & used b tran a SVM thatwill be used as the final patiem classifier In order to
keep the consstency the crwss— combning principle 5 ntroduced The simubton results illustrate that ourm ethod
speeds up traning whilemantaning the generalzaton accuracy of SVM s
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