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SMO Training Algorithm for Hyper-sphere One-class SVM

XU Tu LUO Yu HE Dake
(School of Information Science and Technology, Southwest Jiaotong University, Chengdu 610031, China)

Abstract One-Class SVM, as an unsupervised learning algorithm, is used widely in the areas of information security
and image recognition etc. Moreover, Hyper-Sphere One-Class SVM can product a right sphere including the training
examples, so it is fit to learn the examples with sphere-shaped distribution, However, Hyper-Sphere One-Class SVM
is limited in real applications because it lacks a fast training algorithm. Training standard SVM successfully, the idea of
SMO algorithm can be used to train Hyper-Sphere One-Class SVM too. The SMO algorithm for Hyper-Sphere One-
Class SVM is proposed, the space and time complexity degrees are also analyzed in this paper. As shown in our numer-
ic experiments, the new algorithm can train Hyper-Sphere One-Class SVM precisely and efficiently.
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5 3.482 91.75 2.328 98.34
6 3.220 88. 65 2.259 96. 7
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