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Support Vector Domain Classifier Based on Multiplicative Updates

LU Cong-De ZHANG Tai-Yi HU Jin-Yan

(Department of Information and Communication Engineering , Xi'an Jiaotong University » Xi'an 710049)

Abstract  This paper proposes a support vector domain classifier based on multiplicative up-
dates. In two-class problem, through description of the training samples from one class, this al-
gorithm obtains the sphere boundary containing these samples, and then uses this boundary to
classify the test samples. In addition, instead of the traditional quadratic programming, multi-
plicative updates is used to solve Lagrange multiplier in optimizing the solution of boundary.
Compared to Support Vector Machine(SVM) and Sequential Minimal Optimization(SMO) algo-
rithms, the learning algorithm shown in this paper not only decreases the collecting cost of sam-
ples, but also improves greatly the computational speed of optimization. The experiment on
CBCL face database illustrates the effectiveness of this algorithm in comparison with SVM and
SMO.
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