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Research on Parallel Casecade SVM Based on Mixed Samples

ZHANG Hong-sheng, DING Yong-hong
(Huainan United University, Huainan 232038, China)

Abstract: Cascading support vector machine (SVM) divides the original data sets by randomly
dividing them into multiple subsets. Parallel data subset training can effectively improve the
training efficiency of the classifier. However, when the original data is randomly divided into
multiple training subsets, it may bring the imbalance of various parallel node text information
structure to each parallel node, and then affect the classification effect of the final classifier. In
this paper, a training model based on mixed sample training subclassifier is proposed, and the
experiment shows that the cascade support vector machine based on mixed sample training can
solve the problem of unbalanced information structure of training samples, and ensure that the
classifier obtained by cascade training has better accuracy and stability.
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