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Abstract This paper contributes a class of algorithms of constructing SVR based on its different approximate hyper-
planes. It proves that SVM has its approximate hyperplanes. According as there are Support Vectors near the SVM
and the Support Vectors are consequentially near the approximate hyperplane of the SVM too, to bring forward the idea
of constructing SVR starting from its approximate hyperplane to search the Support Vectors step by step. It repre-
sents an algorithm instance——starting from the Multiple Linear Regression Model to constructing LS-SVM, based on
the idea, and analyzes its complexity. Comparing between it, the method of solving LS-SVM with system of linear e-
quations and the decomposition algorithm, the result is the algorithm can converge to LS-SVM and decrease the time
complexity and reduce evidently the space complexity.
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