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Abstract

There are differences between support vector machine regression and classification. The problem
of classification starts with maximizing the gap between the two classes, but regression problem
needs to find a regression equation which is close to the real function value. In addition, support
vector machine regression and ordinary regression problems are different; it needs to set up a
2¢ interval belt, and the losses are not calculated for the data in the interval belt, but the losses

must be calculated for the data beyond belt. While minimizing losses, there is another item %"W"2

in the objective function of the model, and the understanding of this item brings difficulties in the
teaching process. Especially after studying the SVM classification problem, it is easier to associate
this term with the maximization interval of the same term in the classification problem but it
cannot be directly matched. From regularization, structural risk minimization, flatteness of the
regression hyperplane, transformation of regression problem to binary classification problem,
and the nature of regression, we will analyze and explain in different points, and clear up the ob-
stacles for support vector regression’s understanding. Moreover, the fifth viewpoint is at a new
height, unifies the first four understandings from the nature of the problem, and it also has its own
unique views.
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Figure 1. 2¢ interval bands of SVM regression
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Figure 3. The Margin of SVM regression
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