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Smooth Twin Parametric Insensitive Support Vector Regression

HUANG Huajuan', WEI Xiuxi', ZHOU Yongquan'"

(1.College of Artificial Intelligence, Guangxi University for Nationalities, Nanning 530006, China; 2.Guangxi Key Laboratory of
Hybrid Computation and IC Design Analysis, Guangxi University for Nationalities, Nanning 530006, China)

Abstract: As one of the machine learning methods, twin parametric insensitive support vector regression
(TPISVR) had a simple mathematical model and good learning performance. It was especially suitable for sol-
ving data regression problems with structural heteroscedasticity noise. However, the training speed of TPISVR
was low, and the training efficiency needs to be improved. The traditional algorithm of TPISVR could be re-
duced to solve two quadratic programming problems with inequality constraints by transforming dual problems.
However, this method of solving quadratic programming problems with large number of samples would be re-
stricted by time and memory, which was the key to the low training efficiency of TPISVR. In this study, the
positive sign function was introduced to transform the two quadratic programming problems of TPISVR into two
non-differentiable unconstrained optimization problems. Secondly, CHKS smooth function and regular term
were introduced to regularize TPISVR model, and smooth approximation was made to the non-differentiable
unconstrained optimization problem, so as to transform the non-differentiable model into a differentiable uncon-
strained optimization problem. The new model was solved by Newton Armijo method with fast convergence
speed, and a smooth twin parameterized insensitive support vector regression machine ( STPISVR) was pro-
posed. Finally, it was proved theoretically that STPISVR model was convergent and had arbitrary order smooth-
ness; In order to verify the effectiveness and feasibility of the algorithm, simulation experiments were carried
out on the artificial data set and UCI data set commonly used in machine learning. The experimental results
showed that compared with other machine learning methods, STPISVR achieved higher training efficiency
without reducing the accuracy.

Keywords: twin parametric insensitive support vector regression; smooth technology; heteroscedastic noise;

Newton method; training efficiency



