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Abstract; Sigmoid function is used as the smoothing function in Smooth Twin Support Vector Regression (STSVR).
However, the approximation accuracy of Sigmoid function is low. In order to overcome this problem, in this paper,
a new smooth twin support vector regression, term as Polynomial Smooth Twin Support Vector Regression
(PSTSVR), is proposed. In PSTSVR, plus function is transformed to an infinite polynomial series. Thus a family
of smoothing functions is derived. Polynomial function is used to approximate the non-differential term of twin
support vector regression, Then Newton-Armijo algorithm is used to solve the corresponding model. We have
proved that PSTSVR is not only convergent, but also can meet the arbitrary order smooth performance. Meanwhile,
the experimental results on several artificial and benchmark datasets show that PSTSVR has better regression
performance than STSVR.
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Diabetes(43X3) SVR 0.450 74£0.0521 0.519 2+0.567 3 0.601 41+0.017 4 3.474
TSVR 0.368 8+0.1983 0.416 5+£0.5801 0.610 840.051 5 0. 982
STSVR 0.351 2£0.156 2 0.4129£0.3901 0.629 44:0.127 4 0. 215
PSTSVR 0.3245+0.0126 0.382540.2121 0.652 84+0.2127 0.115

Boston Housing(506 X 14) SVR 0.405 640,017 4 0.128 740.0352 0.905 640.154 7 69. 842
TSVR 0.397 440,254 7 0.12354+0.036 2 1.025 74+0.102 5 20. 712
STSVR 0.372240.1426 0.120 8+0.064 4 0.992 81+0.124 6 0.295 2
PSTSVR 0.340540.1522 0.120 1£0.0135 1.014 5+0.021 2 0.089 9
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