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Abstract: A smoothing-type algorithm for solving the generalized support vector machines(SVMs) is proposed. Based on
the KKT system of the dual optimization model for SVMs, a new class of smoothing functions is proposed, and the KKT
system is reformulated as a system of parameterized smooth equations and solved by using the smoothing type algorithm.
Under some reasonable conditions, the proposed algorithm is shown to be globally convergent and locally superlinearly

convergent. Numerical examples show that the proposed algorithm is promising and has a bright future of applications.
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x1 ETLMBREHTESR
Dataset size Training Testing
mXxn (v. k, p) correctness/ % correctness/ % I IT CPU
Tonosphere
(351x34) (100, 0.5, 2) 85.06 83.10 5.214 0e-09 13 1.017 9e+00
Pima Indians
(768%8) (1,0,2) 64.40 71.43 4.871 1e-09 8 6.190 le+01
BUPA Liver
(345%6) (1,0,2.5) 57.42 62.86 2.109 1e-07 10 9.592 5¢-01
Hepatitis
(80x20) 1,1,2.5) 81.25 93.75 6.6219e-07 11 4.448 7e-02
Leukemia
(72x7129) (100, 1, 20) 68.42 73.33 3.300 5e-09 7 3.357 8e-02
Postoperative
(100, 0, 2.5) 71.01 77.78 1.093 5e-09 10 8.788 3e-02

(87x9)
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#2 EToHE&MRREMTEESR

Dataset size Training Testing
mxn (s, 2, 2) correctness/ % correctness % Il IT CPU
Tonosphere
(351x34) (100, 0.5, 2, 0.1) 85.21 80.00 6.900 9e-08 9 8.8832e-01
Pima Indians
(768%8) (1,0,2,0.1) 64.40 7143 4.871 1e-09 8 6.190 1e+01
BUPA Liver
(345%6) (1,0,2.5,0.1) 57.74 60.00 2.1202e-12 8 1.890 4e+00
Hepatitis
(80x20) (1, 0.5, 2.5,0.00001) 83.33 87.50 1.366 3e-08 8 4.642 3e-02
Leukemia
(72x7129) (10, 0, 20, 0.001) 64.06 75.00 5.7324e-10 7 5.667 4e-02
Postoperative
(87x9) (1,0,2.5,0.1) 71.79 77.78 1.111 5e-07 7 4.613 8e-02
*3 ETFZmAIELERRMITESR
Dataset size Training Testing
mXxn (v, k, p, d) correctness/ % correctness/ % Il IT cPU
Tonosphere
(351x34) (1,1.5,2, 1) 70.16 75.00 7.8927e-07 13 1.461 2e+00
Pima Indians
(768x8 (1,0,2, 1) 64.40 7143 2.022 0e-08 10 8.267 7e+00)
BUPA Liver
(345%6) (1,0,25, 1) 57.10 65.71 2.573 6e-09 8 7.815 8e+01
Hepatitis
(80%20) (1,1.5,2,1) 81.94 100 1.088 7e-10 12 5.776 5e-02
Leukemia
(72x7129) (10,0, 20, 1) 64.06 75.00 5.7324e-10 7 5.667 4e-02
Postoperative
(87x9) (1,0,2.5,1) 71.79 77.78 1.111 5e-07 7 4.613 8e-02
x4 ETLUMBREMHITES
Dataset size Training Testing
(Training, Testing) (v, k,p) correctness/ % correctness/ % Il T CcPU
(1605,30957) (1,0.5,2) 75.59 75.93 1.556790e-07 11 12.79
(2265,30297) (1,0.5,2) 77.13 75.82 9.643 350e-08 11 29.14
(3185,29377) (1,05, 2) 75.0 76.01 6.409 713e-07 11 64.93
(4781,27781) (1,05,2) 75.57 75.98 2.628 788e-07 12 210.88
(6414,26 148) (1,05,2) 76.19 75.85 4.187 640e-07 11 448.69
(8 140,24 422) (1,05,2) 75.82 75.95 6.378 069e-07 11 878.32
%5 ETSHRAESHEERNHEER
Dataset size Training Testing
(Training, Testing) (v, k, p, d) correctness/ % correctness/ % Il IT cPU
(1605,30957) (1,05,2, 1) 75.32 75.95 4.636330e-08 11 11.22
(2265,30297) (1,05,2, 1) 76.25 75.89 1.056 170e-07 13 30.42
(3185,29377) (1,05,2, 1) 74.69 76.05 1.069 380e-07 13 75.38
(4781,27781) (1,05,2, 1) 75.19 76.04 2.945196e-07 12 207.06
(6414,26 148) (1,0.5,2, 1) 75.29 76.07 4.341 544e-07 11 448.55
(8 140,24 422) (1,0.5,2, 1) 75.82 75.95 6.377 990e-07 12 1003.05
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