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Twin support vector machine based on capped L1-norm

SHEN Yang,DAI Yue-ming

(School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China)

Abstract: In view of the low generalization performance of twin support vector machine model which is easily

affected by outliers, a new twin support vector machine model based on capped LL1-norm is proposed in this paper.

The capped LL1-norm with upper bound value is used to construct the optimization problem instead of [.2-norm,

which weakens the influence of outliers and noise points on the construction of two hyperplanes to a certain extent

and enhances the robustness of the model. In addition, a simple and efficient iterative algorithm is proposed for the

construction of a new twin support vector machine model optimization problem, and the convergence of the

algorithm is proved theoretically. Experimental results on noiseless and noisy UCI data sets show that the proposed

model is more robust and stable than other SVM models.
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G Accuracy 80.79-56.12  74.3545.63  72.2945.07  76.8149.36  75.86--4.72  77.69-6. 69
yerman p-value — 0. 0291 6. 27¢-6 0.0016 0.5182 0.0373
BUPA Accuracy 67.9345.92  68.47+6.90  63.92-57.74  65.644+9.05  67.29+7.63  66.68+8. 02
p-value - 0.7291 0. 7591 0. 6975 0. 7052 5. 235
F4 BURE UCI MIBEREMELR %
Datasets Index CLTSVM TWSVM WLTSVM PTSVM NLPTSVM LSTSVM
o Accuracy 79.7246.21  70.31+6.84  78.476.27  74.26+5.39  74.93+6.07  71.35-+8. 64
Ponar p-value — 0.1261 0. 5673 0. 0039 0. 9842 0.0271
Mok Accuracy 84.8244.80  78.6245.22  80.25--6.31  79.67%5.39  78.93+4.15  76.8275. 73
on p-value — 0.0179 0. 0439 0.1327 3. 72¢-7 0. 6892
b 1 Accuracy 76.7145.09  71.41+4.93  73.8256.71  74.384+9.26  72.91+4.65  71.6346.09
aberman pvalue — 0. 0273 0.0017 0. 3761 0.0136 0.0187
Vor Accuracy 91.5342.97  89.5045.37  90.15-3.62  87.6443.06  86.7244.92  87.69+4. 07
ote p-value — 0.3943 0.0174 0. 0236 0.1738 0. 0482
St Accuracy 79.4749.68  78.92+11.24  84.378.37  85.37+10.52  77.63+6.31  76.34+4. 86
bec pvalue — 0. 8353 0. 0342 0. 9823 2.93¢-6 0. 0236
—_— Accuracy 90.47+4.06  86.7255.09  83.6749.03  89.58+7.63 84 61+6.34  85.25+9.07
onosphere p-value - 0. 0065 0. 0029 0. 8730 0. 4861 0. 0385
G Accuracy 71.6244.06  70.10+4.65  67.39-3.82  68.26+4.05  64.53+5.97  65.0343.93
erman pvalue — 0. 9738 5. 13-4 0. 0364 0. 1458 0.0128
BUPA Accuracy 71.474+8.69  68.29+9.38  64.07510.29  67.3649.04  65.35+6.37  68.4248. 61
? p-value - 0.0318 0. 0157 8. 275 0. 0206 0. 0417
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