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Abstract

The support vector machine (SVM) has been widely used in variety pattern recognition problems applicable to
recommendation systems due to its strong theoretical foundation and excellent empirical successes. However, SVM is
sensitive to the presence of outliers since outlier points can have the largest margin loss and play a critical role in
determining the decision hyperplane. For robust SVM, we limit the maximum value of margin loss which includes the
non—convex optimization problem. Therefore, we proposed the design method of robust SVM using genetic algorithm
(GA) which can solve the non-convex optimization problem. To demonstrate the performance of the proposed method,
we perform experiments on various databases selected in UCI repository.
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2.1 Genetic Algorithm

FAA duglHe A3 dauglFe g FFolh &
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procedure GA

t=0;

initialize P(t);

evaluate P(t);

while termination condition not satisfied do
t=t+1;
select P(t) from P(t-1);
recombine and mutate P(t);
evaluate P(t);

end
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2.2 Support Vector Machine
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Proposed method
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Fig. 1. Proposed loss function.
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Fig. 2. Structure of the chromosome.
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Table 1. Parameters for Genetic Algorithm.

Parameter Value
Maximum generation number 500
Crossover rate 0.6
Mutation rate 0.05
Population size 2000

4.4 8
Areles gaglEFS HUsl7] 918kl Pima, German,
Tic-Tac-Toe H|o]EH]o]~ES UCI Machine learning
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Table 2. Used Databases.
< ¥ Pima German Tic-Tac-Toe
Number of 763 1000 958
nstances
Number of 8 2 9
features
Number of 9 5 5
classes
$#= ZF dolgHo]~E 60 409 H]E=E St Hlo]
e} H2E toJH=Z IJrTME‘r gk ol SVMLE 2] (4)
g, Ajtste SVMS A 5)& 747t HAAsglete 23 HE
27) 918 ot wlolE R ALgateln, SuEEe WrE
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Table 3. Results of the proposed method.

Databases |General SVM Proposed Diff
method
Pima 65.36 64.71 0.65
German 69.00 70.00 1.00
Tic-Tac-Toe 65.29 65.29 0
Average 66.55 66.67 0.55
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releative performance including no outliers
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relative performance

Pima German Tic-Tac-Toe Average
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Fig. 3. Relative results of the proposed method.
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Table 4. Results of the proposed method including 10%
outliers.

Databases | General SVM Proposed Diff
method
Pima 35.29 60.78 25.49
German 67.00 70.00 3.00
Tic-Tac-Toe 34.71 65.29 30.58
Average 45.67 65.36 19.69
releative performance including no outliers
' ‘ : [ s
e [ Proposed method
é 15+
a8 4. 10% o)dHe] EFHAS u AkE e

o Q14 Al
Fig. 4. relative results of the proposed method including
10% outliers.
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