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Minimal Perturbation Evaluation Approach
for Classifier Based on Linear Iteration

Z0OU Ying

Department of Judicial Information Management, Sichuan Vocational College of Judicial Police, Deyang Sichuan 618000 . China

Abstract: When data sets contain adversarial perturbation samples, their classification structure lacks sta-
bility, and traditional perturbation evaluation methods are complex, inefficient and accurate. To solve this
problem, a perturbation evaluation method with efficiency and accuracy has beenproposed. Firstly, accord-
ing to physical properties of sample and antagonism between the classifiers, sample antagonistic perturba-
tions are defined, and the linear iterative method is used to evaluate the two classes robustness of classifi-
ers. Secondly,in order to adapt to more general cases, the proposed method is extended to multiple class
classification with more general nonlinear, which means that hyperplane encircled region becomes an irreg-
ular polyhedron. And finally, perturbation samples are tagged to optimize classifier, and updates the cur-
rent estimate, so that the classifier performance gets further improvement. Through experiments for dif-
ferent data-sets and classifiers, experimental results show that the proposed method could get more stable
and efficient perturbation evaluation performance in comparison with traditional methods, which makes
classifiers more robust.

Key words: multi-class nonlinear classifier; adversarial samples; perturbation evaluation; linear iteration; robust
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