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Partition of Sample Space with Perceptrons

CONG Chong,LU Bao - Liang
( Department of Computer Science and Engineering, Shanghai Jiaotong University, Shanghai, 200240, China)

ABSTRACT ; Binary classification is a fundamental problem in machine learning area. Currently, the widely used
and best performing learning method is support vector machine (SVM). However, SVM cannot give satisfactory an-
swer to some non — linear problems. A new approach to improve SVM’s ability on non - linear problems is expected.
Focusing on binary classification problems, a novel sample space analyzing method based on perceptron is proposed.
The method starts from extracting sample distribution information, and divides the overall problem into a series of lo-
cal problems. Then finding optimized local separator with SVM, and finally combining the local separators with the
minimization and the maximization principles to get the overall classifier. The simulation results indicate that the pro-
posed method can effectively analyze sample space and extract distribution information, and achieve better prediction
accuracy than existing methods. The new method can meet the requirement, and improve classifier’s performance on
non — linear problems.

KEYWORDS ; Perceptron ; Support vector machine (SVM) ; Pattern recognition; Sample space partition; Min — max
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