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Abstract

This paper introduces the concept of fixed weights and proposes an algorithm for classi-
fication by adding this concept to vector space separation method in LVQ. The proposed
algorithm is based on competitive learning. It uses fixed weights for generality and fast
adaptation, efficient radius for new weight creation. and L1 distance for fast calculation. It
can be applied to many fields requiring adaptive learning with the support of generality.
real-time processing and sufficient training effect using smaller data set. Recognition rate of
over 98 % for the train set and 94 % for the test set was obtained by applying the suggested

algorthim to on-line handwritten recognition.
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