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A Study of Global Minimization Analysis of Langevine
Competitive Learning Neural Network Based on Contraction
Condition and Its Application to Recognition for the Handwritten
Numeral
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Abstracts In this paper, we present the global minimization condition by an informal analysis of the Langevine

competitive learning neural network. From the viewpoint of the stochastic process,

it is important that

competitive learning gurantees an optimal solution for pattern recognition. By analysis of the Fokker-Plank
equation for the proposed neural network, we show that if an energy function has a special pseodo-convexity,
Langevine competitive learning can find the global minima. Experimental results for pattern recognition of
handwritten numeral data indicate the superiority of the proposed algorithm.
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