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Mean-square exponential stability of the impulsive stochastic
Cohen-Grossberg Neural networks with Markovian switching

LI Lei' HE Xiuli'
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Abstract Focused on Cohen-Grossberg neural networks, this paper investigates the mean-square exponential sta-
bility by means of the vector Lyapunov function.This method ensures that the impulsive stochastic Cohen-Grossberg
neural network is exponentially stable.Finally ,an example is used to illustrate the conclusions.

Key words Cohen-Grossberg networks; mean-square exponential stability; Markovian switching



