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Abstract
Hopfield's suggestion of a neural network model for
associative memory aroused the interest of many scientists and
led to cfforts of mathematical analyses. But the Hopfield
Network has several disadvantages such as spurious states and
capacity limitation. In that sense many scientists and engineers
are trying to use a rew optimization algorithm called genetic
algorithm. But it is hard to use this algorithm in Hopfileld
Network because of the fixed architecture. In this paper we
introduce another method to determine the weigth of Hopfield

type network using Genetic Algorithm.
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