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ABSTRACT

The Hopfield model is defined as an adaptive dynamic
system. In this paper we propose a modified neural
network which is capable of solving linear programming
problems and a set of linear equations. The mxxdel is
directly implemented from the given system, and solves
the problem without calculating the inverse of the
matrices. We get the beiter stability results by the
addition of scaling property and by using the
nonlinearities in the linear programming neural networks.
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Fig. 1. The proposed linear programming neural networks
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