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ABSTRACT

In this paper , the suthors introduce the concepts

of neural computer systems which have been studied

over 25 years in other countries. And also we

illustrate the models of neural networks suggested

by researchers. Our fundamental hypothesis is that

these models are applicable to the construction of

artificisl neural systems including nevral

computers. Therefore we assume that neural computsr

systems are abstract computer systems based on the

computational properties of human brains and
1
particularly well suited for problems in vision and

language understanding
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