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abstract

The purpose in initiating the research in this article was to explore the
mathematical properties in the hidden layer in simple recurrent network
(SRN) proposed by Elman(1990). By means of the powerful ability of this
network, it is possible to describe several psychological phenomena within
the framework of these kind of networks such as short term memory, reaction
time, selective attention, priming, higher—order descriminant analysis, and
associative memory. In this article, the author discussed the implimentation
of these psychological phenomena. All the psyochogolical models described
here can be considered as the state transiton of the units in the hidden

layer.
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