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Dependence of Pattern Identification Performance on Pattern Storage Conditions

in Dynamic Autoassociative Neural Networks

Hirotaka DOHO

Education Unit, Humanities and Social Sciences Cluster, Kochi University

Abstract : In the conventional stationary Hopfield memory model, the interaction with the ex-
ternal system is restricted only in the initial state, in which the external information is acquired.
The subsequent transitions of network states are alleviation process which converges to the lower
energy point attractor of network state internally as a closed system. This limits the model’s
application as the scheme of memory model. So, we have extended the conventional static memory
model to an input-output system that can provide interaction with the external world, and we
have proposed a new model of dynamic retrieval in associative memory based on temporal 1/0
correlations. In our former works, we verified that our model has sufficient capability for pattern
information identifications in the case of random and correlated patterns. In this work, we analyze
the performance of our pattern identification mechanism under the increase of stored patterns
by tuning the stability coefficient of pattern storing. As a result, we have confirmed the region
of the parameter which our proposed model indicates a high performance of signal identification
independent of the number of stored patterns.

Key words : Dynamic Autoassociative Neural Network, Input-Output Correlation, Pattern Iden-
tification Performance, Pattern Storage Condition, Stability coefficient of Pattern Storing
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Fig.1 O Recurrent neural network extended to an

input-output system.
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Fig.2 0 Scheme of dynamic associative memory

model.
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Fig.10 O Dependence of the network response on the

signal strength in 77 = 1 case.
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