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ABSTRACT

In this paper, we propose a novel synthesis method of GBSB(Generalized BSB)-based neural
autoassociative memories in which we analyze qualitative properties of GBSB model, recast a
design problem of an associative memory to LMIP(Linear Matrix Inequality Problem), and
optimize the LMIP using LMI techniques. The obtained memory satisfies many of the required
properties of associative memories and has some peculiar properties. Comparing experimental
results with those of others, we show its correctness and effectiveness.
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