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(Modified Multi-layer Bidirectional Associative Memory

with High Performance)
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(Dong Gyu Jeong and Soo Young Lee)
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Abstract

In previous paper we proposed a multi-layer bidirectional associative memory (MBAM)
which is an extended model of the bidirectional associative memory (BAM) into a multi-
layer architecture. And we showed that the MBAM has the possibility to have binary
storage for easy implementation. In this paper we present a MOdified MBAM(MOMBAM)
with high performance compared to MBAM and multi-layer perceptron. The contents will
include the architecture, the learning method, the computer simulation results for
MOMBAM with MBAM and multi-layer perceptron, and the convergence properties shown
by computer simulation examples.. And we will show that the proposed model can be used
as classifier with a little restriction.
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Fig. 2. Recognition rate of 10 random
patterns associated with 10 other
random patterns.
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