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Abstract

A RAM-based Neural Net(RBNN) which has multi-discriminators is more effective than RBNN
with a discriminator. Experience Sensitive Cumulative Neural Network and 3-D Neuro System
(3DNS) that accumulate the features point improved the performance of BNN, which were enabled
to train additional and repeated patterns and extract a generalized pattern. In recognition process
of Neural Net with multi-discriminator, the selection of class was decided by the value of MRD
which calculates the accumulated sum of each class. But they had a saturation problem of its
memory cells caused by learning volume increment. Therefore, the decision of MRD has a low

performance because recognition rate is decreased by saturation. In this paper, we propose the

CHIKR OIS mAXK : 2HY
«£12l 1 2009. 08. 10, AAtY : 2009. 08. 26, 7‘||7(H§|”§§%' 1 2009. 09. 15.
C@FEAVIIRG LA PJUENA LG SN E AR F LN B
o gatheha Al 25 ot



12 E%.;q E:E1 ]:Eéﬁ‘!—‘El ulﬂl)(wu (2009 9)

method which improve the MRD ability. The method consists of the optimum MRD and the

matching ratio prototype to generalized image, the cumulative filter ratio, the gap of prototype

response MRD. We experimented the performance using MNIST database of NIST without

preprocessor,

and compared this model with 3DNS. The proposed MRD method has more

performance of recognition rate and more stable system for distortion of input pattern than 3DNS.

» Keyword : MRD, 3DNS, multi-discriminators, optimum MRD, ESCBNN
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