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(A Local Weight Learning Neural Network Architecture

for Fast and Accurate Mapping)

SO SO = T Y
{Thn Sook Yi and Se Young Oh)

g ©
G AAELS FALES AAsko] urh AHY mapping® HEF FEE s
honen2] =& 22 3|8 & w2 jeader clustering 3| &5 o|&&le] gla] 718 o}
of tHgsle FEFu dddder e Fxoloh Akl 329 H5S ¥

ity A2t 20E o) 3&o] el o 7] Fe Bl a4 At a1 A v R ke

off wlel wh& &S wglch

Abstract

This thesis develops a modified multilayer perceptron architecture which sp
well as the net’s mapping accuracy

eeds up learning as

In, Phase I, a cluster partitioning algorithm like the Kohonen’s self-organizing feature map or
the leader clustering algorithm is used as the front end that determines the cluster to which the

input data belongs. In Phase II, this cluster selects a subset of the hidden layer n

odes that combines

the input and outputs nodes into a subnet of the full scale backpropagation .network.

The proposed net has been applied to two mapping problems, one rather smooth and the other
highly nonlinear. Namely, the inverse kinematic problem for a 3-link robot manipulator and the 5-
bit parity mapping have been chosen as examples. The results demonstrate the proposed net’s
superior accuracy and convergence properties over the original backpropagation network or its

existing improvement techniques.
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