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Abstract (Convergence)

In traditional Artificia Neural Networks, all
hidden nodes are regarded identical, and the nodes
adapt weights to solve problems with Back
Propagation Algorithm. However, the speed of
convergence of Back Propagation is slow, and when
we incorporate Genetic Algorithms in evolving
Artificial Neural Networks with this method tuning [41[5]
weights, the network architecture and weights will not
match well easily. This project proposed giving hidden
nodes specific functions. Then, the nodes change
weights to make their outputs similar to the goals of
the functions of them. The whole neura network
training is based on the single neural networks training (Hidden Layer Nodes)
and then completes. In addition, we use Genetic
Algorithm to select the functions for right nodes. The
system will automatically generate a fit Artificia
Neural Network for various applications respectively.
The primary characteristics of this method include the
niche of hidden nodes, the re-usefulness of node
functions, the transparency of network training, and
the improvement of evolution performance.

Keywords: Genetic Algorithms, Neural Networks,
Functional Hidden Nodes
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