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CONNECTIONISM INTELLIGENT CONTROL: A SURVEY

Abstract
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The recent theoretic accomplishments and applications for connectionism

intelligent control are thoroughly surveyed, including neural network’s basic proper-
ties and all aspects of the connectionism intelligent control systems, such as approxi-

mation and generalization abilities, neural networks and chaos, supervised learning al-

gorithms, neural networks modeling, prediction, optimization, control, etc. Finally

the future research directions are suggested.
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