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Abstract; Techniques, learning methods, and applications used in the current learning control systems are analyzed and

summerized in this paper. From using techniques, leaming control is developing toward direction from using single technique to

using hybrid techniques. From learning methods and applications, learning control is developing toward direction from using sin-

gle parameter learning to more complicated structure learning, environment leaming, and complex plant leaming
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3.6 B2 (Environment learning)
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Fig. 1 Flow of behavior recognition learning process
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&2 Learning Systems of uncertain plant with time delays
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