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Abstract - The intent of this paper is to
describe a neural network structure called
dynamic neural processor(DNP), and examine
how it can be used in developing a learning
scheme for computing robot inverse kinematic
transformations. The architecture and learning
algorithm of the proposed dynamic neural
network structure, the DNP, are described.
Computer simulations are demonstrate the

effectiveness of the proposed learning using the
DNP.
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$8A9 FH4E B8y 938 (1,14 a8 2493
T+& s 2ol Fgut.
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(B =cos (2rk/250) 0<A(T5

(k) =0.8 for 6=k

2B =0.6 for 126<k1T5
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