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Error Back Propagation Learing of Neural Networks Including Preorganized
Structure and its Appplication to Inverse Dynamics Learning

of Robot Manipulators
Toshio Tsuji, Member, Daiichiro Mori, Non-member (Hiroshima University), Koji Ito, Member

{Toyohashi University of Technology)

Estimating some mappings by neural networks, a part of mapping properties is often known

beforehand. The back propagation type neural networks, however, do not utilize this kind of
knowledge about the mapping. The present paper proposes to incorporate known nonlinear func-
tions involved in the mapping into the back propagation type neural networks in order to utilize the
knowledge about the mapping. As a result, the known and unknown parts of the mapping can be
learned in preorganized and unorganized layers of the neural networks respectively.

Then, the preorganized neural network is applied to inverse dynamics problems of robot
manipulators. Experimental results show that the learning abilities such as convergence characteris-
tics, generalization abilities and parameter identification can be improved compared to the conven-

tional one by incorporating the motion equation of the manipulator into the preorganized layer.
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