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A Neural Network with Local Weight Learning
and Its Application to Inverse Kinematic Robot Solution
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Abstract

Conventional back propagation learning is generally
characterized by slow and rather inaccurate learning which
makes it difficult to use in control applications. A new
multilayer perceptron architecture and its learning algorithm is
proposed that consists of a Kohonen front layer followed by a
back propagation network. The Kohonen layer selects a
subset of the hidden layer neurons for local tuning. This
architecture has been tested on the inverse kinematic solution
of robot manipulator while demonstrating its fast and accurate

learning capabilities.
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Fig. 1. A Neural Network Architecture with Partial weight Learning



& a@
= - ]
- & *
PRI B . B .
: s T : *
3 R =@
3 3 L es o=
PR
o = 3 z
= - -]

a9 2 #EAE BRAFAM G #G dlolete] AR HE
O]
Fig. 2. Training Data Distribution whoes Cartesian Positions

are Obtained by Joint Space Tessdlation
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Fig. 3. Composition of Rates of Leaming for Partial Weight

Leaming versus Conventional BP Net Using Data in Fig. 2
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Fig. 4. Comparision of Rates of Learming Using Training Data

in a Rectangular Slope
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Fig. 5. Kohonen Weight Vector Distribution
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Fig. 6. Inverse Kinematic Solution Approximation Using a BP Net
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Fig. 7. Inverse Kinematic Solution Approximation Using Partial
Weight Leaming
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Fig. 8. Generalization Characteristics for Partial Weight Leaming
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