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Accelerating Levenberg-Marquardt Algorithm using Variable
Damping Parameter
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Abstract

The damping parameter of Levenberg-Marquardt algorithm switches between error backpropagation
and Gauss-Newton learning and affects leamning speed. Fixing the damping parameter induces some
oscillation of emror and decreases leaming speed. Therefore, we propose the way of a variable
damping parameter with referring to the alternation of error. The proposed method makes the
damping parameter increase if error rate is large and makes it decrease if error rate is small. This
method so plays the role of momentum that it can improve leaming speed. We tested both iris
recognition and wine recognition for this paper. We found out that this method improved learning
speed in 67% cases on iris recognition and in 78% cases on wine recognition. It was also showed that
the oscillation of error by the proposed way was less than those of other algorithms.
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Initialize the weights and parameter ,LL(,LL =0.01)
Compute the sum of squared errors over all inputs P(w)
Compute the Jacobian matrix J
Solve equation(2.2) to obtain the increment of weights
Aw
Recompute the sum of squared errors P(W) using
W+ AW as the trial P(W), and judge
IF (trial P(w)) < (P(W) in step 2) THEN
w=w+Aw
p=pe B (8=0.1)
20 back to step 2
ELSE
p=p/B
20 back to step 4
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