











Equation 30 leaves a lot of freedom in choosing the parameters |1,

and 6. Oren suggested in [11] that p, and 0, be picked in the
following manner,
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and ¢y, 0, € [0,1]. This choice will provide a set of |, such that,
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Another approach for picking the aforementioned parameters,
based mainly on heuristics, is to keep 1, as close as possible to unity

and to pick 8y such as to offset an estimated bias in det(H,G) relative

to unity.l12] A third approach for picking these paramters is to
minimize the condition number of the inverse Hessian matrix which
will provide better numberical stability of the updating algorithm.
Reference [12] gives four sets of switching rules for picking these
parameters.

SIMULATIONS AND RESULTS

Computer simulations of the learning have been done using all the
described minimization schemes as applied to the classical XOR
problem and an encoder. The input and desired output patterns of
these two problems are given in tables 1 and 2 respectively. The
architecture used for the XOR problem is shown in figure 1. A similar
architecture was used for the encoding problem with four hidden
neurons and four inputs. This was intended to see the performance of
the minimization schemes when there are more variables involved.
Two important measures of the performance of the algorithms are the
number of times the input patterns had to be presented and the number
of updates which were made to the initial guess for the inverse Hessian
matrix to achieve convergence. In simulation of all the above
algorithms, an inexact line search was used.

In picking the parameters p, and 8y, a trial on error method was
used. The switching method of [11] did not perform well compared to
pre-chosen constant parameters. This result agrees with experiments

done by Oren.[11] (e.g. the number of presentations and updates for
the encoder problem were 77 and 30 respectively.) Also, the
switching methods of [12] which were demonstrated to have done well
were not used here due to their impracticality for neural networks. In
these switching methods, an update of the Hessian matrix should be
kept as well as the inverse Hessian. This would require a lot of
memory when a large network is involved.

Results of the computer simulation of the said algorithms are
given in table 3. In table 3, E is the final value of the objective
function, P is the number of presentations of all input patterns, and G
is the number of updates made to the initial inverse Hessian estimate.
Termination of the minimization took place when E < le-5 or when |
Ey1 - Exl < le-6.

CONCLUSION

Looking at the state of the arts in neural network learning, a need
was noted for faster learning algorithms. Steepest Descent techniques
are known to perform well, away from the minima and Newton's
method works well, in the vicinity of the minima. Therefore, for a fast
learning algorithm, one should take advantage of the best of the two
methods. The evaluation and inversion of the Hessian matrix posed a
difficult and time consuming problem. Quasi-Newton methods start
off with an estimate of the inverse Hessian matrix equal to the identity
matrix. This matrix provides the steepest descent direction. As
recursions are done, the Quasi-Newton methods provide an update to
the inverse Hessian matrix. This will in the limit provide an optimal
direction of descent based on the momentum of the inverse Hessian
matrix.

Results show an increase in the rate of convergence of up to
100% in the case of SSVM methods over BFGS and Pearson II

SSVM updates are known to perform well especially for problems
with a large number of variables.[22] This fact is illustrated by the
outstanding performance of the SSVM method compared to BFGS in
the encoder problem where the size of the state vector x is 25.
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