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Abstract

This paper describes a set of feedforward neural network leamning
algorithms based on classical quasi-Newton optimization techniques
which are demonstrated to be up to two orders of magnitude faster
than backward-propagation. Then, through initial scaling of the
inverse Hessian approximate, which makes the quasi-Newton algo-
rithms invariant to scaling of the objective function, the leaming
performance is further improved. Simulations show that initial scal-
ing improves the rate of learning of quasi-Newton-based algorithms
by up to 50%. Overall, more than two to three orders of magni-
tude improvement is achieved compared to backward-propagation.
Finally, the best of these learning methods is used in developing a
small writer-dependent online handwriting recognizer for digits (0
through 8). The recognizer labels the training data correctly with
an accuracy of 96.66%.
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1. Introduction to Neural Network Learning

Neural net (NN) models have been studied for many years
with the hope that the superior learning and recognition
capability of the human brain could be emulated by man-
made machines. Similar massive networks, in the hu-
man brain, make possible the complex pattern and speech
recognition capabilities of humans. In contrast to the Van
Neumann computers which compute sequentially, neural
nets employ huge parallel networks of many densely inter-
connected computational elements called neurons. Neural
networks have been used in many different applications
such as adaptive and learning control, pattern recognition,
image processing, signature recognition, signal processing
and speech recognition, financial problems, etc.

A neuron is the basic computational unit in a neu-
ral network which sums a number of weighted inputs and
passes the sum through a non-linear activation function.
Multi-layer neural networks (Figure 1) consist of a large
number of neurons. Before a neural network can be used
for any purpose, the weights connecting inputs to neurons
and the parameters of the activation fucntions of neurons
should be adjusted so that outputs of the network will
match desired values for specific sets of inputs. The meth-
ods used for adjusting these weights and parameters are
usually referred to as learning algorithms.

]
o

g e

LIl [

Figure 1. General multi-layer feed-forward neural network.




































