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Previous studies have suggested that, for moderate sized neural networks, the use
of classical Quasi-Newton methods yields the best convergence properties among
all the state-of-the-art [1). This paper describes a set of even better learning algorithms
based on a class of Quasi-Newton optimization techniques called Self-Scaling Vari-
able Metric (SSVM) methods. One of the characteristics of SSVM methods is that
they provide a set of search directions which are invariant under the scaling of the
objective function. With an XOR benchmark and an encoder benchmark, simula-
tions using the SSVM algorithms for the learning of general feedforward neural
networks were carried out to study their performance. Compared to classical Quasi-
Newton methods, it is shown that the SSVM method reduces the number of iterations
required for convergence by 40 percent to 60 percent that of the classical Quasi-
Newton methods which, in general, converge two to three orders of magnitude faster
than the steepesi descent techniques.

1 Introduction

This paper describes new learning algorithms for feedfor-
ward neural networks. In such a network, a neuron sums a
number of weighted inputs and a bias and passes the result
through a nonlinear activation function. Multilayer neural net-
works consist of a large number of these neurons. Before a
neural network can be used for any purpose, the weights con-
necting inputs to neurons and bias values should be adjusted
so that outputs of the network will match desired patterns for
specific sets of inputs. The methods used for adjusting these
weights and parameters to provide such a match are usually
refered to as learning algorithms.

Rumelhart et al. [2] rederived independently and brought
the back-propagation learning algorithm for multilayer feed-
forward neural nets to the attention of the community in 1986.
They used the generalized delta rule to compute the needed
gradient for this steepest decent method. However, low rates
of convergence were seen in practically every problem.
Lippmann [3) states, ‘‘One difficulty noted by the backward
propagation algorithm is that in many cases the number of
presentations of training data required for convergence has
been large (more than 100 passes through all the training data).”
A few methods [3-4] have been proposed to increase the rate
of convergence of learning by making very restrictive as-
sumptions such as linearity. Other more practical methods have
recently been proposed for accelerating the convergence of the
back-propagation technigue (see for example [5-11]).

Reference [7] used a relative entropy as the error measure

'"Presently, IBM Research Division, Thomas J. Watson Research Center,
Yorktown Heights, NY 10598.
_ Contributed by the Dynamic Systems and Control Division for publication
inthe JourRNAL oF DYNAMIC SYSTEMS, MEASUREMENT, AND CoNTROL. Manuscript
received .by the Dynamic Systems and Control Division July 16, 1990; revised
manuscript received June, 1992, Associate Technical Editor: R. Shoureshi.

38 / Vol. 115, MARCH 1993

instead of the quadratic function and the steepest descent is
used to find the minimum. Reference [8] formulated the learn-
ing problem into solving a set of coupled ordinary differential
equations and was able to speed up the learning by one order
of magnitude. However, the performance index used by the
paper is really a misleading one because it does not include
the computation load incurred by the solving of the equations.
Reference [9] suggested the use of conjugate gradient method
which is a first order descent method with an inferior per-
formance to Quasi-Newton methods. Reference [10] derived
a second order method which approximates Newton’s method.
However, the scheme requires the evaluation of a square matrix
with components of second partial derivatives which are not
available for a general neural network. Reference [11] evalu-
ated back-propagation, steepest descent with line search, mo-
mentum method, and classical Quasi-Newton methods and
concluded that the use of Quasi-Newton methods is mandated
by their excellent convergence properties.

In general, steepest descent techniques have good perform-
ance while away from a local minimum and require a lot of
iterations to converge while close to the minimum. On the
other hand, Newton’s method usually converges fast in the
vicinity of the minimum. In addition, Newton’s minimization
technique handles functions with ill-conditioned Hessian mat-
rices elegantly [12]. It would be desirable to take advantage
of the properties of steepest descent when the state is far from
the minimum and then to use Newton’s method in the vicinity
of the minimum.

For using Newton'’s method, the first gradient and the matrix
of second partial derivatives (Hessian) should be evaluated.
Due to the absence of a general explicit expression for the
Hessian matrix of a feedforward neural network, one would
settle for its approximation. One way would be to look at the
problem in a manner similar to Rumelhart’s technique and to
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