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ABSTRACT

Structural learning as proposed by Ishikawa [1] has had
success in reducing unimportant weights in an initially

oversized multilayer feedforward neural network during

training. This technique employs a forgetting constant

c which determines the rate of weight decay during
learning. A formalization of this method is obtained
by considering the weights as the states of a dynamic
system. Analysis of the system eigenvalues and simula-
tion indicate that &controls removal of fixed points cor-
responding to the weights of oversized networks. Thus

considering error backpropagation as a dynamic system

has enabled analysis of structural learning.

1, INTRODUCTION

Structural learning of feedforward neural networks of-
fers effective pruning with a relatively simple learning
rule [I]. This learning rule includes a term which forces
weights to decay during training. Near minimal net-
works can be obtained by applying this rule to ini-
tially oversized networks. Many of the weights are typ-
ically small at the conclusion of training, and thus both

weights and neurons may be subsequently pruned. Al-

though the structural learning rule with its forgetting

constant is well understood intuitively, the choice of a

specific value of the constant is somewhat arbitrary [2].

In order to analyze the structural learning, the learn-

ing must be expressed more formally. Based on a
given training set the error backpropagation (EBP) al-
gorithm moves the weights from some random initial
condition towards the final value corresponding to the
closest local minimum of an error function. The fact
that during learning the weights evolve in time while

the training set remains invariant suggests that the net-

work weights can be considered as states of a dynamic

system [3].

The objective of this paper is to characterize solu-
tions which correspond to fixed points in the weight
space in terms of their stability with respect to the for-

getting constant, which is considered to be a parameter
oft he learning dynamics. It will be shown that this pa-
rameter controls the eigenvalues of the fixed points [4]

and hence their convergence properties. Thus the for-

getting constant determines the number of stable fixed
points in the weight space. The best pruning occurs

when all the solutions corresponding to oversized net-

works are removed from the weight space by training
with an appropriate e forgetting constant. These solu-

tions become unreachable from any initial condition.

2. EBP LEARNING AS A DYNAMIC

SYSTEM

Assume that tii is a vector composed of the neural net-

work weights. Considering backpropagat ion learning as

a dynamic system, the weight vector h? is understood to

be the state of this system. The standard EBP learn-
ing rule [5] is a discrete time mapping from tin to tin+ 1
Kiven bv

dE(tin)
Ii&+ l=t in-q _,+ , (1)
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where E(Z) is the error function for a given training
set. More specifically, E(d) is a functional defined at
each state G which can be interpreted as the state po-

tential in the weight space. Starting from some initial

condition tio the dynamic rule (1) determines the cas-
cade trajectory {tin } which leads to the nearest local

minimum oft he functional E. The minimum is located
at a fixed point ~F which is an attractor of the trajec-

tory {tin}.

As q + O the discrete-time dynamic system with
rule (1) becomes an approximation of a continuous-
time dynamic system described by the differential equa-
tion [61. .

old(t)

dt
— = F(d), d(o) = ‘@I, (2)

where the vector function is defined as ~(ti) =
–dE(i3) /dti. Thus the derivative of the state is pro-
proportional to the gradient of the potential function
E(@) with a negative proportionality coefficient. Tra-




