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Abstract

Any feedforward artificial neural network (ANN) training procedure begins
with the initialisation of the connection weights’ values. These initial values are
generally selected in a random or quasi-random way in order to increase
training speed. Nevertheless, it is common practice to initialize the same ANN
architecture in a repetitive way in order for satisfactory training results to be
achieved. This is due to the fact that the error function may have many local
extrema and the training algorithm can get trapped in any one of them
depending on its starting point based on the particular initialisation of weights.
This paper proposes a systematic way for weight initialisation that is based on
performing multiple linear regression on the training data. Experimental data
from a metal cutting process were used for ANN model building to demonstrate
an improvement on both training speed and achieved training error regardless
of the selected architecture.

Keywords: Feedforward ANNS, initialisation, engineering data, multiple linear
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1. Introduction

The connection weights between neurons are where the ANN stores information to
describe the problem at hand and to quantify interdependencies between its inputs and
outputs. The goal of the training procedure is to calculate the values of the weights
that correspond to the minimum value of the error function. In the case of feedforward
ANNE, this function is usually a sum of squares of the differences between the actual
data and those that are calculated by the ANN, the weights being the unknown
parameters. The initial values of weights determine the starting point of the training
algorithm and directly affect training speed and training error. If these initial values
are not close to the global minimum or are close to an area with many local minima of
the error function, the training algorithm may be trapped in one of them and therefore
training will be slow and/or produce bad results [1]. To avoid such problems, the
initialisation is done in a random or quasi-random way. This, in turn, results in the
need to train the same ANN multiple times, effectively using different initialisations,
to ensure that the performance of the ANN model is primarily dependent on its
architecture and not on the initial values of the weights. Consequently, the practitioner
is involved in a repetitive process that requires more development time as well as
experience and intuition.

Different initialisation methods have been proposed to deal with this problem.
Nguyen and Widrow [2], propose an initialisation in the interval [-0.5,0.5] using a
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uniform distribution. In this way, the active regions of the layer’s neurons will be
distributed approximately evenly over the input space. The advantages of this method
compared to purely random initialisations are that few neurons are wasted and
training works faster since each area of the input space has associated neurons. Yam

and Chow [3] minimize the norm ‘Al w! ¢ ‘ ,where =1, 2, ..., L-1 (L being the
2

number of layers of the ANN), A' are the inputs to the I-th layer, W' are the weight
values and S' are the inverse of the activation function. When applied to function
approximation the results correspond to a 46.1% in the number of required epochs.
An extension of this method is described in [4], where the Cauchy inequality is
introduced and two new methods using uniform and normal distribution initialisation
respectively are proposed. Francois uses orthogonal arrays in [5] to linearly correlate
the input and hidden neurons in order to improve the generalization ability of the
ANN. A partial least-squares (PLS) algorithm is used in [6] together with the back-
propagation algorithm to calculate both the initial weight values and the optimal
number of hidden neurons. The PLS structure is viewed as a simplified 3-layered
ANN and its basic function is to reduce the number of input variables. A much
different approach is adopted in [7] for function approximation. Since the function is
known, its local extrema can be calculated and then these results can be used to
initialize the weights. In this way, very fast training is achieved even in the case of
multivariate functions. Pre-processing of data has received a lot of attention by
researchers and two very thorough investigations concerning the different methods
used and considerations that must be made are presented in [8] and [9]. Another very
interesting work is described in [10] where k-nearest neighbour filtering is employed
to remove noise from the training data. Ivanova and Kubat [11] employ decision-tree
generators to initialize and train ANNs. After constructing decision-trees from the
training examples, they transform the rules using the neurons as logical operators and
set the initial weights so that the ANN approximates the decision-tree classifications.

In all of the described methods, the initialisation of the weights is based on
mathematical criteria and analytical equations. It is clear that most of these
approaches are not generic, but rather strongly case-, or even, data-dependent and this
is why they have been applied in focused problems such as function approximation.
On the other hand, in the majority of engineering applications, the correlations
between the different parameters are unknown and there is no analytical description
due to the complex nature of the underlying phenomena. Therefore, an initialisation
approach that combines a data-dependent model with a random initialisation scheme
is being presented in this paper.

2. The approach

The initialisation method has been developed based on the following simplifications:
it only applies to feedforward ANNs, with one hidden layer of neurons and a single
neuron in the output layer. The activation function of the output layer is the identity
function. These assumptions do not limit the generality of the proposed method
because on one hand these are also valid for the majority of the ANN models that are
usually developed for engineering applications and on the other hand, the method can
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be easily extended for more than one hidden layers. An ANN that fulfils these
assumptions is given in Figure 1, with n input and m hidden neurons. The
mathematical notation used is as follows:

Xi: activation of the i-ith input neuron (i=1, 2, ..., n),

k;: activation of the j-ith hdden neuron j =1, 2, ..., m),

y: activation of the output neuron (i.e., the response of the ANN)

IW;,i: weight between the i-ith input neuron and the j-th hidden neuron

bj: bias of the j-th hidden layer

LW 3;: weight between the j-ith hidden neuron and the output neuron

by: bias of the output neuron

tansig(x): hyperbolic tangent function

b
Figure 1. Feedforward ANN.
The ANN’s response is given by:
m
y= X LW j kj+by 1)
j=1
i=n
where k; =tan mg(El IW;; -x; +bj) 2)

During training, the only known magnitudes in equations (1) and (2) are y and
xi, IWj;, by, LW, jand by are initialized and then their values are determined by the
training algorithm used. These equations analytically correlate the input with the
output parameters of the ANN, which in this case is nothing more than a complex
non-linear model.
If a multiple linear regression on the training data were conducted, the result
would be:
n
y=ag+a]-X| +ay -Xp +..+an-Xn = 24aj -Xj +ag 3)
i=1

where y is the dependent variable (output parameter) and x; are the independent
variables (input parameters) and the coefficients !; and !, are all known.
By comparing equations (2) and (3) it is easily concluded that:
bj =ag, IWji =3

In this way, the results for the coefficients of the multiple linear regression
model become the initial values of the first layer of weights and of the biases of the
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