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Abstract

The initial set of weights to be used in supervised
learning for multilayer neural networks has a strong
influence in the learning speed and in the quality of the
solution obtained after convergence. An inadequate
initial choice of the weight values may cause the training
process to get stuck in a poor local minimum or to face
abnormal numerical problems. Nowadays, there are
several proposed techniques that try to avoid both local
minima and numerical instability, only by means of a
proper definition of theinitial set of weights. The focus of
this paper is in the application of genetic algorithms
(GA) as a tool to analyze the space of weights, in order to
achieve good initial conditions for supervised learning.

that it is not feasible to perform a purely global search for
obtaining the optimal set of weights. So, for practical
purposes, the learning rule should be based on
optimization technigues that employ local search to find
the optimal solution [15]. But local search implies that
the solution has a strong relation to the initial condition,
because each initial condition belongs to the basis of
attraction of a particular local minimum, which will
attract this solution [5].

Here we consider potential hybrids of genetic
algorithms (GA) and connectionist algorithms from the
perspective of the state spaces they search through and
their respective methods. In brief, GA proceedsilyost
globally sampling over the space of alternative solutions,
while gradient techniques proceed logally searching

GA’s a|most_g|oba| samp“ng Comp“ments connectionist the immediate neighborhood of a current solution. This
local search techniques well, and allows us to find somesuggests that using GA to provide good “seeds” from
very important characteristics in the initial set of weights Which a gradient method continues to search will be
for multilayer networks. The results presented are €ffective. Notice that, as the search using GA is not
compared, for a set of benchmarks, with that produced bypurely global, we are not allowed to ask for optimal seeds,
other approaches found in the literature. but only good ones.

1. 2. Non-evolutionary initialization

techniques

Introduction

The efficacy and efficiency of supervised learning in
multilayer neural networks strongly depend on the Fahlman [4] performed studies about random
network topology, the neurons’ activation function, the weight initialization techniques for multilayer neural
learning rule, and the initial values of the weights. networks. He proposed the use of a uniform distribution

Optimal instances for these items are usually over the interval 1.0, 1.0], but experimental results
unknown a priori because they depend mainly on the showed that the best initialization interval to the
particular training set to be considered and on the naturgroblems he dealt with varied in ranges between
of the solution [17]. [-0.5, 0.5] and 4.0, 4.0].

Here we assume that the network topology, the Some researchers tried
neurons’ activation function and the learning rule have jnitialization interval using other
already been determined in a proper manner, though noparameters.
necessarily the optimal one. Under these conditions, a Kim and Ra [6] calculated a lower bound for the
successful training process turns to depend solely on anitial length of the weight vector of a neuron to be

go_od mstannqnpn of the set of ngghts, that is, one that o/, wherea is the learning rate ard, is the neuron
guides the training process to a high-quality solution, outy /d,,

of poor local minima and abnormal numerical problems. tan-in.

The importance of a good choice for the initial set of  gpers and Kuiper [2] initialize the weights using a
weights is stressed by Kolen and Pollak [7]. They showed,,niform distribution over the interval

to determine the best
neural network



O O i .
=3 3 without any  mathematical
E/\/ din ,/ din E{,

justification.

Nguyen and Widrow [13] proposed a simple
modification of the random initialization process. The
weights connecting the output units to the hidden units
areinitialized with small random values over the interval
[-0.5,0.5]. The initial weights at the first layer are
designed to improve the learning capabilities of the
hidden units. Using a scale factor, B = 0.7(q)*", where q
is the number of hidden units and p is the number of
inputs, the weights are randomly initialized and then

scaled by V:BV, where v is the first layer weight
v

vector.

3. Theevolutionary approach

The combination of GA and atraining algorithm for
supervised learning in feedforward network arises from
the observation that the local search performed by the
training algorithm (conjugate gradient or other gradient
descent procedure) is well complemented by the almost-
global search sampling performed by the GA. Gradient
descent procedures always extract some characteristics of
their local neighborhood to determine the search
direction to go through. Sampling techniques like GA, on
the other hand, are effective because they ensure broad
coverage over the entire domain; see Figure 1. The GA
works by collecting information from the search space
through generations, and then using this information to
guide subsequent sampling towards promising regions
[1]. In this paper we use this GA capability to find the
best way of initializing the weights in order to achieve the
global optimum or at least a good local optimum of the
cost function with little computational effort, i.e., in afew
iterations.

O Point selected by GA
® |_ocally optimized solutions

Figure 1. Sampling and searching.

Weight space

GA

Figure 2: Sdecting 6(0) and searching the optimum.

When placed in the context of connectionist networks,
the GA is used to create “seeds”: starting points from
which a local search technique proceeds. This
corresponds to using the GA to prescribe the initial
weight vector 6(0). A schematic view of this hybrid
construction is shown in Figure 2. The GA selects an
initial weight vector for each individual in the population,
and each one is allowed to learn with CG (conjugate
gradient), until convergence. A local minimum is
detected when the norm of the gradient vector is smaller
than a previously specified threshq@ld The convergence
is achieved when the sum-squared error (SSE) is smaller
than another specified threshald

Thus the GA will sample those regions of weight
space from which it is reliably possible to reach good
solutions via gradient strategies.

What we want to study is the relation between the
starting point in weight space and the speed of
convergence. The GA is seekin@@®@) that guarantees a
fast way of reaching the solution ultimately found by a
gradient technique.

3.1 Thedescription of the GA

In this section we describe the main properties of
the GA implemented. The basic steps of a GA can be
listed as follows {0]:

1. start with a randomly generated populatiom of-bit
chromosomes (candidate solutions to a problem);

2. calculate the fitnesix) of each chromosonein the
population;

3. repeat the following steps untiloffspring have been
created:

e select a pair of parent chromosomes from the current
population, the probability of selection being an
increasing function of fitness.

< with probabilityp. (crossover probability), cross over
the pair at a randomly chosen point to form two
offspring. If no crossover takes place, form two
offspring that are exact copies of the parents.



 mutate the two offspring a each locus with
probability py, (mutation probability) and place the
resulting chromosomes in the new popul ation.

4. replacethe current population with the new one.

5. gotostep 2

Each iteration of this process is called a generation.
The number of epochs for convergenceis considered to be
the fitness of an individual.

In the floating point (FP) implementation each
chromosome vector was coded as a vector of floating
numbers. Each element was forced to be within the
desired range, and the operators were carefully designed
to preserve this requirement. This FP implementation
does not need a special kind of crossover, but makes it
necessary the definition of a new mutation operator.

We used a non-uniform mutation [9], that is a special
dynamic mutation operator aimed at both improving
single element tuning and reducing the disadvantage of
random mutation in the FP implementation.

The new operator is defined as follows. if
sf,:<v1,...,vm> is a chromosome (t is the generation

number) and the element v was sel ected for mutation, the
result isavector gi*l = <v1,...,v|'( !---an> , where

+_ Dx +A(LUB-v) if arandomdigitisO,

Vk =[] : o ()
DV —A(t,v —LB) if arandomdigitisl,

and LB and UB are lower and upper domain bounds of
thevariable vi: —1 and 1, respectively. The functif(t,y)
returns a value in the rangeyPsuch that the probability
of A(t,y) being close to zero increasest ascreases. This

property causes this operator to search the spac

uniformly initially (whent is small), and very locally at

later stages, thus increasing the probability of generating

the new number closer to its successor whenarge.
We used the following function:

Alt,y) = y(L—r(l'”TT) (2)
wherer is a random number from [0,1[,is the maximal
generation number,

determining the degree of dependency on
number (we sdb = 5).

4. Alternative algorithms and benchmarks

We make the analysis of the weights determined by
the GA and compare its results with five other methods
applied to five benchmark problems. The methods
compared were UNIFORM, BOERS [2], WIDROW [13],
KIM [6], OLS [8], where these methods, with the
exception of OLS, were described in Section 2. The
method UNIFORM is the most commonly used uniform

distribution over the interval [-1.0, 1.0].
To specify the benchmark problems used,Nebe

and is a system parameter
iteration

of parameters to be adjusted, i.e., the dimension of the

weight vector8), SSE the desired sum squared error

(stopping criterion) andnet the net architecture

represented byn[-n,-n,]. Where n; is the number of

inputs, n, is the number of hidden units amg is the
number of outputs of the network.

The benchmarks used for comparison were:

e parity 2 (XOR) problemN = 4, m = 9, net: [2-2-1],
SSE =0.1;

e parity 3 problem:N = 8, m = 16, net: [3-3-1],
SSE =0.1;

e parity 4 problem:N = 16, m = 25, net: [4-4-1],
SSE =0.1;

e sin(X): N=41,m= 16,net: [1-5-1], SSE = 0.1;

« ENC/DEC: the family of encoder/decoder problem is
very popular and is described in [4).= 10, m =
157,net: [10-7-10].

The training algorithm used was the Moller scaled
conjugate gradient [11], with the exact calculation of the
second order information [14]. The net has hyperbolic
tangent as the activation function for the hidden units and
linear output units. The desired SSE was 0.1 in every
case. In all GA's evolved, we performed 100 generations
with a population of 50 individualsp, = 50% and
Pm = 10%.

5. Simulation results

Table 1 presents the comparison among the non-
evolutionary methods for the five benchmarks tested. For
each problem and initialization technique, 10 runs were
gerformed and the results to be presented are the
minimum, maximum, mean and standard deviation of the
number of epochs necessary for convergence.

Table 2 shows the result for the GA. In this table we
present the number of epochs necessary for convergence
of the best and worst individual in the population. The
mean number of epochs and the standard deviation (of
the number of epochs) of the population are also
presented.

We are going to compare the weights (parameters)
of some individuals evolved by the GA with some initial
weight vectors determined by the best initialization
technique for each benchmark. Tables 3 and 4 show that
the mean value of the best initial weight vectors are
approximately zero and Figure 4(a) and (b) show that
there is a balance between the amount of negative and
positive values in the weight vector.

To make an analysis of the neurons’ activation,
consider thatz is the hidden activation vectoy, the
output activation vector, and/ its mean value. The

columns ofz andy represent the unit number (hidden or
output) and its rows the sample index. A hidden unit is



[-a, a] interval, where a is a pre-specified threshold.
Table 5(a) shows the result of a forward pass of the best
and worst individuals evolved for the parity 2 problem.
Due to the size of the network and amount of
information, Table 5(b) shows only part of the results for
the ENC/DEC problem.

6. Conclusionsand comments

Comparing Tables 1 and 2 we can see that in the
majority of the cases the GA is able of determining an
individual that guarantees faster convergence (the best
and the average of the population evolved) than the
methods proposed in the literature. If the GA was allowed
to explore a broader range of values, with weights
distributed over the interval [-4, 4] for example, it would
be certainly possible to determine the optimum values for
the weights without the need of a gradient descent
technique but with a higher computational cost, because
GA do not make direct use of first and second-order
information from the error surface, as done by gradient
and conjugate gradient methods.

The zero mean of the best initial weight sets (Tables
3 and 4) alows us to conclude that initializing the
weights predominantly in the approximately linear part of
the activation function makes the training faster and less
subject to numerical instability. The equilibrium in the
amount of negative and positive weight values (Figure 4)
leads to the conclusion that the weights have to be well
distributed around the origin in the weight space in order
to guarantee a broad coverage of the search space.

Another important aspect is that the mean value of
the outputs of the best individuals are aso close to zero,
in contrast to the respective values of the worst ones. The
low value of the mean together with the equilibrium in
the amount of positive and negative signs gives the idea
of symmetry in the weight vector, in the sense that
positive values are very close in amount and precision to
the negative ones for the best individuals (see Table 5 and
Figure 3). In some cases, like in the approximation of the
sin(x) function, the worst individual evolved is about ten
times dower than the best one (see Table 2). If we make a
forward run with the best and worst weight vectors, it is
possible to realize that the best individual causes the
saturation of some units while the worst does not. In these
situations, we notice that some saturation caused by the
GA in the initialization weight vector leads to very fast
convergence, but the non-saturated vectors till gives rise
to reliable initialization intervals. As a conseguence,
previousy determined rules for weight initialization can
present a poor performance or even spectacularly fail in
some cases, because contradictory properties can arise in
the best initial weight sets associated with different
problems. So, the robustness provided by GA methods for
weight initialization turns to be the man factor

supporting their application in replacement of more
specific methods.
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Appendix

Table 1. Simulation results for the benchmarks and methods tested. Max, min and mean are the maximum,
minimum and mean number of epochs, respectively. & isthe standard deviation of the number of epochs.

Problem Method Max Min Mean o)
UNIFORM 95 7 33.60 32.86
BOERS 129 6 42.90 48.32
parity 2 (XOR) WIDROW 93 8 20.50 25.92
KIM 49 7 19.80 12.49
OLS 166 6 46.70 46.50
UNIFORM 240 11 36.10 71.89
BOERS 62 10 25.10 16.01
parity 3 WIDROW 25 10 19.60 5.17
KIM 46 10 18.90 10.41
OLS 148 29 65.70 36.16

UNIFORM 856 42 442.80 244.55
BOERS 465 42 202.60 153.31

parity 4 WIDROW | 320 36 166.30 | 104.60
KIM 379 41 121.10 | 103.86

oLS 560 | 200 | 394.70 | 108.01

UNIFORM | 123 41 63.90 26.70

BOERS 65 24 38.90 13.94

sin(x) WIDROW | 107 29 48.80 23.64

KIM 136 38 10850 | 29.50

oLS 331 45 181.80 | 90.82

UNIFORM | 91 11 30.10 30.72

BOERS 40 12 22.21 7.94

ENC/DEC WIDROW | 68 7 24.50 22,53
KIM 298 10 38.17 69.07

oLS 276 7 97.78 | 102.03

Table 2: Simulation results for the GA tested on the benchmarks. Max, min and mean are the maximum, minimum and
mean number of epochs, respectively. d isthe standard deviation of the number of epochs of the population.

Problem Max Min Mean 0
parity 2 (XOR) 50 5 13.52 10.38
parity 3 96 7 15.93 12.20
parity 4 2000 15 220.10 446.94
sin(x) 151 14 46.48 31.74
ENC/DEC 159 7 25.80 35.39

Table 3: Analysis of the optimal weight sets evolved by the GA. Max, min and mean are the maximum, minimum and
mean of the values of the best weight vectors, respectively. o isthe standard deviation of these values.

Problem Max Min Mean 0
parity 2 (XOR) | 0.82 -0.99 -0.10 0.76
parity 3 0.84 -0.96 -0.30 0.56
parity 4 0.99 -0.99 0.10 0.62
sin(x) 0.94 -0.97 0.22 0.60
ENC/DEC 0.99 -0.99 -0.05 0.56




Table 4: Analysis of the optimal weight sets defined by some initialization techniques. Max, min and mean are the
maximum, minimum and mean of the values of the weight vector, respectively. o is the standard deviation of these
values.

Method Problem Max Min Mean o)
KIM parity 2 (XOR) | 1.01 | -1.19 0.02 0.73
KIM parity 3 0.21 -0.21 -0.01 0.15
WIDROW parity 4 119 | -1.22 0.07 0.71
BOERS sin(x) 1.33 -1.19 -0.06 0.73
WIDROW ENC/DEC 1.26 -1.27 -0.04 0.60
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Figure 3: Percentage of (-) and (+) signsin the individuals contained in the weight vector. (a) Best individual evolved,
by the GA, for each problem. (b) Best weight set determined by the methods presented in Table 4.

Table 5: Forward run with the best and worst individual evolved. (@) Parity 2 (XOR) problem. (b) ENC/DEC problem.
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