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Abstract

This paper empirically investigates the use and be-
haviour of FEwvolution Strategies (ES) algorithms on
problems such as function optimisation and the use of
evolutionary artificial neural networks in evolutionary
robotics. Computer simulations are conducted which
compare the performance of Classical-ES (CES) and
Robust-ES (RES). We show that the performance of
the RES algorithm improves on that of the CES al-
gorithm. Most importantly statistical analyses of the
evolutionary behaviour show that the CES algorithm
keeps the same search strategy regardless of domain
while the RES algorithm changes the search strategy
to fit the problem.

1 Introduction

Evolutionary Artificial Neural Networks (EANN)
[16][18] are referred to as the combination of Evolu-
tionary Algorithms (EAs) and Artificial Neural Net-
works (ANN). EANNs are great interested in some
fields, such as Evolutionary Robotics (ER) [5], Traffic
Flow Prediction in Telecommunication, Breast Can-
cer Diagnosis and so on. Especially, ER researcher-
s propose EANN as a methodology for the control of
autonomous mobile robot involving artificial evolution
for designing ANN.

ER researchers use different types of ANN, such
as Continuous-Time Recurrent Neural Networks (C-
TRNNs) [2][3], GasNet[8], and Spike Response Models
[4]. CTRNNs have some good features such as the pos-
sibility of time variance and various behaviours even in
small networks [14][15]. While EAs have been widely

recognised as a robust approach to various kinds of op-
timisation problems, there are some main streams in
this field, i.e., Evolution Strategies (ES) [1][13], Evolu-
tionary Programming, Genetic Algorithms and so on.
Following Harvey [6], Salomon [12] and others, we be-
lieve we should more frequently discuss which kinds
of artificial evolution are better for designing ANNs,
since designing ANNSs is one of the hardest and the
most essential problems in ER.

This paper concentrates on which kind of ES algo-
rithm is better for designing CTRNNs, and in partic-
ular we look at how ES algorithms search the solution
space. In general, for the purpose of designing high
performance EAs, it is important to investigate their
evolutionary behaviour on both simple test function-
s and real engineering problems, since the knowledge
gained contributes to developing new, improved algo-
rithms. Therefore, this paper investigates not only
which types of ES algorithm give the highest perfor-
mance, but also discusses the differences in the search
strategies employed on an artificial test problem and
a problem in ER.

First, experiments were conducted on a test func-
tion optimisation problem and a test ER problem
based on the Sussex approach[7]. Then, we statis-
tically analyse the evolutionary behaviour of the ES
algorithms employed in order to find the differences in
their search strategies. Among the many formulations
of ES, we test two types: Classical-ES (CES), i.e. ES
using Gaussian mutation; and Robust-ES (RES), i.e.
our extended ES using Cauchy mutation.

The rest of this paper is organised as follows. Sec-



tion 2 briefly introduces the computational procedures
of CES and RES. Section 3 shows the setup of com-
puter experiments and the results. Section 4 analyses
and discusses the statistical evolutionary behaviour of
CES and RES. Finally, the conclusions are given in
section 5.

2 Evolution Strategies

ES can take several forms [1][13], but the form
adopted in this paper is (u, A)-ES, where A > p >
1. (p, A\) means that p parents generate A\ offspring
through mutation in each generation. The best p off-
spring are selected deterministically from the A\ off-
spring and replace the current parents. Elitism and
stochastic selection are not used.

2.1 Classical Evolution Strategies

The Classical ES (CES) algorithm adopted in this
paper is described as follows:

1. Generate an initial population of u individuals,
and set g = 1. Each individual is taken as a pair of
real-valued vectors (z;,m;),Vi € {1, -, u}, where
x; and n; are the i-th coordinate value in the ob-
ject and the strategy parameters (larger than ze-
ro), respectively.

2. Evaluate the objective value for each individual
(zi,m;), Yi € {1,---, u} in the population, based
on the objective function f(x;).

3. Each parent (x;,m),),i=1,-- -, u, creates A/u off-
spring on average, so that a total of \ offspring are
generated. The offspring are generated as follows:
fori=1,...,u4,7=1,...;n,and p=1,... A,

mp(7) = m(j)exp{r'N(0,1) + 7N;(0,1)}(1)
w,(7) = @i(d) + () N; (0, 1) (2)

where z;(j), x,(5), 7:(j) and 1,,(j) denote the j-th
component of the vectors z;, ', m; and 7', re-
spectively. N(0,1) denotes a normally distributed
one-dimensional random number with mean zero
and standard deviation one. N;(0,1) indicates
that the random number is generated anew for
each value of j. The factors 7 and 7/ are com-
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types of recombination operators can also be ap-
plied before calculating equations (1) and (2).

monly set to (

4. Calculate the fitness of each offspring (x';,7’,),
Vi e {1,---, A}, according to f(z’;).

5. Sort offspring (x';,7’;), Vi € {1,---, A} accord-
ing to their fitness values, and select the p best
offspring out of A to be parents of the next gen-
eration.

6. Stop if the halting criterion is satisfied; otherwise,
g =g+ 1 and go to step 3.

2.2 Fast Evolution Strategies

Yao and Liu [17] proposed the Fast ES (FES) algo-
rithm, a variant of the (i, A\)-ES. In FES, the Gaussian
mutation (step 3 above) is replaced by Cauchy muta-
tion, using the following Cauchy distribution function:

Fy(z) =1/2+ (1/7) arctan(z/t) (3)

where t = 1. The success of FES is explained as a
result of a larger probability of escaping from local
optima, due to the fatter tails of the Cauchy mutation
operator. In other words the Cauchy distribution has
a higher probability than the Gaussian distribution of
producing large mutations. Yao and Liu [17] conduct-
ed empirical experiments using a number of test func-
tions, demonstrating an improvement in performance,
especially on multi-modal problems.

2.3 Robust Evolution Strategies

When ESs are applied to an optimisation problem
successfully, the observed evolutionary dynamics show
qualitatively similar behaviour to that of other evolu-
tionary algorithms: over generations the focus of the
search shifts from global regions to smaller local re-
gions. This arises from the gradual convergence of the
population due to the direct effects of natural selec-
tion. Associated with this, the strategy parameters 7,
tend to zero. This is the process of “self-adaptation”,
which is considered to be one of the most attractive
features of ES. Although this may be useful for uni-
modal functions, in many multi-modal functions, ES
are often trapped in local optima.

Robust-ES (RES) [11] was designed to avoid this
problem of entrapment. The key idea of RES is to
utilise selectively neutral mutations (Kimura, 1983) on
strategy parameters so that the algorithm is capable of
rapidly increasing or decreasing strategy parameters,
irrespective of natural selection. RES follows the same
procedure as CES or FES except for the following two
points (See [11] in detail):

e A different individual representation is used, in-
corporating redundant strategy parameters, i.e.
inactive strategy parameters, which have no ef-
fect on the selection process.



e Extra stochastic mutation mechanisms are used
to change the original strategy parameters. These
mutations replace, swap or copy active strategy
parameters with “inactive” strategy parameters.

2.3.1 Individual Representation in RES
An individual X; is represented as follows, assuming

that ¢ = 1,2,...,pu, 5 = 1,2,....,n, k = 0,1,....,m
and 7, (j) € RT:

X; = [miv (771'0’ ey Mgy - s "hm)] (4)
tnik = (mk(l)v'"vnik(j)7"'7"7ik(n)) (6)

where x;(j) and 7;£(j) denote the j-th component of
the vectors x; and n,;, respectively. The symbol ¢
means transposed matrix. Note that each z;(j) has
(m + 1) strategy parameters [11].

2.3.2 Mutation Mechanisms for Strategy Pa-

rameters in RES
We define D as the mutation mechanism given in

equation(1). In addition, 1, is modified stochastical-
ly, according to the following new mutation operators:

o Ogyp retains n;(j), shifts all of 7, (j) into the
adjacent position of (k 4+ 1) and removes 7;,(J)
from the list. Then, Og,, mutates all 1;;, with D.

o Oy discards 7;0(j) and moves 7;5(j) to the ad-
jacent position of (k — 1). At the m-th position
1L is calculated as the smaller value of 7,4, and
221:—11 Nip(7). Then, Oge; mutates all n;;, with D.

® Oiny swaps 1;0(7) with one of ni (), k=1,...,m
and mutates 1;0(j) and 7% (j) with D.

When the probabilities of Ogyp, Oger and Oyp, are
set at 1.0, 0.0 and 0.0, respectively RES is equivalent
to FES. Thus FES can be seen as a special case of
RES.

3 Computer Simulations

3.1 Test Functions

We conduct a series of computer simulations using
the test functions given by Yao and Liu [17]. Due
to limited space, only the results for sphere function
are presented. This function defines a 30 dimensional
problem (n=30) where the global minimum is 0. This
function is the basic unimodal function as follows:

fl@) = > ot

(=100 < 2; < 100)  (7)

The experimental setup is based on Yao and Li-
u [17): (u,A) = (30,200) with Gaussian or Cauchy
mutation, no recombination, and no correlated muta-
tions. CES and RES use the same initial populations.
All simulations are independently repeated for 50 run-
s. The upper bound of the strategy parameters 4.
is set to 3.0. In RES, the number of inactive strate-
gy parameters m for each variable is set to 5. Ogup,
Oger and O;p, are applied with the probabilities of
0.6, 0.3 and 0.1, respectively. The main purpose of
our computer simulations is to investigate the differ-
ences between the evolutionary behaviour of the two
algorithms. Thus, the parameters are not fully tuned.
They are not meant to be optimal.

Figure 1 shows the averaged best results on sphere
function. With CES the average improves until about
generation 900 after which there is no further practical
improvement of the average values. In contrast, with
RES the average continually improves up until the last
generation.
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Figure 1: Averaged best results on Sphere function.

3.2 Evolutionary Artificial Neural Net-
works

Based on the Sussex approach [5][7], we construct
the minimal simulator for Khepera robot (in Fig.2).
In this test simulation, the Khepera robot is able
to move around, avoiding obstacles and seeking light
source. The Khepera robot is equipped with 8 ac-
tive infrared(IR) sensors, 2 light sensors and 2 motor-
driven wheels. The Khepera robot itself is 5.5cm in
diameter and the sensor range is approximately 5.2cm,
note that the field size is 60x60cm. The IR sensors
give the robot distal information (i.e a noisy and non-
linear indication of the presence of an object).

The Khepera robot is controlled by CTRNNs (in
Fig.3). Fully connected neurons are governed by fol-



lowing state equation:

N

TV = v+ wio(gi (v +6;)  (8)
j=1

S
—|—ZSjin (i=1,...,N)
j=1

where « is the state of the neuron, 7 is the time con-
stant of the neuron, IV is the total number of neurons,
w;; gives the strength of the connection from the jth
to the ith neuron,o is the standard sigmoidal activa-
tion function, g is a gain factor, 6 is a bias term, S is
the number of sensory inputs, Sj; is the strength of the
connection from the jth sensor to ith neuron, and I; is
the sensory input with noise. Note that every neuron
receives an input from every sensor. The sensory in-
put consists of 11 inputs (S=11) (8 IR sensors, 2 light
sensors and the bias). The initial state of all neurons
is set to zero and the system of equations is integrated
using the forward Euler method with a step-size of 0.1.
Time constants are in the range (0,2], biases and gains
are in the range [-5,5] and connection weights are in
the range [-5,5]. The sensor reading(x}:i=1,...,S) is of
type integer and the values are in the range [0,1023].
Based on notations in [9], the sensory input (I;) is
calculated as follows:

I; = x,+N(0,1) (9)
Also, speed values(Y;:j=1,2) are calculated as follows:

Y; = 10.0x;+5.0x N(0,1) (10)
(10 <Y; < 10)

The Khepera robot is placed at the starting point with
its heading direction oriented randomly. The fitness
value(F;) is calculated as follows:

F, = 1000—T (11)

where T is the number of time-steps when the Kheper-
a robot reaches the goal(light source), note that max-
imum time-step is 1000. The time constant of the
neuron, the gain factor, the bias term, the connection
weights and the number of neurons are optimised by
the ES algorithm. The experimental setup of ES algo-
rithms is same as that on the test function.

The averaged best fitness values for 50 runs are
shown in Fig.4. With CES the average increases until
about generation 100 after which there is no further
practical improvement of the average values and with
RES the average increases until about generation 300.
These results suggest that RES improves the perfor-
mance of CES.
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Figure 2: Simulation models of Khepera robot and
environment.
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Figure 3: The topology of CTRNNs.

4 Statistical Analyses

In order to discuss the differences in the search s-
trategies employed between the artificial test problem
and the robot problem, we analyse the statistical evo-
lutionary behaviour of two types of ES algorithms.
Then, we use Hotelling’s T2 which is a statistical mea-
sure of the multivariate distance of each observation
from the centre of a data set. In an evolutionary pop-
ulation, individuals located far from the centre of the
population can be said to be engaged in exploration,
while those located close to the centre are engaged in
exploitation. Hotelling’s T'2 is useful because it gives a
measure of the ratio of population individuals engaged
in local search (exploitation) to those engaged in glob-
al search (exploration). Hotelling’s T'? is calculated as
follows:

A
T = Z % (13)
(z; € N(6,0¢))

A
S=> (@ —z)(x;i — ) (14)
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Figure 4: Averaged best results on EANN.

where A is the number of data points. Assume that x;
follow N(d,0¢). N(d,0.) means the N-dimensional
normal distribution in which § and o ¢ are the average
vector and the covariance, respectively. If a; has the
probability density function f(x), § is calculated as
follows:

fl@) = @m) "o (15)
xea:p[—%(sc —8) oz —9)]
E(x;) = 6 (16)

4.1 Test Functions

Hotelling’s T2 on sphere function is shown in Fig.5
and Fig.6 when the generation is 100, 500 and 1000.
These results clearly demonstrate that Hotelling’s T2
on CES is different from that on RES. In Fig.5, there
is no individual who is more than 150 of Hotelling’s T2
value and less than 10 of Hotelling’s T2 value. This
means that no individual is located far from the centre
of the population and located close to the centre.

In Fig.6, the number of individuals which are more
than 150 of Hotelling’s T2 value increases from ul-
timately 20 to ultimately 30 as the runs progress.
The number of individuals which are less than 10 of
Hotelling’s T2 value increases from ultimately 40 to
ultimately 70 as the runs progress. This means that
the distribution changes in such a way that ultimately
10% of individuals are located far from the centre of
the population, while 20% of individuals are located
close to the centre. Then, RES gradually shifted to-
ward a strategy composed of broad exploration (20%)
and fine exploitation (35%).

4.2 Evolutionary Artificial Neural Net-
works

Hotelling’s 7% on EANN is shown in Fig.7 and Fig.8

when the generation is 100, 250 and 500. These re-
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Figure 5: Hotelling’s T? for CES on Sphere function.
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Figure 6: Hotelling’s T2 for RES on Sphere function.

sults clearly demonstrate that Hotelling’s 72 on CES
is different from that on RES. In Fig.7, there is no in-
dividual who is more than 150 of Hotelling’s T'2 value
and less than 10 of Hotelling’s T2 value. This means
that no individual is located far from the centre of the
population and located close to the centre.

In Fig.8, the number of individuals which are more
than 150 of Hotelling’s T'? value increases from ulti-
mately 5 to ultimately 15 as the runs progress. There
is no individual who is less than 10 of Hotelling’s T'2
value. This means that the distribution changes in
such a way that ultimately 2.5% of individuals are lo-
cated far from the centre of the population. Then,
RES gradually shifted toward a strategy of broad ex-
ploration (7.5%).

4.3 Summaries

To summarise our analyses, in the case of CES,
there is no difference in search strategies between test
problems of sphere function and EANN. CES on each
problem keeps the same search strategy over genera-
tions. However, RES has different search strategies
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Figure 7: Hotelling’s T2 for CES on EANN.
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Figure 8: Hotelling’s T2 for RES on EANN.

on the sphere function and on the ER problem. In
the case of the sphere function, RES changes the local
search strategy by shifting toward a fine grained ex-
ploitation over several generations. On the contrary,
in the case of EANN, RES retains the local search s-
trategy over the generations. This is good evidence
that RES can adapt its search strategy to the features
of a problem.

5 Conclusions

This paper empirically investigated the ES algo-
rithms with two test problems: the sphere function
and that of evolving EANNs in evolutionary robotics.
Computer simulations were conducted to compare the
performance of two types of ES algorithms. We saw
that the performance of the RES algorithm improved
on that of CES algorithm. Statistical analyses show
that the CES algorithm keeps the same search strate-
gy for both, while the RES algorithm adapts its search
strategies to the features of each problem.
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