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Preface

This book is based on the papers presented at the 6th Conference Fwvolution
Artificielle, EA 2003, held in Marseilles. Previous EA meetings took place in
Toulouse (1994), Brest (1995), Nimes (1997), Dunkerque (1999), and Le Creu-
sot (2001), while the best presented papers were published in Springer’s LNCS,
volumes 1063, 1363, 1829, and 2310.

This year again, authors were invited to present original works, relevant to si-
mulated evolution, including but not limited to evolutionary optimization and
learning, theory of evolutionary computation, artificial life, population dynamics,
and implementation and real-world applications of evolutionary paradigms. EA
2003 turned out to be very international, and the proposed papers were selec-
ted through a rigorous process, each of them being examined by at least three
referees from the international program committee. We are greatly indebted to
each of them for the hard work and time they spent to ensure a high quality of
editing in this volume. We also would like to thank all the participants of the
conference and the numerous authors who chose to submit their manuscripts.

We are particularly grateful to Prof. Hans-Paul Schwelfel for his invited lec-
ture on Genesis and Future of FEvolutionary Computation which presented a
wide survey of the art with a deep analysis, promising many further interesting
applications.

Contributions in this book were organized into nine parts according to their
main topics, and these are briefly presented below.

1. Theoretical Issues: Variable-length representations in evolutionary algo-
rithms are investigated by M. Defoin Platel et al. using parametrical models
in between the royal road landscapes and the NK landscapes according to
Kauffman. M. Nicolau, A. Auger and C. Ryan explore the mathematical
formalization of an encoding process using grammatical evolution and give
asymptotics estimates and experimental results. A basic but general method
to maximize many fitness functions is to choose — at random — an initial point
and apply random perturbations (following a given or updated random pro-
cess) to it in order to improve the fitness. The response to the increase in
the number of variables for such perturbations is studied by L. Grosset, R.
Le Riche, and R.T. Haftka, both for random stochastic hill climber and uni-
variate marginal distribution algorithms, while S. Aupetit, P. Liardet and
M. Slimane applied such a method to produce binary sequences with low
out-of-phase aperiodic autocorrelations.

Asymptotic distribution laws of upper-order statistics were used by S. Pu-
echmorel and D. Delahaye for improving the efficiency of selection and crosso-
ver operators. The last theoretical contribution, by M. Drugan and D. Thie-
rens, was a survey on evolutionary Markov Chain Monte Carlo algorithms
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Preface

related to evolutionary schemes; they proposed a new algorithm relying on
elitist coupled acceptance rules.

Algorithmic Issues: Constraint satisfaction problems are considered by
V. Barichard et al. in a general evolutionary framework based on the collabo-
ration between constraint propagation techniques and local search methods.
R. Banos et al. proposed a new parallel evolutionary algorithm for graph
partitioning that mixed simulated annealing, tabu search and selection me-
chanisms. F. Lardeux, F. Saubion and J.-K. Hao investigated hybrid evolu-
tionary algorithms involving recombination operators specially designed for
SAT problems. This part ended with the presentation of B. Sareni, J. Reg-
nier and X. Roboam on the efficiency of some crossover operators associated
with self-adaptive procedures in the case of real-encoded multiobjective ge-
netic algorithms.

Applications: The difficult technological problem of optical fiber alignment
was efficiently solved using new genetic algorithms by M. Murakawa, H. No-
sato and T. Higuchi. They incorporated a local-learning method to accelerate
the alignment. K. Deb and A.R. Reddy dealt with a very large-sized sche-
duling problem often encountered in automated foundries: find an optimal
sequence for casting a number of molds. A method for creating image clas-
sification is described by J. Korczak and A. Quirin. They used evolutionary
operators applied to remote sensing data and derived well-adapted classifi-
cation rules to recognize large objects on the image as well as the smaller
ones. M. Segond et al. adapted an ant algorithm to detect vortex structures
in coastal waters, using data from hydrodynamical simulations of the stream
circulation. In order to speed up the selection of the flight aircraft by the
controllers, D. Delahaye and S. Puechmorel presented a virtual keyboard
whose optimal efficiency is related to an NP-hard assignment problem. They
applied it to real instances. A.B. Garmendia-Doval, S.D. Morley and S. Juhos
proposed and applied cartesian genetic programming to evolve postdocking
filters automatically for removing false positives from virtual hit sets.

Implementation Issues: A number of various evolutionary algorithms
are encountered in the literature. The graphic user interface (GUIDE) of
P. Collet and M. Schoenauer unified all kinds of such algorithms and gave
us facilities to create quite new combinations. ParaDisEO is a framework
that uses evolving objects in parallel and distributed computing which is
efficiently applied for large combinatorial problems. S. Cahon et al. made
use of this approach in three evolutionary models involving asynchronous
migration and parallel or distributed evaluation, experimenting on two real-
word problems. Y. Yang, J. Vincent and G. Littlefair proposed a new model
of coarse-grained parallel genetic algorithm managing clustered groupings.
They tested their approach on multimodal optimization problems.

Genetic Programming: Maintaining a structural diversity and controlling
the code size are the main challenges in genetic programming, a promising
variant of evolutionary programming which produces solutions to problems
in the form of computer programs. A measure of genotypic and phenoty-
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pic diversity, based on the notions of entropy and variance, was applied by
M. Tomassini et al. to three standard test problems, related to even parity,
symbolic regression and artificial ants, while B. Wyns, S. Sette and L. Boul-
lart introduced a self-improvement operator to reduce the effects of code
growth.

Discrepancies, constantly encountered in genetic programming when the
learning result issuing from training data is specialized over the entire dis-
tribution of instances, lead to the so-called overfitting that G. Paris, D.
Robilliard and C. Fonlupt explored on two benchmarks, and they proposed
guidelines to reduce its effect.

Coevolution and Agent Systems: Evolutionary processes may be issued
from various paradigms. In auction theory A.J. Bagnall and I. Toft gave an
adaptive agent model using a basic learning mechanism for optimal strate-
gies in common auction scenarios. The multipopulation approach was used
by F. Streichert et al. to extract global and local optima in multimodal search
spaces: they proposed a niching-like method associated with cluster analy-
sis for identifying species from an initially undifferentiated population. In
their contribution R. Grofl and M. Dorigo showed how to obtain an efficient
cooperative transport of a pray using two simple autonomous mobile robots
without any intercommunication facility and using very limited computing
resources.

Artificial Life: The plant model considered by C. Lattaud is based on mul-
tiagent systems, each agent being a plant organ and each plant being com-
posed either of a unique organ or of three organs. This approach allowed us
to define interactions between plants through a diffusion process of chemical
substances (allellopathy model) and to simulate evolution of artificial plant
communities. M. Annunziato et al. proposed an on-line adaptive control and
optimization of complex processes, based on artificial environments.

Cellular Automata: The analysis presented by M. Giacobini, M. Tomas-
sini and A. Tettamanzi concerned the takeover time for selection mechanisms
applied on a spatially structured population, involving circular cellular au-
tomata with synchronous or asynchronous propagation. Their theoretical
approaches are corroborated by empirical results. A class of 2-D cellular au-
tomata are studied by E. Sapin, O. Bailleux and J.-J. Chabier to search
transition rules leading to automata that can be used to simulate the logic
AND and NOT gates.

Machine Learning: Methods for learning integrate evolutionary strategy
and cover a large range of applications. M.C. Codrea et al. proposed a feature-
learning algorithm which does an automatic identification of plant species
from their fluorescence induction curves. Receiver operating characteristics
(ROC) curves figure out the dependency of the true positive rate with res-
pect to the false positive one in test interpretations, and the area under the
curve (AUC) is a popular learning criterion in medical data analysis. M. Se-
bag, J. Azé and N. Lucas presented the ROGER algorithm, implementing
an evolution strategy based on optimization of the AUC criterion. Its per-
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formances were compared to those issuing from a support vector machine,
namely SVMTorch. The last contribution, by D. Kazakov and M. Bartlett,
dealt with a model that simulated the evolution of language on the basis of
learning communication systems.

We take this opportunity to thank the different partners whose financial and
material support contributed to the success of the conference: the Université de
Provence, the Institut National de Recherche en Informatique et en Automatique
(INRIA), and the Centre National de la Recherche Scientifique (CNRS), with the
LATP (Laboratoire d’Analyse, Topologie et Probabilité) and the CNRS Groupe
de Recherche ALP (Algorithmique Langage et Programmation), the Association
Francaise d’Intelligence Artificielle, and the Association Evolution Artificielle.

EA 2003 took place at the Institut Universitaire de la Formation des Maitres
(IUFM) nicely located on La Canebiére. We are indebted to Mme Catherine
Ponsin-Costa, administrative manager, and her team Mme Shirley Chemouny,
Max Laffont and Xavier Campagna, for their particular kindness.

Finally, we wish to express our gratitude to Josy Liardet and Valérie Collet for
their efficiency and enthusiasm in setting up the conference. LATP and INRIA
linked their sponsorship to their efficient teams: Aline Blanc and Marie-Christine
Tort from Marseilles; and Nathalie Gaudechoux, Dominique Potherat, Chantal
Girodon and Marie-Jo Cardet from Rocquencourt. Many thanks to all of them
as well as to Mario Giacobini from Lausanne for his general and efficient help.

January 2004 Pierre Liardet
Pierre Collet

Cyril Fonlupt

Evelyne Lutton

Marc Schoenauer
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From Royal Road to Epistatic Road for Variable
Length Evolution Algorithm

Michael Defoin Platel’2, Sebastien Verel!, Manuel Clergue', and
Philippe Collard!

! Laboratoire I3S, CNRS-Université de Nice Sophia Antipolis
? ACRI-ST

Abstract. Although there are some real world applications where the
use of variable length representation (VLR) in Evolutionary Algorithm
is natural and suitable, an academic framework is lacking for such repre-
sentations. In this work we propose a family of tunable fitness landscapes
based on VLR of genotypes. The fitness landscapes we propose possess
a tunable degree of both neutrality and epistasis; they are inspired, on
the one hand by the Royal Road fitness landscapes, and the other hand
by the NK fitness landscapes. So these landscapes offer a scale of con-
tinuity from Royal Road functions, with neutrality and no epistasis, to
landscapes with a large amount of epistasis and no redundancy. To gain
insight into these fitness landscapes, we first use standard tools such as
adaptive walks and correlation length. Second, we evaluate the perfor-
mances of evolutionary algorithms on these landscapes for various val-
ues of the neutral and the epistatic parameters; the results allow us to
correlate the performances with the expected degrees of neutrality and
epistasis.

1 Introduction

Individuals in Genetic Algorithms (GA) are generally represented with strings
of fixed length and each position of the string corresponds to one gene. So, the
number of genes is fixed and each of them can take a fixed number of values
(often 0 and 1). In variable length representation (VLR), like Messy GA or
Genetic Programming, genotypes have a variable number of genes. Here, we
consider VLR where a genotype is a sequence of symbols drawn from a finite
alphabet and a gene is a given sub-sequence of such symbols. The main difference
with fixed length representation is that a gene is identified by its form and not
by its absolute position in the genotype.

Some specific obstacles come with the variable length paradigm. One of the
most important is the identification of genes. Indeed, during recombination,
genes are supposed to be exchanged with others that represent similar features.
So the question of the design of suitable crossover operators becomes essential
(see for example [I]). Another difficulty due to variable length is the tremendous
amount of neutrality of the search space, as noted in [2]. Neutrality appears
at different levels. First, a gene may be located at different positions in the

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 3-[I4] 2004.
© Springer-Verlag Berlin Heidelberg 2004
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genotype. Second, some parts of genotype (called introns) do not perform any
functions and so do not contribute to fitness. The last specificity is that variable
length strings introduce a new dimension in the search space, which have to be
carefully explored during evolution to find regions where fitter individuals pre-
vail. The exploration of sizes seems to be difficult to handle and may lead, as in
Genetic Programming, to an uncontrolled growth of individuals (a phenomenon
called bloat [3]).

One of the major concerns in the GA field is to characterize the difficulty
of problems. One way to achieve this is to design problems with parameters
controlling the main features of the search space; to run the algorithm; and to
exhibit how performances vary according to the parameters. With fixed length
representations, some well known families exist, as the Royal Road functions,
where inherent neutrality is controlled by the block size, or the NK-landscapes,
where the tunable parameter K controls the ruggedness of the search space. With
VLR, there are only a few attempts to design such academic frameworks[4]. Note,
for example, the Royal Tree [5] and the Royal Road for Linear GP [1J.

2 Royal Road for Variable Length Representation

In GA, Royal Road landscapes (RR) were originally designed to describe how
building blocks are combined to produce fitter and fitter solutions and to inves-
tigate how the schemata evolution actually takes place [6]. Little work is related
to RR in variable length EA; e.g. the Royal Tree Problem [5] which is an at-
tempt to develop a benchmark for Tree-based Genetic Programming and which
has been used in Clergue et al. [7] to study problem difficulty. To the best of our
knowledge, there was no such work with linear structures.

In a previous work, we have proposed a new kind of fitness landscape [1],
called Royal Road landscapes for variable length EA (VLR Royal Road). Our
aim was to study the behavior of a crossover operator during evolution. To
achieve this goal, we needed experiments able to highlight the destructive (or
constructive) effects of crossover on building blocks.

To define VLR Royal Road, we have chosen a family of optimal genotypes
and have broken them into a set of small building blocks. Formally, the set of
optima is:

{g€Gx |Vl € X, By(g,l) =1},
with
1if3ie[0,A=b] |V e[0,b—1], gix; =1,
0 otherwise,

By(g,1) = {

and

— b > 1 the size of blocks
— X an alphabet of size IV that defines the set of all possible letters [ per locus
— Gy the finite set of all genotypes of size A < )\ma defined over X

Y Amaz have to be greater than Nb
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— g a genotype of size A < A\jaz
— gi the k" locus of g.

The following genotype g € Gy is an example of optimum, with X =
{A,T,G,C} and b = 3:

9 =AAAGTAGGGTAATTTCCCICCC.

By(g,1) acts as a predicate accounting for the presence (or the absence) of a
contiguous sequence of a single letter (i.e. a block). Note that only the presence of
a block is taken into account, neither its position nor its repetition. The number
of blocks corresponds to the number of letters | € X' for which By(g,1) is equal
to one. In the previous example, only boldfaced sequences contribute to fitnesd?.
The contribution of each block is fixed and so, the fitness fn,(g) of genotype
g € G'x having n blocks is simply:

()_iNB AT
folg _N; b(9, z)—N~

To efficiently reach an optimum, the EA system has to create and combine
blocks without breaking existing structures. These landscapes were designed in
such a way that fitness degradation due to crossover may occur only when recom-
bination sites are chosen inside blocks, and never in case of blocks translocations
or concatenations. In other words, there is no inter blocks epistasis.

3 NK-Landscapes

Kauffman [§] designed a family of problems, the NK-landscapes, to explore how
epistasis is linked to the ‘ruggedness’ of search spaces. Here, epistasis corresponds
to the degree of interaction between genes, and ruggedness is related to local
optima, their number and especially their density. In NK-landscapes, epistasis
can be tuned by a single parameter. Hereafter, we give a more formal definition
of NK-landscapes followed by a summary review of their properties.

3.1 Definition

The fitness function of a NK-landscape is a function fyr : {0,1}Y — [0,1)
defined on binary strings with N loci. Each locus i represents a gene with two
possible alleles, 0 or 1. An ’atom’ with fixed epistasis level is represented by a
fitness components f; : {0, 1}%+1 — [0, 1) associated to each locus 4. It depends
on the allele at locus ¢ and also on the alleles at K other epistatic loci (K must
fall between 0 and N — 1). The fitness fyx(x) of z € {0,1}" is the average of
the values of the N fitness components f;:

2 Although the last sequence of ’*CCC’ is a valid block, it does not contribute to fitness
since it is only another occurrence.
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1 N
frrc(@) = 55 D filwi iy @iy
i=1

where {i1,...,ix} C{1l,...,i—1,i+1,..., N}. Many ways have been proposed
to choose the K other loci from N loci in the genotype. Two possibilities are
mainly used: adjacent and random neighborhoods. With an adjacent neighbor-
hood, the K genes nearest to the locus i are chosen (the genotype is taken
to have periodic boundaries). With a random neighborhood, the K genes are
chosen randomly on the genotype. Each fitness component f; is specified by ex-
tension, ie a number Yi (i34, o) from [0, 1) is associated with each element

(35245, 75, ) from {0,1}5+1. Those numbers are uniformly distributed in
the interval [0, 1).

3.2 Properties

The NK-landscapes have been used to study links between epistasis and local
optima. The definition of local optimum is relative to a distance metric or to a
neighborhood choice. Here we consider that two strings of length N are neighbors
if their Hamming distance is exactly one. A string is a local optimum if it is fitter
than its neighbors.

The properties of NK-landscapes are given hereafter in term of local optima: their
distribution of fitness, their number and their mutual distance. These results can
be found in Kauffman([8], Weinberger[9], Fontana et al.[10].

— For K = 0 the fitness function becomes the classical additive multi-locus
model, for which

e There is single and attractive global optimum.

e There always exists a fitter neighbor (except for global optimum).

e Therefore the global optimum could be reach on average in N/2 adaptive

steps.

For K = N — 1, the fitness function is equivalent to a random assignment of
fitnesses over the genotypic space, and so:

e The probability that a genotype is a local optimum is ﬁ

e The expected number of local optima is 13—_]:1
e The average distance between local optima is approximately 2in(N — 1)
— For K small, the highest local optima share many of their alleles in common.
For K large:
e The fitnesses of local optima are distributed with an asymptotically nor-
mal distribution with mean m and variance s approximately:

o 20n(K41) o (K+1)o?
m=p+o\ Tga ST NERFIFAKF)METD)

where 4 is the expected value of f; and o? its variance. In the case of
the uniform distribution, gy =1/2 and o = /1/12.

e The average distance between local optima is approximately %

e The autocorrelation function p(s) and the correlation length 7 are:

_ K+1\$ _ _ -1
p(s)*(lf thr) T Ky
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4 Epistatic Road for Variable Length Representation

In this section, we define a problem with tunable difficulty for variable length EA,
called Epistatic Road functions (ER). To do so, we propose to use the relation
between epistasis and difficulty.

4.1 Definition

Individuals in a variable length representation may be viewed as sets of inter-
acting genes. So, in order to model such a variable length search space, we have
to first identify genes and second explicitly define their relations. This can be
easily done by extending the VLR Royal Road thanks to dependencies between
the fitness contributions of blocks. Thus, genes are designated as blocks and the
contribution of a gene depends on the presence of others, exactly as in NK-
landscapes.

More formally, the fitness function of an ER-landscape is a function fyxp :
Gx — [0,1) defined on variable length genotypes. The fitness components f; are
defined in Sec. [3.] and the fitness fxxs(g) of genotype g € Gy is the average
of N fitness components f;:

N
fNKb Z Bb gv Bb(g,lil),~..,Bb(g,liK))~

In practice, we use an implementation of NK-landscape with random neighbor-
hood to compute f;. We have to ensure that the set of all genotypes having N
blocks corresponds to the end of the Road. For that purpose, first we exhaus-
tively explore the space {0,1}" to find the optimum value of the NK, then we
permute this space in such a way that the optimum becomes 1V,

4.2 Tunability

The properties of an ER-landscape depends on the three parameters N, K and
b. Although these parameters are not entirely independent, each allows us to
control a particular aspect of the landscape. Increasing the parameter N causes
the size of both the search space and the neighborhood of genotype to increase.
Moreover, as N determines the number of genes to find, the computational effort
required to reach the optimum will be more important when high values of N
are used. The parameter b controls the degree of neutrality. As b increases the
size of iso-fitness sets increases. Finally, the parameter K allows to control the
number of epistatic links between genes and so the number of local optima. For
K = 0, an ER-landscape will be very closed to the corresponding VLR Royal
Road since insertion of a new block in a genotype always increases the fitness.
In contrast, for K = N — 1, with a high level of epistasis, the vast majority of
the roads leads to local optima where the insertion of a new block in a genotype
always decreases the fitness.
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5 Fitness Landscape Analysis

Many measures have been developed to describe fitness landscapes in terms of
“difficulty”. Here, “difficulty” refers to the ability of a local heuristic to reach the
optimum. In this section some of those metrics are applied to the ER-landscapes.
In particular, we show how difficulty changes according to the three parameters
N, K and b. The neighborhood of variable length genotypes is different from
the neighborhood of fixed length genotypes. To define a neighborhood in ER-
landscapes, we use String Edit Distance, like Levenshtein distance [11] which
has been already used in GP to compute or control diversity [12], or to study
the influence of genetic operators [13]. By definition, the Edit Distance between
two genotypes corresponds to the minimal number of elementary operations
(deletion, insertion and substitution) required to change one genotype into the
other. So two strings in the search space are neighbors if the Edit Distance
between them is equal to 1. Thus a string of length A has (2A + 1) N neighbors.

In order to minimize the influence of the random creation of an NK-landscape,
we take the average of the following measures over 10 different landscapes for
each couple of parameters N and K. We have perform experiments for N = &,
10 and 16, for K between 0 and N — 1 and for b between 1 and 5.

5.1 Random Walks, Autocorrelation Function, and Correlation
Length

Weinberger[9l14] defined autocorrelation function and correlation length of ran-
dom walks to measure the epistasis of fitness landscapes.

A random walk {g¢, gry1,...} is a series where g; is the initial genotype and
gi+1 is a randomly selected neighbor of g;. Then the autocorrelation func-
tion p of a fitness function f is the autocorrelation function of the time series

{£(9¢); f(ges1), .-}

_ (f(ge) f(geas))e — <f>2
)= )

The correlation length 7 measures how the correlation function decreases and
so how rugged the landscape is. More rugged the landscape the shorter the
correlation length.

1
In(p(1))

Empirical measures on ER landscapes were performed on 20.10% random
walks of length 35 for each triplet of parameters N, K, b and for each of 10
instances of NK-landscapes. The initial genotypes were generated by randomly
choosing its length between 0 and A4, and then randomly choosing each letter
of the genotype. For those random walks, A4 is equal to 2Nb.  For small
values of b, the correlation length decreases quickly (when the parameter K

T=-
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increases, see fig. M and B]). As expected, the correlation of fitness between geno-
types decreases with the modality due to the parameter K. We can compare this
variation with the theoretical correlation length of NK-landscapes, given in
(see fig. Bland H). As b increases, the influence of K on the correlation length
decreases. Neutrality keeps a high level of correlation in spite of the increase in

modality.

5.2 Adaptive Walks and Local Optima

Several variants of adaptive walk (often called myopic or greedy adaptive walk)

exists. Here we use the series {g, gt41, . - -

, gt+1} where g, is the initial genotype
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and g;4+1 is one of the fittest neighbor of g;. The walk stops on g;4; which is a
local optimum. By computing several adaptive walks, we can estimate:

— The fitness distribution of local optima by the distribution of the final fit-
nesses f(g+1)-

— The distance between local optima which is approximately twice the mean
of the length [ of those adaptive walks.

Empirical measurements on ER landscapes were performed on 2.10% random
walks for each triplet of parameters IV, K, b and for each of 10 instances of NK-
landscapes. We used the same initialization procedure as the random walk. The
parameter A, is set to 50. The distribution of local optima fitnesses is close to

=5 -
NK-landscape -

mean fitness of local optima
%
o
length of adaptive walk

i

2

o

04y [
bd o

:

—

035 ) ) ) NK-Iaqucap
0

2 4 6 8 10 0 2 4 6 8 10
parameter K parameter K

Fig.5. Mean fitness of local optima of Fig.6. Mean length of adaptive walks on
ER-landscapes obtained with adaptive  ER-landscape for N = 10
walks for N = 10

normal distribution. The mean fitness of local optima is represented for N = 10
on Figure[d; it decreases with b. The variations of the fitness of local optima are
great for small values of K but become almost insignificant for medium and high
values of K. In Figure [d], the mean length of adaptive walks is represented for
N = 10. As expected, it decreases with K for small values of b. So, the parameter
K increases the ruggedness of the ER-landscape. On the other hand, when b is
higher, K has less influence on the length of the walk. Indeed, the adaptive walk
breaks off more often on neutral plateaux.

5.3 Neutrality

A random walk is used to measure the neutrality of ER-landscapes. At each
step, the number of neighbors with lower, equal and higher fitness is counted.
We perform 2.10% random walks of length 20 for each triplet of parameter IV,
K and b. The Table [ gives the proportions of such neighbors for N=8, K=4
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(they depend slightly on N and K) and for several values of b. The number of
equally fit neighbors is always high and is maximum for b=4. So, neutral moves
are a very important feature of ER-landscapes.

Table 1. Proportion of Lower, Equal and Higher neighbor

N=8 K=14
Block size Lower[Equal[Higher
b=2 72 | 88| 7.0
b=3 2.8 1944 | 2.8
b=4 0.5 | 989 | 0.6

6 EA Performances

In this section, we want to compare the performances of an evolutionary sys-
tem on ER-landscapes for various settings of the three parameters N, K and
b. The performances are measured by the success rate and the mean number
of blocks found. In order to minimize the influence of the random creation of
NK-landscapes, we take the average of these two measures over 10 different land-
scapes. 35 independent runs are performed with mutation and crossover rates
of respectively 0.9 and 0.3 (as found in [I]). The standard one point crossover,
which blindly swaps sub-sequences of parents, was used. Let us notice that a
mutation rate of 0.9 means that each program involved in reproduction has
a 0.9 probability to undergo one insertion, one deletion and one substitution.
Populations of 1000 individuals were randomly created according to a maxi-
mum creation size of 50. The evolution, with elitism, maximum program size
of 100(Apnaz ), 4-tournament selection, and steady-state replacement, took place
during 400 generations.

6.1 Results

We have performed experiments for N=8, 10 and 16, for K between 0 and N/2
and for b between 2 and 5. We note that the case b=1 is not relevant because the
optimum is always found at the first generations for all values of K. In Figure 8]
we have reported the success rate (over 35 x 10 runs) as a function of K for N=8.
As expected, we see that for K=0, the problem is easy to solve for all values
of b. Moreover, increasing K decreases the success rate and this phenomenon
is amplified when high values of b are used. For N=10 and 16, too few runs
find the optimum and so the variations of the success rate are not significant.
The Figure [1 gives the evolution of the average number of blocks of the best
individual found for N=10, b=4 and K between 0 and 5. At the beginning of
the runs, the number of blocks found increases quickly then halts after several
generations. The higher is K, the sooner ends evolution. This behavior looks
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Fig. 7. Evolution of average number of blocks found on ER N=10 and b=4
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Fig. 8. Success rate as a function of K on  Fig.9. Average number of blocks found
ER N=8 as a function of K on ER N=16

like premature converge and confirms experimentally that the number of local
optima increases with K. We have also plotted the average number of blocks of
the best individual found as a function of K for N=16 (see Fig. @)). We see that
this number decreases as K or b increases. These two parameters undoubtedly
modify the performances and can be used independently to increase problem
difficulty.

In [I5], random and adaptive walks have been used to measure problem diffi-
culty in GP. The author has shown that only the adaptive walk gives significant
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results on classical GP benchmarks. We have computed the correlation between
these two measures and the average number of blocks found on ER, for all set-
tings of N, K and b. We note that the correlation is 0.71 between the length
of the adaptive walk and the number of blocks. Conversely, the length of the
random walk seems to be completely uncorrelated to performance.

Conclusion

We think that a better understanding of the implications of variable length
representations on Evolutionary Algorithms would allow researchers to use these
structures more efficiently. In this paper, our goal is to investigate which kind
of property could influence the difficulty of such problems. We have chosen two
features of search spaces, the neutrality and the ruggedness. So, we have designed
a family of problems, the Epistatic Road landscapes, where those features can
be tuned independently.

Statistical measures computed on ER-landscapes have shown that, similarly
to NK-landscapes, tuning the epistatic coupling parameter K increases rugged-
ness. Moreover, as for Royal Roads functions, tuning the size block parameter b
increases neutrality.

The experiments that we have performed with a VLR evolutionary algo-
rithm, have demonstrated the expected difficulty according to parameters b and
K. Although our results can not be directly transposed to real world problems,
mainly because our initial hypotheses are too simple, in particular about the
nature of building blocks, we have a ready-to-use VLR problem of tunable diffi-
culty, which allows us to study the effects of genetic operators and the dynamics
of the evolutionary process.
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Abstract. This paper explores the mapping process of the GAuGE sys-
tem, a recently introduced position-independent genetic algorithm, that
encodes both the positions and the values of individuals at the genotypic
level. A mathematical formalisation of its mapping process is presented,
and is used to characterise the functional dependency feature of the sys-
tem. An analysis of the effect of degeneracy in this functional dependency
is then performed, and a mathematical theorem is given, showing that
the introduction of degeneracy reduces the position specification bias of
individuals. Experimental results are given, that backup these findings.

1 Introduction

GAuGE [16] (Genetic Algorithms using Grammatical Evolution) is a position
independent Genetic Algorithm that encodes both the position and value of each
variable of a given problem. It suffers from neither under nor over-specification,
due to the use of a genotype-to-phenotype mapping process; that is, a position
specification is mapped onto a set of available positions in each phenotype string,
ensuring that a fixed-length genotype string generates a single value for each
element of the phenotype string.

Two of the main biologically inspired features present in GAuGE are the
functional dependency and code degeneracy at the genotypic level. This work
is an investigation into both features, and their combined effect on the position
specifications of the genotype strings, in the initial generation of individuals. To
this end, a mathematical analysis of these features is performed, and a theo-
rem is presented, which shows that an increase of degeneracy leads to a weaker
functional dependency across the position specifications in each genotype string.
These results are supported by experimental evidence.

This paper is organised as follows. Section [2] gives a brief presentation of the
Grammatical Evolution system, and Section Bl presents the GAuGE system and
its mapping process. Section[4] presents and analyses the experiments conducted,
and Section Bl draws some conclusions and possible future work directions.

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 15-26] 2004.
© Springer-Verlag Berlin Heidelberg 2004


Verwendete Distiller 5.0.x Joboptions
Dieser Report wurde automatisch mit Hilfe der Adobe Acrobat Distiller Erweiterung "Distiller Secrets v1.0.5" der IMPRESSED GmbH erstellt.
Sie koennen diese Startup-Datei für die Distiller Versionen 4.0.5 und 5.0.x kostenlos unter http://www.impressed.de herunterladen.

ALLGEMEIN ----------------------------------------
Dateioptionen:
     Kompatibilität: PDF 1.3
     Für schnelle Web-Anzeige optimieren: Nein
     Piktogramme einbetten: Nein
     Seiten automatisch drehen: Nein
     Seiten von: 1
     Seiten bis: Alle Seiten
     Bund: Links
     Auflösung: [ 2400 2400 ] dpi
     Papierformat: [ 595.276 824.882 ] Punkt

KOMPRIMIERUNG ----------------------------------------
Farbbilder:
     Downsampling: Ja
     Berechnungsmethode: Bikubische Neuberechnung
     Downsample-Auflösung: 300 dpi
     Downsampling für Bilder über: 450 dpi
     Komprimieren: Ja
     Automatische Bestimmung der Komprimierungsart: Ja
     JPEG-Qualität: Maximal
     Bitanzahl pro Pixel: Wie Original Bit
Graustufenbilder:
     Downsampling: Ja
     Berechnungsmethode: Bikubische Neuberechnung
     Downsample-Auflösung: 300 dpi
     Downsampling für Bilder über: 450 dpi
     Komprimieren: Ja
     Automatische Bestimmung der Komprimierungsart: Ja
     JPEG-Qualität: Maximal
     Bitanzahl pro Pixel: Wie Original Bit
Schwarzweiß-Bilder:
     Downsampling: Ja
     Berechnungsmethode: Bikubische Neuberechnung
     Downsample-Auflösung: 2400 dpi
     Downsampling für Bilder über: 3600 dpi
     Komprimieren: Ja
     Komprimierungsart: CCITT
     CCITT-Gruppe: 4
     Graustufen glätten: Nein

     Text und Vektorgrafiken komprimieren: Ja

SCHRIFTEN ----------------------------------------
     Alle Schriften einbetten: Ja
     Untergruppen aller eingebetteten Schriften: Nein
     Wenn Einbetten fehlschlägt: Warnen und weiter
Einbetten:
     Immer einbetten: [ /Courier-BoldOblique /Helvetica-BoldOblique /Courier /Helvetica-Bold /Times-Bold /Courier-Bold /Helvetica /Times-BoldItalic /Times-Roman /ZapfDingbats /Times-Italic /Helvetica-Oblique /Courier-Oblique /Symbol ]
     Nie einbetten: [ ]

FARBE(N) ----------------------------------------
Farbmanagement:
     Farbumrechnungsmethode: Farbe nicht ändern
     Methode: Standard
Geräteabhängige Daten:
     Einstellungen für Überdrucken beibehalten: Ja
     Unterfarbreduktion und Schwarzaufbau beibehalten: Ja
     Transferfunktionen: Anwenden
     Rastereinstellungen beibehalten: Ja

ERWEITERT ----------------------------------------
Optionen:
     Prolog/Epilog verwenden: Ja
     PostScript-Datei darf Einstellungen überschreiben: Ja
     Level 2 copypage-Semantik beibehalten: Ja
     Portable Job Ticket in PDF-Datei speichern: Nein
     Illustrator-Überdruckmodus: Ja
     Farbverläufe zu weichen Nuancen konvertieren: Ja
     ASCII-Format: Nein
Document Structuring Conventions (DSC):
     DSC-Kommentare verarbeiten: Ja
     DSC-Warnungen protokollieren: Nein
     Für EPS-Dateien Seitengröße ändern und Grafiken zentrieren: Ja
     EPS-Info von DSC beibehalten: Ja
     OPI-Kommentare beibehalten: Nein
     Dokumentinfo von DSC beibehalten: Ja

ANDERE ----------------------------------------
     Distiller-Kern Version: 5000
     ZIP-Komprimierung verwenden: Ja
     Optimierungen deaktivieren: Nein
     Bildspeicher: 524288 Byte
     Farbbilder glätten: Nein
     Graustufenbilder glätten: Nein
     Bilder (< 257 Farben) in indizierten Farbraum konvertieren: Ja
     sRGB ICC-Profil: sRGB IEC61966-2.1

ENDE DES REPORTS ----------------------------------------

IMPRESSED GmbH
Bahrenfelder Chaussee 49
22761 Hamburg, Germany
Tel. +49 40 897189-0
Fax +49 40 897189-71
Email: info@impressed.de
Web: www.impressed.de

Adobe Acrobat Distiller 5.0.x Joboption Datei
<<
     /ColorSettingsFile ()
     /AntiAliasMonoImages false
     /CannotEmbedFontPolicy /Warning
     /ParseDSCComments true
     /DoThumbnails false
     /CompressPages true
     /CalRGBProfile (sRGB IEC61966-2.1)
     /MaxSubsetPct 100
     /EncodeColorImages true
     /GrayImageFilter /DCTEncode
     /Optimize false
     /ParseDSCCommentsForDocInfo true
     /EmitDSCWarnings false
     /CalGrayProfile ()
     /NeverEmbed [ ]
     /GrayImageDownsampleThreshold 1.5
     /UsePrologue true
     /GrayImageDict << /QFactor 0.9 /Blend 1 /HSamples [ 2 1 1 2 ] /VSamples [ 2 1 1 2 ] >>
     /AutoFilterColorImages true
     /sRGBProfile (sRGB IEC61966-2.1)
     /ColorImageDepth -1
     /PreserveOverprintSettings true
     /AutoRotatePages /None
     /UCRandBGInfo /Preserve
     /EmbedAllFonts true
     /CompatibilityLevel 1.3
     /StartPage 1
     /AntiAliasColorImages false
     /CreateJobTicket false
     /ConvertImagesToIndexed true
     /ColorImageDownsampleType /Bicubic
     /ColorImageDownsampleThreshold 1.5
     /MonoImageDownsampleType /Bicubic
     /DetectBlends true
     /GrayImageDownsampleType /Bicubic
     /PreserveEPSInfo true
     /GrayACSImageDict << /VSamples [ 1 1 1 1 ] /QFactor 0.15 /Blend 1 /HSamples [ 1 1 1 1 ] /ColorTransform 1 >>
     /ColorACSImageDict << /VSamples [ 1 1 1 1 ] /QFactor 0.15 /Blend 1 /HSamples [ 1 1 1 1 ] /ColorTransform 1 >>
     /PreserveCopyPage true
     /EncodeMonoImages true
     /ColorConversionStrategy /LeaveColorUnchanged
     /PreserveOPIComments false
     /AntiAliasGrayImages false
     /GrayImageDepth -1
     /ColorImageResolution 300
     /EndPage -1
     /AutoPositionEPSFiles true
     /MonoImageDepth -1
     /TransferFunctionInfo /Apply
     /EncodeGrayImages true
     /DownsampleGrayImages true
     /DownsampleMonoImages true
     /DownsampleColorImages true
     /MonoImageDownsampleThreshold 1.5
     /MonoImageDict << /K -1 >>
     /Binding /Left
     /CalCMYKProfile (U.S. Web Coated (SWOP) v2)
     /MonoImageResolution 2400
     /AutoFilterGrayImages true
     /AlwaysEmbed [ /Courier-BoldOblique /Helvetica-BoldOblique /Courier /Helvetica-Bold /Times-Bold /Courier-Bold /Helvetica /Times-BoldItalic /Times-Roman /ZapfDingbats /Times-Italic /Helvetica-Oblique /Courier-Oblique /Symbol ]
     /ImageMemory 524288
     /SubsetFonts false
     /DefaultRenderingIntent /Default
     /OPM 1
     /MonoImageFilter /CCITTFaxEncode
     /GrayImageResolution 300
     /ColorImageFilter /DCTEncode
     /PreserveHalftoneInfo true
     /ColorImageDict << /QFactor 0.9 /Blend 1 /HSamples [ 2 1 1 2 ] /VSamples [ 2 1 1 2 ] >>
     /ASCII85EncodePages false
     /LockDistillerParams false
>> setdistillerparams
<<
     /PageSize [ 595.276 841.890 ]
     /HWResolution [ 2400 2400 ]
>> setpagedevice


16 M. Nicolau, A. Auger, and C. Ryan
2 Grammatical Evolution

Grammatical Evolution (GE) [IBJT4JT3] is an automatic programming system
that uses grammars to generate code written in any language. It uses a genetic
algorithm to generate variable-length binary strings, which are interpreted as
a series of integer values (each value being encoded with 8 bits). These values
are then used to choose productions from the rules of a given grammar, to map
a start symbol onto a program (the phenotype), consisting solely of terminal
symbols extracted from the grammar. This genotype-to-phenotype mapping,
based on the analogous process in molecular biology, provides a division between
the search space (binary strings) and the solution space (evolved programs) [2].

Another interesting feature of GE is the functional dependency across the
genes on each genotype string. Specifically, the function of a gene is dependent
on those genes preceding it, as previous choices of grammar productions will
dictate which symbol is to be mapped next, and therefore which rule is to be
applied. This creates a dependency across the genotype string, ranging from left
to right, and has been termed the “ripple” effect [12].

Finally, the use of degenerate code plays an important role in GE: by using
the mod operator to map an integer to the choices of a grammar rule, neutral
mutations [8] can take place, as different integers can choose the same produc-
tion from a given rule. This means that the genotype can be modified without
changing the phenotype, allowing variety at the genotypic level.

3 GAuGE

The GAuGE system is based on most of the same biologically inspired features
present in GE, and as GE, it also uses a genotype to phenotype mapping process,
thus separating the search space (the genotype space) and the solution space (the
phenotype space).

The main principle behind GAuGE is the separate encoding of the position
and value of each variable, at the genotypic level. This allows the system to
adapt its representation of the problem; experiments conducted previously [10]
have shown that this feature allowed GAuGE to evolve its representation, to
match the salience hierarchy of a given set of problems.

Previous work has used similar approaches and techniques as the ones em-
ployed in GAuGE. Some of Bagley’s [I] computer simulations already used an
extended string representation to encode both the position and the value of each
allele, and used an inversion operator to affect the ordering of genes. Holland
[6] later presented modifications to the schema theorem, to include the approxi-
mate effect of the inversion operator. To tackle the problems associated with the
combination of the inversion and crossover operators, these were later combined
into a single operation, and a series of reordering operators were created [11].

The so-called messy genetic algorithms applied the principle of separating
the gene and locus specifications with considerable success ever since their in-
troduction [4], and have since been followed by many competent GAs.
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Work by Bean [3] with the Random Keys Genetic Algorithm (RKGA) hinted
that a tight linkage between genes would result in both a smoother transition
between parents and offspring when genetic operators are applied, and an error-
free mapping to a sequence of ordinal numbers. More recently, Harik [5] has
applied the principles of functional dependency in the Linkage Learning Genetic
Algorithm (LLGA), in which a chromosome is expressed as a circular list of genes,
with the functionality of a gene being dependent on a chosen interpretation point,
and the genes between that point and itself.

3.1 Formal Definition of the Mapping Process

For a given problem composed of ¢ variables, a population G = (G;)o<i<N-1,
of N binary strings, is created, within the genotype space G = {0, 1}%, where L
will be fixed later on. Through a genotype to phenotype mapping process, these
strings will be used to encode a population P = (P;)o<i<n—1, of N potential
solutions, from the phenotypic space P, which can then be evaluated.

As each string GG; encodes both the position and the value of each variable
of a corresponding P; string, the length of G; will depend on a chosen position
field size (pfs) and value field size (vfs), i.e., the number of bits used to encode
the position and the value of each variable in P;. The required length of each
string G; can therefore be calculated by the formula:

L= (pfs+ufs)x( (1)

The mapping process consists in three steps denoted here by
b:G2 x 25 R2 P

The first mapping step (©1) consists in interpreting each G; as a sequence of
(position,value) specification pairs, using the chosen pfs and v fs values. In this
way, G; can be used to create a string X;, where:

Xo= (] XD) _ = (XX, (XL XD, . (XL R
with Xf being an integer random variable (encoded with pfs bits from G;)
that takes its values from {0, ... ,opfs 1}, and Xf an integer random variable
(encoded with vfs bits from G;) that takes its values from {0, ... ,2v/% — 1}.

The second mapping step (®2) then consists in using X; to create a string
of positions R; = (R?,... 7Rﬁ*l), and a string of values R; = (R?7 ... ,Rﬁfl),
where Rf € {0,...,¢—1} is the position in the phenotype string (P;) that will
take the value specified by Rf .

The elements of these strings are calculated as follows. Assuming
RY, ... ,Rg_l are known, the set Ag ={0,...,0 — 1}\{RY,... ,Rg_l} is con-
sidered. Then the elements of the set Af are ordered (from the smaller to the
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greater) into a list of £ — j elements, Ag, and

J — (AJ
R; = (Az‘)x;j mod (I—j) (2)
where (Af)Xf mod (e—j) 18 the element in (A7) at position X/ mod (¢ — j).
Eq. @) clearly shows that the random variable R} depends on the previous
random variables RY, ... ,Rfl and on j.
The string of values can be constructed using the following formulall:

R} = X7 mod range (3)

where range is the value range of the variables for the given problem. For a
binary problem, for example, range = 2.

Finally, through the third mapping step (®3), the phenotype string P;, from
the phenotypic space P = {0,... ,range}’ can be calculated by using the for-
mula:

PiRg = Rﬁ : (4)

In other words, through a permutation defined by R;, the elements of R; are
placed in their final positions.

3.2 Example

As an example of the mapping process employed in GAuGE, consider the (sim-
plified) case where one would wish to solve a binary problem of 4 variables (so
range = 2 and ¢ = 4). The first step would be to create a population G of size
N; if the values pfs = 6 bits and vfs = 2 bit were chosen, then, according to
Eq. M), L = (64 2) x 4 = 32, that is, each member of G is a binary string of 32
bits.

Here is how the mapping process translates each of those strings onto a
phenotype string P;. Consider the following individual:

G,; = 00011001000010 1000010011 00010101 .
The first step is to create the X; string, by using the chosen pfs and v fs values:

X; =((6,1),(2,2),(4,3),(5,1)) .

From this string, the positions string R; and the values string R; can be created.
To create R;, Eq. () is used; for the first element R, this gives us:
A?={0,1,2,3},  RY=(A?), _.,=(A9),=2.

! This isn’t always the case. Previous variations of the GAuGE system [J] have used
a different mapping process at this stage.
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For the second element, R} the set Al is {0,1,3}, as the element RY = 2 was
removed from it. Therefore the second element of R; becomes:

A= 013) B = (A, e, = (A, =8

The third element is calculated in the same fashion:

A? = {0,1}, Rf = (A?)AL mod 2 (A?)o =0.
And finally the fourth element:
A?:{l}’ R?: (A:;)E) mod 1 = (A:;)O:l

So the string of positions becomes:
R, =(2,3,0,1).
The string of values R; can then be calculated using Eq. @A):

R?:X? mod 2=1 mod 2=1,
R}:X} mod 2 =2 mod 2 =0,
R? =X? mod 2=3 mod 2 =1,
R}=X? mod 2=1 mod 2=1.

Finally, by using Eq. (@), the phenotype string P; can be constructed in the
following manner:

PP=1

2 )

PP=0, P’=1, P'=1

(3 7

So the phenotype string P;, ready for evaluation, is:

P; =1110.

4 Functional Dependency and Degenerate Code

In this section, the functional dependency occurring within the elements of the
genotype string is analysed, along with the effect of degenerate code on that
dependency. By functional dependency, the manner in which the function of a
gene is (possibly) affected by the function of previous genes is meant. As shown
in Eq.[2, each position specification derived from the genotype string depends on
previous position specifications, and on its location within the genotype string.
The degenerate code feature refers to the many-to-one mapping process from
genotype to phenotype. As seen in Section 31} the use of the mod function
maps the value specified by X/ onto the set of available positions left on the
phenotype string. _

In order to characterise the dependency of each R! on the elements
RY. ..Rfl and on j itself, the mean value of each R’ is computed. If this
dependency did not exist, then this mean value would be constant in j. Section
E.T] shows that this mean value depends on j, and Section shows the effect
of the introduction of degeneracy on this mean value.
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4.1 Computing the Mean of R’

For every j € {0,... ,f— 1}, the mean (or expectation) of R’ is denoted E(R7).
This expectation can be computed exactly in ¢! operations (see Remark [M)). It is
thus crucial to use another method to compute the expectation E(R7) of all R’.
The method chosen here is the numerical simulation of the expectation with the
Monte Carlo method [7], whose main interest is to give a confidence interval for
the approximation of the mean.

The principle of the Monte Carlo simulation is as follows: in order to calculate
the average position E(R7) of all R}, a population of N individuals (with N
large, typically equal to 10000) is generated. The N individuals are denoted
(R?)1<i<n. Each mean of R?, E(R’) is approximated by

N

SR (5)

=1

A consequence of the Central Limit Theorem is that there is a confidence interval
for this approximation. More precisely, for the 99% interval confidence, there is
a probability equal to 0.99 that the true values of each average position E(RY)
are within the interval

1L 1K
ZRf—ai(N)szHai(N)]
[Ni—l Ni:l

where «; (V) is equal to

AT - (T 1)
2.58 — |

The values used in the simulations are given in Table [II Figure [I shows a plot
of those averages, along with the 99% interval.

(6)

Table 1. Experimental setup. 7 bits were used for the position field, as this is the
minimum number of bits required to encode 128 positions

Problem length (1): 128
Population size (INV): 100000
Position field size (pfs): 7 bits
Value field size (vfs): 1 bit

Experimental results. The graph illustrates the functional dependency across
the elements of all the strings of positions R, from the left to the right side. As
each number specified by X/ is considered modulo smaller values (128, 127, ...),
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Average position specifications - Length 128 - 100000 tests
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Fig. 1. Average position specification per element of X;, for a genotype generating a
phenotype of length 128. The z-azis shows each position (index j) of the string X,
and the y-azis the average position it specifies, F(R?) (results averaged over 100000
randomly created individuals)

the index it specifies in the set A: is wrapped around to the beginning of that set
(due to the use of the mod operator), which means that smaller values will be
specified on average. However, as the number to mod X/ by reaches the value
64, the distribution of values specified is again uniform, which explains the return
of the average position specified to a more average value again (close to 63.5).

This balancing phenomenon continues on, creating a ripple effect [12] across
the positions specified in each R;. The slight upward slope in the positions spec-
ified is explained by the fact that between the points where the positions return
to close to average values (0,64,85,96,102,106, ... E), the positions specified are
smaller than the average.

4.2 Introducing Degeneracy

In this section, the effect of the introduction of degeneracy at the genotype
level is investigated. Degeneracy in the position specifications is introduced by
using bigger values for pfs; indeed, this introduces a redundant mapping, as
different values for X; will map to the same R} value (through the use of the
mod operator). This will have the effect of balancing the position specifications

2 This sequence of peaks represents the points where the mod operator wraps around
(e.g., 128 mod 64 = 0, and 128 mod 43 = 42, but 128 (mod 42) = 2 (128 —43 = 85))
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across each R; string, as each element of that string will be averaged across a
larger set of values, thus flattening the ripples observed.

A theoretical proof of the fact that introduction of degeneracy flattens the
ripples, and that, consequently, the position each R’ specifies becomes less de-
pendent from j, can be given. Specifically we shall prove in Appendix [§ the
following Theorem

Theorem 1. Let i be an integer in {0,...,N — 1} and let R; = (R%...,Rf*l)
defined in Section[3 by FEq. (), then for all j € {0,... £ —1}

E(R)) = K_Tl + O(327Pf3) (7)

where the notation O(¢327P/¢) means that % is bounded when pfs — oo
by a constant independent of £. A consequence of Eq. (@) is thus

; -1

E(R}) ———

pfs—o0

for all 7,

meaning that the expectation E(R?) becomes constant and thus independent of
the index 7 when pfs is high. Moreover (9(632*‘1’16 %) gives a quantitative idea of

the value of pfs in order to consider that E(R!) can be approximated by Z_TI:

this is precisely when QZS > 1.

To illustrate these findings, a similar experimental setup to that used in
Section .1l is used; in these experiments, the value of pfs varied from 7 bits to
14 bits. Figure 2| plots the results of the simulation.

Experimental results. The introduction of degeneracy has an interesting ef-
fect. By using a larger number of bits for pfs, the range of numbers each X; can
specify is increased (e.g., using 14 bits, the range will be 0-16383, rather than
0-127 with 7 bits per gene); when modded by the number of available positions
(128, 127, ... ), this reduces significantly the differences between the position
specified by each field, thus effectively flattening the ripples. Figure 2] illustrates
this effect: by gradually increasing the value of pfs, the differences in the aver-
age of each R} are reduced, as is the slight increasing average position specified
toward the end of each R; string.

5 Conclusions and Future Work

This paper has presented a detailed investigation of the mapping process em-
ployed in the GAuGE system. A formal definition of that process has been given,
and is used to characterise the functional dependency occurring between the po-
sition specifications of the genotype string, and the effect that the introduction
of degeneracy has on that dependency. The theorem presented, backed up by
experimental evidence, shows that the introduction of degeneracy reduces the
functional dependency between the position specifications and their placement
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Average position specifications - Length 128 - 100000 tests

Fig. 2. Effect of degeneracy on the average position specification per element of Xj;.
The z-azis shows each position (j) of the string X;, the y-azxis (depth) shows the pfs
value chosen, and the z-azis (vertical) shows the average position specified, E(R?)
(results averaged over 100000 randomly created individuals)

on the real specifications string, and illustrates some of the implications of using
degenerate code at the genotype level.

The models presented can be of use when analysing alternative mapping
processes, not only for the GAuGE system, but also for other systems where a
detailed analysis of functional dependency should be required.

As can be expected, when the evolutionary process starts, the distribution
of position specifications across the genotype is no longer uniform. Future work
will therefore analyse the implications that the results reported have during the
evolution process.

Appendix: Proof of Theorem []

Before giving the proof of Theorem [I an alternative view of the mapping de-
scribed in Section [BIlis proposed. The mapping is seen as a permutation of the
set of values {RY, ... , R“"'}. Indeed, the string of positions R; = (R?,... , R‘™1)
where for all j € {0,...,¢— 1}, Rz € {0,...,¢ — 1} is nothing but a classical
manner to write a permutation of £ elements, i.e. a bijective function of a set of £
elements into itself. Formally the permutation p : {0,... ,—1} = {0,... ,{—1}
induced by the mapping is defined as follows:
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p(j) =Rl for0<j<t—1.

And the mapping consists then in permuting the elements {R?, . ,f{f*l} into

{Rf(o), e ,Rf(efl)}. This alternative view is used in the proof of the following
Theorem: denoted S;.

Theorem 1. Let ¢ be an integer in {0,...,N — 1} and let R; = (R?,...,Rf_l)
defined in Section [3 by Eq. (), then for all j € {0,... ,¢—1},

E(R)) = £§§37+fcxe32*pf8).

Proof. Considering each R{ defined by Eq. [2las a random variable, one sees that
the distributions of Rg are the same for any 4. Thus, for sake of simplicity, the
subscript ¢ is omitted in this proof. For consistency with the formalisation of the
mapping in terms of permutation, where R = (R, ... , R*~1) is identified with a

permutation, for any given permutation p € §; (S¢ being the permutation group
on {0,...,¢—1}) the notation R = p denotes in the sequel the event:

R7 = p(j) for all j.

From the construction of R7 one sees that, for an acceptable value a (among the
¢ — j possible values) for R?, one has

. o B opfs
PR/ =a|R77',...,R%) =2 pfs(tfjJ + Mjaconrs (mod 0)—j})  (8)

where L%J denotes the integer part of % and Tj,confs (mod ¢)—j3 = 1 if
a < 2P/% (mod ¢) — j and 0 otherwise. Simplifying Eq. (§), one has,

] ) 1
PR =a|R'7',...,R?) = m +1jpfs(a)

with |r; ,rs(a)| < 27PF5. Therefore, for a given permutation p, P(R = p) is the
product of the above probabilities and a straightforward computation leads to

P(R=p) = ~(1+ O(22775%)).

0!
20—pfs
where the notation O(¢£227P/%) means that % is bounded when pfs — oo
by a constant independent of /. Now the expectation of the random variable R’

1S

E(R)= % a) PR=pkp(j)=a) (9)

0<a<t p€eS;

but the number of permutations p such that p(j) is fixed and is equal to (¢ —1)!,
hence

E(R/) = (£ - 1)%(1 +O(227PI))(0+ 1+ -+ (£ - 1)).
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Finally
; -1
E(R%) = 1 5 (1+ O(£227r1#Y)

or
E(R)) = E_Tl + O(327PF%),

O

Remark 1 (Complezity for the computation of E(R7)). As one can see on Eq. ([),
the complexity to compute E(R?) is £l
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A Study of the Effects of Dimensionality
on Stochastic Hill Climbers and
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Abstract. One of the most important features of an optimization me-
thod is its response to an increase in the number of variables, n. Random
stochastic hill climber (SHC) and univariate marginal distribution algo-
rithms (UMDA) are two fundamentally different stochastic optimizers.
SHC proceeds with local perturbations while UMDA infers and uses a
global probability density. The response to dimensionality of the two
methods is compared both numerically and theoretically on unimodal
functions. SHC response is O(nlnn), while UMDA response ranges from
O(y/(n) In(n)) to O(nln(n)). On two test problems whose sizes go up to
7200 SHC is faster than UMDA.

1 Introduction

Random stochastic hill climber (SHC) and univariate marginal distribution algo-
rithms (UMDA, Miihlenbein and Paaf§ (1996)) are two fundamentally different
stochastic optimizers. SHC proceeds with local perturbations while UMDA in-
fers and uses a global probability density. It is important to understand how
these two different search processes scale with the number of variables n.
Previous contributions have analyzed stochastic hill climbers and population-
based evolutionary algorithms on specific objective functions. Garnier et al.
(1999) computed the expected first hitting time and its variance for two variants
of stochastic hill-climbers. Droste et al. (2002) extended the estimation of the
running time of O(nlnn) for a (141)-evolution strategy (ES) to general linear
functions. Several studies have investigated the benefits of a population. For ex-
ample, SHC and genetic algorithms have been compared in Mitchell et al. (1994)
on the Royal Road function. Jansen and Wegener (2001) presented a family of
functions for which it can be proven that populations accelerate convergence of
an evolutionary algorithm (EA) to the optimum even without crossover. He and
Yao (2002) used a Markov chain analysis to estimate the time complexity of EAs
for various problems and showed that a population is beneficial for some multi-
modal problems. Comparisons between single point and population-based evo-
lution strategies on Long-Path problems are given in Garnier and Kallel (2000).
There has been little work on the time complexity of estimation of distribution
algorithms. The convergence of estimation of distribution algorithms has been

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 27-[38] 2004.
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studied in Miihlenbein et al. (1999). Experimental comparisons were conducted
by Pelikan et al. (2000). However, there is a lack of theoretical results on the
relative performances of SHC and UMDA.

The present paper is a numerical and analytical investigation of the effect of
the number of non-binary variables on the performance of SHC and UMDA for
two separable, unimodal functions. The topology of the functions is purposely
simple so that the effect of dimensionality can be isolated. The performance of
the methods for a multimodal, separable function is also discussed.

2 Presentation of the Algorithms

We consider the problem of maximizing some fitness function F' over a design
space D = A™ where A is an alphabet of cardinality ¢. SHC searches the space
by choosing an initial point z = (z1, 22, ... ,Z,) at random and applying random
perturbations to it: the algorithm changes the value of one variable chosen at
random to an adjacent value and accepts the new point only if it improves the
fitness function. Perturbations are applied until no more progress is observed.

UMDA is a simple form of estimation of distribution algorithms (EDA).
EDAs use populations of m points to infer the distribution p(x) of good points.
By a succession of sampling and selection steps, the distribution converges to-
ward regions of increasing fitness evaluation, eventually yielding the optimum.
In UMDA, distributions are expressed as products of univariate marginal distri-
butions, leading to the following update rule for the distributions:

n

pla,t+1) = [[ "ot . (1)

i=1

where p(x,t + 1) refers to the search distribution at time ¢ + 1 and p®(z;,t)
designates the univariate distribution of the variable x; in selected points at
time ¢. In this work, truncation selection of ratio 7 was used.

The algorithm can be summarized as follows:

.sett =0,

. initialize the search distribution p(z,0),

. create m points by sampling from p(z,t),

. select the 7m best individuals based on the fitness function,

. estimate the univariate marginal distributions p®(z;, t), and calculate p(z, t+

1) from (),
6. go to 3.

Uk W N~

3 Numerical Experiments

Three test problems are considered. The first two problems, “Max A;1” and
“Vibration”, are separable and unimodal functions. The third, “Min Agg”, is a
multimodal and separable function. All three problems have a physical meaning
in terms of composite laminate design.
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A composite laminate is made of layers of fiber reinforced material (plies),
and its response is determined by many factors including the number of plies,
the fiber volume fraction, the fiber and matrix properties, etc. In this work,
we consider only laminates that have a fixed number of plies n, as shown in
Fig. [[ In each ply, the fibers are aligned in the same direction. The goal of
laminate optimization is to determine the fiber angles =1 to x, that maximize
some objective function. Even though fiber angles can take any value between
0° and 90°, the set of acceptable values is typically limited to a small number
of discrete values for manufacturing requirements. In the problems considered
in this paper, the angles can take seven values from 0° to 90° in 15° steps. Note
that the angles values are ordered, i.e. they are not symbolic, hence the notion
of distance underlying SHC is well defined.

Fig. 1. Laminate cross-section: in the k*® layer, the fibers have an angle zp w.r.t. a
reference direction

3.1 Max A;; Problem

The first problem consisted in maximizing the longitudinal in-plane stiffness A11
of a symmetric balanced laminat, which is expressed by:

Ay =Uih+4U, kaC082xk+4U3 ZtkCOS4xk, (2)
k=1 k=1

where Uy, Us and Uz are material constants, n is the total number of plies, ¢
the thickness of the k' ply, and h the total thickness of the laminate.

The fitness function of this problem is a sum of functions of one variable
only, so that they do not interact with one another, and UMDA is expected to
converge to the global optimum 2} = 0°, i = 1, n. The function A;; is unimodal,
so that SHC will also yield z*.

The algorithms were applied to the problem for five different numbers of
variables n = 12,20, 50, 100, 200. The selection ratio 7 of the UMDA was kept
constant at 7 = 0.3 (as recommended in Mihlenbein et al. (1999)). Several

! A laminate is symmetric if the ply orientations are symmetric about its mid-plane. It
is balanced when for each +60 ply, there is a —0 in the laminate. Therefore, a balanced
and symmetric laminate has n unknown ply orientations and 4n constitutive plies.
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population sizes (50, 100, 500 and 1,000) were tried in order to obtain an efficient
scheme and allow a fair comparison with SHC.

Two criteria were used to compare the algorithms’ performance: the num-
ber of analyses required to reach 80% reliability (defined as the probability of
finding the optimum, estimated over 50 independent runs), and the number of
analyses needed until the average best fitness reaches 98% of the optimal fit-
ness. Clearly, these two criteria provide only a partial picture of the algorithms’
relative performances, and other criteria may be used. However they measure
two quantities that are critical in optimization algorithms: the maximum fitness
criterion is an indication of the velocity of the convergence in the vicinity of the
optimum, while the reliability criterion measures the algorithm effectiveness at
finding the true optimum.

Figure [ presents the number of evaluations to 98% of the maximum fit-
ness against the number of variables for SHC and four different population sizes
of UMDA. Clearly, SHC converges faster than UMDA for all the numbers of
variables investigated. The evolution of the cost for SHC appears to be linea,
which confirms the results reported in Sect. ] and in Pelikan et al. (2000) for
the Onemazx problem. For UMDA with a given population size, the number of
evaluations needed to reach 98% of the optimal fitness increases sub-linearly.
Larger populations are more expensive, but smaller population can fail to con-
verge for large n. This is the case when a population of 50 individuals is used
to solve the Max Aj; problem and n > 50, where the average maximum fitness
never reaches 98% of the maximum fitness. This can be explained by the fact
that when smaller populations are used, the chance of losing particular values of
the variables is higher, which prevents the algorithm form finding the optimum,
as will be discussed in Sect. 2.

4 Max A, | problem
L X 10

3

—— SHC

—— UMDA pop =50
2.5 —— UMDA pop = 100
—e— UMDA pop = 500
—— UMDA pop = 1000

no analyses to 98% fitmax

, é:/?k/

0 50 100 150 200
n

Fig. 2. Number of analyses until the average maximum fitness reaches 98% of the
optimal fitness, Max A11 problem

2 We will see that it is in fact O(nlnn).
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The effect of the loss of variable values for small populations is visible in
the reliability: for each problem size n, there exists a minimum population size
below which 80% reliability is never reached because of premature convergence
of the distributions. This minimum population size was m* = 100 for n = 12,
m™* = 500 for n = 20, 50 and 100, m™ = 1,000 for n = 200.

In the Max Aj; problem, all the variables are interchangeable, as the order
of the variables does not affect the fitness function. Consequently, the expected
value of the univariate distribution of all the variables is the same. Figure Bl
shows the evolution of the probability distributions of the variable corresponding
to the innermost ply for the case n = 100, m = 500. Starting from a uniform
distribution over the seven values, the optimum value (p(z1 = 0°,¢) = 1, p(z1 =
i,t) = 0, i # 0°) gradually takes over the whole distribution.

number of analyses

Fig. 3. Evolution of the probability distribution for the innermost ply

3.2 Vibration Problem

The second problem consisted in maximizing the first natural frequency of a
simply supported rectangular laminated plate. This problem has independent
variables, but exhibits a hierarchical structure in which the contribution of each
variable to the fitness function depends on its position.
The first natural frequency of a simply supported rectangular plate is pro-
portional to the square root of the following expression:
F— D1y i 2(D12 +2Dss) | D2o
L4 L2Ww? w4’
where L and W are the length and width of the plate.
The bending stiffness coeflicients D;; are obtained by:

3)

3 n n

h 4 4
U1 —|— U2 Ztk 327 — 13) cos 2wy, + 3U3kz:1tk 327 —t2) cosdry (4)
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G R . 2 _ 42 4. < 2 _ 42
Doy =T, the gUg ké_l tr(3z; — t) cos 2xy, + §U3 ,}_1 tr(3z — ti) cosday (5)
R A& s 2
Degs = Us T §U3 kg_l i (32 — ti) cosdxy, (6)
D fU—th%U §njt (327 — 1}) cos 4 (7)
12=Us35 -3 3k:1k zj, — ty,) cosdxy,

where the U terms are material constants and zj refers to the position of the
kth ply in the laminate.

The effect of z is to give a hierarchical structure to the problem because plies
located in outer layer have more weight than those located in inner layers. As
a result, the distributions corresponding to the outermost plies are expected to
converge faster than those corresponding to inner plies. The optimum laminate
for this problem was =} = 60°, i = 1,n.

The two algorithms were applied to the vibration problem for the five problem
sizes n used in the previous section. The number of evaluations necessary for the
average maximum fitness function to reach 98% of the optimal fitness is shown
in Fig.[4 The results are similar to those obtained for the Max A;; problem. The
cost of SHC still appears linear in the number of variables. However, the number
of evaluations needed by the two algorithms to reach 98% of the maximum fitness
is smaller than for the Max A;; problem. For instance, for n = 12, SHC needs
64 evaluations on the vibration problem, against 160 for the Max A;; problem.
In the case n = 200, it requires 1,402 analyses for the vibration problem, against
2,923 for the Max A;; problem. Similarly, the number of analyses needed by
UMDA with a population of 1,000 individuals decreases from 4,175 analyses
to 2,028 analyses for n = 12 and from 26,322 analyses to 17,531 analyses for
n = 200. The faster convergence toward high fitness regions for the second
problem can be explained by the fact that a large part of the response is governed
by outermost plies, so that most of the fitness improvement can be achieved by
determining the value of these influential plies. In addition, the fact that the
optimum angle (60°) is close to the center of the domain helps SHC by reducing
the average number of steps it has to take.

If the hierarchical structure of the problem allows a rapid convergence to high
fitness regions, it also causes numerical difficulties for UMDA. The convergence
of the probability distribution for the innermost and outermost plies for the case
n = 100, m = 500 are presented in Figs.Bland[@, respectively. On this hierarchical
problem, it appears very clearly that the algorithm proceeds from the outside
to the inside, starting with the more influential variables, and determining the
inner variables only at the very end. This mechanism is responsible for the
loss of variable values for the less influential inner plies: in the early stages
of the search, the selection of good individuals is mainly determined by the
outermost variables. As a result, individuals which contain the optimum value of
the outermost plies but not of the innermost plies get selected, potentially leading
to the disappearance of these values in the distribution if too small a population
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Vibration problem
18000 T

—— SHC
16000 —=— UMDA pop = 500
—— UMDA pop = 1000

140001

itmax

120001

10000

80001

60001

no analyses to 98% fi

40001

20001

0 H—/ﬁ/

0 50 100 150 200
n

Fig. 4. Number of analyses until the average maximum fitness reaches 98% of the
optimal fitness, vibration problem

is used. In order to prevent the loss of values, we observed that larger populations
have to be used. The minimum population sizes for this problem were m* = 500
for n = 12 and n = 20, m* = 1000 for n = 50. In the cases n = 100 and n = 200,
the algorithm did not reach 80% reliability for the population sizes tested within
the maximum number of 40,000 analyses used in this work.

2 3 1 2 3 4
x10° number of analyses x10

number of analyses

Fig. 5. Evolution of the probability dis- Fig. 6. Evolution of the probability dis-
tribution for the innermost ply tribution for the outermost ply

SHC, however, is unaffected by the problem’s hierarchical structure because
it merely compares two neighboring points. Fig. [ shows the two performance
measures on the two problems. Both the number of evaluations to 98% of the
maximum fitness and the number of evaluations until 80% reliability is achieved
are lower for the vibration problem than for the Max Ay problem.
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6000

—— Max A“, 80% reliability
—— Max Au’ 98% max. fitness

50007| -+ vibration, 80% reliability
< Vibration, 98% max. fitness

40001

30001

no analyses

20001

1000

0 50 100 150 200

Fig. 7. Comparison of the performance of SHC on the Max Ai; problem and the
vibration problem

3.3 A Multimodal, Separable Function

SHC is misled by local minima, while the relationship between UMDA and the
objective function is more complex. It is nevertheless known that, if the objec-
tive function is separable@ and the population size is larger than m*, UMDA
converges to the global optima. An example of such an objective function where
the reliability of UMDA tends to 1 while that of SHC is nearly 0 is the mini-
mization of the in-plane shear stiffness of a composite laminate, Agg, over ply
orientations that are bound between 0° and 75°,

min A66 s (8)
0° <z < T5°
where
n
Age = Ush — U3Ztk cos4xy . (9)
k=1

The global optimum is 2} = 0°, ¢ = 1,n. Replacing any of the =} with 75°
creates a local optimum whose basin of attraction starts at x = 45°. For an n-
dimensional case, there are 2" local optima. Numerical experiments with n = 12
averaged over 50 runs confirm that the SHC reliability is 0 (it is theoretically
(45/75)12 = 2.1072) while that of an UMDA with m = 500 reaches 1 after
3,500 analyses. Fig. [§ shows the evolution of the probability distribution of the
outermost ply p(zn,t). It is interesting to note that in the early stages of the
search, both the probability of 75° and the probability of 0° (the two local
optima) increase. But after about 2,000 analyses, the probability of 75° starts
to decrease and the algorithm converges to the global optimum.

3 A more general result is given in Miihlenbein et al. (1999) where the convergence
of “Factorized Decomposition Algorithm” (FDA) to the optima is proved for ad-
ditively decomposed functions. Separable functions are a special case of additively
decomposed functions and UMDA is the corresponding simplified FDA.
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0 2000 4000 6000 8000 10000
number of analyses

Fig. 8. Evolution of the probability distribution for the outermost ply, Min Ags problem

4 Elements of Theoretical Explanations

The numerical experiments that were just described are now theoretically ana-
lyzed by calculating expected convergence times. There are n variables that can
take ¢ discrete values.

4.1 Convergence Time of SHC

The following analysis considers a stochastic hill climber operating on a unimodal
function. If the SHC is at a point where k out of the n variables are correctly
set, the expected time before one of the non optimal variable is perturbed is
n/(n — k). The random perturbation can then take the variable closer to the
optimum or not, with probabilities 1/2 (neglecting distortions due to limits on
the values). The expected time for one beneficial step is then 2n/(n — k). Let d;
denote the average distance between the i-th variables of a random point and
the optimum,

1
d,»:fE I g, 10
, cj,llzl ;| (10)

where xZ is the j-th possible value of the i-th variable. In the cases presented
here, all variables values at the optimum are the same ( 7 = 0° for Max A;; and
Min Agg or 7 = 45° for the vibration problem), therefore the average distance
to the optimum is the same for all variables i, d; = d (but it varies with the
problem). At each variable that is not correctly set, an average of d steps in the
right direction is needed to reach the optimum. By summing the expected times

of each beneficial step, one obtains the expected time to locate the optimum
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from a random starting point that has k optimal variables

n—1
2dn
Tp=> (11)

n—i
i=k
Ty can now be averaged over all random starting points, which yields the ex-
pected convergence time of an SHC on a unimodal function,

n n n—1
1 L nd & 1
Tone = g 3Ot = L S er S 12
k=0 k=0 i=k

It can be shown Garnier et al. (1999) that ([2) yields a convergence time of order
O(nlnn) for large n. Estimated and measured convergence times are compared
for both the Max A;; and the vibration problems in Fig. [ The dependency
of the number of function evaluations in terms of the dimension n is correctly
predicted. Because d is smaller in the vibration problem than in the Max Aqq
problem, convergence is faster in the first case, which is also correctly predicted.

6000

—— calculated, A11
—s— measured, A11
5000 calculated, vibration
- e - measured, vibration

4000

3000r

2000

10001

SHC average time to convergence

200

Fig. 9. Estimated and measured convergence times of SHC for the Max A;1 and the
vibration problems

4.2 Convergence Time of UMDA

A univariate marginal distribution algorithm is now considered. In Miihlenbein
et al. (1999), the behavior of an UMDA with truncation selection is studied on
two model functions, the Onemax and the Int, that have common features with
the Max Aj; and the vibration problems. In the Onemax problem, the number
of 1’s in a binary string is maximized. Like in Max A1, the function is separable,
and each variable has the same contribution to the objective function. The Int
function,



A Study of the Effects of Dimensionality on Stochastic Hill Climbers 37

Int =Y 2""a;, (13)
=1

is also maximized on binary strings. Like in the vibration problem, the function is
separable and there is a gradual influence of the variables on the function. In the
vibration problem however, the difference in sensitivity of the objective function
to each variable is lower than in Int. If the population size m, is larger than a
critical value m™*, Miihlenbein shows that the expected number of generations to
convergenceﬁ Ny, is

N, ~ O(y/n) for Onemax (14)
Ny =~ O(n) for Int. (15)

The larger number of generations seen on Int is due to the different weights
variables have on the objective function. For a truncation rate 7 = 0.5, the first
selection is exclusively based on x,, the second selection is based on z,,_1, etc.
The discovery of the optimum is sequential in variable values, whereas some level
of parallelism can be achieved on less hierarchical objective functions.

The expected number of objective function evaluations to convergence is

Ny = Nym*. (16)

No analytical expression for m* was given by Miithenbein et al. An approximation
to m*, m* is now proposed based on the initial random population sampling,
and neglecting variable values lost during selection. The probability that a given
variable value is not represented in the population is ((¢—1)/c)™. The probability
that the values making up the optimum, z*, have at least one sample in the initial

population is
_ 1 m n
a@O(a:)>. (17)

For a given P,,, (typically close to 1), the critical population size is estimated

from (),

-~ In(n/(1 - PPOP)) ~ n(n
m* = —ln(c/(c— ) O(ln(n)) . (18)

From (I4) to (IX), the order of magnitude of the number of evaluations to con-
vergence is
Ny = O(v/nln(n)) for Onemax and (19)
Ny~ O(nln(n)) for Int. (20)
These orders of magnitude agree well with the UMDA convergence trends seen
on the Max A;; and vibration tests in Sect. [3l Note however that, because

the vibration problem is not as hierarchical as Int in terms of variables, its
experimental convergence time behaves more like v/ In(n) than nln(n).

4 Following Miihlenbein’s work, convergence time is defined here as the time when
p(z*, Ng) = 1.
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5 Concluding Remarks

The asymptotic time to convergence of the SHC on a unimodal function is n1nn,
while it is bound between /n1n(n) and nln(n) for the UMDA. Asymptotic be-
havior of UMDA is better than that of SHC on the Max A test case. Numerical
experiments show that this asymptotic behavior does not take place until after
n = 200 variables since SHC has always converged to the optimum faster than
UMDA. It should be stressed that this study is primarily intended at charac-
terizing the dimensionality effects on SHC and UMDA, irrespectively of other
optimization difficulties. When multimodality is introduced through the sepa-
rable function Agg, the reliability of the SHC is logically proportional to the
percentage of the design space spanned by the basin of attraction of the global
optimum while UMDA robustly finds the global optimum.
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Abstract. In this paper we apply evolutionary methods to find finite
binary +1-sequences with low out-of-phase aperiodic auto-correlations.
These sequences have important applications in communication or sta-
tistical mechanics, but their construction is a difficult computational
problem. The Golay Factor of Merit is studied from a probabilistic point
of view, in order to explain the poor efficiency of evolutionary algorithms.
Various genetic algorithms are then proposed and tested.

1 Introduction

Let B denote the binary alphabet {+1,—1} and let x = xg---xx_; (€ BY) be
a B-string of length |z| = N. The so-called aperiodic auto-correlation of x is the
finite Z-valued sequence I'(z) defined by

I'(x), = Z rjritr, 0<k<N.
0<j<N—k

Readily, I'(z)o = N.

Binary sequences (or B-strings) « with flat out-of-phase aperiodic auto-corre-
lations have applications in communication engineering [12] or statistical me-
chanics [2], for example. Classically, two interesting factors of merit have been
introduced in the literature. The oldest one, that we call the extreme merit factor
EMF(z), is defined for any 2 € BY by

EMF(z) = max{|[(x)g]; 1 <k < N}.
The main problem is both to find the quantity
My = min{EMF(z); = € BV}
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and the so-called optimal or extreme sequences which realize this minimum. It
is an old but unsolved problem in Discrete Mathematics to find exact values
of My in general and to construct binary optimal sequences. The situation is
even worse: none trivial asymptotic upper bound for My is known, but it seems
reasonable to conjecture that My is of order v/N.

The second factor of merit, first intensively studied by Golay [3], [4], and later
on by J. Bernasconi [2] and Mertens [9] in connection with some Ising models,
is the (aperiodic) Merit Factor, defined by

N2

M) = ST @)

where E(I'(z)), viewed as an out-of-phase energy, is obtained from the map
E:CVN — CV given by
E@w= Y |wf.

1<k<N

A fundamental problem is then to minimize the energy i.e., to find
Eyx = min{E(I'(z)); z € BN}
or to maximize the Merit Factor:
Fy = max{MF(z); = € BV},

and also, to find sequences which realize such a maximum. At the present time,
no efficient algorithm for finding sequences with the best MF is available, except
the obvious one by exhaustive enumeration. This has been done first by Golay
B, for N < 32, who has conjectured that F is bounded above by 12 or so. S.
Mertens [9], using a branch and bound method exhibits a more efficient search
compare to the exhaustive one, and give, up to N = 48, a complete table of
values for F . His results yields a minimal Merit Factor around 9.3. On the other
hand, at least up to N=199, heuristic searches [I] suggest that lower bound for
F is about 6 for long skew-symmetric sequences x. Recall that, by definition,
a skew-symmetric sequence verifies the relations

Tpo1-s = (—1)°2n_14s (1)

for N =2n—1and 1 < s < n—1. The value 6 is also the highest asymptotic lower
bound of MF which is known for infinite families of sequences, built from Legendre
symbol or Modified-Jacobi symbol, well known in number theory (see [6] and [7]).
Other infinite families of sequences are derived from cyclotomic classes in Galois
fields Z/pZ. They lead to sequences of Merit Factor that converge to 6 [10].
For N large (N > 100), there is no hope to find exact optimal sequences by
exhaustive calculation. Consequently, various approaches involving stochastic
search algorithms have been proposed, like simulated annealing [2], [3], evolu-
tionary algorithms [b] or hybrid local search algorithm [IT]. In fact, all these
algorithms perform quite poorly. One main reason for that is due to a very scat-
tered distribution of optimal sequences in the search space [9], with no efficient
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evolutionary methods driving toward optimal sequences, despite of the obvious
fact that a single modification of any sequence x by replacing one component
xy by its opposite —zy, just change EFM of a quantity bounded in absolute value
by 2.

In this paper, we first compute theoretically the mean and variance of the
random variables F o I'(-)/N? and FE o C(-)/N?. It appears that, when N tends
to infinity these random variables converge in probability to constants 1/2 and
1 respectively. After that, we introduce several new evolutionary algorithms for
estimating Fny and F by using various strategies of searching. Since all these
algorithms are stochastic, we devote section 2 to a simple statistical analysis
of the pseudo-random generator in use. To do that, we compute by trials the
distribution of the random variable MF(-) defined on the space B endowed with
the uniform probability P. We also consider the periodic case which is simpler
from a mathematical point of view. The so-called Cyclic Merit Factor CMF is
defined for z € BY by

N2
R ()
where C'(z) denote the cyclic auto-correlation sequence of x which, at phase k,
is given by
Ca) = Z TiTitk

0<i<N

(replacing in the sum «; by z;,_n if j > N). Notice that the CMF has been already
widely explored, theoretically and by experiments.

In section 2, we consider very elementary but quite natural algorithms which
are used as basic references for evaluating more sophisticated algorithms in-
herited from classical genetic schemes. They are one-to-one evolutionary algo-
rithms in the sense that they start with only one individual u on which a one
single mutation-selection is performed step by step. In the first algorithm (1-
RandomSequential) no assumption is assumed on the structure of u. Next, in
the algorithm RandomSkewSequence, u runs in the set of skew-symmetric se-
quences and used also a one single step by step mutation. The third algorithm
goes back to the first one but, at each step, on the running position, ¢ near-
by mutations are performed and the issues are evaluated. These algorithms are
repeated on M individuals, chosen at random, and best results are collected.

Section 3 deals with more classical evolutionary algorithms (EA). After ini-
tialization of a population with M individuals (M = 2000), a basic round is
iterated until a stop-round test applies. The round in the first algorithm is es-
sentially a mutation-selection. The round in the two other algorithms consists
in coupling-selection-mutation operators.

Section 4 draws conclusions, proposes conjectural properties and select evo-
lutionary algorithms to find long binary sequences with good Merit Factors.
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2 Random Tests and 1-1 Evolutionary Algorithms

Obviously, we cannot avoid the dependency of any evolutionary algorithm with
a pseudo-random generator. For our purpose, we have used the rand () function
available in C++ library, which corresponds to the left truncation reduced mod
215 of the linear congruential generator g, ;1 = ag, + b (mod 23?) with a =
214013 and b = 2531011. Despite of regularities in binary representation of the
generated number (see [8]) produced by such a generator and the relatively short
period (in fact, equal to 2'%), it will be good enough for our experiments which
usually require series of 2000 trails. Suggested by Referees, we have compare
these experiments with those obtained by using the Mersenne Twister (MT)
pseudo-random generator: the empirical distribution functions in both cases are
quite identical (see Figures 1 and 2).

The search space BY is endowed with the uniform probability P. Therefore,
the maps = +— 3, (0 < k < N), defined on BY, are i.i. random variables with
law P(zy, = 1) = P(xp = —1) = 1/2. Maps E o I'(z), E o C(z), MF(x) and
CMF(-) defined above are also considered as random variables. The expectation
of E o I'(x) can be computed exactly. In fact, for 1 < k < N,

/(F(x)k)2P(dx) = Z /xixi+kxjxj+kp(dw)

0<i,j<N—k

=(N-k+2 > /xikaxjijrkP(da:) =N-—k.
0<i<j<N—k

Hence, /EoF(x)P(dx): Z (N—k)=N(N-1)/2.

0<k<N
Now we compute the expectation of F o C":

/(C(x)k)QP(da:) = Z /ximi+kxjwj+kP(dx)

0<i,j<N

~N+2Y [ awt anaPldo)

0<i<N
=N —k+e(N,k),
where e(N, k) =0 if k # N/2 and, for N even, e¢(N, N/2) = 1. Therefore
/E o C(x)P(dx) = N? +en

with ey = 1if N is even and ey = 0 otherwise. These results show, in particular,
that the expectation of E(I'(x)) is about half the expectation of E(C(z)).

We also compute the variance. One has

Var(Eol') = /(Eof(x))2P(d9c) — {/Eof(x)P(dx)r
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> / e [“N;”F

1<r,s<N

3 / Py +2 Y / )P(dx)

1<k<N 1<r<s<N

But
/(F(x)k)4p(dx) = Z /’J)iZL‘i_;,_kl’j$j+k$rmr+k$sl’s+kp(d$)
0<4,5,r,s<N—k

where partial integral in the sum is null except if i = j, r =s,ori=1r, j =s,
or i = s with j = r, but all cases i = j = r = s have to be considered only once.
Therefore

[ @ p(ds) = 3v - b2~ 28 - &)
and consequently
> / )P (dz) = NN = 1;(2N - _ N(N —1). (2)
1<k<N
The computation of I, = [I'(z),['(z)sP(dx) (r < s) is a little bit harder.

Expanding the product of correlations, one gets

Irs = Z Irs(iailvjaj/)

0<i,i/ <N—r
0<j,j'<N-—s

with
L ( il ") — . e o L (d )
rsl%,0,2,7) = xle+rxzzx1/+rx]x]+sxj/a:]/+sP x).

It is clear that I,.5(4,7,7,7) = 1 while I,.5(i,4,5,5') = 0 if j # j’ and similarly
I.5(i,1,4,7) =0 for i # i'. Hence

Z I'r's(iai’j?j) = (N—T‘)(N—S). (3)

0<i<N-—7
0<j<N-—s

Since ¢ and i’ (resp. j and j’) play the same role in the summation, we may
assume that ¢ < 4/, 7 < j' in the remaining part, the result being multiplied
by 4. Now, I,.5(4,4,7,7') = 0if i < j or j < i and for ¢ = j, in order to have
I.s(i,1,4,7") # 0, it is necessary that ¢’ +r = j' + s, which implies ¢’ = i + s and
j =1+ r,so that

I s(,i+ri+si+s+rii+sitritr+s) =1 (4)

with 0 < ¢ < N —r — s, and all the other integrals, not considered above, are
null. Using @) and @) we get

Iis=(N—71)(N—3s)+4(N—r—ys).
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Standard computations lead to

> Y 1.- [N(N—l)r_N(N—l)@N—l)+4N(N_1)

1<r<s<N 2 6
and finally
Var(E o) = YWV = 1;(21\7— D vy o1y NNV - 1()3(2N— n
or

Var(EoF):%N(N—l)(N—i—ZL).

The cyclic case is more complicated, but the following estimate is easy to com-
pute:

Var(E o C) = 6N® + O(N?).

By the classical Bienaymé-Tchebychev inequality, we derive

Eol'(z) 1 t 1
— > ——)< = 5
(‘ N2 2’_ 2N/3)_t2 (5)
for N > 6, and
EoC(x) t 1
pEoCE) s Ly 1 ;
( N2 — \/W) — t2 ( )
for N large enough. Taking t = £1/2N/3 with € > 0 small in formula (5), we get
Eol'(x) 1 3
TP Cl > )<
P(‘ N2 21Z9) < 3on

and, using (@), a similar estimate follows for E o C(x)/N? .

Going back to the Merit Factors, we see that, from the probabilistic point of
view, MF(x) and CMF(z) are concentrated around the value 1 and 1/2 respectively.
We can be more precise: the random variables MF(z) and CMF(x) converge in
probability to constants 1 and 1/2 respectively, that is to say:

Theorem 1. For all n > 0, limy_, P(fMF(x) - 1| >n) =0.
Theorem 2. For all n > 0, limy_.o P(|CMF(z) — | > n) = 0.

In Figure [l we have plotted classical empirical distribution functions of the
Merit Factor MF, obtained by simulation with N = 199 and M = 2000 trials,
using the rand() C++ function and the Mersenne Twister (MT) PRNG. Fig
shows empirical distribution functions of the Cyclic Merit Factor CMF issuing
from another analogous independent series of M = 2000 trials. The correspond-
ing histogram of density obtained with the Mersenne Twister PRNG is also
plotted.
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Fig. 1. Empirical distributions of Merit Factor MF (N = 199, M = 2000 trials) obtained
with the rand() C++ function (resp. MT): min=0,479628 (0,479628), max=1.782063
(1.769038), mean=1.03155 (1.08175626); Maximal deviation (between both curves):
0.05790
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Fig. 2. Empirical distributions of Cyclic Merit Factor CMF (N=199, M=2000 tri-
als) obtained with the rand() C++ function (resp. MT): min=0.182060 (0.182060),
max=0.937257 (0.929705), mean=0.522708 (0.562830), maximal deviation: 0.044400
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Fig. 3. Empirical distribution of the Merit Factor MF after normalization (N=199,
M=100000 trials, min=-0.004641, max=0.005109), using Rand() C++ function
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In Fig 3, we have plotted the empirical distribution of MF computed with 10°
trials, but after normalization (so that the mean is 0 and the variance equal 1).
All values computed are between -0.004641 and 0.005109, furnishing an empirical
evidence (if it is required) of Theorem 1.

In our next stochastic algorithms, the input data is a random sequence = in
BY and the output is a sequence z* (= S1(x), $*(z), and S;(z)) in BY such that
EMF(z*) < EM(x) (or MF(z*) > MF(z)). Let Flip, ; : BN — BY be the map such
that (Flipy ,(z)); = z; if j # k and (Flip; ,(z))r = —o%, consider the map
Skt BN — BV given by

sa@={? if EMF(2) < EMF(Flip, (),
BT Flip, ,(x) otherwise,

and define S; : BY — BY by
Sl(x) = SN—l,l O:-+0 5171 o S()’l(l’).

The first algorithm, called RandomSequential, () (RS;() for short), is furnished
by

Algorithm 1-RandomSequential [RSq()]
begin
r = empty string;
for k =0to N —1 do x < x-Randy();
output Si(x)
end.

where x-Randg() is the concatenation of the string  and the output of a suitable
B-valued pseudo-random generator.

The next algorithm is applied on the set (SB)y of skew-symmetric sequences
x with N =2n—1 (see (I)). For 1 <k <n—1,let Sy : (SB)xy — (SB)n be
the map

v if EMF(J:) S EMF(Flipn—l—k(Flipn—1+k(x)))7
Flip, ;_(Flip,_; .(x)) otherwise,

st(e) = {

and set . . .
S*=Sy_10...05;.

Then, we define

Algorithm RandomSkewSequential [RS*()]
begin
r=1;
fors=1ton—14do
R + Randy() and x < R-z-(—R);
output S*(z);
end.
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The last algorithm of this section, built for 1 <t < N and called t-Random-
Sequential, is a natural generalization of RS;. For any w = wyq - - - wy_; € B and
0 <k < N —t we introduce Flip, , : : BN — BN by setting (Fllpk w(®)); =T
if0<j<kork+t<j<N,and (Flipy, ,(2)); = wi—jz; for k< j <kt
For convenience, put Val(w) = >, ,(1 — w;)2*~! and notice that Val(-) is
a bijection from BY to {0,...,2" — 1}. The map Sk is generalized by Sy :
BY — BY as follows. The string y = Sy ¢(z) is the one given by y = Flip, ,, (2)
where w is the unique string in BY which realizes the minimum of Val(-) among
the strings v € BY such that EMF(Flip, ,(x)) < EMF(Flip, ,(z)) for all u € B".
Finally

St =SN-1-tt0- - 0S50

and we define:

Algorithm t-RandomSequential [RS;()]
begin
r = empty string;
for k=0to N —1 do x < x-Randy();
output S¢(x)
end.

Experiments. We have performed these algorithms M times, independently.
Results are collected in Tables 1, 2 and 3 below. They give the best and worst
EMF (resp.FM) values among M = 2000 trials (with the total number of extrema
values obtained in the series), the mean p, and the standard deviation o of the
output series. The input column corresponds to best and worst EMF values of
random sequences built by using the Rand() C++ function. Results with the
MT pseudorandom generator are quite similar.

Table 1: RSy output
input EMF MF
min nb[max nb[ " [ o ||min nb[max nb[ “w [ o ||max nb[min nb[ “w [ o
22  7[62  1[33.849]5.338[[16  6[29  2]20.73[1.861[|1.912 1[0.822 1]1.311[0.173

The best EMF is equal to 16; it is obtained with 6 sequences, whose the one which
has the best MF (=1.9120) is given in long-run notation by

112234146112121112111111212221215121211261313113222213111121135111113211151124114123511311211424213461

Table 2:RS™ output
input EMF MF
min nb[max nb| o ||min nb[max nb| u o |lmax nbimin nb| pu o
25 1[83 1[43.381]7.997][17 1[37 2]25.572[2.660[[2.695 1[0.826 1|1.509[0.264

The optimal sequence with EMF=17 realizes also the best Merit Factor MF=
2.695, which is much better than the one obtained above. This result is in accor-
dance with the constant observation, reported in the literature, that stochastic
algorithms on this problem give better results if they are restricted to the search
space of skew-symmetric sequences.
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The latest test gives

Table 3:RS5 output
input EMF MF
min nb[max nb[ 7 [ o ||min nb[max nb[ o [ o ||lmax nb[min nb[ “w [ o
21 2[59 1[33.895]5.384][16 9|29 3]20.656]1.880[]2.008 1[0.683 1]1.323[0.179

In this series, the best EMF is 16 which realizes the maximal MF (=2.008), a
performance which is better that the one furnished by RS; (as it was expected)
but is worse that the one obtain with RS*. The sequence is issued from an input
having EMF=34 and MF= 0,922.

These experiments show that these algorithms move EMF downward, MT up-
ward, and decrease the standard deviation by a factor of at least 1/2.

3 Evolutionary Machineries

The preceding algorithms proceed only by mutation-selection acting on one in-
dividual. Therefore we are far from classical genetic operators which act simul-
taneously on several individuals and involve crossing-over operators or general
combinations, producing children that have to pass a selection process. In order
to estimate the effect of these combinations, we start with a “pure mutation”
algorithm.

Algorithm EA0

Input: initialization of a population P, whose individuals are chosen

randomly in BY.

Evolution P, ;; < P, by mutation:
for each individual x in P, chose randomly k € {0,...,N — 1} and
replace x by Sk 1(x).

Evaluation: m, 11 = min{ EM F(z);z € P41}

Repeat until n > 10 and m,, = m,_10.

Output n — 10 and m,,.

For the sequel it is convenient to introduce the map Mj, = (BV)* — BN (k> 1),
with My (u, ..., u®) = 4 if j is the greatest integer such that EMF(u()) =
min{EMF(u(?) ; 1 < i < k}. The second algorithm is derived from the above by
changing the Evolution round by the following:

Algorithm EAO1

iﬂ.\;olution P, +1 < P, by combination:
choose at random M couples (u,v) € P, x Py;
replace u by M3(u, v, ((uo X vo) - -+ (un—1 X vN-1));
do Algorithm EAO.
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The last algorithm is also a modification of the Evolution round in EAO:

Algorithm EA03

Evolution P, 1 < P, by crossing-over:
choose at random M couples (u,v) € P, X Py;
choose at random k € {0,...N — 1} and
set u = u'u", v =0 with |u'| = |V'| = k;
replace u by My(u,v,u'v" v'u");

do Algorithm EAO.

We have performed 20 times these algorithms with M = 2000 and have collected
in Table 4 the minimal, maximal values obtained for EMF, with the numbers
of strings which reach such values, the maximal number of rounds, minus the
10 extra rounds for stopping, and the classical statistics (mean p and standard
deviation o).

Table 4 (with EMF)|| EAO0 || EAO1 || EAO3
min 17 15 15
nb 1 9 12
max 20 16 16
nb 2 11 8
I 18 || 15.55 15,4
o 0.7539(/0.5104/(0.5026
Max(n) —10 = 24 5 10

Now, we modify algorithms EAO, EAO1, EAO3 by taking the Merit Factor MF
for evaluating the strings (in place of the Extrema Merit Factor EMF). We run
20 times these new algorithms, respectively denoted by EA’0, EA°01 and EA’03,
with initial populations of 2000 individuals. Table 5 summarizes the results.
Recall that the best strings are those which have the greatest Merit Factor.

Table 5 (with MF)[[EA’0[[EA’01[EA’03
max 2.973(3.705 || 3.826
nb 1 1 1
min 2.056| 3.309 || 3.356
nb 1 1 1
7 2,713/ 3.468 || 3.526
o 0.216][0.117 || 0.135

Maz(n) —10= | 112 | 18 || 25

One observes that EA03 (resp. EA’03) is more efficient that EAO while EAO1 (resp.
EA’01) seems to be comparable to EA03 (resp. EA’03). This allows us to conclude
that the introduction of combination or crossing-over operators improves the
performance, but we are far from the asymptotic lower bound 6 for MF.
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4 Conclusion

The main theoretical observation proved in this studies is that the classical fac-
tors of merit MF and CMF used to evaluate strings having flat out-of-phase energy
converge in probability to 1 and 1/2 respectively when the length N of string
tends to infinity. This explains why stochastic algorithms are relatively ineffi-
cient to find optimal sequences. The RS algorithms can be viewed as stochastic
operators which modifies the initial distribution of MF by concentrating the val-
ues around a larger mean. It should be of interest to prove that iterations of
these operators lead to a constant, and to compute it. The experiments confirm
the interest to choose crossing-over operators but they are not enough powerful,
due to a very scattered distribution of optimal strings (see [2]) with no evident
relation between the Merit Factor of a given string and the values of MF() in its
neighborhood (according to the Hamming distance). Nevertheless, Algorithms
EA03 or EA’03 can be used to produce quickly very long strings with good EMF
or good MF, respectively.
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Abstract. This article deals with the exploitation of statistical infor-
mation from extremes values of an evolutionary algorithm.

One can use the fact that upper order statistics of a sample converge to
known distributions for improving efficiency of selection and crossover
operators.

The work presented in this paper is restricted to criteria defined on real
vector spaces. It relies on an underlying canonical model of genetic algo-
rithm, namely tournament selection and uniform crossover. Nevertheless,
the results obtained so far encourage further investigations.

1 Introduction

Evolutionary computation is recognized to be highly successful in solving real
world optimization problems. Its robustness and ability to locate efficiently
global optima among many local ones allows treatment of cases for which other
methods fail. However, most of these properties rely on stochastic exploration of
the search space and if the complexity of one iteration is low, the overall cost of
the algorithm can be high due to the number of samples needed for locating the
global optimum. Moreover, a compromise must be done between exploring the
search space in order to find new candidate points and exploiting the already
computed ones. Careful balancing is the key of speed-up in evolutionary compu-
tation and is a major area of research. The selection operator is the one which
has greatest influence on this and several procedures has been designed, so that
exploration or exploitation is enforced. There is two main classes of selection
operators:

— Selection based on fitness. Operators belonging to this class use the value of
the criterion to compute selection probabilities. The historical ’spin wheel
selection’ is one of them, like the ’stochastic remainder’ which has better
properties.

— Rank based selection. In this case, only the relative value of the criterion is
used. All operator from this class may be thought as a two stage procedure:
first sort the population, then draw with a given law inside the sorted sample.
The popular tournament selection is rank based, and has a nice behavior on
a broad range of problems. Furthermore, it is possible to tune the selection
pressure by merely changing the size of the competitors pool.

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 51-[62] 2004.
(© Springer-Verlag Berlin Heidelberg 2004
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In the following, we will restrict our attention to rank based selection, which
will be the start point of our analysis (it is a quite consensual fact that rank
based operators and specially tournament selection are among the best selection
procedure available for evolutionary computation. Many of our own simulation
agree with that point of view).

Another aspect of evolutionary algorithms is the design of mutation and
crossover operators. Generally, mutation is an operator which avoids being
trapped in local solutions and allows to enlarge the exploration scale. On the
other hand, crossover are frequently used. In the following, we will address the
problem of finding the global optimum of a criterion furnished by a real valued
function f over an hyper-rectangle [];-,[a;, b;] so that operator will act on real
vectors. Barycentric crossover is by far the most commonly used in this case. It
is easy to see that the effect of crossing two parents is a uniform random trial
on a segment containing them. The so called uniform crossover, that is drawing
a new random linear combination for each component of the parent vectors is
more efficient on many problems. Here again, it is easy to figure out that this
operator samples points from a uniform deviation in the hyper-rectangle of IR"
defined by the parents (the hyper-rectangle defined by two points x and y of R"
is the closed set H(x,y) ={u e S"|Vi=1...n,2; <wu; <y;}).

Gathering the previous notes, the process underlying a whole generation
inside an evolutionary algorithm may be described by a sampling distribution
based on mixed uniform deviates on hyper-rectangle and depending only on the
previous population. This point of view has been adopted in [DMPJOI1]. An
evolutionary algorithm may then been seen has a measure valued dynamical
system. Using asymptotic properties of upper order statistics, it is possible to
compute a threshold above which samples may be considered as belonging to a
neighborhood of a maximum, while samples below will be assumed to belong to
an exploratory pool. The sampling distribution obtain at each generation will
then be a mix of a uniform deviate on the complement set of the hyper-rectangle
containing all extreme samples and an exploitation distribution defined on this
hyper-rectangle.

Simulation results on standard test problems will be presented and a compar-
ison done with the standard tournament selection - uniform crossover algorithm.

2 Asymptotic Law of Extremes

In this section we will collect some classical results about limiting distributions of
order statistics. Fundamental references are |[Zhi91], [dH81]. Let F be a compact
of R and let {X,,... Xy} a size n sample of common distribution P on E.
Finally, let f : E — IR a P-measurable function. For a measurable subset U C E,
the essential supremum of f on U, denoted essupfy, is defined as follows:

— Define the function Fy : t € R — P ({u € U|f(u) < t});
— esssupfy = inf{t|Fy(t) = 1}.

The essential supremum is the value that will be searched by a stochastic algo-
rithm : high values taken by f on zero measure subsets will not be taken into
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account. With the notations above, let M be the essential supremum of f on F
and F be Fg. Put
VieeR" -1 -F(M—271);

V' is said to be of regular variation at infinity if it exists a real number o > 0
such that for all ¢ > 0:
lim V(tx) _
T—r—+00 V(;L‘)
The exponent « is called the tail index of the distribution F. When V is
of regular variation, there exists a limiting law for the sample maximum

ny = sup{Xi,...Xn} in the following sense. there exists real sequences
(€n)nen, (dn)ne such that:

_ i«

lim F"(cpx + dn) = Yo ().

n—-+o0o

With F' the distribution function and v, defined by

exp(—(—z)%) ,z <0,
ql}oz(x):{ P 1 Lz >0.

One choice of such sequences is d,, = M,V¥n and ¢, = F~Y (1 —n~!) (the
notation F'~* denotes the right limit). Many cumulative density functions are
of regular variation. This is obviously the case if we can find o > 0,3 > 0) such
that :

Fz)=1-8(M —z)* 4+ o((M — z)%).

It may be noticed that the definition of regular variation can be extended by
relaxing the assumption on the limit expression and imposing only that there
exists an mapping h : IRY — IR™ such that:

V(tx)

ATV h(t).

However, in this case we have for (¢1,t2) € R*2:

h(tits) = lim V(tytaz) V(taz)

e V) Vi )

It is a well known fact that continuous solutions of this functional equation are
precisely of the for t*, so that it turns out that the first form has full generality.
Regular variation is not a stringent assumption. Most cumulative distribution
functions obtained from maximization problems belong to this class. Further-
more, it can be shown [Zhi91] that o = d/2 in the case of a class C? criterion
with maxima inside F and uniform sampling in E. Following [Pic75], we define,
for a threshold values v, the conditional excess distribution function F, as:

F(t) - F)

F(t) = P({u € Bl < f(u) < 1)/ P({u € BIf(u) > v}) = =708

,t>v.
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If F, has regular variation of tail index a, putting v = M —#~! and A < 1, one
has
V() — V(A1)

F,(M—X071) = 70 :

so that
lim F,(M - 1) =1-)\*.
0——+o00
Except for the cases which can be analytically solved, the value of the tail index
a can be estimated from the sample. Hill [Hil75] designed such a conditional
maximum-likelihood estimate of «;, which is easily computable:

k—1 -1
N ~ o —i
B <zkg<mv> . lomk))

where 11 > ... > ny are the order statistics of the sample and k is chosen from
N so that limy 400 KN7F — 1.

3 Tournament Selection Analysis

3.1 Basic Results

Let n, m be integers such that n > m > 1. A (n, m)-tournament selection from
a population (X;);=1. n of size N produces individuals, first by uniformly sam-
pling n individuals from the population (the pool of competitors), then selecting
the m individuals with the highest (or lowest for minimization) criterion value.
Increasing n increases the selection pressure and propension to elitism. Since
pools of competitors are obtained by independent uniform sampling, noting will
change if we apply a permutation o to the population and apply tournament se-
lection to the new population (X, ;))i=1,... . Among possible permutations, one
may choose to order population in increasing order. Inside a pool of n individ-
uals, those m with highest criterion value will be simply those with m highest
indices. Formally, once the population has been order, one may describe the
process of selecting m individual out of a pool of n by sampling the m highest
order statistics from a discrete uniform law in the set {1,..., N}, then selecting
individual with matching indices. Join density of the m upper order statistics
Dn—m+1, - - -, Mn Of 1 independent uniform random variables is given by [Rei89):
n—m

Ly

Pt tseeesiin (L1 ooy T) = 1! s o1 <o < Ty

(n—m)!

For algorithmic implementation, it is convenient to realize sampling by successive
draws from conditional laws. This can be done with the following procedure:

— Draw the real random variable y,,, by sampling a real1 uniform random vari-
able ¢ in the interval [0, 1], then computing ¥y, = t" .
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— Assuming yr4+1 has been obtained, yj is obtained by sampling ¢ and com-
puting g, = yp41 ¢

— When all the y; has been obtained, multiply each by N and round the result
towards the nearest integer to obtain selected indices.

Some useful results may be obtained from this simple computation. First of all,
probability of selecting the maximum of the sample increases nearly linearly
with n in the case of large populations. In fact the probability of selecting the
maximum in a population of size N and a (n, 1)-tournament with the rounding
procedure described above is given by :

(i LY
2N )

. -1
5N +o(N7).

Second, in the case of a general (n, m)-tournament and if m is large (thus n),
the selection of last individuals is close to uniform sampling (conditionally to the
least index value obtained so far). A survey of properties of tournament selection
may be found in [BH97].

which can be expanded as

3.2 Limiting Distributions in Tournament Selection

As most evolutionary operators, selection may be viewed not as an operator
evolving individuals but probability distributions [DMP.J01]. The most attractive
feature about that is the ability to use classical convergence proof (fixed point
theorems for example) instead of complicated probabilistic arguments. From that
point of view, an evolutionary algorithm is a measure valued dynamical systems,
which evolves empirical (that is to say sum of point distributions) measures. It
may be noted that a weak law of large numbers exists within this frame, when
the population size go to infinity. Our purpose is to restrict our attention to the
tournament selection operator and to show how to use results on the asymptotic
law of extremes. Let E be a Banach space (which will be IR" in our application),
B(FE) its Borel field and let P(E) the set of probability measures on E. The total
variation distance on P(FE) is defined by:

d(u,v) = lp—vl = sup |u(A) - v(4)].
AeB(E)

In the case of densities (with respect to the Haar measure on E), and confusing
the notation of density and measure, we have the well known equality:

i —vl =5 /E () — v()dz.

Now, let u be a density and let f : E — IR be the criterion to be maximized
that will be assumed of being twice continuously differentiable. The density of
the best individual on a tournament of size n is given by:

npr(a)p ({ulf(u) < f@)})"
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Let ¢ be the operator on probability measures associated with tournament se-
lection. Taking densities p, v, we have:

l6() / (@)L gy — (@)L o)™ e

with Ly = {u € E|f(u) < f(z)} the sub-level set of f on value f(x). We can
then write :

o) —

/ s DLy = (@)W Lya)" ™ = wlLy@)")lde
1 1 n—1
< 3 /E |p(x) — v(x)|de + 3 /E v(@)|[V(Lp)" " = (L))" |de

Now, sincept(L ()" ' <1 and v(Lp))" ! < 1, we get

AL )" Ly a)™ ] < (=D ( L))" Lpiay)" ] < (n=1)||p—v]| -

Finally
n —|— 1

[6(1) = o)l <

=l

so that ¢ is Lipschitz.

From now on we assume that the set of critical points of f is finite and
f reaches its maximum. Let p € P(FE); the ¢u-measure of A € B(E) can be
computed:

ov) = [ (s do
M
= [t [ vl (e,
OL{NA

—0oQ
where M is the maximum of f and dvoly, is the canonical volume form on the
level set L;. To analyse further the behaviour of this measure, assume first that
1 belongs to the domain of attraction of the weibull law, that is to say there
exists a sequence (a,) such that

lim p(Larga,t)” = =e 0" <o,

n—-+oo

and assume that f has a unique maximum at xg, and is A-convex. Let A be
limited by a level set at the value tg. Then, for n large enough, the ¢ measure
of A may be approximated by

M
I(4)=n / e (M=1)° / 17(2) ]|~ 2 dvol , (2)dt
to OL:NA

with ,, > 0. Since f is C? and A-convex, there exists K > 0 such that outside
L, those inequalities hold:

Az = ol < [If'(2)]| < K|z — o -
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Therefore

_ M )™ _
K 1nft0 e~ On(M—t) Jor,nallz = 2ol Lu(z)dvoly, (z)dt < 1(A),

I(A) < A7 [ em0n M0 — 2o p(2)dvolr, ()dt .

faLmA |2

4 Algorithm

Asymptotic distribution of order statistics allows some statistical inference about
the value of the true maximum of a function given a sorted sample. Furthermore,
rank based selection process like tournament naturally uses order statistics since
relative value of individuals are used. To demonstrate the interest of statistical
inference based on extreme values distribution, we have modified a standard
tournament selection based on genetic algorithm so that sample values that may
be considered as extremes will be specially treated.

4.1 Tail Index Estimation

Some runs of the standard GA has been done in order to test for adjustment of
the distribution of population order statistics to a Weibull law.Since empirical
distribution function can be easily computed from the sorted population the
Kolmogorov-Smirnov test was used . For most generations, conformance of the
upper order statistics to the asymptotic law is accepted. However, during some
transition phases this property is lost and upper values no longer obey to a
Weibull law. Hill tail index estimator yields values that have the same order of
magnitude than the theoretical value for a C? criterion, but variation is high
from a generation to another.

Maximum-likelihood estimation of both the tail index and the essential supre-
mum of the criterion has been tried too, but increased computational cost (im-
plicit equation solving) is a major drawback. Furthermore, tail index obtained
by this procedure is close to the Hill estimator.

4.2 Genetic Operators on Extreme Values

It is easy to see that uniform real crossover is in fact uniform sampling in
the hyper-rectangle defined by the two parents. That observation shows that
some speed-up in convergence may be obtained by restricting the use of uniform
crossover to individuals representing extreme values of the population. The only
remaining point is to defined which values may be considered as extreme. The
problem has been addressed in [GO03] but the solution found is computationally
expensive (successive Kolmogorov-Smirnov goodness of fit tests). Following the
same idea, we make adjustment tests but starting from the upper fifth distinct
values of the population the increase by a fixed amount until KS test failed. We
enforce that the number of tests be under some given number.
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5 Results

Different test functions have been used in order to compare our method with a
classical GA :

Sphere filx) ==Y a2 —~10000 < x; < 10000
Ackley fa(®) = —cy.exp (S1(x))—exp (S2(x))+ |[—10000 < z; < 10000
+c1 te
o Si= e %vazl a7

with g, — L3 cos (e3.;)

01:20C2:0.203:27T
Griewank | f3(2)= oy Sore12? — 11, cos (£) + 1 [~10000 < z; < 10000

Rosenbrook f4(:1:):X:J,\;_Oll()O*(:cZ2 —2i1)?+ (1 — ;)2 —-30<z; <30

All the functions have to be minimized and have their minimum at 0 unless
the Lenard-Jones function for which only an experimental mininum is used (best
known min=-128.287 for 30 atoms). It must be noticed that both algorithms use
the same selection scheme (stochastic remainder without replacement which is
not the best) and do not use any scaling or sharing operators.

Our goal being to compare the influence of domain chromosome and order
statistics we wanted them to work exactly the same way from the selection point
of view.

The number of evaluations being different at each generation for those two
algorithms, the number of generations has been adapted in order to maintain
the same number of evaluations for all experiments.

Notice that the following curves have been adjusted in order to represent
both results on the same graph. Those adjustments have been done on both
axes. The “x” axis address the number of evaluations for our GA and must be
scaled for the standard GA (x 20). The “y” axis represent the fitness given by
both algorithms. The given results are so different that a logarithm scale has
been used to see both curves.

The parameters used for our GA are the following;:

individuals 100 generations 500
probability of crossover 0.4|probability of mutation 0.3

For the Rosenbrook, Lennard-Jones the number of generations has been extended
to 1500 and 2500 respectively. The experiments have been done on a PentiumlII
300 MHz and last 7 minutes for N=200 and 14 minutes for N=2000 (N is the
dimension of the state space). It must be noticed that other experiments has
been done for the same functions with the optimum moved in the state space
(without symmetries) and the given results are quite similar.
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Function i |f2 3 |fa
Standard AG - N=200 [10621|11598 |11.98|20.11
Domain AG - N=200 |2.28 |0 0.32 |0.96
Standard AG - N=2000[910° |8.710°|20.45|165.8
Domain AG - N=2000 [|622 |222 3.38 |1.11

Function f5 N=200|fs N=90 (30 Atoms)
Standard AG[15.610% [-77.21
Domain AG |254 -1259 1

Criterium minimization
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Fig. 1. Objective evolution for the Ackley function
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Criterium minimization
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Fig. 2. Objective evolution for the Griewank function

6 Conclusion

This paper shows the gain given by the mix of extreme values inference and
artificial evolution. On one side, the main advantage of order statistics for opti-
mization is their abilities to summarize the properties of an entire domain with
a “small” sample. On the other side, the evolution process of GA is able to build
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Criterium minimization
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Fig. 3. Objective evolution for the Rosenbrook function

the most adapted chromosome to environment given by the fitness landscape.
The mixing of both methods really increase the performances of GA by guiding
the exploration and exploitation phases. For all tests, results produced by this
new GA, are better than those given by a classical GA.

Notice that this algorithm may be still improved in the following way:

— use of a better selection scheme;
— the order statistics may control the drawing of individuals;



62 S. Puechmorel and D. Delahaye

— pools of samples may be stored to reduce the number of functions of evalu-

ation.
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Abstract. Markov chain Monte Carlo (MCMC) is a popular class of
algorithms to sample from a complex distribution. A key issue in the
design of MCMC algorithms is to improve the proposal mechanism and
the mixing behaviour. This has led some authors to propose the use of a
population of MCMC chains, while others go even further by integrating
techniques from evolutionary computation (EC) into the MCMC frame-
work. This merging of MCMC and EC leads to a class of algorithms,
we call Evolutionary Markov Chain Monte Carlo (EMCMC). In this pa-
per we first survey existing EMCMC algorithms and categorise them
in two classes: family-competitive EMCMC' and population-driven EM-
CMC. Next, we introduce the FElitist Coupled Acceptance rule and the
Fitness Ordered Tempering algorithm.

1 Introduction

Markov Chain Monte Carlo (MCMC) algorithms provide a framework for sam-
pling from complicated target distributions that cannot be sampled with simpler,
distribution specific, methods. MCMC algorithms are applied in many fields,
and their use in Machine Learning has recently been advocated in [I]. Usually,
MCMC uses a single chain which runs for a long time. However, to improve
the convergence rate, there are some MCMC variants that work with a popu-
lation of MCMCs. The use of a population makes these algorithms somewhat
similar to Evolutionary Algorithms (EA). Indeed some authors have proposed
algorithms that integrate techniques from the EC field into the MCMC frame-
work. Here we survey these EMCMC algorithms and classify them into two basic
categories: family-competitive EMCMC' algorithms that operate through an ac-
ceptance rule at the family level, and population-driven EMCMC algorithms
that operate through a population-driven, adaptive proposal distribution. One
property of EMCMC algorithms is that they are not necessarily a set of par-
allel MCMC chains, but that they are a single MCMC at the population level.
Besides surveying existing EMCMC algorithms we also propose two alternative
techniques: the Elitist Coupled Acceptance (ECA) rule and the Fitness Ordered
Tempering (FOT) algorithm.

The paper is organised as follows. Section 2 discusses basic concepts and
algorithms from MCMC. Section 3 describes parallel MCMC algorithms, while
Section 4 surveys EMCMC algorithms. We introduce the ECA and FOT tech-
niques in Section 5, and report some experimental results in Section 6.

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 63-[Z6] 2004.
© Springer-Verlag Berlin Heidelberg 2004
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2 The Markov Chain Monte Carlo Framework

MCMC is a general framework to generate samples X; from a probability distri-
bution P(-) while exploring its search space £2(X) using a Markov chain. MCMC
does not sample directly from P(-) but only requires that the density P(X) can
be evaluated within a multiplicative constant P(X) = P'(X)/Z, where Z is
a normalisation constant and P’() is the unnormalized target distribution. A
Markov chain is a discrete-time stochastic process {Xg, X1, ...} with the prop-
erty that the state X; given all previous values { Xy, X1, ..., X;_1} only depends
on X;_1: P(X; | Xo,X1,...,X¢—1) = P(X; | X¢—1). We call P(-|-) the transi-
tion matrix of the Markov chain. P(- | -) is a stationary - this is, independent
of time t - transition matriz with the following properties: (i) all the entries
are non-negative, and (i) the sum of the entries in a row is 1. We assume that
P(:) > 0. MCMC converges, in infinite time, to the probability distribution P(-),
thus it samples with higher probability from more important states of P(-). An
finite state MCMC which has an irreducible and aperiodic stationary transition
matrix converges to a unique stationary distribution [I]. A MCMC chain is irre-
ducible if, and only if, every state of the MCMC chain can be reached from every
other state in several steps. A MCMC is aperiodic if, and only if, there exists no
cycles to be trapped into. A sufficient, but not necessary, condition to ensure that
P(-) is the stationary distribution is that MCMC satisfies the detailed balance
condition [I]. A MCMC satisfies the detailed balance condition if, and only if,
the probability to move from X; to X ygw multiplied by the probability to be in
X is equal to the probability to move from X gy to X; multiplied by the prob-
ability to be in XNEW: P(XNEW ‘ Xt) . P(Xt) = P(Xt | XNEW) . P(XNEW)

Metropolis-Hastings algorithms. Many MCMC algorithms are Metropolis-
Hastings (MH) algorithms [2J3]. Since we cannot sample directly from P(-), MH
algorithms consider a simpler distribution S(- | -), called the proposal distribution
for sampling the next state of a MCMC chain. S(Xnygw | X¢) generates the
candidate state X ygw from the current state X;, and the new state Xnygw is
accepted with probability:

P (Xnew) - S(X¢ | XnvEWw)
P(Xy) - S(XnEw | Xt)

A(XNEW ‘ Xt) = min (1,

If the candidate state is accepted the next state becomes X;11 = Xygw. Oth-
erwise, X¢y1 = X¢. The transition probability for arriving in Xygw when the
current state is Xt is T(XNEW | Xt) = S(XNEW | Xt) . A(XNEW | Xt), if
XNEW ;é Xt7 and T(Xt | Xt) =1- ZY,Y#Xt S(Y | Xt) . A(Y | Xt)7 otherwise.

A MH algorithm is aperiodic, since the chain can remain in the same state
with a probability greater than 0, and by construction it satisfies the detailed
balance condition. If, in addition, the chain is irreducible, then it converges to
the stationary distribution P(-). The rate of convergence depends on the re-
lationship between the proposal distribution and the target distribution: the
closer the proposal distribution is to the stationary distribution, the faster the
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chain converges. Two popular Metropolis-Hastings algorithms are the Metropo-
lis algorithm and the independence sampler. For the Metropolis algorithm,
the proposal distribution is symmetrical S(Xypw | Xt) = S(X: | Xnew)
and the acceptance rule becomes A(Xypw | X¢) = min (1, %). Be-
cause it accepts the candidate states often - and thus the state space is well
sampled - the Metropolis rule generally performs well. The proposal distri-
bution of the independence sampler does not depend on the current state
S(Xnew | Xit) = S(XnEw). The independence sample’s acceptance proba-
bility can be written as A(Xnygpw | X:) = min (1, w(Xypw)/w(X})), where
w(-) = P'(-)/S(:). Candidate states with low w(Xygw) are rarely accepted,
while states with high w(Xygw ) are very often accepted, and the process could
get stuck for a long time in states with very high w(X). Obviously, the choice
of w(-) greatly influences the convergence rate.

Simulated annealing (SA). SA is a minor modification of a single chain MH
algorithm used for optimisation. Instead of sampling from the entire distribution
P(-), SA samples at step ¢ from P/(-) = P’ ()ﬁpltl7 where Temp[t] decreases
according to a cooling scheduler to 0. With Temp[-] close to oo, the chain ac-
cepts almost any candidate state according to MH acceptance rule A, whereas,
when Templ] is close to 0, the chain rejects almost all states that have lower
fitness than the current one. Note that, for constant temperature Temp[t], SA
is a MCMC which converges to the distribution P;(-). However, every time the
SA chain is cooled, the transition matrix is changed and the detailed balance
is not satisfied. Yet, in infinite time, SA converges to the optimum and, more
general, if Templi] decreases to 1 SA converges to the stationary distribution
P(-). SA is a non-homogeneous MCMC which converges to a given stationary
distribution. The time to convergence depends on the cooling schedule. In prac-
tice, a fast cooling schedule is preferred to a slower one, increasing the risk of
poor performance.

3 Parallel MCMC Algorithms

MCMC algorithms are usually applied in a sequential way. A single chain is
run for a long time until it converges to the stationary distribution P(-). The
states visited during the initial phase of the run are considered to be unreliable
and further ignored. For reasons of computational efficiency this burn-in phase
should be as short as possible. MCMCs with a short burn-in phase are said to
mix well (note that this is unrelated to the mixing of building blocks in the
EC literature). There exist various variations on the standard MCMC algorithm
to speed up this mixing process. In this paper we are particularly interested in
techniques that use multiple chains in parallel as opposed to a single chain.

Multiple independent chains (MIC). The most straightforward technique to
make use of multiple chains is simply to run N independent MCMCs in parallel.
The chains are started at different initial states and their output is observed
at the same time. It is hoped that this way a more reliable sampling of the
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target distribution P(-) is obtained. It is important to note that no information
exchange between the chains is taking place. Recommendations in the literature
are conflicting regarding the efficiency of parallel independent chains. Yet there
are at least theoretical advantages of multiple independent chains MCMC for
establishing its convergence to P(-) [4].

Parallel tempering (PT). Parallel tempering [3] is a parallel MCMC with
N chains each having a different stationary distribution P}(-) = P’ (-)Te"lbplﬂ,

3

i =1,...,N. The temperatures have an increasing magnitude Temp[l] < ... <
Temp[N] with Temp[1l] = 1. The stationary distribution of the lowest temper-
ature chain is therefore equal to the target distribution, or P;(-) = P’(-). The
temperatures T'empli], (2 < i < N) are given a constant value, typically accord-
ing to a geometrically increasing series. Note that this is similar to the temper-
ature values proposed by the cooling scheduler of simulated annealing, though
for SA the different temperatures are generated sequentially in time, while for
PT the different temperatures are generated in space - this is, the population -
and remain unchanged during the run.

The candidate states are generated using mutation and accepted with the
standard Metropolis-Hasting acceptance rule. Chains in PT exchange informa-
tion by swapping states. Two chains ¢ and j interact by trying to exchange their
current states X;[i] and X;[j] using the swapping acceptance rule:

P (X:[j) - Pi(X:i])  S(X7 | Xt”))
Pi(Xe[i]) - PI(X:[j])  S(X{"| X))

(2

AS(Xt[i]vXt[j]) = min (1a

where X| = (..., Xg[i],..., X¢[j],...) and X} = (..., X¢[j], ..., X¢[d],...). Note
that Ag is a MH acceptance rule, satisfying the detailed balance condition; Ag
accepts with probability 1 an exchange of states if the more important state is
inserted into the chain with the lower temperature. To increase the acceptance
rate the two chains usually have adjacent temperatures (|i—j| = 1). Heuristically,
PT improves mixing: better states of a warmer chain can be inserted in a colder
chain that is mixing slower.

Parallel sintering (PS). Parallel sintering [6] can be viewed as a generalisa-
tion of parallel tempering where the proposal distributions of each chain in the
population is a member of some family of distributions {P;(:) | ¢« = 1,...,N}
defined over spaces of different dimensions (resolutions), that are related to the
target distribution by the highest dimensional distribution (or largest resolution)
Pi(-) = P(:). As in PT parallel sintering exchanges information between adja-
cent chains by exchanging states through the swapping acceptance rule. Here
too the idea is to increase the mixing of the slowly mixing highest dimensional
chain towards the target distribution by inserting states of the lower dimensional
- and faster mixing - chains in the population. Parallel sintering is a multiple
chain MCMC version of the single chain MCMC called simulated sintering [7].
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4 Evolutionary MCMC Algorithms

In the previous section, we have outlined parallel MCMCs. In the following we
survey existing EMCMC algorithms, and distinguish between two categories:
family-competitive EMCMC' and population-driven EMCMC.

Family-competitive EMCMC algorithms let two chains from the population
exchange information to sample two new states. This interaction can be imple-
mented by the proposal mechanism and/or by the acceptance rule. Recombining
the states of the two chains is an example of the former approach, while in the lat-
ter two states are selected from the two proposed states and their 'parent’ states.
We call any MH acceptance rule which selects two states from the family of four
states a coupled acceptance rule. Note that in this view parallel tempering (and
parallel sintering) belong to the class of family-competitive EMCMC algorithms.
Family-competitive EMCMC algorithms correspond to family-competitive EAs
where two individuals create offspring by mutation and recombination, and se-
lection takes places at this family level - examples are the elitist recombination
GA [8], the deterministic crowding GA [9], the genetic invariance GA [10].

Population-driven EMCMC algorithms adapt their proposal distribution ac-
cording to the entire, current population of states. The adaptation is such that
the algorithm maintains a single MCMC at the population level - this is, a
MCMC whose states are populations. Population-driven EMCMC algorithms
correspond to the probabilistic model-building evolutionary algorithms in the
sense that new solutions are proposed on the basis of information taken from
the entire, current population. In the probabilistic model-building evolutionary
algorithms a distribution is learned from the current population, and offspring
is generated by sampling from this distribution [IT].

Table 1 compares the EMCMC algorithms surveyed here according to their
perturbation operators, their methods of the communication between chains,
their EMCMC category, and their use as a sampler or optimizer. Call X; =
(X¢[1],..., X¢[N]) the population at time ¢ of N states (or individuals) X;[].
To each individual X[-] we associate a fitness function f : 2(X[]) — IR,
where X[| samples from P'(X[]) = g(f(X[])) (¢ is a monotonic function,
g : IR — IR™\{0}). Here, we consider an individual X[-] as a string of [ characters
X[)X2] - .. X[][1]). We use X[-][]* to denote the a—th value 2(X[][]), the
set of all possible values of X[-][:]. We call X[-][j]* an allele of X[-][j]. The posi-
tion of X[][j] in X[] is called the locus of X[][j]. X{, X} are two intermediate
populations.

Evolutionary Monte Carlo (EMC). Liang and Wong [12], [I3] propose the
evolutionary Monte Carlo algorithm, which incorporates recombination into the
parallel tempering (PT) algorithm to speed up the search and preserve good
building blocks of the current states of the chains. Like PT, EMC has a popu-
lation of MCMC chains with constant and (geometrically) increasing tempera-
tures. Chains interact through the swapping acceptance rule Ag that attempts
to exchange states between chains with adjacent temperature. This way, the
good individuals sampled in the warmer chain are transferred to a colder chain
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Table 1. Comparison of the presented EMCMC algorithms

algorithm perturbation op. communication type EMCMC optim. / sampl.(distrib.)
EMC mut, recomb Ac, As fam-comp Hi\le P/(")
MRGA mut, recomb Ac, As fam-comp Hi\;1 Pl(")
popSA Boltzmann trials fam-comp maxim

PRSA mut, recomb Ac fam-comp maxim
mparSA  mut, neigh. recomb  neighbours fam comp maxim
popMCMC mut S(1-) pop-driven Hf\;l P'(")
eMCMC mut, recomb recomb, S(-|-) pop-driven maxim

ECA mut, recomb ECA fam-comp Hj\il R'(")

where they may be preserved longer. The lowest temperature chain Temp[l] = 1
converges to the target distribution P(-), where P/(-) = exp (M)

The candidate states are generated in two different ways and accepted by
two different rules. With probability ¢,, each chain in the population generates
a new state by mutation and accepts it with the standard Metropolis-Hastings
acceptance rule. With probability 1 — ¢, new states are generated by recombi-
nation of two states from different chains, and the offspring states are accepted

with the coupled acceptance rule:

Ac(Xnewlil, Xvew[j]) | (Xe[i], X¢[4]

~

) =

in (1, B (Xvewli]) - Pj(Xvewli]) S(X | XJ/VEW))
Pl(X:[i]) - PH(X¢[5]) S(Xypw | X7
with X/ = (.., X[i],..., Xlj], - ), Xhpw = (.o Xnewlil, ..., Xnvewlj,

..). Note that when ¢,, = 1 EMC reduces to PT. Liang and Wong discussed
experimental results for a model selection problem, a time series change-point
identification problem, and for a protein folding problem. These experiments
showed the effectiveness of EMC as compared to PT.

Multi-resolution Genetic Algorithm-style MCMC (MRGA). Holloman,
Lee and Higdon [G] also proposed to integrate recombination in their multi-
resolution parallel sintering algorithm. MRGA runs several chains for each res-
olution, sampling from the distribution at that resolution. Each individual has:
(i) a variable size part, which represents information specific to its resolution,
updated with a MCMC and (ii) a fixed dimensional (e.g. lowest dimension) vec-
tor with common interpretability used to move between chains (e.g. for image
processing this could be the mean of neighbourhood cells). MRGA samples at
the individual level using mutation, while it samples at the population level us-
ing recombination between the fixed dimensionality vector of two chains of the
same or different resolutions. Both new individuals are accepted/rejected using
the swapping acceptance rule Ag, which, in this case is equivalent with the cou-
pled acceptance rule A¢. Like in parallel sintering, to improve mixing, chains of
different resolutions periodically fully exchange the fixed dimensionality vectors
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using the swapping acceptance rule As. MRGA proposes with probability psyap
a full exchange, or with probability 1 — ps,qp & crossover exchange.

Population MCMC (popMCMC). Laskey and Myers [14] introduced popM-
CMC where a population of MCMC chains exchange information through a
population-based, adaptive proposal distribution. As before the Boltzmann dis-
tribution is used: P'(X;[-]) = exp 7 (X+¢[D where f is a fitness function. Each
generation a locus X;[i][j] is randomly picked to be mutated. An allele X[i][j]9
on the j-th locus of the candidate individual X ygw[¢] is generated using a distri-

bution &;;, = %, where N (X¢[i][7]*) is the number of individuals that
have the allele X;[i][§]* on the j-th locus and |£2(X[][])| is the total number of
alleles. Xy gwi] is accepted using the MH acceptance rule A(Xygw[i] | X¢[i]).

Since the proposal distribution depends on the current population, the tran-
sition matrix of a single individual is not stationary, yet the transition matrix of
the whole population is stationary. Whenever good individuals from the popula-
tion have a specific allele on a certain locus, new individuals will have with high
probability the same allele on the same locus. Since popMCMC is a population
of independently sampling MCMC chains, the allele remains in the population
for a while. It is interesting to observe the similarity between popMCMC and
univariate EDAs [T1] in generating the candidate individuals from the structure
of the current population. PopMCMC converges to the stationary distribution
of N independently sampled points from P(-). The authors show experimen-
tally that popMCMC finds highly likely Bayesian network structures faster than
multiple independent MCMC chains.

Evolutionary MCMC (eMCMC). Zhang and Cho [15] proposed the eMCMC
algorithm which is designed to find the optimum of a distribution by generating
L samples from a population of N MCMC chains and then selecting the best IV
states of them (L > N). The initial population is sampled according to a prior
Gaussian distribution. Each generation, each chain from the current population
generates several new candidate individuals using mutation and recombination
which are accepted according to a Metropolis acceptance rule A(- | -). The best
N individuals from the L individuals are then selected for the next generation.
Their posterior distribution - estimated with a Gaussian distribution model -
represents the proposal distribution S(- | -) for the next generation. We observe
that eMCMC is also related with EDA [I1] since the candidate individuals are
generated from S(- | -) which is adapted each generation. The eMCMC algorithm
is an EMCMC algorithm which samples using mutation and recombination and
where S(- | -) is adapted each generation to sample from promising regions of the
target distribution. Experimentally, eMCMC outperformed single chain MCMC
and the standard GA for a system identification task.

Population-based simulated annealing (popSA). Goldberg [16] proposed
a population-based simulated annealing algorithm which creates a Boltzmann
distribution over the population. Instead of MH acceptance rule, it uses the lo-
gistic acceptance rule which has the probability to accept a candidate individual:

1/(1+exp f(Xt[‘])T;frf;a’EW[‘]) ), where T'emp[t] is the temperature for generation
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t. When Temp]t] is constant, the unnormalized stationary distribution of this

F(Xe[])
Templt]’

the fitness function. Each individual X;[i] from the current population chooses
two other individuals from the population for coupling: one X;[j] has a fitness
value different from X,[i] by a threshold 6 and one X,[k| has a fitness value
different from X;[i] or from both X,[i] and X,[j] by a threshold 6. An anti-
acceptance competition is held between X;[j] and X;[k], where X,[j] is accepted

algorithm is the Boltzmann distribution P/(X;[-]) = exp where f is

with probability 1/(1 + exp %}W) The primary acceptance competi-

tion is held between the winner of the first competition X;[jk] and X;[i], where

X.[i] is accepted with probability 1/(1 + exp %W) The competitions
are chosen to avoid the danger that copies of an individual are taking over the
population. The anti-acceptance rule prefers poorer individuals, whereas the pri-
mary acceptance rule prefers the better individuals. This way, the population

equivalent is created to generate a neighbour of the population at random.

Parallel recombinative simulated annealing (PRSA). Mahfoud and Gold-
berg [17] proposed a population-based simulated annealing algorithm which also
made use of recombination. All individuals from the population have the same
temperature which decreases every generation according to a cooling schedule.
New individuals are generated using mutation and one point recombination be-
tween two individuals X;[i] and X;[j]. PRSA uses the logistic acceptance rule
to accept a candidate individual. Two possible competitions are considered: sin-
gle acceptance/rejection holds two competitions between a parent vs. the child
formed from its own right-end and the other parent left-end, or double accep-
tance/rejection holds one competition between both parents vs. both children
using the coupled acceptance rule:

Ac((Xnewlil, Xnewli]) | (Xe[i], Xe[5])) =

min (1, 1/ (1 + exp LSOO {Ofx 1) = e )

Massively parallel simulated annealing (mparSA). Rudolph [1§] intro-
duced the massively parallel simulated annealing algorithm. He experimen-
tally achieved fast convergence to the optimum with a population of indepen-
dent SA chains. Like SA, mparSA uses the Boltzmann function P}(X:[]) =
exp (— ;’(e):;;zg[]t)] ), where f is a fitness function and Temp]t] is the temperature for
all individuals from the ¢-th generation. The algorithm associates the popula-
tion with a connected graph. Each node has an individual which communicates
with the individuals in the neighbouring nodes in the graph. For each chain,
each step, the current state X;[i] is recombined with a neighbour and the result
is mutated several times obtaining new neighbours. The best candidate indi-
vidual Xngwli] is then selected and is accepted with the MH acceptance rule
A(XNewli] | X¢[i]). The temperature is decreased each step according to a SA
cooling scheduler. Rudolph pointed out that the conflicting goals of fast conver-
gence and global convergence to the optimum can be satisfied with an adaptive
proposal distribution, whereas it cannot with a fixed proposal distribution. As in
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Evolutionary Strategies, mparSA uses a non-fixed proposal distribution S;(- | -)
which is adapted each generation with a lognormally distributed random variable
ot S+ | Xe[i]) = e Se—1 (- | Xe[t]).

Related work. Cercueil and Francois [19] give an overview of literature where
EAs are viewed as Monte Carlo methods which generates sample from a prob-
ability distribution defined on the trajectories of their population. This helps
to unify the convergence theories for EAs. For doing that, Cerf [20] has a GA
with the mutation rate related to a temperature, no crossover, and Boltzmann
roulette selection. Each generation, an intermediate population is generated by
mutation. The next population is generated from a Boltzmann distribution con-
structed from the intermediate population. Lozano and co-authors discuss a
hybrid between the genetic algorithm and simulated annealing based on a prob-
abilistic Boltzmann reduction operator [21]. In a very recent publication Strens
proposes an EMCMC algorithm with an ’exclusive-or’ proposal operator [22].
This operator takes one parent and two reference states, and generates an off-
spring state that disagrees from its parent in a similar way as the two reference
states.

Sequential Monte Carlo (SMC) is a new branch of Monte Carlo simulation,
not necessarily a Markov chain, which uses a population of samples to carry out
on-line approximations of a target distribution. SMC has sampling procedures
which are similar to proportional selection in EAs. Bienvenue et al. introduce
niching in some SMC algorithms to maintain diversity in the population [23].
Del Moral [24] study the convergence of GAs with SMC. Higuchi [25] and Tito,
Vellasco and Pacheco [26] proposes GA filter and Genetic Particle Filter, respec-
tively. They integrate recombination into SMCs [25] to speed up convergence.

5 Elitist Coupled Acceptance Rule and Fitness Ordered
Tempering

In the previous section we have surveyed a number of EMCMC algorithms,
and discussed some techniques that showed how multiple MCMC chains could
exchange information in order to speed up the convergence to some target distri-
bution. In the following we introduce the elitist coupled acceptance rule (ECA)
and fitness ordered tempering (FOT), whose main purpose is to converge effi-
ciently to a target distribution that is biased towards the most likely states (or
good solutions).

Fitness ordered tempering (FOT). FOT maintains a population of N chains
each having its own temperature Templi]. As in parallel tempering, FOT has
a - typically geometrical - increasing series of temperatures Temp[l] = 1 <
... <Temp[N] = Temp™*®. The population of N solutions (or states) is sorted
according to their fitness (or probability), and the solution at rank ¢ gets the
temperature T'empli], where the most fit solution gets Temp[l] = 1, and the
worst solution Temp[N| = Temp™**. Therefore a solution has lower temperature
than any solution worse than itself, unless they are copies of each other. In case
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there are multiple copies of the same solution ties within the sorted population
are broken randomly, so each copy gets an adjacent temperature. Copies receive a
different temperature to avoid that multiple copies of good solutions will remain
in the population almost indefinitely.

In case there are multiple solutions with the same fitness but who are not
copies of each other, the temperature ladder has to be recomputed so that each
unique solution with the same fitness gets the same temperature. The number
of different temperature values Temp[i] at each generation is therefore equal to
the number of solutions with different fitness value, unless they are copies, in
which case they also get a different temperature value. This scheme is necessary
to avoid that some solution might get another temperature in an identically
composed population, and ensures that FOT has a homogeneous Markov chain
transition matrix at the population level. Contrary to parallel tempering, here
the temperature assignment depends on the fitness of the solutions relative to the
fitness of the other solutions in the current population. Since we want to remain
in the vicinity of good solutions, we prefer to assign the lower temperatures to
the better solutions.

Elitist coupled acceptance rule (ECA). The ECA algorithm applies a
coupled Metropolis Hastings acceptance rule to two solutions and their two
children. ECA accepts the best two solutions from the family of four if at
least one of them is a child. However, when both children have a lower fit-
ness than both their parents, the children can still replace the parents with a
probability determined by the coupled acceptance rule. This increases the explo-
rative character of the algorithm. Call X/ = (..., Xu[d],..., X¢[j],...), XNgw =

(s Xnpwlil, - Xnpwlil, - ), Pk, (X[]) =exp (5211, and max, the func-
tion returning the two most fit solutions. The ECA acceptance rule is now given

as:

ECA((Xnvew[i], Xnew [5]) | (X:[d], X:[5])))

if {X:[i], Xe[j]} = {Xnewli], Xvewli]}

2 then return 1

3 (Xmax[i], Xmax[j]) < maxe (Xnew[i], Xvew [j], Xe[i], X¢[j])

4 if Xyax(i] € {Xnewli, Xvewljl}V Xmax[j] € {Xnvewli], Xvew[j]}

5 then return 1 ,
Px, Xnewli)-Py (Xnpw (i)  S(X{ XN pw)
P, (XeliD)- Py, (X i) S(X]

[y

6 else return B
NEW )

Note that the temperatures of the current and accepted solutions remain the
same. ECA can be viewed as a combination between the family-competitive,
elitist replacement rule from regular GAs [§] and the coupled acceptance rule
Ac. To see the difference between ECA and Ac let us consider 2 parent states
and their offspring such that Py (Xyewli]) > Py, (X¢[j]) > Py, (X¢i]) >

Py, Xnewlil) Py (Xvewlil)
Py, (Xnpwlj]). Call F = == - —prmnn

XnEwli] which is the best Solutlon of this family, while if F' > 1, A¢ accepts
XnEwlj] which is the worst solution.

JIf F <1, Ac may loose
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Combining the FOT temperature assignment mechanism and the ECA ac-
ceptance rule leads to the ECA/FOT MCMC algorithm: each generation the
temperatures of each individual in the population are recomputed with FOT,
new individuals are proposed by mutation and recombination, and are accepted
- or rejected - with the ECA acceptance rule. It is important to note that at
the individual level the transition matrix of ECA/FOT is not stationary, since,
in time, the same fitness values may be associated with different temperatures.
At the population level however, the transition matrix is stationary because for
the same population of individuals, the temperature is always assigned in the
same way. The ECA/FOT MCMC is aperiodic, since, for each state, there is a
non-zero probability to remain in the current state, and irreducible, because it
has a non-zero probability to arrive from each state to each other state. If the
state space is finite, ECA/FOT converges to a distribution R(-) = 3\1:1 R'(+),
where R'(+) is the unnormalized distribution for a single chain which depends
on Temppax and Tempysn, the temperature assignment (e.g. geometrically)
and the size of the population.

6 Experimental Results

To illustrate the use of the ECA /FOT algorithm we have applied 6 (EYMCMC al-
gorithms to the well known deceptive trap function [27], and counted the number
of different solutions visited as a function of their fitness. The 6 algorithms are
multiple independent MCMC chains (MIC), population MCMC (popMCMC),
parallel tempering (PT), parallel tempering with recombination, parallel recom-
binative simulated annealing (PRSA), and elitist coupled acceptance with fitness
ordered tempering (ECA/FOT). The first three algorithms do not apply recom-
bination, while the other three do. For comparison purposes, we sample for each
algorithm from the Boltzmann distribution exp (= ef;fl'z))['] ). In the MIC algorithm,
each chain has been given a constant temperature calculated with the PT lad-
der. The PRSA algorithm uses the MH acceptance rule A (instead of the logistic
acceptance rule), and two single acceptance/rejection competition between a
parent and one of its children.

The trap function has 10 building blocks of length k£ = 3 and a linearly scaled
fitness function: f = Zgli - fi. fi is the fitness value of the i-th trap function
and depends only on the number of one bits at each building block: f;(3) =
5,fi(2) = 0, fi(1) = 3,f:(0) = 4. The algorithmic parameters are chosen as
follows. We set Tempyrax = 160 for the MH acceptance rule and Tempaax =
320 for the ECA acceptance rule, resulting in an acceptance probability of 0.73
for two individuals with fitness difference equal to 50. Tempyrn is equal to
1. We choose a geometrically increasing temperature ladder that increases the

temperature each step with 8 = exp (1 -log m%), where s is the total

number of steps for the scheduler. At step j, Temp; = Temppax - 7. We
choose the population size N equal with the number of generations to obtain
the same [ for all algorithms. If 3 = 0.97, we obtain N = 250. The mutation rate
is %, which is the optimal rate for a deceptive function with building block length




74 M.M. Drugan and D. Thierens

-0.5- -0.5¢

-1.50 150

25} -2'591]

0 50 100 150 200 250 < 0 50 100 150 200 250 <% 0 50 100 150 200 250
Fitness Fitness Fitness

(a) (b) ()

-In(-In(#founded/#solutions))
In(-In(#founded/#solutions))
In(-In(#founded/#solutions))

-0.5f

150

-2.5¢

0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250
Fitness Fitness Fitness

(d) (e) ()

-In(-In(#founded/#solutions))
-In(-In(#founded/#solutions))
-In(-In(#founded/#solutions))

Fig.1. The number of different solutions found over the total number of possible
solutions for a fitness value on a logarithmic scale for (a) MIC, (b) popMCMC, (c) PT,
(d) PT with recombination, (¢) PRSA and (f) ECA/FOT

k = 3. The recombination operator is two point crossover. For each algorithm,
we have made 10 independent runs and sampled the whole population every 10
generations, resulting in 25 samples and 6250 solutions in total.

Figure 1 shows — as expected — the advantage of using recombination as pro-
posal operator for functions (or distributions) whose structure can be exploited
by the crossover operator. One can also notice that ECA/FOT is more biased
towards highly likely individuals than PT or PRSA.

7 Conclusion

Evolutionary Markov Chain Monte Carlo combine techniques form Evolution-
ary Computation and parallel Markov Chain Monte Carlo algorithms to design
new algorithms for sampling or optimising complex distributions resp. functions.
EMCMC algorithms offer new proposal operators and new acceptance rules. In-
dividual states in the population can be single MCMC chains that interact with
each other, though it is not necessary that they are indeed single MCMC chains.
At the population level however - this is, states are entire populations of given
size - EMCMC algorithms need to be MCMC chains.

We have surveyed a number of existing EMCMC algorithms in the literature,
and categorised them in two classes: family-competitive EMCMC' and population-
driven EMCMC' algorithms. We have also introduced an EMCMC algorithm,
ECA/FOT, which applies a Fitness Ordered Temperature assignment mecha-
nism and an Elitist Coupled Acceptance rule. EAC/FOT is, at population level,
an MCMC which converges to a stationary distribution biased towards the most
likely states.

Clearly, the merger of the EC and MCMC paradigms represents a rich source
for future development of powerful sampling and optimisation algorithms.
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A Hybrid Evolutionary Algorithm for CSP

Vincent Barichard, Hervé Deleau, Jin-Kao Hao, and Frédéric Saubion

LERIA, Université d’Angers
2 Bd Lavoisier, F-49045 Angers Cedex 01

Abstract. In this paper, we present a new framework for combining
complete and incomplete methods in order to solve constraint satisfac-
tion problems. This algorithm scheme uses constraint propagation tech-
niques and local search heuristics embedded in an evolutionary com-
putation context. The uniformity of the involved structures provides an
harmonious interaction between the different implemented methods, and
also allows to take advantage of the respective methods. Furthermore,
the great flexibility of this model allows us to foresee various extensions.
We emphasize the interest of our approach on some examples which are
solved by means of an implementation.

1 Introduction

Constraint Satisfaction Problems (CSP) [14] provide a general framework for the
modeling of many practical applications (planning, scheduling, time tabling. . .).
CSP’s are defined by a set of variables associated to domains of possible values
and by a set of constraints. Constraints can be understood as relations over the
variables and therefore, solving a CSP consists in finding an assignment of values
to the variables that satisfies these constraints. Many resolution algorithms have
been proposed to achieve this purpose and we may distinguish at least two classes
of methods:

— Complete methods are able to explore the whole search space in order to find
all the solutions or to detect that the CSP is not consistent. This approach
requires an important computation effort and therefore encounters some dif-
ficulties with large scale problems. Complete methods are mainly based on
local consistency mechanisms [I/TT] which allow the algorithms to prune the
search space.

— Incomplete methods mainly rely on the use of heuristics providing a more effi-
cient exploration of interesting areas of the search space in order to find some
solutions. But, these approaches do not ensure to collect all the solutions nor
to detect inconsistency.

A common idea to get more efficient and robust algorithms consists in com-
bining the previous approaches in order to take advantage of their respective ad-
vantages. The hybridization of the previous techniques has already been studied
to solve CSP’s [7l12]. But, most of the time, the combination is quite heteroge-
neous, due to the different structures and exploitation of the search space used
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by each paradigm. The purpose of this paper is to propose an original uniform
model in order to integrate these various methods.

Our model is based on the management of populations which have to adapt
to two main criteria: local consistency which allows us to reduce the search
space and global consistency which consists in reaching a solution. Therefore,
individuals of these populations represent parts of the search space (this idea
has been investigated in [2]). They cover the whole set of possible solutions at
any time and are also used to intensify the search on particular areas.

2 An Evolutionary Algorithm for CSP

We present here a general formulation of Constraint Satisfaction Problems
(CSP) [14]. A CSP is a tuple (X,D,C) where X = {z1,---,z,} is a set of
variables taking their values in domains D = {D,---,D,}. Note that we
consider in this paper only finite domains. A constraint is a relation ¢ C
D; x --- x D,. An assignment is a function v: X — |J;.,,, D; such that
V1 <i<nvx) € D;. An assignment v is a solution of a CSP (X, D, ()
if and only if Ve € C, (v(z1),--,v(zy)) € c. We denote Sol the set of all the
solutions of the CSP.

We want to use an evolutionary framework allowing us to combine constraint
propagation techniques and heuristics methods. Evolutionary algorithms are
mainly based on the notion of adaptation of a population of individuals to a
criterion thanks to evolution operators like crossover [6]. Our method acts on
populations of individuals which represent parts of the search space of the initial
CSP. These parts can be reduced to single points. We propose then two succes-
sive stages of adaptation. A first stage of local adaptation, which corresponds to
a criterion of local consistency, in order to reduce the search space. The second
stage corresponds to the global consistency criterion in order to extract solutions.
Therefore two populations are introduced to achieve this purpose: a population
to cover the search space (called the covering population) and a population to
intensify the search (called the intensification population). Selection and evo-
lution operators are introduced in order to control the various possible search
strategies. The general principle of the approach is shown on Fig. [

2.1 Search Space Representation

A classical approach for representing the search space of a CSP (X, D, C) consists
in considering the set of all possible assignments which corresponds to S =
Dy x -+ x D,. But, here, we use individuals which represent parts of this search
space and which associate to each variable a subset of its domain.

Definition 1 (Individual).
Given a CSP (X, D,C), the set of individuals is defined as:
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Adaptation to Local Consistency

[ Reduction

Reduction
Division

Propagation ]

V

Selection

Intensification
Population
vcal B ]

Adaptation to Global Consistency

Covering
Population

Fig. 1. General Principle

For any & € I, &; is the i*" component of £&. We deduce that & € I is a solution
ifft V1 <i<n,|&| =1 and Ve € C,€ € c. € is inconsistent iff 31 < i < n,&; = 0.
We define an order T on individuals:

Definition 2 (Order on Individuals).
Vf,f/ € I»E C g/ ZﬁVZa€1 - fé

Remark that, according to this order, the smaller is an individual, the smaller
is its corresponding part of the search space. We get a lattice (I,C) with a
smallest element (), - - -, ) and a biggest one (D1, - - -, D,,). The notion of solution
concerns only points. Let point(§) = {£ € I | V1 <i<mn, || =1AE C &}
be the set of points contained in £. Then, Sol(§) = point(§) N Sol is the set
of solutions included in £&. A population is a set of individuals and therefore,
P = 27 is the set of all possible populations. The set of solutions included in a
population p € P is Sol(p) = g, Sol(§). We now extend the previous order to
P.

Definition 3 (Order on Populations).
Vp,p' € PpCyp iff vE€p, I ep'¢CE .

We consider then a lattice of populations (P,C) with a smallest element 0
and a biggest one T. This lattice is explored according to two main principles.
The first principle is the adaptation to the local consistency criterion while the
second will be the adaptation to global consistency.

2.2 Adaptation to the Notion of Local Consistency

Local consistency methods [9] aim at eliminating points which are not solutions
by a local examination of the constraints. This notion does not imply global
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consistency but the reverse is true. The adaptation of the covering population
to local consistency is performed in order to get a smaller population preserving
the set of solutions. In order to reduce the individuals of the population, we use
two basic operators: domain reduction and domain splitting.

Reduction by Propagation. Inspired by the work of [1J3], we present con-
straint propagation as a set of reduction operators allowing us to compute a fix
point. We first define this notion on individuals.

Definition 4. Given a CSP (X, D,C), a constraint propagation operator for a
constraint ¢ € C is a function w: I — I which satisfies:

— w(&) C & (contraction)
— &NcC () (correction)
—EC ¢ = m(&) Cw(&) (monotonicity)

We use red to denote the set of reduction operators associated to the CSP and
satisfying the previous definition. According to [3], we know that the successive
application of operators from red allows us to reach a fixpoint which corresponds
to the smallest individual (w.r.t.C) which contains the same solutions.

In our context, constraint propagation acts on a population of individuals.
In order to keep generality, we extend the previous definition as follows:

II: P xred — P
(p,m) = prU{n(E) | € € p2} with (p=p1 Up2) A (p1 Np2 =0)

This generalization allows us to apply simultaneously reductions on several in-
dividuals by giving a partition p1, p2 of p. We may, for instance, apply the same
operator to all the individuals or to a particular individual. We use RED to
denote the set of all previously defined generalized operators.

Let prep be the fixpoint obtained by the iterative application of reductions
on the individuals of a population p. We delete from prgp all the individuals
which are not consistent (locally and therefore globally). These individuals £ €
prep are such that 31 < ¢ < n,§ = . We define then a general function:

Definition 5. Local Consistency

CL:P— P
p—{€ €prep | V1 <i<ng #0}.

Remark that C'L(p) C p and that solutions are preserved (Sol(p) C Sol(CL(p))
according to definition E). This function allows us to move on the lattice of
population from a population to a smaller one having the same set of solutions.
We define now another operator to reduce again the search space.
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Reduction by Splitting. We introduce here a particular operator which differs
from usual crossover operators [6]. Actually, we use a cellular division in which
an individual generates several new individuals. This division is controlled by a
variable whose domain will be split. We define then a set of operators for the
variables x € X. For an individual £ € I and a variable x € X, we denote ¢, the
domain of x in £. Our operators are then indexed by a variable:

Xz: I — P
gH{flv"'vgn} .
with ﬂ?:l & :@/\U?:l =6
Vy#az, & ==& =¢&;

X x denotes the set of these operators. Remark that V1 <i <n, £ C ¢ and x,
preserves solutions: Sol(§) = |J;_; Sol(£"). We generalize this definition in order
to allow simultaneous divisions. A division strategy simply consists in choosing
p1 and py and the variable x providing the operator x.. For this purpose, we
introduce now two examples of selection operators which correspond to such
strategies choices:
o1 P— P
p > {min(p)}

where min(p) provides as output an individual £ whose domains are minimal
(i.e., satisfying V& € p, & # &V 1 < i <mn,|&| <|€&|). This function o allows us
to focus on the search on individuals whose domains will have decreasing sizes.
We may also simulate another kind of exploration.

O'QSP-)P
p—={{ep|B ep & TET.

This operator correspond to an exploration in width of the search space. Let
X7 be the set of selection operators. According to our general principle, this
selection should be used to select the candidates for a division but also to select
the individuals on which the search will be intensified in the second stage:

Xo: P XX —= P
(p,o) — Ugeg(p) Xz (§) -

We define now our adaptation-evolution stage for the local consistency as a
sequence of pairs (x*,0")1<i<k with x* € xx and ¢* € X. Given a population
p € P, we get its adaptation as the sequence:

po = CL(p) _ _ _
piv1 = COL((pi \ o' (pi)) U X' (pi, 0*))).

LCA(p, (xi,04i)1<i<k) = Dk is the population obtained after k iterations of the
process consistency-selection-division. We have now to define the way we use the
covering population to generate the intensification population.
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2.3 Selection of the Sub-population for the Intensification Search

We are interested here in building a population whose purpose is to adapt itself
to a global consistency criterion. This corresponds to generate individuals which
are solutions or, at least, close to a solution. Our framework is general enough to
apply methods working on any kind of individuals. But, in the rest of this paper,
we will focus on individuals which are points issued from areas represented by
individuals of the covering population. We define then an operator to generate
points from the covering population. In order to guide the local search w.r.t. the
area to explore (and therefore w.r.t. the individual of the covering population
which can be considered as the father of this point), we index individuals of the
intensification population (points) by individuals from the covering population
(their fathers):

v:Px X — P
(p,0) = v(p, o) with v(p,0) € {& € I | £ € a(p), & € point(§)}.

Individuals from the covering population restrict and focus the search on points
of the intensification population y(p, o) issued from the area they represent.

2.4 Global Consistency Adaptation

The purpose of this second stage is to adapt the intensification population to
a global consistency criterion related to the notion of solution. This criterion
can usually be stated as the number of constraints which are not satisfied by an
individual. Therefore, an individual is better if it satisfies the maximum number
of constraints. We use local search to achieve this adaptation. Our purpose is
now to present the main components needed in a local search algorithm. We first
define the evaluation function.

Definition 6 (Evaluation).

P: I — N
E=rHeeClEgcl,

where | A| is the cardinality of a set A. We have obviously: V&€ € I, (&) =0 = £ €
Sol. According to the basic principle of local search algorithms, we need a way
to move from an individual to another in order to find more and more suitable
individuals w.r.t. the evaluation function. As mentioned before, an individual
from the covering population is associated to each point of the intensification
population. Therefore, our local search operators we act on an individual §é and
are restricted by £. Such an operator has the following template:

we: I—1T
§e = we(&)

with we (fg) C point(§). The role of ¢ appears now clearly as it restricts local
search to the search area it represents. We first define a neighborhood function:

He: I— P
€ > (EL) with Vef € (L), & € point(¢).
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We have now to describe search strategies over these neighborhoods. We define
two basic operators on individuals in order to model various local search heuris-
tics. The first basic heuristics (usually called descent) consists in always moving
to a better neighbor and stops if no such neighbor exists. Let

De:I— P
- {gg if & € Sol
€7\ De(€l) C{el € I €/ € nel€}), (&) < w(€L)} otherwise.

This operator is naturally extended to populations:

De(p) = |J De(€).

!
geep

From an individual 52, such an operator always reaches a fixpoint which is a set
of local optima. We have then: 3k € lN,Dg(Dif(fé)) = D?(ﬁé) This property
comes from the order induced on I by the function . In order to diversify the
search and to escape from this set if it does not contain any solution, we introduce
another operator allowing us to choose alternative paths in the neighborhood.

CAe: I - Px1I
o [t e Sl
€T\ CA(&L) C{el € T| € € pe(€L)} otherwise.

A local search rl¢ is then a finite sequence of symbols in { D¢, C'A¢}. Given a local
search rl¢ and an individual &, rlg(&;) is the population obtained by successive
applications of operators in rl¢. Let RL be the set of all local searches.

From a practical point of view, implementation of such operators consists in
choosing a single point for the subset generated at each iteration (the first point
of the set, a random point from this set ...). Moreover, we may remark that this
general definition corresponds to different classical local search algorithms and
that a strategy is characterized by the way of alternating D, and C'A¢. This can
be achieved by a temperature parameter as in simulated annealing [8], by the
memorization of previous visited points as in tabu search [5] or by any other
heuristics.

The global consistency adaptation function is defined as:

Definition 7.

GCOA: P x 2Rl  p
(p,p) — UﬁéEp rle(§) with rle € p.

2.5 General Algorithm

We present here the general algorithm in a simplified version where we apply
successively a local and a global adaptation. We introduce a set allowing us to
collect all the solutions found during the whole process. Remark that a solution
may appear during the local consistency adaptation after a division whose result
is a single solution point, or during the global consistency adaptation thanks to
the local search.
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S=0
b= {(Dlv"'an)}
Repeat
Choose g€ Y,z € X
p = LCA(p, (xs,0))Local consistency application
S =SU(pnSol) Extraction of possibly obtained solutions
p=p\(pnSol)
Choose o € X, p € 2Rl Selection function for intensification
population
p' = GCA(y(p,0),p) Local search application
S =SU(p'NSol) Extraction of possibly obtained solutions
Until stop.

The stop criterion stop mentioned here can be considered from different points of
view. One may choose to stop either because the covering population p is empty
(in this case, the entire search space has been explored and all the solutions
have been found) or because a first solution (or a certain number of solutions)
has been obtained. But, one may also restrict the number of allowed iterations.
These different possibilities allow us to choose between complete and incomplete
search processes. The output of the algorithm is double since we have the set of
found solutions and the current cover of the set of all solutions.

2.6 Extensions and Specificities

We discuss here the possible extensions and specificities of our model.
Covering population size: The maximal size of the population allows us to
control and to limit the development of the search areas. Selection operators
allow then to control reductions by splitting. If a maximal size is fixed, split-
ting will stop in favour of local search. We remove individuals from the covering
population in two cases: when they correspond to solution points or when the
individuals are not locally consistent. We may also loose completeness and re-
move individuals when a solution has been found in the corresponding area for
instance (in order to find several diversified solutions). It shows that the covering
population allows us to guide the local search during the intensification stage.
Max-CSP problems: Our framework is also suitable for the Max-CSP prob-
lem which consists in satisfying the maximum number of constraints in a CSP.
We only have to keep the best solution found during the global consistency
adaptation w.r.t. the evaluation function.

Constraint Optimization Problems: This general framework can be ex-
tended to constraint optimization problems where an objective function has to
be optimized under a set of constraints. In that case, we may use the objective
function to estimate the value of an area and then remove areas which are not
promising enough. This corresponds to an integration of so-called branch and
bound techniques.

Introduction of recombination operators and extension of local search:
Taking benefits from our intensification population, we could extend local search
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mechanisms by adding recombination operators. We have to check then that such
recombinations are not escaping from the search area or control such an escape.
It is also possible to imagine a local search which escapes from the restricted area.
In this case we could introduce a notion of distance to control this evolution.
Distributed algorithms: The computation model proposed here can be adap-
ted to distributed computation. Actually, populations and individuals can be
distributed on different processes and treated separately.

2.7 Related Works

Many existing works propose hybridization between local search based meth-
ods and constraint propagation techniques but they often deal with a specific
algorithm dedicated to a particular problem.

We should mention [4] which presents a general overview of the use of local
search in constraint programming. [7] aims at homogenizing the combination of
these methods and their main aspects. We also mention [12] as an application of
such hybridization for the vehicle routing problems. [13] proposes a combination
technique which improves the efficiency of the evolutionary methods for CSP.

3 Application

In this section, we present an implementation of the concepts described above.
This prototype allows us to validate our approach on different CSP examples.
The local consistency stage is implemented by constraint propagation operators
which are based on bound consistency (see [10]). The split function consists in
cutting in two random parts the smallest domain of the minimal individual.

The purpose of this section is not to test a high performance algorithm on
large scale benchmarks but to compare the benefit of the combination of methods
w.r.t. a single use of them.

For the global consistency stage, we choose a simple hill climbing method with
a random walk. For each individual of the covering population, a single point
is inserted in the intensification population. The covering and intensification
stages are first used in an independent manner. Then, their results are compared
to those obtained by the combination of these two stages. The covering stage
can be viewed as a complete resolution method with backtracking and local
consistency at each node of the tree. The intensification stage simulates a local
search method.

3.1 Selected Problems

We propose here a sample of various families of problems [10] (w.r.t. the number
of variables, constraints and domains).

S+M=M: This is a well-known crypto-arithmetic problem. It consists in solving
the equation SEND+MORE = MONEY by assigning a different digit to each
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letter. It contains 8 variables, one equality constraint and many disequations
which ensure that all variables are all different.

Race Puzzle: This problem consists in finding the order of arrival in a race
knowing particular information about the competitors. It has 6 variables and 29
constraints involving disequations.

Knapsack: This is a knapsack problem with 30 variables whose domain size is
20 and 3 knapsack constraints. There is no objective function to optimize, but
a minimal cost to satisfy.

Affectation : This problem consists in affecting tasks to workforces in a bijective
manner according to a particular cost. The instance 1 comprises 16 variables that
belong to {0,1} and 9 constraints. The instance 2 comprises 25 variables and 11
constraints.

Scheduling: This is a linear scheduling problem. Instance 1 has 6 variables and
29 inequality constraints and instance 2 has 15 variables and 29 constraints.
Each variable has a domain size of 1000.

Magic Square: This is the classical magic square benchmark which consists in
positioning integer numbers from 1 to n? in a square board of size n such that
the sums of all columns, lines and diagonals are equal.

3.2 Experimental Results

The values given in the following arrays correspond to the truncated average
of 50 independent runs. We count the total number of generated individuals
(ngi) in the covering population. We also count the total number of moves (nm)
performed by the local search on the intensification population. Concerning local
search alone, we also mention the success rate (sr). The standard deviation for
the number of moves (stdnm) is mentioned only when results are available for
GCA to compare it with LCA4+GCA. The mark “” indicates that we did not
get any answer (memory > 4GB or computation time > 1h). For LCA+GCA,
we limit the number of moves for each local search use to 50. GCA alone is used
with a maximum of 500,000 moves.

We compare first the number of individuals generated in the covering pop-
ulation with LCA and LCA+GCA to get the first solution. For LCA alone, it
corresponds to the number of nodes of a classical backtracking tree. Table 1
shows that LCA+GCA finds a solution with a smaller number of individuals
compared to LCA alone. In the combination, the relative efficiency of the GCA
part depends on the problem.

For problems with one solution such as S+M=M or Race Puzzle, the benefit
is less significant than for the Scheduling or Affectation problems.

Table 1 also shows the efficiency of the local consistency which guides the lo-
cal search (see comparisons LCA+GCA vs. GCA), in particular on the S+M=M,
Race Puzzle or Magic-Square problems, where GCA alone fails to find a solution.
Actually, GCA has good results when problems have many solutions with a good
spread (especially on the Knapsack problem which is indeed an easy satisfaction
problem but with large domains for our LCA). We highlight that for the Af-
fectation problems, the robustness of GCA alone is weak. Indeed, the standard
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Table 1. First solution (LCA vs. LCA+GCA vs. GCA)

Problem LCA| LCA + GCA GCA
ngi |(ngi,nm) [stdnm]| (sr,nm) [stdnm)]
S+M=M |3111| (2532,1191) (0%,-)
Race Puzzle | 129 (96,44) (0%,-)
Knapsack - (8,202) [19] (100%,36) [17]
Affectation-1 | 14 (4,11) [2] (100%,214) [165]
Affectation-2 | 34 (8,44) [3] (100%,1480) [556]
Scheduling-1 | 109 (1,1) [1] (100%,7) [3]
Scheduling-2 | 218 (2,9) 2] (100%,14) [5]
Magic-Square-3| 41 (30,57) (0%,-)
Magic-Square-4|43643| (10121,5117) (0%,-)
Magic-Square-5| - | (119909,354258) (0%,-)

6
nb sol.

Fig. 2. Computation of different solutions

deviation on the different runs according to the number of moves, is very high
compared to the combination LCA4+GCA which has a more reliable behavior.

Computation time is not addressed here because, as mentioned before, our
prototype shows the interest of our framework but does not provide an optimal
use of the methods and of their hybridization. We should mention that the
generation of one individual during the LCA stage is more costly than one move
in the GCA stage. Note that this prototype does not include improvements such
as global constraints or improved constraint propagation procedures and cannot
be compared to commercial solvers. Moreover, the examples are encoded using
a limited available language.

Finally, we calculate the computation cost needed to get several solutions
with LCA+GCA on the Magic-Square-8 problem. This problem has got 8 solu-
tions and LCA finds all of them after exploring 182 nodes. Figure [2] shows the
efficiency of the combination of the mechanisms which progress together to get
quickly a set of distinct solutions. To get several distinct solutions is a really
good asset compared to GCA alone and could be very interesting for number of
problems.
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4 Conclusion

We have presented a general evolutionary framework for solving CSP. This model
is based on the collaboration between constraint propagation techniques and lo-
cal search methods. The novelty of this approach relies in the uniform representa-
tion of the search space by populations which must adapt to different consistency
criterions. It provides at the same time an exhaustive covering of the set of solu-
tions and the use of some powerful methods to intensify the solution search. We
showed on some examples that the combination between complete and incom-
plete methods, made easier by our framework, gets better results compared to
an independent use of these techniques. Furthermore, the unified evolutionary
concept allows us to consider various extensions and research ways as presented
in Section
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Abstract. The graph partitioning problem consists of dividing the ver-
tices of a graph into a set of balanced parts, such that the number of
edges connecting vertices in different parts is minimised. Although dif-
ferent algorithms to solve this problem have been proposed in complex
graphs, it is unknown how good the partitions are since the problem is,
in general, NP-complete. In this paper we present a new parallel evolu-
tionary algorithm for graph partitioning where different heuristics, such
Simulated Annealing, Tabu Search, and some Selection Mechanisms are
mixed. The efficiency of the new algorithm is compared with other pre-
viously proposed algorithms with promising results.

1 Introduction

The Graph Partitioning Problem (GPP) occurs in many areas, such as VLSI
design [1,2], test patterns generation [3], data-mining [4], efficient storage of
great data bases [5], etc. The problem is to find a partition of the vertices of a
graph into K roughly equal parts, verifying that the number of edges connecting
vertices in different subgraphs is minimised. As the problem is NP-complete
[6], efficient procedures that provide solutions of high quality in a reasonable
amount of time are very useful. Different strategies have been proposed to solve
the graph partitioning problem, classified into combinatorial approaches [7,8],
based on geometric representations [9,10], multilevel and clustering algorithms
[11,12], and genetic algorithms [13]. There are also hybrid schemes [14,15,16]
that combine different strategies.

In [15] a hybrid heuristic for circuit partitioning including an extension for
standard graphs was proposed. In [16] this heuristic was extended to build a
multilevel algorithm. In both papers, the mixed heuristic demonstrated a good
performance. Nevertheless, still remain important aspects to study. One of them
is to analyse the effect of modifying the parameters of Simulated Annealing, and
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the other is to determine the importance of the initial partition in the optimi-
sation process. In this work we analyse these aspects by taking advantage of
parallel processing. Thus, we propose a new parallel algorithm that uses this hy-
brid heuristic with elitist selection mechanisms that improve the results obtained
by the serial version.

Section 2 gives a more precise definition of the graph partitioning problem
and describes the cost function used in the optimisation process. Section 3 de-
scribes the proposed algorithm, while Sect. 4 provides and analyses the experi-
mental results with several test graphs. Finally, Sect. 5 gives the conclusions of
the paper and suggests future work topics.

2 Graph Partitioning Problem

Given a graph G=(V, E), where V is the set of vertices, with | V]=n, and E
the set of edges that determines the connectivity among the vertices, the GPP
consists of dividing V into K balanced parts, Vi,Vs,..., Vi, so that V;NV; =¢

for all i#j; and Zszl | Vil = | V]. The balance condition is defined as the max-
imum subdomain weight, S=max(|Vy|), for k=1, ..., K, divided by the perfect
balance, n/K. If a certain imbalance, %, is allowed, then the GPP searches a
partition such that the number of cuts is minimised subject to the constraint
that S< n/K*((100+z)/100). Whenever the vertices and edges have weights,
|v| denotes the weight of vertex v, and |e| denotes the weight of edge e. All the
test graphs used to evaluate the quality of our algorithm have vertices and edges
with weight equal to one (|v|=1 and |e|=1). However, our procedure is able to
process graphs with any weight values.

1 1 1 1 LSRN 1 1 1
il L = U L il @

1 RN TI M 1 11 1

[11 1 [1] 1 [ [1] 1 [ 1 [1]

[ . [ (O]

Fig. 1. Two ways to divide the graph
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Figure [ shows two possible partitions of a given graph. In Fig. [[(a) the
graph is divided into two equally balanced parts, although the number of cuts is
not minimised. On the other hand, Fig. [[{b) shows a partition with the optimal
number of cuts. Nevertheless, this partition does not fulfill the requirement of
load balancing. This example clearly shows the opposition of both objectives.
In order to choose one or other solution, the following cost function could be
considered:

K
c(s) = a-ncuts(s) + 3 - Z gimbalance(k) (¢ (1)
k=1

In this function, both objectives are taken into account. The first term is asso-
ciated with the edges that are cut when the partition is made, while the second
term corresponds to the penalty associated to the imbalance.

3 Parallel Evolutionary Algorithm

3.1 The Heuristic: Refined Mixed Simulated Annealing and Tabu
Search (rMSATS)

In this section, a description of the hybrid heuristic proposed in [15] is given.
Next, we detail the two phases of rMSATS.

i)Initial partitioning phase The first step to solve the GPP is to make an
initial partitioning of the target graph. In this step rMSATS uses the procedure
denominated Graph Growing Algorithm (GGA) [17]. This algorithm starts from
a randomly selected vertex, which is assigned to the first subgraph, as their
adjacent vertices. This recursive process is repeated until this subgraph reaches
n/K vertices. From this point, the following visited vertices are assigned to a
new subgraph, and the process is repeated until all the vertices are assigned
to a subgraph. As the position of the initial vertex determines the structure
of the initial partition, its random selection offers a very useful diversity in the
search process. In our experiments we have considered several partitions starting
from different vertices in order to explore the search space from different initial
positions. The strategy used to choose the initial vertex in GGA is based on
random interval selection. If p different processes are executed, the process P;
make the first partition starting from a randomly chosen vertex in the interval [1%
n, % -n [ Although the test graphs are irregulars, this strategy assures diversity
in the initial partitions. Experimental results indicate that the application of
rMSATS with different initial partitions obtains best results than when only one
initial vertex is used.

ii) Refinement phase. The application of an algorithm such as GGA is not
enough to obtain a partition with sufficient quality. Therefore, it is necessary
to perform a refinement phase that explores efficiently the search space. The
problem with local search and hill climbing techniques is that the search may stop
at local optima. In order to overcome this drawback, TMSATS mixes Simulated
Annealing (SA) [18], and Tabu Search (TS) [19]. The use of both heuristics
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results in a hybrid strategy that allows the search process to escape from local
minima, while simultaneously prevents the occurrence of cycles. The idea of SA
consists of taking a variable called temperature, ¢, whose value diminishes in the
successive iterations based on a factor termed Tfactor. The variable ¢ is included
within the Metropolis function and acts simultaneously as a control variable for
the number of iterations of the algorithm, and as a probability factor for a certain
solution to be accepted. The decrease of ¢ implies a reduction in the probability
of accepting movements that worsen the cost function. On the other hand, the
use of a limited neighbourhood when the search space is explored can cause the
appearance of cycles. In order to avoid this problem, T'S complements SA. Thus,
when a worsening movement is accepted by the Metropolis rule, the vertex is
moved and included in the tabu list. The set of vertices included in the tabu
list cannot be moved in the current iteration, although they are removed from
this list at the end of the next one. Experimental results [15] indicate that the
use of both techniques improves the results obtained when SA or TS are applied
separately.

In our experiments the effect of modifying the initial temperature, T4, and the
temperature decrement factor, Tfactor, is analysed (see Fig. 2). If T% and Tfactor
are randomly chosen an imbalance problem occurs because different number of
iterations are executed in each process. In order to solve this problem we propose
to calculate Tfactor in function of T% and the number of iterations set for each
process. Thus, all the processes start with different initial temperatures, and the
algorithm calculates the value of Tfactor to assure that all processes execute the
same number of iterations. In Fig. Plseveral configurations of T% and Tfactor are
shown. In this example, a fixed number of 1000 iterations has been established.
If Ti is high (line A) Tfactor is low, so the temperature decreases faster, while
with lower values of T% (line J) Tfactor is higher, and the temperature decreases
more slowly.

3.2 The Heuristic within a Parallel Scheme: PrMSATS

In the previous section, a description of the parameters of rMSATS has been
given. In order to explore the search space using several initial partitions and
annealing parameters, parallel processing has been considered. Furthermore, par-
allel processing is very useful because graph partitioning is a NP-complete prob-
lem, and the graphs appearing in real applications are usually large.

In [20] parallel evolutionary algorithms are classified as: (1) global single-
population master-slave, where a single population is used, and the evaluation
of the fitness is distributed among several processors; (2) single-population fine-
grained, which consists of a spatially-structured population, where selection and
mating are restricted to a small neighbourhood, but neighbourhoods overlapping
allows some interaction among all the individuals; and (3) multiple-population
coarse-grained, where several subpopulations which exchange (migrate) individ-
uals occasionally.

The evolution of the population in rMSATS is not based on the application
of crossover and mutation operators to each individual, but each execution of
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Fig. 2. Parallel variation of the temperature using different annealing parameters

rMSATS independently uses its own parameters over a single solution. For this
reason, and considering the high cost of the migrations due to the large size of
the test graphs, a reduced number of communications are considered.

In what follows, we detail the characteristics of PrMSATS: i) PrMSATS uses
one processor for each individual of the population; ii) each processor applies
GGA to the target graph starting from a random vertex chosen as we have
indicated previously; iii) each processor uses a different initial temperature in
according to its identifier, id, as we explain in what follows. An interval of initial
temperatures [Ti-Min, Ti_Maz] is set. Then, the process 1 starts in Ti_Min, the
process P starts in Ti_Maz, and the others are evenly distributed along this in-
terval; iv) Several migration policies among processes have been considered. The
first policy, Fig.Bl(a), is based on communicating only the processes in the neigh-
bourhood, it is, the process P; only can interchange information alternatively
with P;_; and P;;1. This policy corresponds to a fine-grained implementation.
The second policy, Fig. Bl(b), is based on an incremental migration, it is, the
number of processors that interchange information increases according to the
number of previous communications. It is based on that at the beginning the
value of ¢ is high, reason why the migrations must be reduced to a certain number
of individuals, while in the next iterations the value of ¢ decreases, and there-
fore the probability of accepting bad movements. Thus, the best individuals of
the population must be migrated to a higher number of processors. The third
migration policy, Fig. Blc), is based on broadcasting the best individual of the
population to the other processors.

An elitist tournament selection criterion has been used. If p processes are
evaluated in a given iteration, the winner of the tournament sends its current
solution to the others, that must continue applying rMSATS with this solution,
and their own values of ¢t and Tfactor. Using this elitist strategy, the algorithm
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searches for the best solutions using different SA parameters, instead of wasting
the computational resources exploring solutions with worse fitness. An impor-
tant question to analyse is the migration frequency. Taking into account the
characteristics of rMSATS, and in order to avoid the premature convergence of
the algorithm, the communications have been established as we detail in what
follows. Let C' be the number of communications, and R the number of refine-
ment iterations. Then, the communications are performed only at the iterations

%, 2. %, O %} In our experiments a value of C=5 has been considered.
Next, PrMSATS procedure is detailed.

begin PrMSATS
generate an initial solution sg;
s=s0; s*=s0; s'=s0;
select an initial temperature to>0; t=to;
select the temperature reduction factor, tfactor;
n_failures=0; iteration=0;
while ((iteration<max_iteration)and (t>0)and(n_failures<max_failures))
begin
2¢-1

if {(iteration == % - maz_iteration)|| . .. ||(iteration == -C

- maz_iteration)} then
begin
Elitist_tournament_selection(migration_policy);
end_if
for each (boundary_vertex) do
begin
obtain a neighbour solution s~ from the current solution s;
movement_cost=c(s~) — c(s);
if (Metropolis(movement_cost,t)) then
begin
s=s;
if (movement_cost > 0) then
include the movement from s~ to s as tabu;
if (c(s7)<c(s’)) then
s’=s";
end_if
end _for
if (c(s”)<(c(s™))) then
begin
n_failures=0;
s*=s";
end_if
else n_failures=n_failures+1;
s=s’;
update tabu list;
t=tfactor-t; iteration=iteration+1;
end_while
s* is the solution;
end_PrMSATS
where :
so : initial solution;
s : current solution;
s~ : meighbour solution obtained from s solution;
s’ : temporal best solution;
s* : final best solution;

4 Experimental Results

The executions of our algorithm were performed by using test graphs with dif-
ferent sizes and topologies. These graphs belong to a public domain set that is
frequently used to compare and evaluate graph partitioning algorithms. Table
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Fig. 3. Migration policies used: (a) Fine-grained, (b) Incremental, (c¢) Broadcast

[M gives a brief description of them: number of vertices, number of edges, maxi-
mum connectivity (maz) (number of neighbours to the vertex with the highest
neighbourhood), minimum connectivity (min), average connectivity (avg), and
file size.

Table 1. Set of test graphs used to evaluate our procedure

Graph W |E| min max avg description File Size (KB)
add20 2395 7462 1 123 6.23 20-bit adder 63
add32 4960 9462 1 31 3.82 32-bit adder 90
wing_nodal 10937 75488 5 28 13.80 3D mesh 768
fe_4elt2 11143 32818 3 12 5.89 2D mesh 341
vibrobox 12328 165250 8 120 26.81 Vibroacoustic matrix 1679
memplus 17758 54196 1 573 6.10 Vibroacoustic matrix 536
cs4 22499 43858 2 4 3.90 3D mesh 506
besstk32 44609 985046 1 215 44.16 3D mesh 11368
brack2 62631 366559 3 32 11.71 3D mesh 4358
fe_tooth 78136 452591 3 39 11.58 3D mesh 5413
fe_rotor 99617 662431 5 125 13.3 3D mesh 7894
fe_ocean 143437 409593 1 6 5.71 3D mesh 5242
wave 156317 1059331 3 44 13.55 3D mesh 13479

These test graphs, together with the best solutions known for them, can be
found at [21]. These solutions indicate the number of cuts classified by levels
of imbalance (0%, 1%, 3% and 5%). Thus, the reduction in the number of cuts
is considered as an objective, while the imbalance degree (less than 5% in our
experiments) is considered as a restriction. Under these conditions, the cost
function described in (1), has parameters a=1, and $=0; with imbalance(k)<5
for all £ in the interval [1,K].

Table 2] shows the results obtained by rMSATS using 1, 5 and 20 different
initial partitions, obtained by GGA from different initial vertices. The same tem-
perature values, T9=100 and Tfactor=0.995, are used. With these parameters,
the number of iterations of the algorithm is 1500. As we can see the use of dif-
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ferent initial partitions provides a diversity that allows the improvement of the
solution in most cases compared with the use of less initial partitions.

In Fig. @ the results obtained with different ranges of 7% are shown. In these
executions 20 different initial partitions have been considered. Results indicate
that the use of different values of Ti%, and Tfactor (calculated for 1500 itera-
tions) obtain better results than when the same parameters, T:=100 and Tfac-
tor=0.995, are used. Nevertheless, none of the three selected intervals obtain a
clear improvement compared with the others.

Table Bl summarises the results obtained by the three migration schemes
implemented in PrMSATS, with 20 individuals. Results show that the first mi-
gration scheme improves the results in 11% of the cases, the second one in the
31%, and the third in the 35%, while in the rest of cases (23%) the results are
equal. If we compare these results with those previously showed in Table 2] we
see that in most cases PrMSATS improves rMSATS.

Effect of using different initial temperatures (K=16)
28000

26000 T
24000 —
22000 —
20000 o — —
18000 — —
16000 — —
14000 — —
12000 — —
10000 — —
8000 — —
6000 — —
4000 — [
2000 - — —
o o L[] ‘
fe_4elt2 cs4 wing_nodal fe_ocean brack2 fe_tooth fe_rotor
\ O Ti=100 fixed B Ti= [150-50] OTi= [50-20] OTi= [20-10] ‘

#cuts

Fig. 4. Performance of PrMSATS with different temperature intervals.

Finally, Table Hlshows the best results of PrtMSATS (Table B) compared with
the best known solutions obtained by other algorithms [21], with imbalance less
than 5%. In 9 cases, at least one of the three migration schemes implemented
in PrMSATS improves the previously best known solutions, while in other 4
cases the results are similar. The runtime of PrMSATS can oscillate between few
minutes and several hours, depending of the test graph considered. Nevertheless,
the runtimes are comparable with those of the algorithms included in [21].

5 Conclusions

In this paper a new parallel evolutionary algorithm for graph partitioning has
been presented. This parallel algorithm mixes SA, TS and an elitist selection
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Table 2. Effect of using different number of initial partitions

99

K=2 K=4 K =8 K=16 K=32
Graph algorithm
cuts imb. cuts imb. cuts imb cuts imb. cuts imb.
rMSATS' 843 5 1349 5 1791 5 2159 5 2637 4
(=1
g rMSATS?® 715 5 1223 5 1769 5 2128 5 2499 4
E
rMSATS? 701 5 1232 5 1749 5 2122 5 2481 4
rMSATS' 51 2 84 5 154 5 165 5 279 5
ol
3 rMSATS?® 11 5 82 3 123 5 171 3 285 5
S
rMSATS? 10 0 55 2 88 5 158 5 243 5
rMSATS' 1674 5 3626 3 5485 5 8370 5 11905 5
§"§ rMSATS® 1673 5 3631 5 5442 5 8394 5 11882 5
rMSATS? 1673 5 3545 5 5385 5 8341 5 11831 5
rMSATS' 206 0 385 3 752 5 1223 5 1805 5
a§ rMSATS?® 130 0 372 4 715 5 1209 5 1767 5
rMSATS? 130 0 394 3 704 5 1170 5 1704 5
rMSATS' 12229 5 20777 5 31092 5 34460 5 42118 5
_§ £ IMSATS® 11767 5 20923 5 28688 5 34115 5 41418 5
MSATS® 10714 3 20868 5 26201 5 33476 5 41270 5
rMSATS' 7600 5 10795 5 12644 5 14158 5 15492 5
§ 2 1MSATS’ 7402 4 10554 5 12687 5 14014 5 15129 5
MSATS® 7119 5 10401 5 12460 5 13858 5 15306 5
rMSATS' 861 4 1554 4 2261 5 2807 5 3355 5
3 rMSATS?® 446 4 1094 5 1914 5 2651 5 3405 5
rMSATS? 421 4 1067 5 1802 5 2472 5 3287 5
o rMSATS' 10422 1 29685 5 52697 5 68424 5 86580 5
% rMSATS® 10248 2 21181 5 45154 5 70488 5 85455 5
= rMSATS® 10807 4 21406 5 42607 5 61386 5 82726 5
rMSATS' 711 1 3874 5 8028 5 14816 5 20676 5
o
E rMSATS?® 711 2 3743 5 8490 5 14295 5 20497 5
=)
rMSATS? 683 4 3458 5 8304 5 13614 5 20208 5
rMSATS' 3966 5 10486 5 15920 5 23375 5 32624 5
2% MSATS® 3896 5 10332 5 16707 5 22602 5 28514 5
MSATS® 4054 5 10117 5 15695 4 21596 5 27642 5
rMSATS' 2058 2 9445 5 17735 5 28694 5 39102 5
28 IMSATS® 1968 3 7632 3 15875 5 26222 5 38192 5
MSATS? 1956 4 7535 4 16896 5 25672 5 37770 5
rMSATS! 406 2 2670 5 6583 5 12232 5 18482 5
=
2§  rMSATS® 356 3 2856 5 7238 5 12029 5 17696 5
i<}
rMSATS? 317 3 2954 5 6962 5 11501 5 16030 5
rMSATS! 15496 5 30899 5 47786 5 58013 5 74920 5
o
g rMSATS?® 10132 5 28235 5 44929 5 57533 5 76448 5
MSATS® 8670 5 28474 5 39365 5 53437 5 72380 5
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Table 3. Results obtained by the three migration policies
e algorithm K=2 K =4 K =8 K=16 K =32
cuts imb. cuts imb. cuts imb cuts imb. cuts imb.

PrMSATS? 684 5 1249 5 1772 5 2125 5 2462 4

g PrMSATS®? 684 5 1245 5 1773 5 2125 5 2458 4
i PrMSATS® 700 5 1245 5 1784 5 2132 5 2498 4
PrMSATS? 11 4 54 3 88 5 139 5 238 3

% PrMSATS®? 11 4 54 3 88 5 140 5 238 5
i PrMSATS® 11 1 57 4 85 5 136 5 238 3
PrMSATS? 1670 5 3616 4 5391 5 8323 5 11826 5

gé PrMSATS®? 1670 5 3616 5 5389 5 8326 5 11821 5
PrMSATS® 1672 5 3937 5 5467 5 8372 5 11753 5
PrMSATS? 130 0 350 2 707 5 1132 5 1689 5

2 % PrMSATS® 130 0 350 1 707 5 1111 5 1725 5
PrMSATSC 130 0 349 0 781 3 1169 5 1715 5
PrMSATS? 10310 0 20545 5 27091 5 33243 5 41518 5

_3-2 é PrMSATS®? 10310 3 20532 5 27088 5 33242 5 41513 5
PrMSATSC® 10916 0 20531 5 26937 5 33240 5 41603 5
PrMSATS" 7254 5 10488 5 12291 5 13702 5 15307 5

§ é PrMSATS®? 7252 5 10482 5 12286 5 13701 5 15304 5
PrMSATSC 7217 5 10475 5 12360 5 14043 5 15402 5
PrMSATS" 365 5 1042 4 1737 5 2457 5 3289 5

% PrMSATS® 364 5 1036 4 1727 5 2456 5 3328 5
PrMSATSC 377 5 1041 5 1737 5 2571 5 3318 5

“ PrMSATS? 10545 5 22268 5 40076 5 63267 5 82048 5
% PrMSATS®? 10545 5 22269 5 40076 5 63267 5 82048 5
= PrMSATSC 10545 5 21778 5 39902 5 63110 5 80861 5
PrMSATS? 672 4 2793 5 7808 5 13856 5 18891 5

% PrMSATS® 672 4 2793 5 7803 5 13854 5 18889 5
- PrMSATSC 665 4 3720 3 7291 5 14409 5 18954 5
PrMSATS? 3878 5 9036 5 15520 5 21675 5 28414 5

2 g PrMSATS® 3898 1 8972 5 15575 5 21670 5 28401 5
PrMSATS® 3853 3 10351 5 15053 5 21175 5 28842 5
PrMSATS? 1966 3 7477 3 15873 5 25585 5 37579 5

& g PrMSATS® 1968 2 7475 3 15874 5 25586 5 37547 5
PrMSATS® 1967 2 8006 5 17780 5 26146 5 38874 5
PrMSATS? 317 3 2864 5 6718 5 10697 5 17248 5

2 § PrMSATS® 317 3 2863 5 6731 5 10679 5 17329 5
PrMSATS® 325 3 2515 5 6272 5 10834 5 16593 5
PrMSATS? 8614 5 27060 5 38660 5 53520 5 67053 5

§ PrMSATS®? 8613 5 27056 5 38662 5 53520 5 66999 5
PrMSATSC 9769 1 25355 2 43018 5 55558 5 70019 5
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mechanism in order to improve the quality of the solutions. The first conclusion
obtained is that the diversity of the initial partitions is essential in the search
process. As the selection of adequate parameters of rMSATS is very difficult due
to the characteristics of the problem, different values of T% and Tfactor have been
considered. The implemented elitist selection strategies allow the computational
resources to be concentrated in the exploration of the best solutions. In general,
the quality of the partitions is better in PrMSATS than in rMSATS.

Our future work in this area is focused to parallelise the multilevel version of
rMSATS, in order to improve the solutions. On the other hand, the treatment
of the problem using multiobjective optimisation techniques will be considered.

Table 4. Comparison of PrMSATS with best known solutions

Graph algorithm K=2 K =4 K =8 K=16 K =32
Cuts imb. cuts imb. cuts imb. cuts imb. cuts imb.

S PrMSATS 684 5 1245 5 1772 5 2125 5 2458 4
E Graph_Archive 618 1 1184 5 1705 5 2186 5 2758 3
o PrMSATS 11 4 54 3 85 5 136 5 238 3
E Graph_Archive 10 0 33 5 69 5 117 5 212 5
23 PrMSATS 1670 5 3616 4 5389 5 8323 5 11753 5
* 2 Graph_Archive 1670 5 3566 5 5387 5 8316 5 12024 5
LS PrMSATS 130 0 349 4 707 5 1111 5 1689 5
c3 Graph_Archive 130 0 349 0 597 5 1007 3 1651 3
° . PrMSATS 10310 0 20531 5 26937 5 33240 5 41513 5
e Graph_Archive 10310 0 19245 0 24158 5 31695 5 41176 5
£z PrMSATS 7217 5 10475 5 12360 5 13701 5 15304 5
g= Graph_Archive 5353 5 9427 5 11939 1 13279 5 14384 5
o PrMSATS 364 5 1036 4 1727 5 2456 5 3318 5
g Graph_Archive 363 3 936 3 1472 3 2126 3 3080 5
% PrMSATS 10545 5 21778 5 39902 5 63110 5 80861 5
£ Graph_Archive 4667 0 9728 3 21307 3 38320 5 62691 5
5] PrMSATS 665 4 2793 5 7291 5 13854 5 18889 5
é Graph_Archive 668 5 2808 5 7080 3 11958 3 17952 3
= PrMSATS 3853 3 8972 5 15053 5 21175 5 28401 5
Bl Graph_Archive 3982 0 7152 5 12646 5 18435 1 26016 5
5 PrMSATS 1966 3 7475 3 15873 5 25585 5 37547 5
i Graph_Archive 1974 5 8097 0 13184 5 20773 1 33686 1
L5 PrMSATS 317 3 2515 5 6272 5 10679 5 16593 5
- 2 Graph_Archive 311 3 1704 3 4019 3 7838 3 12746 3
° PrMSATS 8613 5 25355 2 38660 5 53520 5 66999 5

E Graph_Archive 8868 5 18058 1 30583 5 44625 5 63725 5
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Abstract. In this paper, we present several recombination operators
that are specially designed for SAT problems. These operators take into
account the semantic information induced by the structure of the given
problem instance under consideration. Studies are carried out to assess
the relative performance of these recombination operators on the one
hand, and to show the high effectiveness of one of them when it is em-
bedded into a hybrid genetic local search algorithm on the other hand.

1 Introduction

The satisfiability problem (SAT) [6] consists in finding a truth assignment that
satisfies a well-formed Boolean expression. An instance of the SAT problem is
defined by a set of boolean variables (also called atoms) X = {z1,...,z,} and
a boolean formula ¢:{0,1}" — {0,1}. A literal is a variable or its negation.
A (truth) assignment is a function v: X — {0,1}. The formula is said to be
satisfiable if there exists an assignment satisfying ¢ and unsatisfiable otherwise.
The formula ¢ is in conjunctive normal form (CNF) if it is a conjunction of
clauses where a clause is a disjunction of literals. In this paper, ¢ is supposed to
be in CNF.

SAT is originally stated as a decision problem but we are also interesting
here in the MAX-SAT problem which consists in finding an assignment which
satisfies the maximum number of clauses in ¢.

SAT and its variants have many practical applications (VLSI test and
verification, consistency maintenance, fault diagnosis, planning. ..). During the
last decade, several improved solution algorithms have been developed and
important progress has been achieved. These algorithms can be divided into
two main classes:

Complete algorithms: Designed to solve the initial decision problem, the
most powerful complete algorithms are based on the Davis-Putnam-Loveland
procedure [2]. They differ essentially by the underlying heuristic used for the
branching rule [I3[19]. Specific techniques such as symmetry-breaking, backbone
detecting or equivalence elimination are also used to reinforce these algorithms
[ma12].

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 103-[I14] 2004.
© Springer-Verlag Berlin Heidelberg 2004
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Incomplete algorithms: They are mainly based on local search [S/10/11)15]
and evolutionary algorithms [3l5/14/719]. Walksat [15] and UnitWalk [10] are
famous examples of incomplete algorithms. Incomplete algorithms represent one
of the most powerful approaches for finding models of very large SAT instances
and for solving large scale MAX-SAT instances.

In this paper, we are interested in the hybrid genetic local search approach
for SAT and in particular the design of recombination (crossover) operators. We
introduce two new recombination operators taking into account the constraint
structure of the given problem instance under consideration.

To assess the performance of these recombination operators, we compare
them with two other crossover operators. We also study the combined effect of
our crossover operators when they are embedded into a genetic local search algo-
rithm. We show experimentally that such a hybrid algorithm is able to produce
highly competitive results compared with other state of the art evolutionary
algorithms as well as with WalkSat and UnitWalk, two leading SAT solvers.

In the next section, we present the hybrid evolutionary framework for SAT.
We propose then an analysis of the recombination operators and of the interac-
tion between LS and recombination operators. At last, we compare our hybrid
algorithm to other well-known algorithms in order to evaluate its performance.

2 Hybrid Evolutionary Algorithm Framework

In this section, we define the main lines of a hybrid evolutionary algorithm
obtained by mixing a recombination stage with a local search (LS) process.
Given an initial population, the first step consists in selecting some best elements
(i.e. assignments) according to a fitness function eval. Then, recombinations are
performed on this selected population. Each child is individually improved using
a local search process and inserted under certain conditions in the population.
The general algorithm is described in figure [l It is clear that this algorithm can
be adjusted by changing the selection function, the recombination operator or
the local search method but also by modifying the insertion conditions.

Representation. The most obvious way to represent an individual for a SAT
instance with n variables is a string of n bits where each variable is associated
to one bit. Other representation schemes are discussed in [7]. Therefore the
search space is the set S = {0,1}" (i.e. all the possible strings of n bits) and
an individual X obviously corresponds to an assignment. X|i denotes the truth
value of the i** atom. Given an individual X and a clause ¢, we use the boolean
function sat(X, ¢) to denote the fact that the assignment associated to X satisfies
the clause c.

Fitness Function. Given a formula ¢ and an individual X, the fitness of X is
defined to be the number of clauses which are not satisfied by X:

eval: S - IN
X > card({c|-sat(X,c) Ac € ¢})
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Insertion
Population «—( Improved Children
Selection Local Search
I
Recombination

Fig. 1. Algorithm Scheme

where card denotes as usual the cardinality of a set. The smallest value of this
function equals 0 if ¢ is satisfiable and an individual having this fitness value
corresponds to a satisfying solution.

Selection Process. The selection operator is a function which takes as input
a given population and extracts some individuals which will serve as parents for
the recombination stage. To insure an efficient search, it is necessary to keep
some diversity in the population. Indeed, if the selected parents are too similar,
some region of the search space & will not be explored.

Recombination. This operator creates new assignments from two selected par-
ent assignments. Classical random crossover may be used. However, as we show
later in the paper, specific crossovers that are meaningful to the SAT problem
may be much more powerful.

Local Search. The local search process improves a configuration by a sequence
of small changes in order to reach a local optimum according to the evaluation
function, a good neighborhood function [I8] and some mechanisms like tabu list,
random walk, and so on.

Insertion. An improved child can be inserted according to different conditions
(e.g. if it is better than any individual of the population). These conditions are
important with respect to the average equality and the diversity of the popula-
tion. A child is inserted in the population if it is better than the worst of the
sub-population of possible parents.

3 Recombination Operators

A recombination operator (also called crossover) has to take into account as
much as possible the semantics of the individuals in order to control the general
search process and to obtain an efficient algorithm. In SAT and MAX-SAT, the
variables are the atoms and a constraint structure is induced by the clauses of
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the given formula. Therefore, while the representation focuses on the atoms, an
efficient crossover should take into account this whole constraint structure.
We first define a function allowing to change the value of the variables:

flip:{0,1} — {0,1}
r —1l—2x

Then, we define an improvement function:

imp: S x IN = IN
(X,1) = card({c| sat(X[i + flip(X]i)],c) A nsat(X,c)})
—card({c| —sat(X[i < flip(X]i)],c) A sat(X,c)}).

This function computes the improvement obtained by flipping the i*" com-
ponent of X and was previously introduced in GSAT and Walksat [L6/15]. It
corresponds to the gain of the solution according to the function eval (i.e. the
number of false clauses which become true by flipping the atom ¢ minus the
number of satisfied clauses which become false). Remark that if this number is
negative then the number of false clauses increases if the flip is performed.

In order to take into account the specific structures of a problem, we will
use the relations over the variables induced by the clauses. There are three
possibilities as to the satisfaction of a clause under the two parents:

— the clause is satisfied in the two parents,
— the clause is unsatisfied in the two parents,
— the clause is satisfied in only one parent.

The aim of our recombination is then to obtain a child which benefits from the
parents but with the maximum number of true clauses. Therefore, one should
try to correct false clauses and to maintain true ones.

When a clause c is false for the two parents, a possible solution to turn ¢ to
true is to flip a variable of c[l. Therefore, the child receives an opposite value for
this variable with respect to its parents. Unfortunately, this action may produce
false clauses. To limit this number of appearing false clauses, the choice of the
variable is guided by the imp evaluation function.

When a clause ¢ is true for the two parents, we may copy in the child all
the values assigned to the variables of ¢ in one of the parent in the child. Un-
fortunately, this action would only take into account the structure of the chosen
parent. To be fair, we should copy values of variables coming from both parents.
But, these values can be different. A solution is to select the variable whose flip
has the smallest impact and to put its value such that the corresponding literal
is true in c. Since only one variable is necessary to maintain this clause true, we
may again guide this operation with the imp function.

L If a clause is false for both parents, then all the variables appearing in this clause
have necessarily the same value in both parents. This comes from the fact that a
clause can be false only if all of its literals are false.
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Finally, when a clause c is true for one parent and false for the other, the so-
lution proposed by Fleurent and Ferland [5] is: “The corresponding variables [to
this clause] are assigned values according to the parent satisfying the identified
clause.”

It is clear that the order in which the clauses are traversed is important. Here,
they are traversed in the same order that they appear in the studied benchmark.

We now present the definitions of four crossovers. Three of them are struc-
tured operators using the previous remarks. We present also the classical uniform
crossover, which is used as a reference for comparisons. Each operator is a func-
tion cross:S x § — S (i.e. two parents produce one child).

Let X and Y be two parents and Z be the resulting child.

Uniform Crossover
Each variable of Z takes the value of X orY with equal probability.

Corrective Clause Crossover (CC)

For each clause ¢ such that —sat(X,c) A —sat(Y, c) A msat(Z,c) and for all po-
sitions i such that the variable z; appears in c, we compute o = imp(X,i) +
imp(Y,i) and we set Z|k = flip(X|k) where k is the position such that o is
maximum. All the variables of Z with no value take the value of X or'Y with
equal probability.

Corrective Clause and Truth Maintenance Crossover (CCTM)

For each clause ¢ such that =sat(X,c) A —sat(Y,c) A nsat(Z,c) and for all po-
sitions i such that the variable x; appears in ¢, we compute o = imp(X,i) +
imp(Y,i) and we set Z|k = flip(X|k) where k is the position such that o is
mazimum. For all the clauses ¢ such that sat(X,c) A sat(Y,c) and for all posi-
tions © such that the variable x; appears in ¢ and its associated literal is true at
least in one parent, we compute o = imp(X, 1) +imp(Y,i) and we value Z|k such
that sat(Z,c) where k is the position such that o is minimum. All the variables
of Z with no value take the value of X orY with equal probability.

Fleurent and Ferland Crossover [5] (F&F)

For each clause ¢ such that sat(X,c) A —sat(Y,c) (resp. —sat(X,c) A sat(Y,c))
and for all the positions i such that the variable x; € ¢, Z|i = X|i (resp.
Zli =Yli). All the variables of Z with no value take the value of X orY with
equal probability.

Notice that CC, CCTM and F&F crossovers differ on the use of the truth
values of the clauses induced by the parents. As mentioned above, the key idea is
to correct false clauses, to preserve true clauses and to maintain the structure of
the assignments. In order to study the characteristics of the different operators,
we reduce the algorithm to a sequence of recombination stages on a population
with or without the selection process between two consecutive stages. The tests
are realized with a random 3-sat instance (£500.cnf) with 500 variables and a
ratio of clauses-to-variables of 4.3. Two measures are used: the profile of num-
ber of crossovers vs. fitness and number of crossovers vs. population entropy.
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Entropy expresses the diversity of the population. The smallest value is 0, indi-
cating that all the individual of the population are the same. The largest value
is 1, indicating that all the individuals are different.

Definition 1. Entropy [5] Let n;; = number of times where the variable i is
set to j in the population P.

2 'ZO ca:’LdiEP) lOg ca:“ldiZP)

entropy(P) = 092

The population size is 100 and the sub-population of possible parents has
a size of 15. Two parents are randomly chosen in this sub-population. A child
is inserted in the population if its fitness is better than the fitness of the worst
individual of the sub-population.

Average number of false clauses
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200 -

150

100

False clauses
False clauses

4

L L
1000 0 200 400 1000

.
200 400 600 800 . 600 . 800
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0 200 00 1000 0 200 400 1000
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Fig. 2. The left column shows the crossovers without the selection stage and the right
column shows the crossovers with the selection stage (1-Uniform crossover, 2-CCTM
crossover, 3-CC crossover and 4-F&F crossover)

Figure 2] shows the performances of the four crossover operators combined
with or without selection according to the two measures. One observes that:
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the selection damages the F&F crossover behavior,

the selection improves the results of the uniform crossover, the CCTM
crossover and the CC crossover,

the uniform crossover does not provide good results with or without selection,
the CCTM crossover and the CC crossover have a better entropy than the
F&F crossover,

the CC crossover and the CCTM crossover with the selection process provide
very good results with a diversity higher than all the other crossovers.

Therefore, an efficient crossover is not necessary a crossover which quickly
improves the whole population.Rather, the crossover should be able to ensure
a good trade-off between quality and diversification of the population. The di-
versification allows a better exploration of the search space and prevents the
population from stagnating in poor local optima.

4 Crossovers and Local Search

A good crossover insures a meaningful diversification leading the search to
promising areas. Now it is necessary to add LS to perform an intensified search
of solutions in the identified particular areas. Based on this idea, the GASAT
algorithm is a hybridization of LS and a specific recombination operator [9].

To assess further the performance of each crossover operator within a whole
algorithm, we insert each of this four cross operators in GASAT and employ
a tabu search as local searcher. Now we run with the conditions detailed in
Sect. each of the four hybrid algorithms on four instances. A 3-blocks is a
blocks world instance, pari6-4-c is a parity function instance and £1000 and
color10-3 are presented in details in Sect. Experimental conditions are the
same for the four algorithms. Notice that the F&F crossover is used without the
selection process since this gives better results (Fig. ).

Two comparison criteria are used in order to evaluate the different crossovers
improved by a LS. The first criterion is the success rate (%) which corresponds
to the number of successful runs divided by the number of tries. The second
criterion is the average number of crossovers (cr.) for the successful runs.

Table 1. Comparison of different crossovers included in the GASAT algorithm (if no
assignment is found then the average number of false clauses is given)

CcC CCTM F&F Uniform
instances % cr. % ‘ cr. % ‘ cr. % ‘ cr.
3-blocks || 10.00|439.00 (1 cl) (1 cl.) (1 cl)
color-10-3{{100.00|287.00(|193.33|224.06|[96.66|255.20((93.33|218.00
£1000 90.35(235.31(|66.66(177.38(|83.33|189.90(/80.00{146.08
parl6-4-c 5.00{788.00|{10.00{206.00|| (2.80 cl.) (2.75 cl.)
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Table[d] shows a slight dominance of the CC crossover. These results show the
interaction between CC and LS is more powerful than the interactions between
the other crossovers and LS operator.

5 Experimental Results with the CC Crossover

In this section, we evaluate the GASAT algorithm with the CC crossover on
different classes of benchmarks. We compare first GASAT with five evolutionary
algorithms presented in [7]. Then we show comparisons with the well known
Walksat [T5] and UnitWalk [10], a winner of the SAT2003 competition. All our
tests are realized on a cluster with Linux and Alinka (5 nodes with each of them
2 CPU Pentium IV 2, 2 Ghz and 1 GB of RAM) used in sequential run.

5.1 Comparisons with Evolutionary Algorithms from [7]

The purpose of this section is to compare GASAT with several state-of-the-
art evolutionary algorithms presented in [7]. To make the comparison as fair
as possible, we run GASAT under the same condition as that used in [7]. More
precisely, each problem instance is solved between 5 and 50 times, each run being
limited to 3 x 10°. The benchmarks used in this experimentation are:

— suite A, 4 groups of 3 instances with 30, 50, 75 and 100 variables,
— suite B, 3 groups of 50 instances with 50, 75 and 100 variables,
— suite C, 5 groups of 100 instances with 20, 40, 60, 80 and 100 variables.

All these instances are random 3-sat instances with a ratio clauses-to-variables

of 4.3.

Table 2. Comparison between evolutionary algorithms (%-success rate, fl.-average
number of flips of successful runs)

| Instances [| GASAT [ SAWEA [[ RFEA2 [[RFEA2+] FlipGA [ ASAP |
[Suite[nb.[var.[ % [ fl. %[ & %] A [%[ & %] A [%] f |
3 [30 ]| 99] 1123[[100[34015[[100] 3535[[100[ 2481[[100[ 25490[[100] 9550
3 [ 40 [[100] 1135[| 93[53289][100] 3231[|100[ 308L[|100[ 17693[|100] 8760
3 [ 50 || 91] 1850]| 85[60743]|100] 8506|100 7822[|100[127900]|100] 68483
3 [100][ 95] 7550[] 72|86631] 99|26501] 97[34780][ 87]116653[[100] 52276

50| 50 || 96| 2732|| - -|1100{12053||100{11350{/100|103800{|100| 61186
50| 75 || 83| 6703| - -|| 95|41478|| 96(39396|| 82| 29818 87| 39659
50 (100 69(28433|| - -|| 77|71907| 81|80282|| 57| 20675|| 59| 43601

100( 20 ||100| 109({100{12634|/100| 365([100{ 365|/100| 1073|[100 648
100{ 40 ||100] 903|| 89|35988|[100| 3015|/100{ 2951{|100| 14320{[100| 16644
100{ 60 || 97| 9597 73|47131|| 99|18857| 99(19957{/100|127520{/100|184419
100| 80 || 66| 7153|| 52|62859|| 92|50199|| 95|49312|| 73| 29957| 72| 45942
100{100|| 74| 1533|| 51|69657|| 72|68053| 79(74459| 62| 20319| 61| 34548

Q| Q| Q| Q| Q| @| | @ =| =| = >




Recombination Operators for Satisfiability Problems 111

Results of GASAT are shown in Table [2], together with the results of the
five evolutionary algorithms reported in [7]. One observes that on these random
instances GASAT with CC crossover does not have the best success rate but
requires in general much fewer flips to obtain a solution. Next section will show
more results of GASAT on much larger random instances as well as structured
instances.

5.2 Comparison with Walksat and UnitWalk

Due to the incomplete and non deterministic character of GASAT, Walksat and
UnitWalk, each algorithm has been run 20 times on each benchmark with an
execution time limited to 1 hour. These algorithms are used with their standard
parameters. The number of flips is limited to 101 x 10° for the three algorithms.
We provide now the precise parameters for each algorithm.

GASAT: GASAT works with a population of 10? individuals. During the gen-
eration of this population, a LS of 10 flips is applied to each individual. The
selection process for the parents and the insertion condition for the child are acti-
vated. The number of possible parents for the crossover is limited to 15 different
individuals. The number of allowed crossovers is 10® and a LS (tabu search) of
at most 10* flips is applied on each child. The size of the tabu list is set to 10%
of the number of variables in the problem.

Walksa@: We use the version v41l. The number of tries is 10 with at most
101 x 10* flips for each try. Walksat uses the “novelty” heuristic with a noise set
to 0.5.

UnitWalk3: We use UnitWalk version 0.981. The maximum number of flips is
101 x 10° with 1 run.

Benchmarks. Two classes of instances have been used: structured instances
and random instances. Some instances are satisfiable and others are unsatisfiable.
These instancesd were used by the SAT2002 [I7] or SAT2003 competition.

— structured instances:
- color-10-3, color-18-4, color-22-5 (chessboard coloring problem),
- difp_19_0_arr_rcr, difp 1999 arr_rcr (integer factorization),
- g125.17, g125.18 (graph coloring instances),
- mat25.shuffled, mat26.shuffled (matrix multiplication),
- par32-5, par32-5-c¢ (problems of learning the parity function).
— random instances:
- £1000, £2000 (DIMACS instances),
- 2 instances of 500 variables generated by hgen2 with 2 different seeds,
- 2 instances generated by glassy one with 399 and 450 variables.

2 Walksat is available : http://www.cs.washington.edu/homes/kautz/walksat/

3 UnitWalk is available : http://logic.pdmi.ras.ru/ arist/UnitWalk/

4 Available at
http://www.info.univ-angers.fr/pub/lardeux/SAT/benchmarks-EN.html
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For each instance, the number of clauses is given in the column ¢l and the
number of variables is given in the column var. The random seed is also given
when it is known.

Evaluation. Three comparison criteria are used to evaluate GASAT and to
compare it with UnitWalk and Walksat. The first criterion is the success rate
(%) which corresponds to the number of success divided by the number of runs.
This criterion is important since it highlights the search power of the algorithm.
The two other criteria are the average number of flips (fl.) and the average time
in seconds (sec.) for the successful runs. The number of flips for GASAT include
the flips performed during the crossover operations.

Table 3. Structured instances (if no assignment is found then the average number of
false clauses is given between parentheses, 7 indicates the satisfiability of an instance
is unknown)

l Benchmarks [ GASAT || Walksat [| UnitWalk > |

instances var | cls [sat] % [ A° [ sec. | % [A°] sec. | % [ 1.5 | sec.
color-10-3 300 | 6475 |Y (|100{1046| 93.33||100(|404| 24.41|| (15.00 clauses)
color-18-4 1296| 95905 | 7 || (25.95 clauses) ||(38.00 clauses)|| (65.00 clauses)
color-22-5 2420(272129| 7 || (9.10 clauses) ||(13.60 clauses)|| (57.00 clauses)
difp_19_0_arr_rcr |1201| 6563 | Y || (6.75 clauses) ||(21.90 clauses) 100‘10100\319.53
difp_19.99_arr_rcr|1201| 6563 |Y || (9.25 clauses) ||(21.25 clauses)|| (88.00 clauses)
g125.17 2125) 66272 | Y || (3.00 clauses) || 35 [458]251.46|| (28.00 clauses)
5125.18 2250[ 70163 | Y || 70 [5501[860.81[[100] 9| 2.40[| (23.00 clauses)
mat25.shuffled 5881 1968 | N || (3.85 clauses) || (8.00 clauses) || (28.00 clauses)
mat26.shuffled 744 | 2464 | N || (3.20 clauses) || (2.55 clauses) || (25.00 clauses)
par32-5-c 1339| 5350 | Y || (5.90 clauses) ||(12.70 clauses)|| (60.00 clauses)
par32-5 3176[ 10325 | Y || (4.15 clauses) [[(12.10 clauses)[[ 10 [10100[191.65

Table 4. Random instances (if no assignment is found then the average number of
false clauses is given between parentheses, 7 indicates the satisfiability of an instance
is unknown)

l Benchmarks “ GASAT “ Walksat “ UnitWalk ° ‘
gen seed var | cls [sat %\ .5 ‘ sec. || % ‘ﬂ.f‘ sec. || % ‘ f.5 ‘ sec.
glassy|1069116088| 399 [1862| Y || (5.00 clauses) || (5.60 clauses) ||(43.00 clauses)
glassy| 325799114 | 450 [2100| Y || (8.10 clauses) |[(10.70 clauses)|[(38.00 clauses)
f1000 - 1000{4250| Y {|90|2485| 35.75|[100|367| 9.17(]100{1386| 6.45
2000 - 2000(8500] Y || 5 |3417|207.00|| 70 |586| 26.65|/100({1232|10.41
hgen2|1205525430| 500 [1750| Y || (1.00 clause) || (1.00 clause) || (8.00 clauses)
hgen2| 512100147 | 500 [1750| Y || (1.00 clause) || (1.00 clause) ||(21.00 clauses)

® When no assignment is found UnitWalk does not give the best number of false clauses
but only the last found.
% You must multiply by 10® to obtain the real number of flips.
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Results Analysis. The results given in Table Bl and Table [4 do not show a
clear supremacy of one algorithm over other ones. However, GASAT is generally
more efficient on structured instances than on random instances. These results
are not surprising since the CC crossover is based on the idea of exploring clause
structure. Taking the two tables together, one may conclude GASAT gives very
competitive results on the tested instances.

6 Conclusion

We have presented two new recombination operators for SAT and compared
them with two previous known operators. The most powerful crossover is the
Corrective Clause crossover. Inserted in the GASAT algorithm, it gives very
interesting results. By their global and local nature, the crossover and the LS
operators act interactively to ensure a good compromise between exploration
and exploitation of the search space. Moreover, a selection mechanism is also
employed to preserve the diversity of the population.

GASAT with the CC crossover is evaluated on both structured and ran-
dom instances. Its performances are compared with two well-known algorithms
(Walksat and UnitWalk) and several state-of-the-art evolutionary algorithms.
The experimentations show that GASAT gives globally very competitive re-
sults, in particular, on structured instances. Meanwhile, it seems that GASAT
behaves less well on some random instances.

The new crossovers reported in this paper are a first step. Studies are on
the way to have a better interactivity between crossovers and LS. We are also
working on other hybridizations such as CC and complete algorithms.

Acknowledgments. We would like to thank the anonymous referees for their
helpful comments and remarks.
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Abstract. This paper investigates the influence of recombination and self-
adaptation in real-encoded Multi-Objective Genetic Algorithms (MOGAsS).
NSGA-II and SPEA2 are used as example to characterize the efficiency of
MOGAs in relation to various recombination operators. The blend crossover,
the simulated binary crossover and the breeder genetic crossover are compared
for both MOGAs on multi-objective problems of the literature. Finally, a self-
adaptive recombination scheme is proposed to improve the robustness of MO-
GAs.

1 Introduction

In recent years, extensive research has been done in the field of Multi-Objective Ge-
netic Algorithms (MOGAs) [1], [2], [3], [4]. However, most of works have been
focused on selection, elitism and niching operators. Although the need of studying the
influence of recombination and self-adaptation in MOGAs has been underlined [5],
only a few contributions on these issues have been carried out [2], [6]. In this paper,
we investigate the efficiency of three crossover operators for real-encoded MOGAs
and propose a self-adaptive recombination scheme which improves their robustness.
The second versions of the Non-dominated Sorting Genetic Algorithm (NSGA-II) [3]
and of the Strength Pareto Genetic Algorithm (SPEA2) [4] are used as example to
characterize the efficiency of the studied recombination operators on test problems of
the literature.

2  Elitist Multi-objective Genetic Algorithms

Since the mid-1990s, there has been a growing interest in solving multi-objective
problems by Genetic Algorithms. In particular, elitist MOGAs based on Pareto ap-
proaches have become more and more popular because of their capabilities to ap-
proximate the set of optimal trade-offs in a single run [1], [3], [4]. Elitist MOGAs use

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 115-126, 2004.
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an external population, namely archive, which preserves non-dominated individuals in
the population. At each generation, individuals (parents) selected from the archive
(and/or from the population) following Pareto domination rules are crossed and mu-
tated to create new individuals (children). The population of children and the archive
are merged to assess the non-dominated set of the next generation. If the number of
non-dominated individuals is higher than the size of the archive, a clustering method
is used to preserve most representative solutions and eliminate others in order to keep
a constant archive size. Note that niching is used in the selection scheme when indi-
viduals involved in a tournament have the same Pareto domination rank.

The second version of the Non-dominated Sorting Genetic Algorithm (NSGA-II)
is based on the principles previously exposed. NSGA-II determines all successive
fronts in the population (the best front corresponding to the non-dominated set).
Moreover, a crowding distance is used to estimate the density of solutions surround-
ing each individual on a given front. In a tournament, if individuals belong to the
same front, the selected one is that with the greater crowding distance. This niching
index is also used in the clustering operator to uniformly distribute the individuals on
the Pareto front. All details of the algorithm can be found in [3].

The new version of the Strength Pareto Genetic Algorithm (SPEA2) is rather
similar to the NSGA-IIL. It essentially differs in the clustering method used to merge
non-dominated individuals in the archive and on the selection method based on a
fitness assignment (called strength) related to Pareto ranking of individuals in the
population [4].

In this, study NSGA-II and SPEA?2 are taken as reference to investigate the influ-
ence of recombination and self-adaptation in real-encoded MOGAs.

3 Recombination and Self-Adaptive Procedures

We examine various recombination and self-adaptive procedures for real-encoded
MOGAs :

3.1 The Blend Crossover

From two parent solutions p,(i) and p,(i), the blend crossover (BLX-¢) creates one
child c(i) as follows [7] :

c(i)= p()+ B(p () — p1 (D)) ey

where £ is a random variable in the interval [-a,1+a], i denoting the index related
to the object variable of the child and parents solutions. If ¢ is set to zero, this cross-
over creates a random solution inside the range defined by the parents similarly to the
arithmetical crossover [8]. Eshelman and Schaffer have reported that BLX-0.5 (with
o =0.5) performs better than BLX with any other « value in a number of test prob-
lems.
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3.2 The Simulated Binary Crossover

The simulated binary crossover (SBX) simulates the working principle of the single
point crossover operator on binary strings [9]. From two parent solutions p,(i) and
p,(i), it creates two children c,(i) and c,(i) as follows :

{ ¢ () =0.5[A+ Bp, () + 1= B)p, ()]
() =05[(A=B)pi(D)+ 1+ B)p, ()]

with a spread factor £ defined by (3),

@)

1
(2u)ye ifu<0.5
_ 1
p= 1\ . )
- otherwise
—Uu

where u is a random variable in the interval [0,1] and 7 is a nonnegative real number
that characterizes the distribution of the children in relation to their parents. A large
value of 77 gives a higher probability for creating children near parents. Acting alone
and without any mutation operator, SBX presents interesting properties of self-
adaptation similarly to Evolution Strategies [9].

3.3 The Breeder Genetic Crossover

From two parent solutions p (i) and p,(i), the BGX crossover creates one child c(i) as
follows [10]:

(P2 = pi(0)

R |
R PO

“

where A, is normally set to 0.5 times the domain of definition of the object variable i
and the metric denotes the Euclidean distance in the object variable space. Jis com-
puted from a distribution that favors small values:

§ =2k (5)

where u is a random variable in the interval [0,1], the precision constant k being typi-
cally set to 16. Note that in [10], the child was placed more often in the direction to
the best parent (p,(i) being the parent with the better fitness) and the minus sign in (4)
was chosen with probability 0.9. In this work, the choice of p,(i) and the sign in (4)
are made with a probability 0.5.

In Fig. 1, the probability density function per child for the previous investigated
crossover operators is depicted. The corresponding parents p, and p, are marked with
a full circle. Note these three crossover operators are rather complementary since
BGX with k=16 essentially reinforces the accuracy in the neighborhood of the parents
whereas SBX-0.5 favors global exploration.
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Fig. 1. Probability distribution of children solutions related to each crossover operators

3.4 Self-Adaptive Mutation

We also investigate a self-adaptive mutation operator used in standard Evolution
Strategies [11], [9]. Each individual is characterized by its object variables x(i) and
associated standard deviation o(7). Children (c(i),0.(i)) are created from their parents
(p(i),0,(i)) using the following rule :

o.(i))=0,()exp(z'N(0,)+7N,(0,1)) (6)
c(@)=p@)+o.@)N;O.D) W

where N(0,1) denotes a normally distributed random number with mean O and stan-
dard deviation 1. N(0,1) indicates that the random number is generated anew for each
value of i. The factors 7 and 7’are commonly set to 2m"™)™"* and (2m)"* where m
denotes the number of object variables [11].

3.5 Self-Adaptive Recombination

As it is not possible to a priori know which crossover operator will be the most effi-
cient on a specific problem, we propose a self-adaptive scheme similar to that of
Spears for binary encoded GAs [12]. It consists in associating in the chromosome of
individuals an additional gene (X-gene) that codes the type of crossover to apply
during the recombination. When recombining two parents, the operating crossover is
randomly chosen from the X-gene of the parents. Using this procedure, the MOGA
will favor the crossover that produces the best children through the selection operator.
To avoid premature convergence to a particular type of crossover, the X-gene also
undergoes mutation.
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4 Experimental Tests

4.1 Test Problems

We consider three multi-objective problems of the literature [13], [14] displayed in
Table 1. ZDT4 is a multimodal continuous problem, which contains 21° local Pareto
fronts. The global Pareto front is obtained with g=1 and is convex. ZTD6 has a non-
uniformly distributed search space with solutions non-uniformly distributed along the
Pareto front (the front is biased for solutions for which f,(x,) is close to one). The
Pareto front is obtained with g=1 and is non-convex. SCH is a generalization of the
Schaffer’s problem. A large variable space domain and a convex Pareto front charac-
terize 1t.

Table 1. Test problems used in this study (minimization of both objectives)

Problem Characteristics
fix)=x, 0<x <1

frx)=gl1- || —5<x, <5 i=2..,10
ZDT4 g

10
where g = 91+Z(x,2 —10cos(47x;))
i=2
f1(x) = 1—exp(~4x, )sin® (67x,)
) =g0-(f/g)?) 0<x, <1  i=1,..10

10 0.25
where g =1 +9[in /9J

i=2

ZDT6

10
_ 1 .
fl(x)zﬁz x2 -1000< x; <1000 i=1,..,10

i=1

SCH |
- _9)2
fr(x) 40;@, 2)

4.2 Performance Criteria
Three performance criteria are used to assess the efficiency of MOGAs :

Average deviation to the theoretical Pareto-optimal front. The average distance
£ of the non-dominated set to the Pareto-optimal front is computed as follows [13],

E=ﬁ2min{”a—a*" ate F* ) (®)

acF
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where F (respectively F*) denotes the non-dominated set in the final population (re-
spectively the theoretical Pareto-optimal front), a and a* belonging to each subset.
The metric in (8) is the Euclidean distance computed in the objective space.

Spread. We define the spread £, as the average minimum distance of the non-

dominated set to the Pareto-optimal solutions that minimizes each objective
independently.

acF | 9)

1 n
. . "
Emin =— E rmn{"a—aimin
o

where n is the number of objectives and a;,;, represents the theoretical solution of
the Pareto-optimal front that minimizes the i-th objective. Spread characterizes the

ability of MOGAs to detect boundary solutions of the Pareto-optimal front.

Spacing. Spacing A is a measure based on consecutive distances among the solutions
of the non-dominated set [3]. It assesses the ability of the MOGAs to distribute its
population uniformly along the Pareto-optimal front.

£

A:m%lzl]di—ﬂ (10)

where d, is the Euclidean distance between two consecutive solutions of the non-
dominated set, d being the average of these distances. A value of zero for this metric
indicates all the non-dominated solutions found are equidistantly spaced. Unlike the
definition of A in [3], we do not include in the non-dominated set the boundary solu-
tions of the theoretical Pareto-optimal front to take into account the spread (spread is
independently evaluated by (9)).

Note that these criteria are complementary to assess the efficiency of MOGAs as
indicated by Fig. 2 which illustrates various situations of the non-dominated set in
relation to the theoretical Pareto-optimal front.

5 Tests Results

We successively compare the efficiency of NSGA-II and SPEA2 on the previous test
problems using each crossover operators and self-adaptive procedures of sect. 3. All
tests are made with the same number of objective function evaluations. NSGA-II and
SPEA?2 are run for 200 generations with a population size of 100. The archive size is
also set to 100 and the crossover probability is 1. Both MOGAs use the BGA muta-
tion operator [10] with a mutation rate of 1/m (where m is the number of variables).
The self-adaptive recombination scheme employs the BGX with k=16, the SBX with
n =1 and the BLX-0.5. The X-gene undergoes mutation with a probability of 5%.
NSGA-II and SPEA2 with self-adaptive mutations operate with initial standard de-
viations set to 1/10 times the domain of definition of the object variables and without
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>
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Fig. 2. llustration of the performance criteria used in this study on various situations. The non-
dominated set is symbolized with full circles and the theoretical Pareto optimal front is repre-
sented by a continuous line. £ =0 (resp. £ #0 ) indicates a good (resp. a bad) average devia-
tion, £.;, =0 (resp. &, #0) a good (resp. a bad) spread and A=0 (resp. A#0) a good (resp. a
bad) spacing

any crossover operator. For all investigated tests, 100 runs are made with random
populations to take into account the stochastic nature of the MOGA. An average sta-
tistic is taken from the final population for the performance criteria.

5.1 Influence of the Recombination Operators

We present in Tables 2—4 the values of the performance criteria on the investigated
problems for the NSGA-II and the SPEA?2 in relation to each recombination and self-
adaptive procedures. From these results, we propose a sort of the recombination and
self-adaptive operators on these test problems for each MOGA. Note that this sort was
established by giving priority to the average deviation £ .

As also underlined in a earlier study [2], it can been seen that MOGAs without
crossover operator perform poorly even if they use self-adaptive mutations. Table 2
shows that NSGA-II and SPEA2 with BLX-0.5 give the best results on ZDT4.
BLX-0.5 associated with the SPEA2 works well on ZDT6 but performs poorly when
it is coupled with the NSGA-II. This behavior will be also noted for the self-adaptive
recombination scheme in the following section. NSGA-II with the BGX crossover
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works well on ZDT6 but performs extremely poorly on SCH (convergence was not
achieved after 200 generations; only one non-dominated individual was found in the
final population in all runs). Except with the SBX crossover, NSGA-II and SPEA2
fail to spread correctly their population on SCH. Therefore, SBX is ranked at the top
of the sort for this problem despite a slightly lowest quality for £ and A.

Finally, it can be seen that best results are always obtained by simple crossover
acting alone. However, the efficiency of each crossover operator clearly depends on
the characteristics of the test problem. Therefore, using simultaneously multiple
crossover operators through a self-adaptive recombination scheme tends to improve
the robustness of the MOGAs. We verify this property since the self-adaptive scheme
performs extremely well in all cases (the ranking efficiency always equals 2).

Table 2. Performance criteria on problem ZDT4. Results are averaged on 100 runs with ran-
dom initial populations. Best results are indicated in bold types and margin errors with 95%

confidence are given in brackets

MOGA  Operator Av.dev. € Spread £,;,  Spacing A Ranking
BGX (k=16)  2.231[0.185] 1.769[0.148] 0.112[0.011] 4 (poor)
SBX (1=1) 1.961 [0.170]  1.656 [0.138] 0.033 [0.009] 3 (good)

NSGA-II BLX-0.5 1.483[0.151] 1.275[0.122] 0.019 [0.006] 1 (excellent)
Self-Ad. Mut.  10.41 [1.000] 9.439[0.939] 0.017 [0.001] 5 (very poor)
Self-Ad. Rec.  1.688 [0.164] 1.437[0.136] 0.021 [0.008] 2 (very good)
BGX (k=16)  5.343[0.436] 4.367[0.380] 0.301 [0.041] 4 (poor)
SBX (77=1) 2.233[0.221] 1.894[0.163] 0.028 [0.008] 3 (good)

SPEA2 BLX-0.5 1.527 [0.148] 1.373[0.122] 0.021 [0.005] 1 (excellent)
Self-Ad. Mut.  10.55[1.090] 9.525[1.015] 0.012 [0.002] 5 (very poor)
Self-Ad. Rec. 1.616[0.161] 1.427[0.133] 0.024 [0.006] 2 (very good)

Table 3. Performance criteria on problem ZDT6. Results are averaged on 100 runs with ran-
dom initial populations. Best results are indicated in bold types and margin errors with 95%
confidence are given in brackets

MOGA Operator Av.dev. € Spread £,;,  Spacing A Ranking
BGX (k=16)  0.000 [0.000] 0.000 [0.000] 0.006 [0.000] 1 (excellent)
SBX (77=1) 0.185[0.018] 0.001 [0.000] 0.202 [0.022] 4 (poor)

NSGA-Il BLX-0.5 0.081 [0.044] 0.000 [0000] _ 0.096 [0.054] 3 (s00d)
Self-Ad. Mut. 1.866 [0.114] 0442 [0.077] 0.543 [0.063] 5 (very poor)
Self-Ad. Rec.  0.014 [0.006] 0.000 [0.000] 0.024 [0.010] 2 (very good)
BGX (k=16)  0.068 [0.008] 0.000 [0.000] 0.071 [0.006] 3 (good)
SBX (7=1) _ 0.186[0.016] 0.000 [0.000] 0.141 [0.015] 4 (poor)

SPEA2 BLX-0.5 0.059 [0.005]  0.000 [0.000] 0.055[0.005] 1 (very good)
Self-Ad. Mut.  1.662 [0.126]  0.554 [0.090] 0.484 [0.049] 5 (very poor)
Self-Ad. Rec.  0.061 [0.006] 0.000 [0.000] 0.056 [0.007] 2 (very good)
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Table 4. Performance criteria on problem SCH. Results are averaged on 100 runs with random
initial populations. Best results are indicated in bold types and margin errors with 95% confi-
dence are given in brackets

MOGA  Operator Av.dev. & Spread £ i, Spacing A Ranking

BGX (k=16) no convergence achieved in 200 generations 5 (very poor)
SBX (n=1)  0.007 [0.000] 0.086 [0.006] 0.006 [0.000] 1 (excellent)
NSGA-II BLX-0.5 0.004 [0.000]  0.209 [0.008] 0.004 [0.000] 3 (good)
Self-Ad. Mut.  0.091 [0.006]  0.195 [0.059] 0.008 [0.001] 4 (poor)
Self-Ad. Rec.  0.004 [0.000] 0.118 [0.009] 0.005 [0.000] 2 (very good)

BGX (k=16) no convergence achieved in 200 generations 5 (very poor)
SBX (7=1)  0.006 [0.000] 0.100 [0.007] 0.005 [0.000] 1 (very good)
SPEA2 BLX-0.5 0.009 [0.001]  0.289 [0.010] 0.002 [0.000] 3 (good)

Self-Ad. Mut.  0.302 [0.306]  0.445 [0.299] 0.008 [0.002] 4 (poor)
Self-Ad. Rec.  0.006 [0.000] 0.129 [0.009] 0.004 [0.000] 2 (very good)

5.2 Analysis of the Self-Adaptive Recombination Scheme

To understand the mechanism of the self-adaptive recombination scheme, we plot in
Fig. 3-5 the origin of children for each investigated test problem as a function of the
generation number. Results are extended to 400 generations and averaged on 100
runs. We also indicate the threshold from which the clustering is operating.

It can be seen that the self-adaptive recombination scheme is able to direct the
MOGA towards the crossover operator which performs the best on a given test prob-
lem. Therefore, the BLX-0.5 which has the best global exploration properties, is rap-
idly favored on ZDT4 to avoid misleading local Pareto-optimal fronts (see Fig. 3).
Because of the large search space, this crossover is also preferred on SCH at the be-
ginning of the search but both MOGAs finally switch towards the SBX crossover to
better distribute individuals on boundary points (see Fig. 5 and Table 3). Curiously,
the behavior of the self-adaptive recombination scheme on ZDT6 is radically differ-
ent for the SPEA2 and the NSGA-II. These results are in accordance with those of
sect. 5.1 (see Table 3) which show that SPEA2 performs better with SBX and
NSGA-II better with BGX. However, both MOGA need to use the BGX crossover to
avoid misleading attractors of high f, values in the neighbourhood of the boundary
point of the Pareto front defined by f; =0.28.

Note that the steady state behavior of the archive characterized by clustering op-
erations does not necessary correspond to the steady state operations of the self-
adaptive recombination scheme. Recombination rates of each crossover operator can
evolve continuously during the search as shown in Fig 3-5.

Finally, we examine in Table 5-7 the influence of the X-gene mutation rate on the
efficiency of MOGAs with the studied self-adaptive recombination scheme. Results
show that performance criteria are not very sensitive to this factor. However, low
mutation rates have to be preferred to exploit benefit of self-adaptation through the
selection procedure.
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Table 5. Influence of the X-gene mutation rate on ZDT4 (average on 100 runs). Best results
are indicated in bold types and margin errors with 95% confidence are given in brackets

MOGA X-gene mutation rate

Av.dev. &

Spread £ i,

Spacing A

0

1.806 [0.198]

1.516 [0.158]

0.027 [0.012]

5%

1.688 [0.164]

1.437 [0.136]

0.021 [0.008]

NSGA-II 20%

1.699 [0.182]

1.460 [0.148]

0.019 [0.005]

100% (random case)

2.084 [0.187]

1.783 [0.151]

0.035 [0.010]

0

1.624 [0.138]

1.446 [0.118]

0.018 [0.004]

5%

1.616 [0.161]

1.427 [0.133]

0.024 [0.006]

SPEA2
20%

1.733 [0.182]

1.521 [0.135]

0.020 [0.006]

100% (random case)

2.192 [0.201]

1.838 [0.147]

0.037 [0.009]

Table 6. Influence of the X-gene mutation rate on ZDT6 (average on 100 runs). Best results
are indicated in bold types and margin errors with 95% confidence are given in brackets

MOGA X-gene mutation rate

Av.dev. €

Spread £,

Spacing A

0

0.005 [0.005]

0.000 [0.000]

0.011 [0.005]

5%

0.014 [0.006]

0.000 [0.000]

0.024 [0.010]

NSGA-II 20%

0.015 [0.006]

0.000 [0.000]

0.026 [0.010]

100% (random case)

0.012 [0.004]

0.000 [0.000]

0.023 [0.008]

0

0.076 [0.008]

0.000 [0.000]

0.064 [0.007]

5%

0.061 [0.006]

0.000 [0.000]

0.056 [0.007]

SPEA2
20%

0.071 [0.008]

0.000 [0.000]

0.064 [0.008]

100% (random case)

0.080 [0.007]

0.000 [0.000]

0.069 [0.007]

Table 7. Influence of the X-gene mutation rate on SCH (average on 100 runs). Best results are
indicated in bold types and margin errors with 95% confidence are given in brackets

MOGA X-gene mutation rate

Av.dev. &

Spread £ i,

Spacing A

0

0.004 [0.000]

0.210 [0.009]

0.004 [0.000]

NSGA-II 3%

0.004 [0.000]

0.118 [0.009]

0.005 [0.000]

20%

0.004 [0.000]

0.103 [0.009]

0.005 [0.000]

100% (random case)

0.006 [0.000]

0.124 [0.009]

0.005 [0.000]

0

0.003 [0.000]

0.289 [0.009]

0.002 [0.000]

5%

0.006 [0.000]

0.129 [0.009]

0.004 [0.000]

SPEA2
20%

0.003 [0.000]

0.132 [0.009]

0.004 [0.000]

100% (random case)

0.006 [0.000]

0.169 [0.009]

0.004 [0.000]

6 Conclusion

In this paper, we have shown that the efficiency of real-encoded MOGAs strongly
depends on the crossover operators used to explore new solutions of the search space.
Therefore, we have proposed a self-adaptive recombination scheme based on three
complementary crossover operators to reduce the sensitivity to the crossover proce-
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dure and improve MOGA robustness. First results are promising and further investi-
gations on difficult constrained problems should confirm the advantage of using this
technique in MOGAs.
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Abstract. We propose and demonstrate an automatic optical fiber
alignment system using genetic algorithms. Connecting optical fibers is
difficult because the connecting edges should be aligned with sub-micron-
meter resolution. It, therefore, takes long time even for a human expert.
Although automatic fiber alignment systems are being developed, they
cannot be used practically if the degrees of freedom of fiber edges are
large. To overcome this difficulty, we have developed an automatic fiber
alignment system using genetic algorithms, which incorporate a special
local learning method. In experiments, fiber alignment of five degrees of
freedom can be completed within a few minutes, whereas it would take
a human expert about half an hour.

1 Introduction

With the growth in optical fiber communications, fiber alignment has become the
focus of much industrial attention[I]. This is a key production process because
its efficiency greatly influences the overall production rates for the opto-electric
products used in optical fiber communications. Fiber alignment is necessary
when two optical fibers are connected, when an optical fiber is connected to a
photo diode (PD) or a light emission diode (LED), and when an optical fiber
array is connected to an optical wave guide.

Metallic wire connection is relatively easy because an electric current will flow
as long as the two wires are in contact. The connection between two optical fibers,
however, requires much greater precision, in the order of sub-micron-meters.
Therefore, experienced technicians are needed for fiber alignment, but as such
technicians are in limited supply, this causes a bottleneck in the mass production
of opto-electric components for optical fiber communication. To overcome this,
various algorithms for automatic alignment have been devised. However, existing
automatic-alignment algorithms are only capable of aligning fibers according to
three degrees of freedom (DOF). Thus, the present authors have devised a new
algorithm based on GAs that is capable of aligning fibers according to five or
more DOF. The advantages of the algorithm are summarized below:

1. Improvement in transmission efficiency
Unless two optical fibers are connected in an optimal way, there will be a

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 129-[I40] 2004.
© Springer-Verlag Berlin Heidelberg 2004
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reduction in transmission efficiency. However, as alignment is possible ac-
cording to a greater DOF, there are no reductions in transmission efficiency.
2. Improvement in reliability
Automatic alignment reduces the numbers of tasks to be conducted by tech-
nicians, which leads to the improved reliability of products.
3. Improvement in production efficiency
The fiber alignment process is often a critical part in the entire production
process, and so by reducing fiber-alignment times, production efficiency can
be improved considerably.
4. Cost reductions
Less expensive opto-electric components are often inferior in terms of preci-
sion. However, variations from the desired specifications for each component
can be compensated by using our alignment algorithm for greater DOF con-
nections. This makes it possible to reduce the overall costs of a system.

Conventional alignment systems cannot achieve connections with 5 DOF be-
cause such precise fiber alignment is impossible given practical time constraints.
However, our algorithm successfully carried out alignments for 4 different initial
conditions in a few minutes.

This paper is organized as follows: In section 2, the difficulty with the con-
ventional fiber alignment system is briefly described. Section 3 introduces our
GA-based alignment algorithm, and section 4 describes the results of alignment
experiments. Finally, section 5 discusses the results and draws some conclusions.

2 Optical Fiber Alignment

2.1 Transmission Loss Due to Non-optimal Connections

Although metallic wire connections are very easy, optical fiber connections re-
quire extreme precision. This is because optical signals can only pass along the
core of a fiber, which is only a few micron-meters in diameter. Therefore, when
connecting optical fibers, the cores of the two fibers must be aligned to face each
other exactly with sub-micron-meter precision. In making such alignments, there
are a number of factors that must be considered which can reduce transmission
efficiency, such as shifts in the light axis (Fig.@(a)(b)), bending (Fig. [c)), and
when core surfaces are not flush (Fig.[[(d)). To deal with these factors, alignment
algorithms capable of greater DOF connections are required.

2.2 Automatic Alignment System

Automatic alignment systems can shift slightly the light axes of the two optical
fibers to minimize transmission loss[2][3]. Once alignment is complete, the light
axis is fixed by laser processing or a setting resin. Fig. [2 shows the organization
of the typical automatic alignment system. The system consists of a light source,
alignment stages, a stage controller, a power meter to measure the light intensity,
and a controlling PC. An alignment stage moves the tip of one optical fiber with
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Fig. 1. Factors for connection loss
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Fig. 2. Automatic fiber alignment system

micron-meter precision using step motors. The PC collects information from the
power meter and feeds this back to the stage controller through a GP-IB interface
in order to control the alignment stage. The control signals are generated by the
PC where the automatic-alignment algorithm is executed.

2.3 Conventional Automatic Alignment Algorithms

Alignment time depends completely on the performance of automatic alignment
algoritms. Various algorithms are available on the market. For example, the
alignment software sold by Suruga Seiki Co.Ltd. [2] provides two search pro-
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grams; a field search and a peak search program. The field search program is
used when the two light axes are shifted greatly. The program searches the light
by moving the X,Y,Z axes in Fig. 3 in spiral way as shown in Fig. @l Once the
light, of which intensity level is higher than the noise level, has been detected, the
peak search program is initiated. The program iterates sequential optimization
of the X,Y,Z axes.

However, these programs have the following weakness; (1) local optimum in
the intensity distribution due to the light interference, (2) flatness in the inten-
sity distribution for angle adjustments, and (3) noise-sensitivity. Due to these
weaknesses, these software programs are not capable of alignments according to
5 DOF, have long alignment times, and result in large transmission losses.
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3 Automatic Alignment with GA

Our alignment algorithm uses a GA called the Minimal Generation Gap (MGG)
model[d], a kind of non-generational GAs. The MGG model has two advantages;
(1) it can maintain the diversity within a population by simple operations, and
(2) the convergence speed is relatively fast. We also employ a speacial local
learning method in order to improve search efficiency.

Initial Populatio%

Selection of
two chromosomes|

Crossover

‘Move optical axi%

‘Move optical axi%

Local learning Local learning
Fitness evaluatio Fitness evaluatio

Fig. 5. Flowchart of fiber alignment based on GAs

Fig.[@ gives a flowchart of our alignment algorithm. The positions of the light
axes are coded as chromosomes, and then an initial population with the size of
N, is generated. Fig. Bl describes the coding. The chromosome consists of 5 genes,
which correspond to 5 DOF (i.e. X,Y,Z,0x,0y in Fig. Bl). Each gene represents
a difference (32-bits real value) from the initial position before alignment. The
initial gene values are set to uniform random values between —L; and +L;(i =
1,---,5).

The crossover is the single-point cross-over with a probability of P., the
mutation is the Gaussian mutation[5] with a probability of P,,. The fitness value
is the light intensity obtained from the power meter. For example, if the output
of the power meter is —10dB, then the fitness value is —10.0.

3.1 Local Learning

To accelerate the alignment, we have adopted a special local-learning method,
which utilizes measurements of the output power taken while the step motors
are moving according to a newly set gene value. Because it takes more than
one second for the stepmotors to reconfigure the positioning of the fibers, fiber
output can be repeatedly measured more than 10 times to provide evaluations
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of intermediate configuration positions. The local-learning method compares the
fitness function values for these intermediate configurations, and replaces current
chromosome with the chromosome representing the stage positions that gave the
local maximum output power value, which leads to an improvement in search
efficiency.

Using Fig.[7 as an example, the local-learning method for X-Y axes alignment
are described. First, the chromosome to be evaluated is taken to be (Xg,Yg),
and the present position of the stage is taken to be (Xg,Ys). Then, the XY
stages are gradually moved by the step motors from (Xg,Ys) to (Xg,Yg). On
this route, there is a case when the power value Fg at (Xg,Yg) is less than
a intermediate power value Fiy; at (X, Yas) as shown in Fig. [l Therefore, to
improve the search efficiency, the intermediate power value Fj are measured
by the power meter, and the corresponding stage positions (z,yx) are stored
in pairs on a memory. Then, after the stages reached at (Xg,Yg), the highest
power value F is selected as a local maximum among Fg, Fi(k =1, -+ ,n), and
the evaluated chromosome is rewritten to corresponding positions (s, yas)-
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4 Alignment Experiments

4.1 Experimental System

Fig. [§ shows the experimental alignment system for development. It consists of
a light source, a power meter, a control PC, and the stage controller. As shown
in Fig. @ the stage is integrated with five step motors. The resolution of X,Y,Z
stages is 0.05um, the resolution of fx, 6y is 0.003 deg.

The objective of the experiments was to align the tips of two optical fibers
with lens according to the five DOF.

4.2 Experimental Conditions

Four experiments were conducted in which we prepared 4 different initial con-
ditions by altering the light axes from the positions aligned by an experienced
engineer. At the initial positions, the power level is slightly higher than the noise
level. The parameters used at the experiments were L1 = 15.0um, Lo = 15.0um,
Ls =100.0um, Ly = 0.5deg, Ls = 0.5deg, Np = 20, P. = 0.5, P, = 1.0, n = 4.
The motor speed was 4000PPS (Pulse Per Second).

In each experiment, alignment was successfully completed in three minutes.
The details of the experiments are described below.

Light Seurc€®Powej Meter

= TS

Fig. 8. Fiber alignment system for development
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Fig. 9. Stage for fiber alignment

Table 1. Alignment Results for the Experiment 1

Power(dBm) H Avg. ‘ Max. Min. ‘ Std.
Conventional (Peak Search) 2.58 3.94 1.23 0.73
GA without LL (Local Learning) 3.26 4.31 2.44 0.66
GA 4.41 4.73 3.85 0.27

HC (Hill Climbing) 3.83 5.00 1.52 1.08

4.3 Experiment 1

The initial position was (X,Y, Z, 6x, 6y ) = (10,10, —80,0,0). This position was
set by altering only XY, and Z axes. We show the result of 10 trials in Table
The best average performances was attained by the proposed automatic align-
ment method. From the comparison of results by GA and GA without the local
learning (LL), we can see the local learning worked effectively. Moreover, from
the comparison of results by GA and the hill climbing method (HC), we can see
the GA avoided the local minimums. The HC employed the Gaussian mutation
in our GA as the state transition operator.

Figure [I0] shows how the optical fiber tips converged in the experiment.
The conventional peak search algorithm converged with about three minutes.
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Fig. 10. Power versus Iterations for Experiment 1

The other methods took about seven minutes for 10 generations. However, after
fourth generation (about three minutes), the GA outperformed the conventional
algorithm and attained practical intensity level.

Table 2. Alignment Results for the Experiment 2

Power(dBm) H Avg. ‘ Max. Min. ‘ Std.
Conventional 0.96 1.55 -0.34 0.60
GA without LL 2.22 3.30 1.21 0.56
GA 3.12 3.52 2.37 0.36
HC 2.30 3.67 -0.39 1.37
6 :

GA ——

GA without local learning -

sl Hill Clibming -

Power (dBm)
o

0 2 4 6 8 10
Iterations (x20)

Fig. 11. Power versus Iterations for Experiment 2
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4.4 Experiment 2

The initial position was (X,Y, Z,0x,0y) = (2,—2,80,—0.4, —0.4). This position
was set by altering Z,0x,60y axes largely. We show the result of 10 trials in
Table Bl and Fig. [T The best average performances was attained by our GA.
The performance of the conventional algorithm was naturally worst, because it
could not align the fx, 0y axes.

Table 3. Alignment Results for the Experiment 3

Power(dBm) [[ Avg. | Max. Min. | Std.
Conventional 1.22 1.76 0.60 0.36
GA without LL 2.09 3.13 1.19 0.61
GA 3.28 3.57 2.97 0.20
HC 2.91 4.40 1.66 0.79
6 ‘

GA ——

GA without local learning -

al Hill Clibming -

Power (dBm)

0 2 4 6 8 10
Iterations (x20)

Fig. 12. Power versus Iterations for Experiment 3

4.5 Experiment 3

The initial position was (X,Y, Z,0x,0y) = (—10,—2,0,—0.4,0.4). This position
was set by altering X,0x, 0y axes largely. We show the result of 10 trials in Table
Bland Fig. The best average performance was attained by our GA the same
as in the experiments 1 and 2.

4.6 Experiment 4

The initial position was (X,Y, Z,0x,0y) = (0,0,0,—0.8,0.8). This position was
set by altering 0x, 60y axes greatly. For this experiment, the L4 and L5 were
extended to 1.0deg. We show the result of 10 trials in Table d and Fig. I3 The



Automatic Optical Fiber Alignment System Using Genetic Algorithms 139

Table 4. Alignment Results for the Experiment 4

Power(dBm) H Avg. l Max. l Min. l Std.
Conventional -1.14 -0.74 -1.81 0.34
GA without LL 2.42 3.39 0.89 0.84
GA 3.20 3.55 2.84 0.26

HC -0.66 3.12 -14.6 5.11

6
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€
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Fig. 13. Power versus Iterations for Experiment 4

best average performance was attained by our GA. Large standard deviation
of the results by HC suggests that this experimental condition had many local
minimums in the fitness function.

In every experiment from 1 to 4, the standard deviation by our GA is small-
est in the four algorithms. This indicates that our GA is robust to the noise.
However, the best result for 10 trials is highest with HC (except in experiment
4). So, our GA combined with HC might improve the search efficiency.

5 Conclusion

This paper has described an automatic fiber alignment system using genetic
algorithms. The experimental results show that our system can align optical
axis according to the five DOF with three minutes from four different initial
conditions. The results also show that our local learning algorithm can speed up
the alignment.

Our method can be applied not only to the fiber alignment, but also to align-
ment of optical components. An femtosecond laser system has been developed at
AIST, in which the positioning of laser components such as mirrors and prisms
can be aligned automatically[6]. The GA-based adjustment can align the laser
components automatically within 10 minutes, whereas it often takes a week for
experienced technicians in order to achieve optimal performance. Thus, GAs
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are effective in alignment of complicated optical systems with multi-DOF. Our
method opens up the possibility of developing new optical instruments in a wide
variety of industrial applications in the future.
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Abstract. Scheduling a sequence for molding a number of castings each
having different weights is an important large-scale optimization problem
often encountered in foundries. In this paper, we attempt to solve this
complex, multi-variable, and multi-constraint optimization problem us-
ing different implementations of genetic algorithms (GAs). In comparison
to a mixed-integer linear programming solver, GAs with problem-specific
operators are found to provide faster (with a sub-quadratic computa-
tional time complexity) and more reliable solutions to very large-sized
(over one million integer variables) casting sequence optimization prob-
lems. In addition to solving the particular problem, the study demon-
strates how problem-specific information can be introduced in a GA for
solving large-sized real-world problems efficiently.

1 Introduction

Optimal scheduling problems often arise in different real-world problem solving
activities and are routinely solved using classical search and optimization al-
gorithms including linear programming methods. The difficulties often faced in
solving such problems are (i) dimensionality of the search space and (ii) inte-
ger restriction of the decision variables. If the resulting problem is linear (that
is, the objective function and constraints are all linear functions of the decision
variables), the linear programming (LP) approaches are ideal candidates to solve
such problems (Taha, 1989). Although the first difficulty is usually not a matter
for solving such problems using an LP, the second difficulty requires an LP ap-
proach to be used with an integer programming approach, such as the branch-
and-bound method. Since the branch-and-bound approach requires branching
every non-integer variable into two different LPs, the presence of a large number
of integer decision variables demands an exponentially large number of function
evaluations to solve the problem to optimality.

For the past few decades, optimal scheduling problems have also been solved
using various non-traditional methods, such as simulated annealing, genetic algo-
rithms, tabu search etc. (Kirkpatrick, Gelatt and Vecchi, 1983, Goldberg, 1989;

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 141-[I52] 2004.
© Springer-Verlag Berlin Heidelberg 2004
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Glover, 1997). In some of these methods, although the second difficulty of han-
dling integer variables is not a matter, the first difficulty of handling a large
number of decision variables is not well researched.

In this paper, we tackle one such scheduling problem in which the purpose is
to find an optimal casting sequence often encountered in an automated foundry.
Metal is melted in a large crucible and the molten metal is used to cast a number
of molds. One such melting operation is called a heat. With a restriction of a
finite sized crucible used in a heat, it is desired to find a schedule for casting
different molds from a number of heats. It turns out that the resulting problem
is a mixed-integer linear program (MILP).

In the remainder of the paper, we have designed new GA recombination and
mutation operators using problem-specific information. Since the overall objec-
tive function is an average utilization of molten metal in individual heats, the
best partial sequences from two existing solutions can be combined together to
form a new solution. The mutation operator attempts to make the new solu-
tion obtained in the recombination operator feasible. An innovative method of
generating the initial population is also suggested. Using this modified GA, the
MILP problem having the number of variables as large as 1,006,750 (more than
a million!) is solved resulting in 99.84% metal utilization. This study remains as
one of the largest (if not, the largest) problems which has been reported to solve
by any evolutionary algorithm till to date.

2 Scheduling of Casting Sequences

In a typical foundry, casting of various sizes are made from a heat by melting
metal in a large crucible of size W. We assume that the total number of castings
to be made is so large that a multi-day schedule requiring a total of H heats
is necessary. Let us also assume that the casting k£ having a weight wy has a
demand of 7 copies. Thus, the total demand is R = Zszl ri (where K is the
total number of different castings) and the overall amount of metal required to
make all castings is 2521 TEWE.

With the above parameters, one can schedule a casting sequence for multiple
days by introducing decision variables xy; denoting the number of copies of
casting k£ made from the i-th heat. Using this variable, we write the underlying
optimization problem as follows:

K
Mainie LS~ 100 Zk:l WeThi
aximize 4 >, —
Subject to Efil Thi = Tk, fork=1,2,...,K, (1)
S wk < Wi, fori=1,2,...,H,
L Z 07
Tp; 1S an integer.

It is obvious from the above formulation that the problem is a linear program-
ming (LP) problem. There can be two difficulties that an LP solver can face to
solve the above problem:
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1. The number of decision variables and constraints are large, and
2. All decision variables are integer-valued.

The total number of decision variables are n = HK and total number of con-
straints are (H + K). However, since an LP solver will first convert an inequality
constraint into an equality constraint using a slack variable, the total number
of decision variables for an LP solver become n = (K + 1)H. Although these
numbers may not be daunting for a reasonable number of heats and castings, the
integer restriction of the variables is a serious matter. The commonly-used tech-
nique to handle such decision variables is the branch-and-bound (BB) method
(Deb, 1995; Reklaitis, Ravindran and Ragsdell, 1983). It is known that the BB
method is exponential to the number of variables.

To investigate the efficacy of such a mixed-integer LP technique, we have
applied LINGO (a commonly-used integer programming software) to the above
problem. We have tried to solve a problem with K = 10 castings (having a de-
mand of r = {7,7,6,9,9,5,2,2,7,6} copies). The weight of each casting varies
as follows: wy, = {175, 150, 85, 75,95, 76, 94, 200, 85, 50} kg. We have used a cru-
cible of size W = 650 kg for each heat and allowed 10 heats in total to make
all castings. The LINGO requires 592 function evaluations to arrive at a solu-
tion having an overall efficiency of 95.05%. Table Mshows the obtained solution.
The optimum efficiency achievable with 10 heats is 100 Z,lf]:l rrwy/(10 x W)
or 95.05%, which is what the LINGO has found. However, with the standard
input-output procedure of using the LINGO software, we were unable to find a
feasible solution (integer values on all variables) for a problem beyond 200 deci-
sion variables in any reasonable number of function evaluations and time (up to
seven hours on 1.7 GHz Pentium IV processor). The main reason is the use of
the exponential branch-and-bound algorithm used in LINGO.

Table 1. The solution obtained by LINGO.

Heat|| Casting Number ||Utilization/|Efficiency
No.[[1|2]3|4]56|7]8|9]{10|| Cruc. Size (%)
1{|0{1{1]|0(0(0|2|1|0] O 623/650 95.85
2((2/0|0|0{1]|0(0|0|2| O 615/650 94.62
3(|1|0|0|1|3|1|0|0|0| O 611/650 94.00
4(/2]10]0]0{1]0]0|1|0| O 645/650 99.23
5(|0(0|0|1]0|2(0|0|1| 6 612/650 94.15
6(|1(1|0|0|2|1|0|0|0| O 591/650 90.92
71|0/0|2(2{1|0|0[0(2] O 585/650 90.00
8]|0(3|0|0]0|1|0|0|1| O 611/650 94.00
9/|0{2|3|0{1|0(0|0|0| O 650,/650 100.00
10{|1|0{0|5]|0|0|0}0|1| O 635/650 97.69
7(716/9(9|5(2|2|7| 6 Average 95.05
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3 Genetic Algorithm Approaches

In order to investigate how a standard GA would perform to solve the mixed-
integer linear program given in (), we first use a binary-coded GA, where each
decision variable is coded in a 4-bit binary substring. The decoded value of the
4-bit substring is used as the corresponding value of xy;. Thus, each xy; takes
an integer in the range [0,15]. For n variables, we require a total of ¢ = 4n
bits. Each equality constraint is used to eliminate one decision variable. Only
inequality constraints are handled by using the penalty function approach (Deb,
1995). Each constraint is normalized and total normalized constraint violation
is multiplied by a factor 1,000 and subtracted from the objective function value.
(Note that the objective function is maximized here.) Standard GA operators
such as the tournament selection operator, single-point recombination (with a
probability 0.8) and bit-wise mutation (with a probability of 1/¢, where ¢ is the
string length) are used. We always keep a fixed number of castings (K = 10), but
vary the total number of heats H (thereby allowing to vary the number of copies
desired for each casting), so that the total number of decision variables (n) vary
between 100 to 300. Binary-coded GAs with an increasing population size (from
100 to 1,000) for larger sized problems are used and GAs are run till a feasible
solution is found. Table Rlshows the population size and the number of function
evaluations (average of 5 runs is tabulated) needed in each case. Although a
GA with a random initial population and standard operators can solve 200 or
300 variable problems, but the required number of function evaluations increases
exponentially. A real-coded GA (with SBX (7. = 0.3) and polynomial mutation
(nm = 0.1) operators (Deb, 2001)) also shows similar performance. These results
are not surprising. The generic binary and real-coded GAs are not particularly
designed to solve linear problems. To make GAs useful in solving these problems
and make GAs competitive to a classical optimization approach, their operators
must be redesigned with problem-specific information.

Table 2. Average function evaluations needed to find feasible solution using standard
binary-coded and real-coded GAs.

Binary-coded GAs Real-coded GAs
Number of|Population Function|Population Function
Variables Size|Efficiency Eval. Size|Efficiency Eval.
100 100 96.15 13,600 100 95.94| 23,740
200 300 95.01| 1,42,200 200 92.81| 1,21,760
300 1,000 90.11{14,12,400 700 95.14| 5,84,220

3.1 Using Problem-Specific GA Operators

In this subsection, we propose a new customized GA which starts with a biased
initial population and knowledge-specific recombination and mutation operators.
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Initial Population Generation. The optimization problem described in
involves many constraints, all of which must be satisfied by a feasible solution.
However, since the constraints are linear, a simple methodology can be adopted
to ensure that the first set of constraints are satisfied in all initial solutions.
First, every variable xy; is initialized within [0, a] (a being an upper limit to the
number of copies of a casting k that can be made from one heat). Thereafter,
we normalize each entry x; such that the total number of copies allocated for
a casting k is the same as that desired (ry), thereby satisfying the equality
constraints given in equation [l

Recombination Operator. The main purpose of a recombination operator is
to recombine partial good information of two or more solutions and create an
offspring solution. In the current context, a solution can be called good, if the
overall utilization of molten metal is close to 100%, so that the corresponding
casting strategy causes minimal waste of energy. However, a solution in an inter-
mediate generation may not contain close to 100% utilization in all its heats, but
may have close to 100% utilization in some of its heats. These partial solutions,
in which a good utilization has been already achieved, are building blocks of the
problem and should be propagated from parent solutions to their offspring. Em-
phasizing and propagating such partial good sub-solutions through generations
will enable GAs to jump towards the optimum by making more and more heats
to reach better and better utilization levels. Such a procedure should work fan-
tastically well in linear or linear-like problems, similar to the one described in
equation I

The population members are ordered randomly and every consecutive pairs
of solutions are chosen for recombination, in which the sub-solution (zy; for all
castings used in the heat) is simply chosen from that parent which produces
a better heat-wise utilization of molten metal. Although this is a simple re-
combination procedure, the offspring need not necessarily be a feasible solution
satisfying all the given constraints, despite the two parent being feasible. We fix
such a solution in the mutation operator described below.

Mutation Operators. The main purpose of a mutation operator is to perturb
a solution obtained by the recombination operator in the hope of creating an
even better solution. In this spirit, we develop two mutation operators (applied
to every solution) to make an infeasible solution created by the recombination
operator feasible.

In the first mutation operator, the decision variables of a solution are al-
tered so as to satisfy the equality constraints. For a solution, all xy; values for
each casting k are added and compared with its demand rj. If the added quan-
tity is the same as 7y, the corresponding equality constraint is satisfied and no
modification is made. If the added quantity is larger than rj, then the individual
normalized utilization of molten metal (U; = (W, — Zszl wiTk; )/ W; for the i-th
heat) is compared against zero. The heats having an U; value smaller than zero
violates the corresponding inequality constraint. Thus, we have the freedom to
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reduce the number of copies to be made from those heats. When there exist more
than one heat violating their inequality constraints, any one of the heats can be
chosen to reduce the corresponding xy;. Here, we choose to reduce one copy of
the k-th casting from the heat (imin) which violates the inequality constraint
maximally. Mathematically, xy;, ., is reduced by one. The utilization U;, ,, with
the modified number of copies for the i,,;,-th heat is recalculated and the same
procedure is repeated till the equality constraint for the k-th casting is satisfied.
However, there is one difficulty with this procedure. If x; ,, is equal to zero to
start with, the variable xy;_, cannot be reduced any further. In this case, we
follow the above procedure with the heat having the second-highest constraint
violation, and so on. If U; > 0 for all heats, the heat (imax) having maximum U;
is chosen and the corresponding xy;, .. is reduced by one, provided x;, .. > 0;
else the second-highest U; is chosen and so on. This procedure is continued till
the k-th equality constraint is satisfied.

On the other hand, if the added quantity is smaller than rj then the reverse
of the above procedure is followed. First, the heat i, having maximum U;
(but not violating the corresponding inequality constraint) is chosen and xg;, .
is increased by one. After performing these operations for all castings, if the
solution is still infeasible, we declare this solution as an infeasible solution by
associating with it a constraint violation of |ri - Zil :L'ki| /Ti.

Next, the modified solution is sent to the second mutation operator which
attempts to alter the decision variables further without violating the equality
constraints in order to satisfy the inequality constraints. The second mutation
operator is started using the first heat and continued serially to the final heat.
Each heat is checked for its inequality constraint violation. If U; > 0, the con-
straint is satisfied and there is no need to modify the heat. On the other hand, if
U; < 0, we look for the heat (im;,) which has the minimum feasible utilization.
To make U; feasible, we now have to transfer one copy of the casting k& from
the i-th heat to the iyin-th heat, irrespective of whether U; . is greater than
or lesser than one. Here, we choose a random casting k for which xg; > 0. After
all infeasible heats are rectified as above, the feasibility of the overall solution
is checked. If the solution is found infeasible, a constraint violation equal to the
sum of the normalized violations of all infeasible heats is assigned.

Heat-Updates. The objective function is a summation of independent heat
utilization values (or efficiencies), divided by the total number of heats. Among
all GA operators, the individual heat utilization values are computed only in
the mutation operators. Once the individual heat updates are made and the
revised utilization values are computed, the overall objective function is easy to
calculate. Since one solution may require many such heat-updates in its mutation
operators and one solution may not require updates of all its heats to make the
solution feasible, the total number of heat-updates can be used as a measure of
the computational complexity of the proposed approach. But it should be made
clear that it is difficult to compare the total number of heat-updates needed to
find an optimum in the proposed approach with the total number of function
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evaluations needed for the purpose usually reported using other optimization
methods.

However, it is obvious that a large-sized problem involving a large number of
heats will naturally require a large number of heat-updates to find the optimum.
To compare the performance of the proposed approach with an iterative method
which updates all H heats in one iteration, a normalized heat-update measure,
calculated by dividing the total heat-updates by the total number of heats (H),
is used here. This measure will give an estimate of the equivalent number of
iterations needed to find the optimum solution by the proposed approach.

4 Simulation Results

Here, we show simulation results of the proposed approach including a scale-up
study by varying the number of decision variables in the range 100 to 1,006,750.

4.1 Proof-of-Principle Results

First, we apply the proposed GA to the 100-variable problem solved using the
LINGO earlier. With a population size of 10, the proposed GA finds the optimal
solution (having an identical efficiency of 95.05%) in an average of only 32.68
normalized heat-updates (total heat-updates divided by the number of heats)
from 10 independent runs, requiring only an average of 2.1 generations. One
of the GA solutions is shown in Table Bl The average of total number of heat-
updates required by the proposed GA is 326.8, which is smaller than the 592
complete function evaluations (note that each function evaluation will usually
require more than one heat-update) needed by the LINGO.

Table 3. The solution obtained by the proposed GA approach.

Heat|| Casting Number ||Utilization/|Efficiency
No.|[T]2[3[4]5[6[7[8[9]10]| Cruc. Size (%)
1/|1]0(1{3|1|0|0|0]0| O 580/650 89.23
2|(1]1]0{1{1{1]0]0|0| 1 621/650 95.54
3||1|0|1|0|1|1|0|1|0| O 631/650 97.08
4/(1|0|0(1]1|0(0|0|3] 1 650,/650 100.00
5(|0(2|1|1|1]|0(0|0|0| O 555/650 85.38
6((1|1/0(0|1|0|1|0|1] 1 649/650 99.85
7//0{1]0{1|1]1|0|0}2| 1 616,/650 94.77
8||1|1]1|0]0|0|1|0|1] 1 639/650 98.31
9(|1|0|1|1|1]|0f0|1|0| O 630/650 96.92
10|(0|1|1{1|1|2]|0[0|O| 1 607/650 93.38
7(716/9(9|5(2|2|7| 6 Average 95.05
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4.2 Generation-Wise Search Effort

In order to investigate the number of generation-wise heat-updates required in a
GA run, we have considered a 2,000-variable problem having weight wy, of cast-
ings chosen randomly in the range [50, 200] kg. The number of castings is 10 and
two crucibles of weights 650 and 500 kg are used alternatively. A population of
size 30 is used here. It is observed that a total of 200 heats are necessary to find
a solution with 99.83% efficiency. The normalized heat-updates required in each
generation are plotted in Figure[ll. It can be seen from the figure that more heat-
updates are necessary during the early generations. Since the early solutions are
usually far from being feasible, a considerable number of heat-updates are neces-
sary to fix the equality and inequality constraints. When solutions approach the
most efficient solution towards the latter generations, not much heat-updates
are necessary. When all population members become feasible (happened at gen-
eration 32 in this case), no new heat-updates are necessary. However, in this
particular simulation run, the first feasible solution was found at generation 16.
Similar dynamics in the number of heat-updates versus generation number are
observed in all experiments performed in this paper.

120
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Fig.1. The number of (a) normalized and (b) incremental heat-updates versus the
generation number for a 2,000-variable problem.

In this problem, the total weight of all castings is Zioﬂ wgry = 113,280 kg.
To complete all castings, a total of 17-day schedule with 90 heats of 650 kg
crucible and 110 heats of 500 kg crucible are suggested by the obtained solution,
thereby amounting to a total of 200 heats. However, with one less heat or with
199 heats the total metal melted would be (90 x 650 4+ 109 x 500) or 113,000
kg, which is 280 kg smaller than the overall required casting weight. Thus, the
minimum number of heats required to find a feasible schedule is 200, which is also
found to be the optimum by the proposed GA. Interestingly, the proposed GA
has found a schedule having a little better objective value (99.83% utilization)
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than the mean utilization value, which is 113,280/(90 x 650 + 110 x 500) or
99.81%.

4.3 Importance of Population Size

Next, we study the effect of population size on the heat utilization. For the same
2,000 variable problem used above, we have used different population sizes, but
kept the total number of maximum allowed generations equal to 1,000/N (where
N is the population size). For each population size, the GA is run to find the
minimum number of heats needed to find a feasible solution. These values are
shown below:

Population size: 4 8 12 16 20 25 40 60 100
Min. number of Heats: 211 204 201 201 200 200 200 200 200

As discussed earlier, for the 2000-variable problem, there exist no feasible solu-
tion with less than 200 heats. The above table shows that for small population
sizes (up to 16), the proposed GA cannot find any feasible solution having 200
heats. But, GAs with a population size larger than or equal to 20 are able to
find a feasible solution with the minimum possible number of heats (200, in this
case). As discussed earlier, an interesting property of this problem is that with
the number of heats larger than the optimal number of heats more feasible solu-
tions exist in the search space, thereby making an optimization algorithm easier
to solve the problem (but with a lesser efficiency). This is the reason why GAs
with small population sizes cannot solve the problem with the optimal number
of heats. However, when the population size is adequate, GAs consistently and
reliably find feasible solutions with the optimal number of heats.

The corresponding efficiency obtained with each population size is shown in
Figure 2l The efficiency obtained in the best solution increases with population
size. Once again, the best, average, and the worst efficiencies obtained in each
case are shown (but the difference is so small that in most cases they are not
visible). These results agree with the past research studies (Deb and Agrawal,
1999; Goldberg, 1989) concluding that for a recombinative GA there exists a crit-
ical population size below which the recombination operator does not work well.
With an adequate number of population members, the recombination operator
has the flexibility to allow good solutions to exchange good partial information.
As seen from the Figure P] that beyond a critical population size there exists a
large plateau in which the proposed GA works equally well.

4.4 TImportance of Recombination Operator

To investigate the effect of the recombination operator, we have applied the
proposed algorithm with and without the recombination operator on the problem
having different number of variables. All GA parameters are kept the same for
runs with and without the recombination operator. Both GAs are run for a
fixed number of generations. Figure [B] shows that for a wide range of decision
variables (between 100 to 10,000), the GA with only the mutation operator does
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Fig. 3. Efficiencies achieved with differ-
ent number of variables for GAs with and
without the recombination operator.

Fig. 2. Efficiencies achieved with differ-
ent population sizes.

not perform as good as that with recombination and mutation operators. These
results show the importance of the suggested recombination operator in finding
solutions with very high efficiencies.

4.5 Scale-up Study

In order to investigate the computational complexity of the proposed approach
on increasing number of decision variables, we have solved the problem with
variables in the range of a hundred to a million. For a population size of 30, we
have taken 10 different runs for each case and run the proposed GA till a feasible
solution with an efficiency above 99.65% is achieved. Figure M shows the average
number of heat-updates over 10 runs for different problem sizes. The figure is
plotted in logarithmic scales. A fitted straight line shows a polynomial complexity
of heat-updates as O(n’%46), where n is the number of integer variables. It is
interesting to note that the proposed GA can solve a problem having as much
as 1,006,750 integer decision variables in only about 1.6(107) normalized heat-
updates in finding a solution with 99.84% efficiency, which is slightly better than
the corresponding mean utilization value of 99.82% for this problem. Figure Bl
shows the computational time needed to find the same optimum solutions on a
1.7 GHz Pentium IV processor. The figure shows a sub-quadratic computational
time complexity of the proposed algorithm. The log-log plot shows a complexity
of O(n*™9). For the largest problem, the GA takes only an average of 6.81 hours
of computational time. Since problems having 2,000 or less number of variables
take less than one second of computational time, we do not show those results
in Figure

It is worth mentioning here that to our knowledge this is by far one of
the largest problems which a GA has solved successfully and reliably. Where
a commonly-used classical mixed-integer programming method has only been
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able to solve the MILP problem with at most 200 integer variables, the pro-
posed GA’s success to solve the same MILP problem with more than one million
integer variables in a reasonable computational effort marks a landmark achieve-
ment in the field of search and optimization.

5 Conclusions

Over the years, genetic algorithms (GAs) have been applied to numerous search
and optimization problems. However, there exists very few studies where GAs
have been tested on very large scale problems, such as problems having hundreds
of thousands of variables. In this paper, we have shown that the standard GA
implementations have difficulty in solving a real-world casting sequencing prob-
lem in a competitive manner. We have highlighted that GA operators designed
with problem information must be used in order to solve them in any reasonable
computational time. Based on one such set of problem-specific GA operators and
an initial population generation procedure, we have been able to solve mixed-
integer linear programming problems having as much as 1,006,750 variables in a
sub-linear order of function evaluations and a sub-quadratic computational time
complexity. Parametric studies with the population size and importance of the
recombination operator have also been performed. Here are the outcomes of our
study:

1. The proposed GA finds the optimum solution in a computational complexity
much smaller than a classical branch-and-bound based LP solver.

2. The computational complexity of the proposed GA is sub-linear in terms of
required function evaluations and sub-quadratic in terms of computational
time for a wide range [100, 1006750] of decision variables.
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3. The new recombination operator developed here is the key operator for the
proposed GA’s success, although mutation operators suggested here are help-
ful but are not adequate to solve the problem efficiently by itself.

4. There exists a critical population size beyond which the proposed recombi-
nation operator works well.

5. In all problems tried in this paper, very high quality solutions (near 100%
utilization of molten metal) are found.

To our knowledge, GAs have not been applied to such large-sized problems
(with more than one million integer variables) with success and reliability too
often in the past. A careful design of GA operators is the key for using GAs
to large-scale search and optimization problems. The customized GA procedure
proposed here may also have limited applicability to other more generic inte-
ger LP problems. The computational time can be reduced further by using a
distributed computing approach. Hopefully, this paper has demonstrated the
power of a recombinative GA in solving large-sized problems to optimality and
would motivate the design and application of GAs to similar other large-scale
real-world optimization problems.
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Evolutionary Mining for Image Classification Rules
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Abstract. In this article, an approach for creating image classification rules
using evolutionary operators is described. Classification rules, discovered by
application of a genetic algorithm on remote sensing data, are able to identify
spectral classes with comparable accuracy to that of a human expert. Genetic
operators and the fitness function are detailed, and then validated for
hyperspectral images (more than 80 spectral bands). Particular attention is
given to mutation operators and their efficiency in the creation of robust
classification rules. In our case studies, the hyperspectral images contain
voluminous, complex and frequently noisy data. The experiments have been
carried out on remote sensing images covering zones of Lagoon of Venice and
the city of Strasburg, France. It has been shown that the evolution-based
process can not only detect and eliminate noisy spectral bands in remote
sensing images but also produce comprehensive and simple rules which can be
also applied to other images.

Keywords: Remote sensing image, classification rules, high resolution image,
hyperspectral image, supervised learning, evolutionary learning, genetic
algorithm.

1 Introduction

The design of robust and efficient image classification algorithms is one of the most
important issues addressed by remote sensing image users. For many years, a great
deal of effort has been devoted to generating new classification algorithms and to
refine methods used to classify statistical data sets (Bock, Diday, 1999). At the time
of this writing, relatively few workers in the machine learning community have
considered how classification rules might be genetically discovered from raw and
expertly classified images. In this paper, a new data-driven approach is proposed in
order to discover classification rules using the paradigm of genetic evolution.

The unique source of information is a remote sensing image and its corresponding
classification furnished by an expert. The images have been registered by various
satellites (e.g. SPOT, LANDSAT, DIAS, ROSIS) that use different cameras having
various spectral and spatial resolutions (Weber, 1995). These types of remote sensing
images generally contain huge volumes of data, for instance an image of DAIS
contains 79 bands of each one 2.8 Mbytes. And, sometimes they are very noisy due to
coarse spatial resolution or unfavorable atmospheric conditions at the time the images
are acquired. In addition, data may be also erroneous due to inexperienced operators
of the measurement devices.

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 153-165, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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The aim of this research is to detail an evolutionary classification method applied
to remote sensing images. More about evolutionary classifiers can be found in
(DeJong, 1988) and (Ross, Gualtieri et al., 2002). As stated, the approach to discover
classifiers is data-driven because the formulated classification rules are generated
from data and are able to adapt themselves according to this available data,
environment, and the evolution of classes. In remote sensing, the initial population of
classification rules is randomly created from raw images and given classes, and then
evolved by a genetic algorithm until the acceptable classification accuracy is reached.

In remote sensing literature, several classification approaches are presented,
namely:

— pixel-by-pixel, each image pixel is analyzed independently of the others
according to its spectral characteristic (Fjgrtoft, Marthon et al., 1996),

— zone-by-zone, before classification, the pixels are aggregated into zones, the
algorithms detect the borders of the zones, delimit them by their texture, or
their repetitive patterns (Kurita, Otsu, 1993),

— by object, this is the highest level of recognition, the algorithms classify
semantic objects, detect their forms, geometrical properties, spatio-temporal
relations using domain knowledge (Korczak, Louis, 1999).

Our approach uses spectral reflectances; therefore, discovered classification rules
are only able to find spectral classes rather than semantic ones. This spectral
component of class description is essential to well recognize thematic classes. The
approach has been validated using our software environment, called I See You (ICU).
In this software, the object representation is not too sophisticated but it offers a high
degree of freedom in description of symbolic expressions of rules and definition of
genetic operators. The goal was to evaluate the capacity of the genetic approach to
handle problems of over-generalization and over-fit in highly noisy and complex data.
The ICU is a genetic-based classifier, where we have adapted and extended ideas of
learning classifier systems, such as XCS (DelJong, 1988; Wilson, 1999), the s-
classifiers, and ,,Fuzzy To Classify System* (Rendon, 1997). We have also been
inspired by the works of Riolo (Riolo, 1988) on gratification and penalization, and of
Wilson (Wilson, 1999) on the exploration of the search space.

The paper is structured as follows. The basic concepts of image classification rules
are introduced in Section 2. Section 3 details the discovery process of the
classification rules. In this Section, the behavior of genetic algorithm functions is
explained. Finally, two case studies on real remote sensing data are presented in
Section 4.

2 Concept of Classification Rule Extracted from Remote Sensing
Images

In general, classification rules are symbolic expressions and describe conditions to be
held and actions to be taken if the conditions are satisfied. It must be underlined that
in our approach the rules are discovered by an evolutionary process and are not given
a priori by a domain expert.
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From a functional point of view, a rule represents a piece of knowledge about a
class by a conditional expression, such as if <conditions> then <class>. The
»conditions® part described an entry information in the system such as value, color,
form, shape, etc, corresponding to conditions that must be fulfilled in order to activate
this rule. The ,,class* part defines the class of the instance currently treated by the rule
when the appropriate conditions were satisfied. We assert that the evolved rules must
be rapidly evaluated and easy to interpret by any user. As a result, condition
representation using the concept of an interval could be fully adequate for remote
sensing image classification. In terms of machine learning, the rules have to be
maximally discriminant generalizations, meaning that they have to cover the
maximum pixels belonging to a given class and the minimum pixels belonging to
another classes.

Before rule specification, recall that a pixel is encoded as a spectral vector,
describing values of reflectance for the n bands of the remote sensing image, i.e. a
pixel can be considered as a point in a R" space :

<pixel>:=[b,b,b,... b ] (1)

In our system, the condition for any rule is built on the concept of spectral
intervals defining a given band, corresponding to a given class. Such intervals are a
pair of integer numbers, between 0 and the maximum possible value for a pixel of a
given band (i.e. 65536 for pixels defined on 16 bits). This solution allows to partition
the space of the spectral values in two ranges: the first containing the pixel values
which corresponds to a given class, and the second containing the remainder.

To precisely specify the class definition, a set of intervals is defined for each band
of the remote sensing image. Taking into consideration all bands, the condition part is
defined as a set of hyper-rectangles in a R"space :

n k . .
<condition>:= NV (rnl-]Sbl-SMi]) )
=1 j=1

where ml-] and Ml] are, respectively, the minimal and maximum reflectance values

allowed for a pixel belonging to a class C for the band i. k is a parameter which

defines the maximum number of disjunctions allowed.

These intervals are not necessarily disjunctive. By experiments, we have found
that if we allow the genetic algorithm to create non-disjunctive intervals, instead of
merging them, the results of genetic operators are more interesting. We have also
noticed that merging intervals significantly diminishes the number of intervals, and in
the same time, reduces the possibilities to create more efficient rules. To illustrates
the concept of interval merging, E = [I1; 105] Vv [I38; 209] v [93; 208]
corresponds after merge operation to E = [11; 209].

To satisfy a rule, a pixel has to match at least one spectral interval for each band.
Logically speaking, to associate a pixel to a class, its values have to satisfy the
conjunction of disjunctions of intervals that define a condition part of the
classification rule.
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This representation of the rule has been chosen mainly because of its simplicity,
compactness and uniform encoding of spectral constraints. During experimentation,
this representation has also demonstrated rapid execution of genetic operators and
efficient computing. Of course, one may specify more complex structures using
spatial properties of the pixel, with respect to the pixel neighborhood. Also, one may
include features resulting from thematic indices or mathematical operators applied to
pixel environment. These semantically extensions are interesting, however they not
only require more sophisticated genetic operators, but also more powerful computers
to perform the calculation in an acceptable amount of time.

3 From the Rule Creation to the Evolution

3.1  Genetic Algorithm

In order to efficiently develop the classification rules, a genetic algorithm initializes
interval values according to spectral limits of the classes designated by an expert, for
valid zones of the remote sensing image. Initial classification rules are created based
on the extreme maximum and minimum values for defined spectral intervals of each
class. It should be noted that by this initialization, rule searching is considerably
reduced, and initial intervals are very close to the final solution. More about
initialization algorithms can be found in (Kallel, Schoenauer, 1997). During the
process of evolution, the initial spectral limits are slightly perturbed by adding a
random value to lower and upper spectral limits. Hence, the initial population of
classification rules is quite diversified.

A Michigan-like approach is used to discover independently a classification rule
for each class. A major reason for choosing this approach is the efficiency of
computations; that is, the process of rule discovery is not perturbed by other rules.

The quality of classification rules is based on a comparison of these results with
the image classified by an expert. If pixels covered by the rule perfectly overlap those
indicated by an expert, then the system assigns the highest quality value to the rule;
otherwise, in the case of some mismatching, the quality factor is reduced (between O
and 1). An associated fitness function will be detailed in the next section. During the
evolution process, the rules are selected according to the quality for a given class. It
should be noted that it is also possible to define global system quality based on rule
classification qualities. The process of rule evolution is defined in the algorithm
below.

As mentioned before, this algorithm must be designed to run independently for
each class. This allows for obtaining rules according to user requirements without the
necessity of carrying out computations for all classes with the same level of quality.
This also allows to preserve the previously generated rules, as well as to introduce of
new ones. Further, the user may define a hierarchy of classes and specialize some
rules while respecting newly created sub-classes with different levels of classification
quality.
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Algorithm 1. Process of rule discovery.

R is a classification rule and P, P' and P" populations of classification rules.

R: = INITIAL_RULE (images) /I Creation of rule according to spectral
extremes

P: = INITIALIZATION(R) //Random perturbation of rules

EVALUATION (P) /I Calculation of the fitness function for
each rule

do while TERMINATION_CRITERION(P) = false

P’ : = SELECTION_X(P) /I Selection for crossover

P’ : = CROSSOVER(P’) U COPY (P)

P’’ : = SELECTION_MUT(P’) /I Selection for mutation

P’’ : = MUTATION(P’'’) U COPY(P’)

EVALUATION (P’ ")

P: = REPLACEMENT (P,P’") /I New generation of rules

end_while
Result: A print of the classification rule R for a given class, statistics and quality
measures for the discovered rule.

3.2 The Evaluation Function

The evaluation function serves to differentiate the quality of generated rules and guide
genetic evolution. Usually, this function depends strongly on application domain. In
our work, we define a pixel that the rule classifies as being in the class when the
expert classifies the pixel as in the class as a true positive. Conversely, we define a
pixel that the rule classifies as being not in the class when the expert classifies the
pixel as not in the class as a true negative. Other pixels are said to be correctly
classified.

We normally use as a quality measure the proportion of pixels that are correctly
classified by the rule. In some cases, when classes are under- or over-represented, we
care more about one misclassification than another. In these cases, we use

a.ppH(1—).pm as a quality measure, where prpis the proportion of true positive

pixel classifications by the rule (called sensitivity), pm is the corresponding proportion

of true negatives (called specificity), and & is a parameter that lets us adjust the
relative weight given to true positives and false negatives. By default the value of the
coefficient & is fixed to Ya.

The proposed function shows a number of advantages; it is independent of the
pixel processing sequence, invariant of the size of classes, and efficient for class
discovery with a highly variable number of pixels.

The evolution process converges according to some statistical criteria indicating if
the current rule is near to a global optimum or if the population of rules will not
evolve anymore. The termination criterion of the algorithm leans on the statistics of
rule quality evolution. In our system, we take into consideration not only the
evolution of quality of the best discovered rule, but also the minimum acceptable
quality defined by a user, the process stability measure and a maximal number of
generations to run. If one of these criteria is satisfied, then the process is stopped.
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The most difficult question is whether the quality of a rule is not continuing to
evolve. To detect stabilization of the quality evolution, instead of taking into account
the best rule generated recently we have based our heuristics on statistics regarding
quality evolution of the best discovered rules in a time. For example, let Q, be the
quality of the best rule obtained during the last k generation, and Q, be the quality of
the best rule of the current generation. Formally, the algorithm is stopped if the
following equation is satisfied:

P

Ok

k=1 . <
pASE 3)

where P represents the maximum period of quality stabilization, and E is a maximal
variation of this stabilization compared with the current quality.

It is important to have an initial population of rules within the vicinity of the
solution to be found. We have proposed two algorithms allowing for the generation of
a diversified pool of rules close to the expert hidden classification rule. The first,
called MinMax, creates maximum intervals covering all the pixels belonging to a
given class, and the second algorithm, called Spectro, integrates the spectral
distribution density and interval partitioning.

With respect to software engineering, the genetic algorithm has been structured
into layers corresponding to consecutive genetic operations (e.g. selection, mutation,
crossover and replacement). This modular approach makes the program maintenance
and future extensions much easier.

3.3  Genetic Operators

One of the most important tasks while designing a genetic algorithm is to invent
operators that will create new potential solutions. All of our operators have been
adapted to the rule representation, and they have been validated on remote sensing
images.

Selection of classification rules. In general, selection is the operation of allocating
reproductive opportunities to each rule. The reproductive force of a rule is expressed
by a fitness function that measures relative quality of a rule by comparing it to other
rules in the population. There are many methods for selecting a rule (Blickle, Thiele,
1995). In our system, the selection operator is applied in the following cases:
— choosing the rule to be reproduced for crossing, or muting;
— repetition of the rule, depending on whether it completes the genetic pool
after having completed the crossover;
— preservation of a rule from the former genetic pool for the next generation;
— elimination of a rule in a newly created genetic pool based on an assigned
rank.
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Selection methods are well known: the roulette wheel, ranking, elitism, random
selection, the so-called tournament, and eugenic selection. Our experiments have
shown that roulette wheel selection is most advantageous for the reproductive phase,
but the tournament strategy with elitism is best for the generational replacement
scheme.

Crossover of rules. Crossover requires two rules, and cuts their chromosomes at
some randomly chosen positions to produce two offspring. The two new rules inherit
some rule conditions from each parent rules. A crossover operator is used in order to
exploit the qualities of already generated classifiers. Each result of the crossover
process has to be validated. Consistency of the various rule attributes (border limits
violation, over-passing, etc) is carried out respecting the intervals boundaries.
However, merging not only decreases the number of intervals in the rules, but also
generates some information loss. In fact, in order to avoid a premature convergence of
rules, it is generally important to preserve for the following generation two distinct
intervals instead of a single aggregated one. On the other hand, it is also interesting to
note that the positive or negative effects of an interval on the quality of the rule can be
related to other intervals encoded in the classification rule.

Mutation of rules. The mutation operator plays a dual role in the system: it provides
and maintains diversity in a population of rules, and it can work as a search operator
in its own right. The mutation processes a single classification rule and it creates
another rule with altered condition structure or variables. The mutation operator for
several may be applied on three levels: band level, interval level and border level.
Figure 1 shows the different variants of mutation as applied to remote sensing images.

Band mutation consists of a deletion of spectral bandwidth in a chosen
classification rule. Its interest is twofold; firstly, the band mutation allows to simplify
and generalize a rule; secondly, it allows to eliminate of noisy bands that frequently
appear in hyper spectral images. The existence of noisy bands significantly perturbs
the learning process, as well as the process of evolution convergence.

Interval mutation allows for a chosen band to add, eliminate or cut an interval in
two spectral ranges. In case of addition, the new rule is completed by a new interval
centered randomly with a user-defined spectral width. The cutting of an interval is
done by random selection of a cutting point within the interval (for example, the
cutting of [10;100] can generate two intervals: [10;15] and [16,100]). Interval
mutation such as this allows splitting of continuous spectral ranges. And, this allows
for the definition of a spectral tube in which spectral values of the pixels belong to a
given class.

Finally, border mutation modifies both boundaries of an interval. This mutation
refines the idea of targeting spectral tubes carried out by the other types of mutation.
It is worthwhile to note that the mutated rules are systematically validated.

In our system, mutation operators are dynamically adapted. Adjustment is related
to the probability of each mutation operator according to its current efficiency.
Another schemes of mutation can be easily implemented, for instance self-adaptive
mutations proposed by (Anglano et al., 1998; Thomsen, Krink, 2002).
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Mutation

N

Band Interval Border

Add Suppress Shift Change [A;B]

Suppress Cut AorB Aand B

Fig. 1. Mutation operators

Generational replacement. The generational replacement is an operation that
determines which of the classifiers in the current population is to be replaced by
newly discovered children. According to Algorithm 1, the new generation of rules is
created from a population of parents (P) and their children after the crossover and the
mutation operations (P"). In our system, the following replacement strategies are
applied:

— the revolutionary strategy in which only the population of the children
completely replaces the parent population (P),

— the steady-state strategy in which new children are inserted in the new
population by replacing the worst, or the oldest rule, or the most similar
rules, or by preserving the best rules (elitism).

There exist other replacement strategies integrating, for instance, the strategy
where the best rule of the previous population replaces the worst one of the current
population or the strategy where the new classifiers having a performance higher than
a certain threshold are inserted. However, both these strategies present the risk of
having classifiers remain in the population, which is not necessarily a problem except
in the case of a weak genetic pool in which some classifiers of average performances
that would profit from immunity.

4 Case Studies and Experiments

In this paper, two case studies involving the remote sensing images of Strasbourg and
San Felice (Lagoon of Venice) have been chosen. These cases contain hyperspectral
data (DAIS 79 bands and ROSIS 80 bands, respectively), with 16 bits per pixel and
3m terrain resolution (Wooding, 2001; Quirin, 2002). The first case study considers a
typical problem of classification for urban zones including a high percentage of mixed
pixels. The second case demonstrates the performance of rules on very noisy images
with closed spectral classes (mostly vegetation classes). Learning was carried out on
the lower half of the image (932*%184 pixels), and then validation was performed on
the whole image (932*368 pixels).
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To well understand the formalism of rule representation, let B, be the reflectance
value for the band i of the considered pixel. For instance, the conditional portion of
the rule that classifies the instances of a Limonium Narbonense class is given below:

(0 < d < 65535)

>

(461 < 4y <1928)

A (0 < Bg < 65535)

AN
AN

((522 < B, < 1895) v (6541 < By <39307))

AN

A (364 < Byg <2107)

It is easy to notice that the band B, and B, are too noisy (range maximum), and
they can be eliminated from the condition. The rules simplification may be also
implemented indirectly in the rule evaluation function, promoting the rule simplicity.
It should be also noted that after preliminary tests, this method generated many over-
generalized rules with relatively weaker performance than that obtained by the simple
deletion.

In the following part, the main results of evolutionary data mining are described.
Each case study is illustrated by a classified image using the discovered rules,
discussions and performance measures.

Image of Strasbourg, Stadium Vauban (Hyperspectral Image, 80 Bands)

Table 1. Parameters of the GA

Parameter Value
Population 1500 rules
Generations 250
Stabilization length 20
Stabilization error 10"
Crossover rate 80%
Mutation rate 5%
Rate of eugenic sel. 1%
CPU time (P4

2.5GHz) 16h
Learned classes 11

Fig. 2. Classified image Performance 86,06 %

Comments. This complex remote sensing image contains more than 50% noisy
bands. Moreover, Water data is represented by many small, corrugated lines (signal
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has been scrambled by atmospheric conditions) so Water and Shadow spectral signals
are very similar. Therefore, a small spot of Water appears in the middle of the city,
instead of Shadow. The average quality of the best rule for each class is about 86%,
which is relatively good performance.

Image of Venice, Lagoon San Felice (Multispectral Image, 4 Bands)

Table 2. Parameters of the GA

- ) Parameter Value
- Population 500 rules
o Generations 500
- - Stabilization length 10

' u Stabilization error 10"
Crossover rate 75%
Mutation rate 15%
Rate of eugenic sel. 1%
CPU time (P4 h

2.5GHz)

Learned classes 5
Performance 89,03 %

Fig. 4. Classified image

Comments. Fig. 3 presents a typical classified image by an expert using ground
truth data. As illustrated the number of classified pixels (shown in color zones) is very
low (1.43%). Note that in the whole image only 10 pixels were identified as the Water
class. In spite of the small training set and the large space of search (spectral value of
pixels is represented by 32 bits), the discovered set of rules is able to produce a
coherent classified image.

Resistance to the noise of the learning process. The resistance of the classifier
system to the noise has been evaluated numerically. Fig. 5 illustrates the protocol
used for validation. (Data,,Expert,) are the training data and (Data,.Exp,) are the
validation data. These sets are of the same size and are generated by taking for each
one the half of the pixels of the whole image. Noise(image,rate) is a function which
perturbs rate% pixels. Valid() is a function which generates the weighted performance
of classifiers, according to the discovered rules (Rules) and an expert classification
(Expert) of the remote sensing image (Data). Cycle(rd,re) computes the performance
of the rules learned from a rd% perturbed data and a re% perturbed expert image. The
curves below, C,, =Cycle([0;50],0) and C,,,, =Cycle(0,{0;50]) illustrate the weighted
performance of the rules on the noisy training set.

We performed 11 runs for each test (perturbation of the data or the expert image).

Standard deviations of the rule performances are : Ociw = 0,042 and OCexper = 0,026.

The two case studies have demonstrated the high capacity of the evolution-based rules
to interpret and classify heterogeneous and complex images (e.g. high dimension,
large number of bands and noisy data that provide a computational complexity of
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Cycle(nd, ne)
NoRules=50
NoGenerations=50
Sampling of data=10%
Rules=Learning (

Noise (Data, , rd),

Noise (Expert, , re))
Perf=Valid (Datas, Experty, Rules)
return Perf i

EndCycle 0 o

o
@
&

‘ ——Cdata ~ ------- Cexpert

=
=

=
o
1‘/“"

Performance ofthe final best rule
2
&

=)
g
o

=
=

kli] 40 50
Percentage of perturbed pixels

Fig. 5. The validation protocol and the resulting graph

O(n’), which is quite heavy for a deterministic algorithm). The quality of
classification is very high even if there were a high number of noisy bands and mixed
pixels. It must be noted that the quality of learning is highly related to the quality of
the classified image used for rule discovery. The discovered classification rules are
simple and easy to interpret by remote sensing experts. They are also mutually
exclusive and maximally specific. The learning time was relatively long due to the
large image size and the chosen parameters for the evolution process, but the
computing time optimization was not addressed in these experiments.

During the experiments it was observed that the best rules use 0% mutation of
bands, 5% mutation of intervals, 41% mutation of borders, and 53% crossovers. In
spite of weak mutation rate (5-15%), mutation operators have demonstrated high
efficacy. The diagram shows that this evolutionary process is able to admit nearly 5%
of noise on the data or the expert image without significant loss of quality. We have
observed that by adding more than 5% of noise, the rule quality does not clearly
decrease. Rule generalization quality has also been evaluated and it is worthwhile to
mention that the best set of rules on high-resolution images can be applied on a 23-
times larger image with a loss of quality less than 0.02%.

Finally, high correlation was observed between obtained results and statistics
carried out on the remote sensing image (spectrogram statistics, excluding noisy
bands). Classified images by the discovered rules have shown that the evolution-
based process is able to faithfully reproduce the human expertise.

S Conclusions and Perspectives

This article has described an evolution-based method applied to remote sensing
images. The system has discovered a set of if ... then image classification rules using
the fitness function based on class recognition quality. These rules, which were
proven robust and simple to understand for the user, improve the accuracy of
classifications proposed by the expert, and are sufficiently generic for reusing them
on other portions of remote sensing images.

Taking into consideration image complexity and noisy data, the results of our
experiments are very encouraging. Case studies have demonstrated that the obtained
rules are able to reproduce faithfully the terrain reality.
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The rules are well adapted to recognize large objects on the image (e.g. sport
lands), as well as the smaller ones (e.g. trees, shadows, edges of the buildings). The
redundant or noisy bands have been successfully identified by our rule representation.
The formulation of rule representation has allowed for the modeling of a spectral tube
adapted to the granularity of spectral reflectance. The proposed rules initialization
seems to be well suited to large volume of data. It has considerably reduced the search
space by generating initial rules close to the final solution.

The genetic system developed in this research work, called ICU, is currently
available on our web site http://1lsiit.u-strasbg.fr/afd. A new version of
ICU is under development, including a more powerful representation of rules
including spatial knowledge, temporal relations, hierarchical representation of
objects, and new genetic operators.
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Abstract. Demography of the anchovy in the Gulf of Biscay is sup-
posed to be linked with the presence of retentive vortices structures,
that could retain eggs and larvae in particular environmental conditions.
An automatic process for identifying such structures in massive datasets
is needed to corroborate this hypothesis with biology statistics. The data
we are working on is a large set of vector fields issuing from ten years
of daily hydro-dynamical simulations of the stream circulation. Classical
vortices detection methods on vector fields do not focus specifically on
retentive structures, thus we propose an adaptation of the ant algorithm
paradigm for this identification task. We show that this scheme easily
achieves retrieval of significant structures.

1 Introduction

1.1 Retentive Structures and Fish Species

The presence and density of animal species in the ocean and coastal waters
are often conditioned by the presence of physical structures, such as upwellings,
temperature fronts, or vortices. In the case of the anchovy in the Gulf of Biscay,
biologists from the Ifremer institute want to investigate the relationship between
the presence of such structures and fish demography. Focus is put on so-called
retentive structures, that could retain eggs and larvae in specific environmen-
tal conditions. Meso-scale vortices-like structures, whose size ranges from tens
to hundreds of kilometers, are supposed to be retentive structures of main im-
portance. To verify this hypothesis, one difficulty is efficiently identifying such
patterns in massive datasets, in order to match their presence against biologists
observations and fisheries statistics. We first have a look at common methods
for vortices detection in the next subsection.

1.2 Classical Methods for Vector Field Analysis

The data we study here is a large set of vector fields issuing from ten years
of daily hydrodynamic simulations of the stream in the Gulf of Biscay. We do
not detail the 3D hydro-dynamical model that has been developed by Pascal

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 166-[I76] 2004.
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Lazure at Ifremer laboratory, we just note that stream direction and speed are
computed for any day of the year on a discrete grid with cell size 10 kilometers
in the horizontal plane, and 10 meters in the vertical/depth dimension, then
horizontal 2D slices are extracted at 10 meters depth and constitute the data
we are working on. These 2D vector fields are not conservative with respect
to the stream flow (there are flow sinks and sources), nonetheless they contain
enough information for biologists to point out structures that could be retentive
for biological agents. Figure [l illustrates a vector field.

Dealing with vortices in vector fields is a well known matter, that has been
investigated notably for purpose of simulation and also for scientific visualization.
A classical method is computing the vorticity (or curl) in every cell, which can
be done on a discrete field by a convolution. Then one can extract the extrema,
or use a threshold on this scalar field, as is explained for example by Corpetti et
al. in [I]. The same authors have proposed in [2] a more precise method based
on the Helmholtz decomposition of a vector field w(z,y) = (u(z,y),v(z,y)) in
its solenoidal part ws, and irrotational part w;,:

W= Wgo + Wjr -

From the knowledge of ws, = (uso(,¥y), vso(x,y)) one can build the orthogonal
field wi = (—vs0o(2,y), Uso(z,y)), and then integrate a scalar potential function
1 such that:

we, = V1.

The extrema of 1) are characteristic points of the solenoidal field, and one can
extract the vortices centers. The vortices spatial extensions can then be modeled
in several possible ways. The interested reader may also refer to [3] for a good
review of the state of the art.

Although theoretically sound, these classical schemes do not comply well with
the problem at hand. The first method (thresholds of vorticity) may be useful
for large scale structures in open ocean, but the shallow depths of coastal waters
induce many deviations of the stream circulation, resulting in much “noise” and
inaccurate structures shapes. This is illustrated in Fig[2] where the threshold is
not low enough to cover the totality of the main structures (upper left and center
of the picture), but already too high to avoid the apparition of noise along the
coast (upper side of the picture); notice also the erroneous detection of a curl-
ing but not retentive structure in the lower right corner. The second technique
is excellent at finding vortices centers but no satisfying model is proposed for
determining the vortices extensions: the use of Rankine functions only defines
unrealistic circular vortices. Moreover we can not assume that the detected vor-
tices always coincide with retentive structures, because the detection is based
only on the solenoidal component of the field, thus ignoring a possible irrota-
tional (i.e. radial) movement of the stream that may quickly push eggs and larvae
outside of the structure. Indeed the identification of retentive structures needs
to take into account the whole information contained in the stream vector field.
To tackle this problem, we propose to give a try at a totally different paradigm:
ant algorithms.
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Fig.1. The circulation in the northern bay of Biscay simulated by a 3D hydro-
dynamical model at 10m depth. Levels of grey show the salinity field, arrows indicate
the speed and direction of the stream, and black lines polygons are suspected retentive
structures, tagged by an expert
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Fig. 2. Detection of vortices by a curl threshold method. Some irrelevant structures
are detected, for example in the lower right corner, or along the upper coast-line
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1.3 Ant Algorithms

Behavior of social insects like ants, bees, termites and some wasps is character-
ized by self-organization. This means that interaction is based on local informa-
tion without explicit references to any global goal. Individuals usually communi-
cate by changing local properties of their environment, and through this limited
medium of communication some kind of distributed and collective intelligence
emerges [4J5].

Real ants have inspired the “ant algorithms”, that were introduced with
Marco Dorigo’s PhD. The basic idea is to imitate the cooperative behavior of an
ant colony in order to solve large combinatorial optimization problems [Gl[7/8/9].
Primary works have been based on simple model of the ant foraging mechanism,
that allows an ant group to find the shortest path between its nest and some
food source. During their trip, ants leave a chemical trail of pheromone on the
ground, whose role is to guide the other ants towards the target point. This
chemical substance evaporates and thus has a decreasing action over time, and
the quantity left by one ant depends on the amount of food it found. Every
ant chooses its path partly at random and partly according to the quantity of
pheromone it smells.

This model of communicating ants has been used as a framework for solving
combinatorial optimization problems like the TSP [7TOITT], routing problems,
load balancing in communication networks [12], numerical optimization [T3)/T4],
graph coloring problem [I5],... New trends based on the behavior of social in-
sects have also appeared these last years (modeling of ants chemical recognition
system, ...) and have led to new topics of research: classification [16], automatic
music generation and automatic paintingﬂ for instance.

In this paper, we explain how to transpose this mechanism to the problem
of detecting retentive structures in coastal and oceanic waters. We show that
our Marsouin algorithm (French name for porpoise) easily achieves automatic
retrieval of retentive vortices, and that the structures’ shape is better detected
with this technique than with other methods.

The remainder of this paper is organized in the following way. Section
describes the main principles used by our ant algorithm and how we adapt the
ants paradigm to automatic retentive structure detection. Section Bldescribes the
experimental results that have been obtained. Section F] draws some conclusions
and discusses about further works.

2 DMarsouin: An Ant Algorithm for Retentive Structure
Detection

In ant algorithms, new solutions are usually created by virtual ants using some
quality function of the local environment, e.g. length of edges for a graph shortest
path problem, and some simulation of pheromone communication, e.g. a matrix

! http://www.antsearch.univ-tours.fr/WebRTIC/default.asp?FCT=
DP&ID_PAGE=52
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of pheromone concentrations. A typical basic ant algorithm can be summed up
as a loop over three main steps:

— generation of solutions by ants according to local and pheromone information

— application of a local search scheme to improve the solutions found (although
not inspired from the biological model, this phase is necessary to obtain
competitive results on many combinatorial search problems);

— update of the pheromone information

2.1 Ants Population and Behavior

Real ants live in colonies and are able to distinguish both their own trail and
that of their colony fellows. In our case, we consider a population of ants divided
into several colonies, called teams, sharing a specific pheromone that does not
attract ants from other teams. This is done in order to help the teams to focus on
different vortices and was successfully tested with population size from as small
as 10 up to 500, and 1, 5 or 10 teams. These virtual ants are randomly spawned
on the cells of a 2-dimensional lattice. Each cell is characterized by speed and
direction of the stream, and it also has two arrays of pheromone concentrations,
one indexed by ants and the other indexed by teams. This allows an ant to detect
its own trail and the composite trail of its own team. Pheromone concentrations
are initialized to null value.

Ants iteratively move from one cell to one of its neighbors under an 8-
connectivity topology, as depicted in Fig. [3

Fig. 3. Ant scheme of cell connectivity

These moves are synchronized and thus all ants move at the same rate.
The choice of the next position is determined according by a stochastic rule
modulated by four parameters:

1. direction of the stream is the main parameter in the choice of the next move:
ants are allowed a maximum 45 degrees deviation from the direction of the
stream
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2. velocity of the flow: the higher the speed of the stream, the higher the chance
to follow the direction of the current

3. level of pheromone dropped by other ants of the same team

4. an individual random directional bias, that is drawn with equal probability
at the creation of every ant

A fitness parameter is calculated for each neighbor cells. The destination cell
is chosen by performing a "roulette wheel” between each candidate cell. The
formula below describes the way this fitness value is calculated for each cell:

£6.0.8) =0 min (| (0+8.5) —ail | (04+6.5) —Cr—a) ) > T )
=3 <_4(mm(| (6+8.5) —ed |(0+8.5) —Cr—en)]) ~ F)

3

™

. +¢i> else, (2)

Mmaw (bmaz

with 6 ant’s direction angle, a; angle of the candidate cell number i, § ant’s
bias, p; speed in candidate cell number i, 4, the maximum speed in the
whole matrix, ¢; pheromone concentration in candidate cell number i and ¢,q4
the maximum pheromone concentration in the whole matrix.

As stream vectors are always tangential to any rotating circulation of the
stream, the individual bias has been found useful to allow ants to follow curved
trajectories. Notice that this simple set of rules takes into account the whole
information of the field: in the presence of both rotating and diverging flow, ants
may be efficiently prevented from achieving a loop around a vorticity extremum.

The general course of the algorithm is changed on three occurrences:

— when an ant reaches the coast, it is picked up and dropped elsewhere

— when an ant loops over its own individual trail, the looping part of the trail
is examined as a candidate vortex (see next subsections)

— when a given number of moves has been performed the algorithm stops.

2.2 Local Search

Almost all ant algorithms are hybridized with a local search method in order
to enhance the search. In our case, there is no true local search scheme, but a
simple filter is applied when a candidate vortex has been found: looping paths
that are too short to be compatible with that of a meso-scale structure (less than
40 kilometers), and “forward-backward” flat loops, that may happen in places
where the stream is chaotic, are discarded.

2.3 Pheromone Update

Many different pheromone updates schemes exist and have been proposed in
the literature [9Y7II7II8]. They usually consist in two parts: evaporation and
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amplification. During the evaporation phase, all pheromone trails are decreased
according to a given value (percentage, probability...) while during the amplifi-
cation phase the best pheromone trails are increased, in analogy with real ants
increasing their deposits after finding a food source.

As a candidate vortex can be found at any time step, evaporation in Marsouin
is done after every move phase, and not as a dedicated step performed after
having built complete solutions as in many other ant algorithms. The evaporation
factor p is an input parameter, and experiments show that values between 0.1
and 0.5 provide interesting results for the set of maps we used. For every cell
(4, 7) the following evaporation formula is applied on all pheromone values 7:

i = (1= oyl

Standard ways of performing amplification can be roughly split up into two
sets: either only the “best” ant can improve its trail; or all ants improve their
trails in proportion to their current fitness. The intuitive idea is that amplifi-
cation should take place when a given task has been fulfilled, e.g. completing a
circuit through all cities in the classic Traveling Salesperson Problem. Here, our
implementation is very close to the natural model: each time an ant enters a
cell, it drops some pheromone. The reinforcement effect is computed according
to a classical update scheme:

T = Tfjld + Cst

where Cst is a constant fixed by the user (usually above 10.0).

A more involved amplification scheme has also been tried, consisting in an
extra amplification of pheromone dropped on looping trails in order to model
increased deposits after finding a goal, but it does not bring noticeable improve-
ment over this simple method, although a definitive conclusion is differed until
the end of the evaluation phase (see Sect. ().

2.4 Final Step

Once the ant algorithm is over, we perform a final analysis of the candidate
structures:

— structure barycenters are computed

— when the intersection of several structures contains all their barycenters,
these structures are merged into a larger one, and a new barycenter is com-
puted.

The largest structure is detected (we mean the structure which has the
biggest area) and all the other structures that are totally or partially included
in the former are merged together to obtain a unique largest “envelope” of the
retentive vortex structure, then the coordinates of the barycenter, the direction
of rotation and the area are computed and displayed.
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Fig. 4. Results of the Marsouin application in the bay of Biscay. Left graph presents
vortices found by the Marsouin application using 10 teams of 10 ants, while right graph
shows expert tagged structures

Fig. 5. Marsouin detected structures on the same scene, left with 1 team of 20 ants,
right with 4 teams of 5 ants

3 Experiments

In this section we present some structure detections performed on a set of maps
generated by the Ifremer laboratory. These are to be considered as illustrations,
until the results of a quantitative statistical validation phase that is expected to
end in fall 2003. This set consists of several “snapshots” of the Gulf of Biscay
during the year 1993, the maps varying in size and location. The running time
is around 1 minute for Marsouin to analyze a 200 x 200km map, while vorticity
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Fig. 6. Detected structures on another scene

based method may use from a few seconds up to 2 minutes (see [3]), depending
on the specific method and on the vortex model.

Figure [ allows a comparison between an automatic detection against struc-
tures retained by an expert. Most structures are detected, some small new pat-
terns are found, and one structure proposed by the expert is not chosen by
Marsouin (on the right of the picture). Nonetheless for this missing structure we
notice that divergence is quite high in the area, preventing ants to loop on. This
could be tackled by allowing stronger individual bias to ants, so to render them
able to loop around such structures, but through discussion it appears that it
might well be the case that the expert has been too optimistic in selecting that
particular zone, so the conclusion is delayed until the final word comes from
fisheries data.

Figure[lis a comparison of the same scene with two other population settings,
thus illustrating the robustness of the system to parameter changes. The main
difference is that with fewer ants, the structures tend to be smaller, and this can
be expected as fewer ants provide less exploitation of promising zones.

Figure [fl is an illustration of the search on another map compared to expert
judgment. On this scene the central structure is never detected in ten runs,
even when changing the number of ants and teams. However, discussions with
the expert and a closer inspection of the scene led to the conclusion that this
structure should be merged to the one to its left, rather than being considered
distinct. However, our algorithm does not yet select the whole extension of the
structure.

Marsouin is not available as a free-ware at the moment, but the interested
reader might have a look at our web-sited for color pictures.

2 http://www-1lil.univ-littoral/robillia/Research/Marsouin
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4 Conclusion

Pattern detection tasks occur in many fields related to engineering. New artificial
intelligence techniques may be of help when such tasks are not well defined in
mathematical or physical terms. In this study, the focus is set on structures with
a property of biological retention, and this can not be straightly confounded with
the notion of physical vortices as it is used in fluid dynamics. As the problem is
defined in terms of retention of biological agents, we experiment the possibility
of using convergence of trajectories of virtual ant agents to perform this task.

The model chosen is perhaps closer to its natural counterpart than many
ant algorithms, most of them being dedicated to combinatorial optimization
problems. The population of ants is split into several colonies, and any particular
ant is able to retrieve its own pheromone trail as well as the composite trail left
by the whole colony it belongs to. Once an ant has found a looping trajectory, it
is interesting to explore around it to try to extend it if possible, in order to know
the shape and the dimension of the structure. The pheromone deposit provides
the incitement needed by the colony to perform this “exploitation” task. The
pheromone update formulas have been kept as simple as possible, and the whole
algorithm was very easy to specify and to implement.

This approach is quite successful, and results are well enough in accordance
with expert expectations. Experiments showed that reducing the number of ants
per team tends to reduce the detected size of structures. On the other hand
increasing the number of teams was not necessary on the scenes we worked on.
On some pictures the automatic detection led the expert to change its mind, and
this was expected because eye strain is a big problem for a human processing
several maps. A validation phase is under course to quantify the performance
of the algorithm, its sensitivity to parameter changes on a large set of runs and
data scenes, and the possible error reduction it can bring versus a human expert
in limited time conditions.

This is of course not the only solution that could be tried for this problem. For
instance another path could consist in defining a formal model of vortex including
a potential function dedicated to take into account the divergence component
of the stream. This model should be kept flexible enough to map vortices of
variable shape and size, while being moderate on computational resources.
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Abstract. The annual number of daily flights in France has increased
from about 3500 in 1982 to about in 8000 in 2000. The number of flights
simultaneously present on the radar screen of the controller has also
increased. Usually controllers manage about 15 aircraft on their position
and sometime this number reach a maximum of 20. On the radar screen,
aircraft are represented by spots (with some previous positions and their
speed vector) and the associated label which give the flight ID, the speed
and the altitude of the aircraft. The controller in charge of the controlled
area, has to be able to select any aircraft in order to manipulate some
parameters of the flight such as heading, speed, altitude etc. Aircraft
selection is done by the mean of a virtual keyboard where the controller
pressed the keys of the flight ID. This ID is composed by a sequence of
three letters (maximum) which represents the airline code, followed by
the flight number. When such a selection is done, the associated flight
is made highlighting on the radar screen. Depending of the flight ID
distribution on a control position, the virtual keyboard can be optimized
in order to speed up the aircraft selections and to improve the work of
the controllers mainly when the sectors are overloaded. This keyboard
optimization problem may be addressed like a pure assignment problem
which is NP_Hard. This paper shows how artificial evolution has been
used for solving such a problem with very good results on real instance
associated to the Roissy departure sector.

1 Introduction

When an aircraft flies from a city A to a city B, it has to be managed by
air traffic controllers in order to avoid collisions with others aircraft. Everyday,
about 8000 aircraft fly in the French airspace, inducing a huge amount of control
workload. Such a workload, is then spread by the mean of the airspace sectoring.
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The airspace is divided into geometrical sectors, each of them being assigned to
a controller team. When a conflict between two (or more) aircraft is detected,
the controller changes their routes (heading, speed, altitude) in order to keep a
minimum distance between them during the crossing. All flying aircraft are then
monitored during their navigation and so from the departure till the destination.
This monitoring is helped by mean of the flight ID. This ID is a code associated
to the flight composed by several letters related to the airline, followed by a
number. For instance, the ID TWAS810 is associated to the flight Boston-Paris
operated by the TWA airline. All airlines have a normalized code given by the
ICAOf authority. This code has a maximum length of 3 letters. Air France
has the code “AFR”, British Airways “BA” and so on. In order to proceed a
flight, the pilot has first to produce a flight plan which is a kind of summary of
the preferred navigation route. This flight plan gives the flight ID and a list of
navigation segments connected by normalized way points (points in the airspace
extracted from an official set produced by the civil aviation authority). For all
those points (2D), the pilot must produce the associated altitude or the flight
leveld of the aircraft when it will be above this point.

The flight ID selection is done by mean of a numerical keyboard for which
letters are associated to numbers like in a telephone keyboard. The fact that
two aircraft belonging to the same airline being in the same controlled area at
the same time, is very rare and the flight ID selection is done only on the letter
associated to the airline. When such uncommon event happen, the selection is
extended with the number.

Nowadays, the controller enters all letters of the flight ID. Instead of using
a physical keyboard, we propose to use a virtual one for which the alphabetic
association to the numeric keyboard will be optimized in order to speed up the
selection process.

For all controlled areas, it is easy to determine the number of Air France
flights, the number of TWA flights etc. and to build statistics about the airline
codes. This counting is done on the year base. An example of such a statistic is
given in the following table:

Number of flights|Airline ID|Airline Percentage
44 AFR Air France 23
24 BA British Airways|12
21 LF Lufthansa 11

Our problem is to synthesize a dedicated virtual keyboard to any controlled area
in order to minimize the average selection time of aircraft IDs. This keyboard

! International Civil Aviation Organization

2 A flight level is a measure of altitude, given in hundred of feet by an altimeter
referenced to the 1013 hpa altisurface (average pressure at the sea level). For instance
if an altimeter measures a pressure of 164 hpa, there is a difference of 164-1013=-848
hpa which gives an altitude difference of 848+23=19504ft (1hpa = 23ft); then the
associated flight level is 195.
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is based on the numerical keys like the telephone keyboard but the distribution
of the letters on those keys have to be optimized. The numerical keys has to
be kept because such a keyboard is also used for others numerical tasks of the
controller work.

In a first part, a refined description of the problem is given for which the
performance and the constraints of the virtual keyboard are given. The second
part proposes an associated mathematical modeling of the problem. The third
and the fourth parts show how artificial evolution has been applied to such a
problem. Finally the fifth part presents results on some real traffic sets.

2 Problem Description

Based on the airline statistics associated to the considered controlled area, one
has to find the optimal letter assignment on a numerical keyboard. The numerical
distribution of the keys on a telephone keyboard is given Figure [II
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Fig. 1. Distribution of the letter on a telephone keyboard

The three boxes under each number are the potential positions of the letters;
so there are 30 positions where the airline ID letters can be included (a random
association has been represented in this example). Such a keyboard will generate
a translation between the alphabetic code (airline descriptor) and the resulting
numerical code. Having more boxes (30) than alphabetic letters (26), 4 null
characters will be included in such alphabet for completion. This association of
letters to the numerical keyboard has to optimize the following two criteria:

1. the total number of pressed keys;
2. the total distance on the keyboard.

Depending on the letter distribution, it is possible to produce automatic com-
pletion without ambiguity. As a matter of fact, suppose the following unrealistic
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airline code set is given :{AAA 50%;GGG 50%}. It says that 50% of the aircraft
has the airline code “AAA” and the other 50% has the code “GGG”. It is easy
to understand that the first letter is enough to remove the ambiguity between
the two possible airline codes subject that the two letters are located on two dif-
ferent keys. In such example, the number of pressed key reductions is given by :
(50%.2 + 50%.2).total number of aircraft. When the system has not ambiguity
anymore, it can highlight the associated aircraft.

For the key sequence which have to be pressed on the keyboard, the associated
distance has also to be minimized. The keyboard will try to put as close as
possible the letter associated to the most frequent letter codes.

Such optimization has to avoid also collisions between the resulting numerical
codes. As a matter of fact, different sequences of letters have to be coded by
different sequences of numbers in order to avoid ambiguities. For instance, in
the previous example, if the two letters “A” and “G” are coded by the same
number, the system will not be able to distinguish between the two airlines.

Some previous related works may be found in the reference [I6] but the
objective is to compare the performances of several virtual keyboards without
optimization.

The problem that has to be solved is very closed to the one of information
compression as it appears in the information theory [6]. In such compression
process, a file composed of different characters has to be reduced in size in order
to be transmitted or stored on any data support. Initially, all the characters are
coded with the same binary digit sequence length. The idea consists in coding
with short binary digit sequences the most frequent characters and by long ones
the less frequent ones (Huffman algorithm [12]). Such approach is not adapted
for our problem for the two following reasons :

1. to applied the Huffman algorithm to such a problem, every sequence of letters
has to be considered as a “super-letter” of an alphabet composed of 27 x 27 x
27 = 19683 characters (26 alphabetic letters plus the null character). The
Huffman algorithm will then produce a transcoding without any meaning for
the controller. For instance all the Air France (AFR) flights would be coded
by the sequence 24, the British Airways (BA) by the sequence 39. The two
initial alphabetic codes have a common letter, but the produced numerical
codes have no intersection;

2. the less frequent sequences could be coded with longer numerical sequences
compared to the maximum length of three in the alphabetic sequence which
is also very disturbing for the controller.

Instead of using such information theory tools which are not adapted enough
to our problem, we propose to address this problem from the combinatoric opti-
mization [T3] point of view. Before presenting the method which has been used,
a mathematical model is first presented.
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3 Mathematical Modeling

The problem that has to be solved consists in finding an optimal assignment
of the alphabetic letters to the numerical keyboard with a maximum of three
letters per key (see Figure [[). This assignment represents the state space of our
problem.

If the initial alphabet is extended with 4 null letters (stars on Figure[d), a
point in our state domain can be considered as a permutation of those 30 letters
(26 alphabetics plus 4 nulls). If numbers are assigned to all alphabetic letter (A
—0;B—=1,C—2;...;Z— 25; Null — 26; ...; Null — 29), state points are pure
permutations among those 30 integers. In order to evaluate such a point in the
state space, an objective function has to be defined. As it has been mentioned in
the introduction, the optimization process must minimize the number of pressed
keys and the distance covered on the numerical keyboard during code entering
process. To compute this objective, the first step consists in computing the list
of numerical codes (N ) builded from the alphabetic sequences (I:) and the given
permutation (P). Based on this initial list, each numerical sequence is checked
with the other ones in order to determine the last superfluous digits which can be
removed in the final numerical sequences. Those final sequences will be the ones
which will be effectively pressed on the keyboard. The system will then produce
the automatic completion and will highlight the associated flight. Those final
sequences will be also called compressed sequences in the following. In order to
compute the distance related to the pressed keys, a distance matrix has been
introduced. To build such a matrix, it has been supposed that only one finger
presses the keys on the numerical keyboard and the initial position of this finger
is under the “0” key as it can be seen on Figure[l

The associated matrix is given by (the numbers expressed in this matrix are
in “d” unit):

0 1 V17 4 V17 V10 3 V10 V5 2 VB
1 05 V10 3 V10 v5 2 V5 V2 1 V2
V17 V10 0.5 1 2 1 V2 V5 2 V5 V8
4 3 1 05 1 V2 1 V2 V5 2 V5
VITV10 2 1 05 V5 V2 1 V8 V5 2
D= |Vvi0 V5 1 V2 V5 05 1 2 1 V25
3 2 V2 1 V2 1 05 1 V2 1 V2
VIO VB V5 V2 1 2 1 05 V5 V2 1
VE V2 2 V5 V8 1 v2 V5 05 1 2
2 1 V5 2 V5 v2 1 V2 1 05 1
VB V2 V8 V5 2 VB V2 1 2 1 05

It can be noticed that when a key is pressed two times, the associated distance
is not zero but half d. So, for a given numerical code, the distance of the overall
path is given by the summation of the individual distances between keys.

IN7I-1

DIN))= ) [dﬁam }

- i ig41
Jj=1

where |Nz’| represents the length of the considered compressed code (N repre-
sents the induce code by a permutation and N’ after compression). For instance
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the numeric code 753 has the distance v/5 + v/2 + /2. This distance being com-
puted on the compressed numerical codes (code without superfluous last digits),
its minimization meets two objectives (minimization of the number of pressed
keys and the remaining distance). In order to take into account the statistics
associated to each code, the distance is weighted by the number of flight having
this code. So, a permutation P is evaluated the following way :

=N )
O(P)= Y DN)).Np(I)

i=1

where N'(P) is the set of numerical codes associated to P after compression;
and Np (J\NJZ’) the number of flights with the code ]\7{

Having now defined the state space and the objective function, one has to
identify the associated constraints of this problem. The main constraint can
be summarized the following way: two different alphabetic sequences have to
produce two different numerical sequences. For a given permutation P, the as-
sociated constraint violation criterium is computed by counting the identical
compressed numerical code induced by a permutation P. The number of con-
straint violations is then given by :

i=IN'(P)| 3=IN'(P)] )
N(P)= ) SN} (P), Nj(P)]

i=1

[
Il

where

S[N;(P), Nj(P)] =

J

{1 si  N/(P)= Ni(P)

0 sinon.

This number is taken into account in the optimization process by relaxation.
Then, the constraint factor will be stronger at the end of the optimization process
than at the beginning.

Having now defined a mathematical model for our problem one must identify
the associated complexity. As it has been previously shown, one has to find an
optimal assignment of 26 letters to 30 boxes. The number of possibilities is given
b: %.

The problem we have to solved is an assignment problem which is known to
be NP_Hard and artificial evolution is quite adapted to address such a problem.

4 Artificial Evolution

Artificial evolution is an optimization algorithm belonging to the class of stochas-
tic optimization techniques. Simulated annealing [8], taboo search [4], branch and
probability bound [17] etc..., belong also to such class. Such techniques usually

3 The first letter has 30 choices, the second 29 and so on: 30.29...5 = 34—0!! (the number
4 comes from the 4 null letters which have been included).
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addressed problem with strong complexity for which the objective function has
no specific feature such as convexity, continuity etc. The main feature of those
stochastic optimization techniques is to randomly move in the state domain in
order to improve the objective criterium. Evolutionary Algorithms (EA) [5lf7]
3ITT92i14] are problem solving systems based on principles of evolution and
heredity. An EA maintains a population of individuals,P(t) = x1,za, ..., 2, at
iteration t. Each individual represents a potential solution to the problem at
hand and is implemented as some (possibly complex) data structure S. Each
solution x; is evaluated to give some measure of fitness. Then a new population
at iteration ¢t + 1 is formed by selecting the fitter individuals. Some members
of the new population undergo transformation by means of genetic operators
to form new solutions. There are unary transformations m; (of mutation type),
which create new individuals by a small change of a single individual and higher
order transformations ¢;(crossover type), which create new individuals by com-
bining parts from several (two or more) individuals. For example, if parents are
represented by a five-dimensional vector (a1, as, a3, a4, as) and (b1, ba, bs, by, bs),
then a slicing crossover of chromosomes after the second gene produces offspring
(a1,a0,b3,bs4,b5) and (b1, bs, as,aq,as). The control parameters for genetic op-
erators (probability of crossover and mutation) need to be carefully selected to
provide better performance. The intuition behind the crossover operation is in-
formation exchange between different potential solutions. After some number of
generations the program converges - the best individual hopefully represents the
optimum solution.

The structure of the EA which has been used for our experiments is given
Figure[2l To move from generation k to generation k + 1, the population is first

POP(k)
[ITTTTTITTITITITITTIITIITTITITIT7 0701

Evaluation
Scaling

Selection (A1)

N\
[ITTTTTTTTITTTITITITITTITITITITITITIT]
1-Pe-Pm N P Y Pm

anain
VAR
[ITTTTTTTTITTTITITITITTITITITITITITIT]
POP(k+1)

Fig. 2. Structure of the Evolutionary Algorithm
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evaluated and the associated fitness is also scaled using a classical power law scal-
ing principle [B]. Afterward, the best individuals are selected with a tournament
selection (A;p) and then undergo the recombination process. Then, individuals
can be put straightly in the next population (“nothing” operator), crossed over
(crossover operator) or mutated (mutation operator). Those operators are ran-
domly selected based on their associated probabilities ((1— P, — P.) — nothing;
P. — crossover; P,, — mutation). The probability of mutation is self adapted
to the problem using the Reichenberg rule with a constraint interval limiting
this probability between [0.5,0.7]. This scheme has been successfully used for
our keyboard optimization experiments.

5 Application to Keyboard Optimization

5.1 Coding

In order to make run such Evolutionary algorithm, a coding of the state space
has been developed. Two potential codings have been proposed. The first one
is based on the pairwise decomposition property of any permutation of size N.
As a matter of fact, any permutation of size N can be decomposed into a list of
exchanges between pair of positions, subject that the minimum number of swaps
is at least N log(V). From the mathematical point of view, this property can be
formulated the following way. Suppose that a permutation P of size N and a
pairwise swapping operator T  are given. When the permutation P is applied to
an initial list Ly, it produces a new list noted Ly. This means that Lo = P(L).
This list Ly can also be reach by the successive application of the operator T
on some pairs of position: Ly =Ty o To o...0 Tk (L) subject that K is greater
than Nlog N (where o is the composition operator). The structure of such a
coding is given Figure[3l This coding is convenient because crossover like slicing

T;TpT3Ty Tk
312/6|7 i
61521 i

Fig. 3. Coding based on pairwise permutation operator T’

or uniform can be straightly applied to any chromosome without checking the
integrity of the children (as a matter of fact, the application of such a crossover
insures that the produced permutation will be valid (one letter is assigned to
only one numerical key)). In the some way, it is very easy to develop a mutation
operator by randomly choosing a locus in the chromosome and put a new random
pairwise permutation.
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Unfortunately, this coding produced poor results in our experiments and a
more straight one has been used without crossover operator. This new coding is
just an array of integers describing the overall permutation as it can be shown
Figure [4

PO [ 17 (24| 9 |27 |12 1|3 |15

Fig. 4. Straight coding of the permutation P

In this example the 17th letter is assigned to the first position, the 24th to
the second one and so on.

The mutation operator consists in exchanging two random positions (i, j) in
the chromosome like it can be seen Figure Bl (in this example the size of the
chromosome is 12 instead of 30 in our problem).

i J

l2fs]afals[ufr]ofe]s ][]

|12‘3|6|4‘5‘11‘7‘9|2|8‘10‘1|

Fig. 5. Mutation operator

The associated fitness evolution takes into account the constraint criterium
(N,) and the overall distance induced by the keyboard. As it has been previously
noticed, this distance minimization takes into account the code compressions
(when a flight can be selected only by the first digits in the numerical code,
the final ones has not to be pressed on the numerical keyboard). The fitness
associated to a chromosome C' is then given by :

1
e

Np
nbiz:ns (gen current generation number; nb_gens: total number of
generations), D(C') the total distance associated to the chromosome C' and Np
the total number of flights. To compute D(C) and N, (C), the keyboard is build
from the permutation associated to C. Then all alphabetic codes are then con-
verted into numerical codes and compressed when it is possible. Based on this set

Fitness(C) = e~ AN (0)

where \ =
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of numerical codes, the number of collisions is then computed (V,: the number of
numerical codes which are similar) which is the number of constraint violations.
The overall distance on the proposed keyboard is then computed using the dis-
tance matrix. This distance takes into account the number of flights associated
to a given numerical code.

6 Results

This method has been applied to the departure sector of Roissy Airport. During
one year this sector is crossed by about 300000 aircraft. The set of alphabetic
codes is given on the following table (only the beginning of the table is repre-
sented).

Airline ID |AFR |AF |DLH BAW|FPOJ|AZA|SAS|BCY|BMA|...
Nb Flights|97071|23689(14324(9165 |7359 (7332 4862|4328 |3944 |...

The parameters of the evolution were the followings: population size 300;
number of generations 400; A = 7, u = 2 and initial probability of mutation 0.6.
The evolution of the best fitness, the average and the associated dispersion are
given Figure[@l(a). This fitness has to be maximized and the observed decreasing
is due to the constraint relaxation for which the constraint violation criterium
becomes stronger and stronger. The discontinuities of the fitness appear when
the number of constraint violations decreases (see[(b)). The associated keyboard
distance reduction and the number of compressions are represented on figure [7}

Roissy Departure Roissy Departure
T

o
=
N
S

roissy_constraints’ using 5 —

o
° o
< e

-

%

kS
o

2

best,avg, sigma fitness
@

o o o'd o o o
@

number of constraint violation

0.01}

o
o

0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400
generations generations

(a) Best, Avg, Sigma (b) Number of constraint violations

Fig. 6. Fitness and constraint violations evolution

As it can be seen on the figure, the distance has a smaller value at the beginning
of the evolution than at the end but it is also the period where the constraint
are not respected. The final distance is about 2.7.10% which is really smaller to
the one induced by the actual keyboard: 3.9.10°. The associated reduction of
pressed keys is about 45.103. Finally the synthesized keyboard is represented
Figure[§l The optimization process has reduced significantly the distance of the
most frequent airline codes like AFR, DLH, BAW (closest to the finger position).



Air Traffic Controller Keyboard Optimization by Artificial Evolution 187

Roissy Departure Roissy Departure

2.9e+06 - I T 55000 I i
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2.8e+06
45000 H
2.75e+06

2.7e+06 40000 H

stance

]
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30000
2.55e+06
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(a) Distance minimization (b) Compression maximization

Fig. 7. Distance and compression evolution

(1)

JY* ovVX

S
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34
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DNW B HR FSU

9

Fig. 8. Synthesized keyboard

7 Conclusion

This paper has presented a real word application of the Artificial Evolution
technique. Results proposed by the algorithm really improve the selection per-
formance of the flight ID on the control position. The paper has first described
the operational context of the flight ID selection and the underlying keyboard
optimization problem. The objective function, the state space and the associated
constraints have been presented with the associated mathematical formulation.
Due to the induced complexity of such a problem, stochastic optimization has
been supposed to be a good candidate to solve this problem. Artificial evolution
has been presented and adapted to the keyboard optimization problem. Finally,
the algorithm has been tried on a real instance of the problem related to de-
parture sector of Roissy Airport. The given results really improved the flight ID
selection with a large reduction of pressed key. In a near future, this tool will be
adapted to several control positions with different flight IDs in order to check if
the produced results are as good as the ones given for the departure sector of
Roissy Airport.
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Abstract. Structure-based virtual screening is a technology increas-
ingly used in drug discovery. Although successful at estimating binding
modes for input ligands, these technologies are less successful at ranking
true hits correctly by binding free energy. This paper presents the results
of initial attempts to automate the removal of false positives from vir-
tual hit sets, by evolving a post docking filter using Cartesian Genetic
Programming.

1 Introduction

Structure-based virtual screening (see [1]) is an increasingly important technol-
ogy in the hit identification and lead optimisation phases of drug discovery. It
provides a fast, low-cost alternative to experimental High Throughput Screen-
ing (HTS) of large compound libraries and promises to help reduce the time and
effort required to identify candidate drug molecules for further clinical develop-
ment.

The goal of structure-based virtual screening is to identify a set of small
molecules (ligands) that are predicted to bind to a defined target macromolecule
(protein or nucleic acid). Through the combination of fast molecular docking
algorithms, empirical scoring functions and affordable computer farms, it is pos-
sible to virtually screen hundreds of thousands or even millions of ligands in a
relatively short time (a few days). The output from the docking calculation is
a prediction of the geometric binding conformation of each ligand along with a
score that represents the quality of fit for the binding site. Only a small frac-
tion of the top-scoring virtual hits (typically up to 1000) then are selected for
experimental assay validation. If successful, this virtual hit set will be signifi-
cantly enriched in bioactive molecules relative to a random selection and will
yield a number of diverse starting points for a medicinal chemistry ’hit-to-lead’
programme.

Although many factors contribute to the success of virtual screening, a criti-
cal component is the scoring function employed by the docking search algorithm.
During the last ten years a variety of docking programs have been implemented
and published in the literature (e.g. FlexX [2] and GOLD [34]). The majority of
these use so-called empirical scoring functions to estimate the binding energy of
a ligand conformation in terms of well-recognised physicochemical interactions

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 189-200] 2004.
© Springer-Verlag Berlin Heidelberg 2004
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such as hydrogen bonding, ionic, and hydrophobic interactions. Whilst reason-
ably effective at reproducing the binding geometries of known ligands, empirical
scores are less successful at ranking true hits correctly by binding free energy.
This is a natural consequence of the many approximations made in the inter-
ests of high throughput and, as such, all virtual hit sets contain false positives
to a greater or lesser extent. One contributing factor is that empirical scoring
functions are calibrated against known target-ligand structures that, by defini-
tion, only represent observed interactions. Some of the false positives contain
non-observed combinations of molecular interactions that are not explicitly pe-
nalised by the scoring function (see [5]). Many of these can be removed manually
by visual inspection of the predicted binding geometries by an expert computa-
tional chemist, but this is a time consuming process.

There have been previous studies that used Genetic Algorithms to improve
the coefficients of the scoring function (see [6]). Also Bohm ([5]) developed an
empirical postfilter for the docking program FlexX using penalty functions. This
paper presents the results of our initial attempts to apply Genetic Programming
(GP) techniques to automate the removal of false positives from virtual hit sets
provided by our in-house virtual screening platform, rDock.

2 rDock Virtual Screening

Here at RiboTargets rDock ([7]) and its predecessor RiboDock ([8]) have been
developed as docking platforms that can rapidly screen millions of compounds
against protein and RNA targets. It also has “pluggable” modules that are de-
signed to give a more reliable estimation of the binding mode and energy at the
expense of CPU time. The program outputs binding modes, score components,
and also many additional descriptors that can be used during post-processing
for filtering purposes.

rDock is able to screen libraries with millions of compounds and return a list
of virtual hits of several thousands. This list is still too large and it should be
further reduced before selecting the compounds that will be assayed experimen-
tally. This process is left to be done by the computational chemists that use all
their expertise to reduce the amount of virtual hits while maintaining real hits
in the set.

During docking rDock tries to minimise the total score:

Stotal = Sinter + Sintra + Srestraint

where Sjnier stands for the sum of all the intermolecular scoring functions,
Sintra 1S the ligand intramolecular term and Syestraint iS @ penalty term that
considers the deviation from certain restraints, for instance when part of the
ligand is outside the docking cavity.

Using this score rDock searches for the best conformation for a given ligand
over a given docking site. At the end, rDock stores the ligands for which a
conformation with a low enough score has been found. These are the ligands
that will be considered virtual hits.
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Fig. 1. CGP Cell

Once all the hits are found, the value of the score is no longer meaningful.
The score is good enough to compare two different conformations of a given
ligand, but not good enough to accurately rank order different ligands.

rDock outputs the score and its constituents. rDock also outputs additional
descriptors for both the ligand and the target docking site such as molecular
weight, number of aromatic rings, charge, number of atoms, etc., that are not
used directly during docking. This information is used in an ad hoc manner by
the computational chemists to filter out manually the virtual hits, often on a per-
target basis, for example to ensure a desired balance between polar and apolar
interaction scores. We have explored the use of Genetic Programming techniques
to automatically evolve more complex, target-independent post-docking filters.

3 Cartesian Genetic Programming

In standard GP ([9], [10]) a program is implemented as a tree, where the terminal
nodes (or leaves) are inputs (variables and constants) and the branching nodes
are functions to be applied to the terminals. During program evolution, crossover
and mutation operators can affect the depth of the tree and the functions applied
at the nodes. Each tree represents an evolved program explicitly.

In Cartesian Genetic Programming (CGP), developed by Julian Miller ([11]),
each function is represented by a cell as shown in figure [[l In this case the cell
represents ¢ = a op b with op representing one of the valid operations for the
given problem. If op only asks for one input, the value of b can be ignored, as
inc = op a.

Each cell is represented by a string of integers. In this example, by three
integers, the first two representing the input arguments and the third the opera-
tor. The inputs can refer to inputs of the program (i.e. variables and constants)
or to other cells, i.e. the output value of another cell. The cells can then be
chained together to form a program. Figure Pl represents a CGP program. The
inputs of the program are two variables, represented in the left by 0 and 1. In
this case there are 6 cells which are given the numbers 2-7. The output is the
result given by cell 6. There are four operators represented by the integers 0-3.
They represent respectively addition, subtraction, multiplication and division.
Cell 6 is represented by the integers 2 5 3. This means take the output of cell 2
and divide it by the output of cell 5. Cell 5 is represented by the integers 0 3 2.
This means take the output of 0 (simply the value of the input variable 0), and
multiply it by the output of cell 3. And so on.
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Fig. 2. CGP Program

Given two inputs, 6 cells, and four operations, the CGP program is coded by
the string

1101010210322534526

and it represents the function

(vl 4+ v1)/(v0 * (v1 — v0)) .

The string has 19 integers and although cells 7 and 4 do not play a role in
this case, they are also represented in the string. If the last value of the string
is changed from 6 to 7:

1101010210322534527

the output of the program will be taken from cell 7 instead, and all the cells
except 6 will play a role. In that case the string will represent the function

(v0 — (v1 + v1)) * (v0 * (v1 — v0)) .

With two inputs, one output, four operations and a structure of 3 by 2 cells, it
is possible to use a string of 19 integers to represent quite different functions. By
using a string all the normal Genetic Algorithm operators are available. As the
structure is fixed, the resulting functions cannot go above a given size. The cells
that are not used for a given function, act as introns. A mutation or crossover
can turn them from inactive to active. The consequence of this approach is that
the genotype (string of integers) is completely separated from the phenotype
(the function represented)([12]). This is in contrast to standard GP where a tree
is both the phenotype and the genotype.

A common problem of standard implementations of GP is the increase of size
for the average program as the population evolves, known as bloating. Much
of this bloating is due to code that can be eliminated without modifying the
behaviour of the program, so called “junk code” (see [I3]). As the average size
increases, more memory and CPU time is needed. Also, smaller programs tend
to generalize better. These reasons make it necessary to control bloating when
implementing a GP, normally by not allowing the trees to grow further than a
maximum size.
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Bloating is not a problem in CGP. Although the phenotype, the function,
can vary greatly in size, the genotype has a fixed size, the length of the string.
Julian Miller also has found that the amount of junk code is greatly reduced
or even non-existent (see [14]). We decided to implement a CGP for all these
reasons. As we have not tried the standard GP on this problem, this paper does
not pretend to be a study or comparison between standard GP and CGP. On
the other hand, it must be said that at least for this problem, CGP has proven
to be a good choice as bloating was indeed absent.

4 Implementation

The GP implemented is a standard CGP. The structure is a matrix with 1 row
and 200 columns. A cell can use as inputs any cell 100 before itself, counting the
input variables as the first cells. All cells have three inputs and one output. The
operations implemented are

Addition
Jr
Subtraction
Multiplication
*k
Division
. _ fa if|b] < 0.000001
div(a,b) = {a/b otherwise
Logarithm
log(a) = 0 if |a|] < 0.000001
8la) = log(]a|) otherwise
Exponential
0 if @ < 200
exp(a) = < exp(200) if a > 200
exp(a) otherwise
Conditional

bifa>0
¢ otherwise

if(a,b,c) :{

Random constant. First time this command is called for a given cell, it will
create a new random constant. That will be the value of the cell for the rest
of the program, unless a mutation operator changes the operation of the cell.
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The input to the program is the data returned by rDock. There are com-
ponents to Sipter, Sintra, and Srestraint, ligand descriptors and docking site
descriptors. Some of these descriptors are explained in detail in table 2l

Apart from the input variables, there is also a pool of 15 constants introduced
as input. Each time the CGP is run, 13 of them will be created at random. The
other 2 are the constants 0.0 and 1.0. A random constant is equal to a * 10°
where a is a float (with just one decimal) number between -10 and 10 and b is
an integer between -5 and 5.

In total there were 66 input variables, although a given filter did not have to
use all of them. In average 10 to 15 variables were used by individual filters.

The evolutionary algorithm implemented was also taken from Miller’s work
([L1]). It is a simple form of (1 + A) Evolutionary Strategy with A equal 4, no
crossover and a mutation rate of 8%. The algorithm can be summarised as:

Initialize random population
while no max number of generation
- choose fittest individual
- mutate the fittest individual enough times to fill up the
rest of the population

The genetic algorithm described in [I1] was also tried but, as the results
obtained were no better than those presented here and required more CPU
time, this method was discarded. Also, a series of experiments were conducted
in which system parameters such as the structure of the matrix, number of cells,
number of constants, and mutation rate were varied. The fitness function of the
CGP is based on the result of applying the current filter over the training set. As
this is a classification problem, our aim is to maximize the classification accuracy
over the test set. Being able to find the global optimum for the training set is not
our goal as this will almost surely be equivalent to overfitting and will produce
a filter that will perform poorly over new data. Because of this, once a system

capable of finding good local optima was identified, the system parameters were
fixed.

5 Application

5.1 Training Set

We have assembled a set of 163 targets, for each of which there is a structure
available of the target bound to its native ligand.

Each of the 163 ligands have been docked against each of the targets. If the
scoring function used in docking were perfect, then the lowest (best) score for
each target would be obtained for the native ligand bound.

As our current ability to calculate physical properties is quite limited, the
native ligand only ranks first in a few cases. Therefore, this cross-docking set
contains a large number of false positives. These can be used to drive a genetic
program to evolve appropriate filters based on various calculated properties.
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Table 1. Results of Best Filter for training set and test set

Training Set
Correctly Incorrectly
Classified Classified

Native Ligands 28 2

Non-Native Ligands 36 21
Test Set

Native Ligands 89 44

Non-Native Ligands 1946 2417

From the targets for which the corresponding native ligand ranks in the 9th
position or higher, 30 were chosen at random. The training set is then these
30 targets, where the native ligands are considered hits and the ligands with a
higher rank are considered misses.

5.2 Fitness Function

The CGP implemented evolves numerical functions. For each input (i.e., docking
score components of a given ligand over a given docking site, together with the
ligand and docking site descriptors), a float number is returned. It was decided
to interpret these numbers in the following manner:

f < 0 represents a hit
f >= 0 represents a miss

For each protein in the training set there is one hit (native ligand) and a list
of size between 0 and 8 with misses (ligands that score better than the native
ligand).

The fitness function counts the number of proteins for which the hit was
recognised as hit (f < 0) and at least % of the misses were recognised as misses

(f <=0).

5.3 Test Set

The test set corresponded to the rest of the cross-docking matrix, i.e., the 133
proteins left after removing the 30 ones used for training. The reason for the test
set being so much larger than the training set was due to the fact that only half
of the matrix was available at the beginning of the project. Once the other half
was made available, it was added directly to the test set.

The CGP was run several hundred times and the filters that performed best
over the test set were chosen. These were then further tested over our validation
set.
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5.4 Seeded Libraries

Seeded libraries are one of a number of methods that have been developed to
assess the performance of virtual screening programs. A seeded library for a
given target is a library of drug-like compounds that includes several native
ligands known to bind to that target. All the compounds (both native and non-
native) are docked into the given target using the docking platform. The output
conformations are then sorted by the score. The ability of the virtual screening
software to distinguish between the native ligands and the non native ones can
then be measured, typically by calculating the percentage of native ligands found
in the top 2%.

We tested the best filters over four seeded libraries, and the most promising
was chosen. This filter can be seen in figure @l The variables used by this filter
are described in table 2 and the results obtained in the training set and the test
set can be seen in table[d.

Figure B shows the top 1% (blue), top 2% (green) and top 5% (brown) com-
pleteness for these four seeded libraries. We had 10 native ligands for proteins 1
and 3, and 17 for proteins 2 and 4. The first column shows the results of rDock.
The second column shows the results of applying the figure @l filter.

For protein 1, there is not a great improvement using the filter, as rDock
already produces very good results and is therefore difficult to improve upon
them.

Protein 2 shows a nice improvement as some of the native ligands that were
previously found on the top 2% are now found on the top 1%. Similarly for
protein 4, all the native ligands found before in the top 2% are now found in the
top 1%.

Finally protein 3 gives the best results as more native ligands are found in
the top 1% (40% vs. 30%), more in the top 2% (80% vs. 60%) and again more
in the top 5% (100% vs. 90%) where all the native ligands are found.

5.5 Best Filter

There were several filters that worked well for the cross-docking matrix but most
of them did not generalise well for the seeded libraries. They either filtered out
native ligands or, most commonly, they filter almost nothing out. The following
filter on the other hand generalises quite well.

It should be emphasised that the cross-docking matrix is a quite different
experiment from the seeded libraries. The fact that this filter is able to filter
out true misses while maintaining most of the true hits in both experiments is
quite encouraging and is relatively safe to infer that somehow it has found some
general trends in the data.

Although it is difficult to understand exactly what the filter is doing, the
filter combines intermolecular score components (as used during docking) with
both protein and ligand properties in a chemically meaningful way. For example,
highly strained conformations (SCORE.INTRA.VDW.raw) and steric clashes
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Fig. 3. Seeded Libraries

between ligand and target (SCORE.INTER.VDW.nrep) are more likely to be
rejected.

Finally it should also be noted that the only simplifications done over the
original filter output by the CGP program and this filter are replacing the ex-
pression exp(—0.0087) for 0.9913 and the expression —(900 x —0.76) for 684.
Some parenthesis that were not necessary were also removed to make it more
readable. As reported in [14], in all the programs found by CGP for this problem,
there were “either very weak program bloat or zero bloalll”.

6 Results with Real Data

All the previous results shown were obtained over idealised test sets used rou-
tinely to measure docking performance. As a final validation we have applied the
filter in figure Hlto real virtual screening data from docking campaigns performed
at RiboTargets, specifically against an oncology target protein, HSP90.

From an initial docking library of around 700000 compounds, a total of
around 40000 virtual hits were identified over several docking campaigns against
HSP90. Around 1500 of the virtual hits were selected by a computational chemist
for experimental assay using a variety of ad hoc post filters, and knowledge and
experience of the target protein, in a process taking around a week. Thirty of the
assayed compounds were confirmed as real hits, in that they showed significant
activity against HSP90.

! emphasised in the original
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log(SCORE.INTRA.VDW.raw - 0.9913) *
exp (SCORE. INTER. AROM.narom *
exp (SCORE. INTER.POLAR.nhbd) * LIG_POS_CHG)

+ 684 *
if SCORE.INTER.REPUL.nhba $>$ 0O then
LIG_NEG_CHG
else

SCORE. INTER.VDW.nrep

SITE_PERC_AROMATOMS
end

if (SCORE.INTER.POLAR.nhbd -
SCORE.INTRA.REPUL.raw + LIG_TOT_CHG ) > O then
SITE_NLIPOC

else
exp(SITE_NEG_CHG) - log(LIG_NHBD)

end

Fig. 4. Best filter found to date

The figure Hl filter was applied to the virtual hits (see Table Bl) and was
able to remove 29% of the original unfiltered hits, whilst only removing 4% of
the compounds manually selected for assay. Three of the true actives were also
removed.

The GP-derived filter therefore shows very good agreement with the manual
filtering process, in that the filter passes almost all of the original assayed com-
pounds, but is able to reduce automatically the initial size of the data set by
almost 30%. This provides further evidence that the filter is generalising across
docking targets quite distinct from those in the training and test sets.

The filter is currently being used and tested with each new docking cam-
paign, with very good results. It promises to be a useful additional tool in the
computational chemist’s armoury of post-docking filters.

7 Conclusions

Removal of false positives after structure-based virtual screening is a recognised
problem in the field. This paper describes what we believe is the first attempt
at using Genetic Programming to evolve a post-docking filter automatically.
The cross docking matrix used for training and evolving post-docking filters
is quite different from the seeded libraries and the HSP90 data. The post-docking
filter chosen from the ones found by the GP platform is filtering out consistently
bad compounds in all cases, while retaining interesting hits. We can say that it
is generalising over the data. The HSP90 data is the first real data on which the
filter has been tested and the results are very promising. This filter is now being
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Table 2. Descriptions of the Variables used by the best filter

variables description

SCORE.INTRA.VDW.raw sum of the intramolecular van der Waals forces

SCORE.INTRA.REPUL.raw repulsive polar contacts between the ligand and
the target

SCORE.INTER.AROM.narom  number of aromatic rings involve in aromatic
interactions

SCORE.INTER.POLAR.nhbd  number of ligand hydrogen bond donors in-
volved in polar interactions

SCORE.INTER.REPUL.nhba number of ligand hydrogen bond acceptors in-
volved in repulsive polar interactions

SCORE.INTER.VDW.nrep number of ligand atoms with overall repulsive
van der Waals interactions (steric clash)
LIG.NEG_CHG sum of formal negative charges of the ligand
LIG.NHBD number of hydrogen bond donors in ligand
LIG.TOT_CHG total formal charge of the ligand

SITE_PERC_AROMATOMS percentage of atoms that are aromatic in the
target site

SITE_NLIPOC number of non-polar carbons in the site

SITENEG_CHG sum of formal negative charges of the site

Table 3. HSP90

Manual post- +GP post- Reduction
docking hits docking filter
rDock 39908 28374 —29%
virtual hits
Compounds 1467 1409 —4%
assayed
True 30 27 —10%
actives

used as standard in all the projects in the company. Early results confirm its
usefulness.

The GP platform offers immediately a pragmatic, automated post-docking
filter for cleaning up virtual hit sets. It can be easily applied again for different
descriptors or scoring functions.

Longer-term the filters found may offer a way of “boot-strapping” docking
scoring function improvements, by identifying non-obvious, yet systematic, de-
fects in the scoring function.

This technique is also not specific to docking programs, and we plan to apply
it in the near future for other problems where a list of variables and descriptors
is available and there is a need for a generic filter.
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Abstract. Many kinds of Evolutionary Algorithms (EAs) have been
described in the literature since the last 30 years. However, though most
of them share a common structure, no existing software package allows
the user to actually shift from one model to another by simply changing
a few parameters, e.g. in a single window of a Graphical User Interface.
This paper presents GUIDE, a Graphical User Interface for DREAM
Ezperiments that, among other user-friendly features, unifies all kinds of
EAs into a single panel, as far as evolution parameters are concerned.
Such a window can be used either to ask for one of the well known
ready-to-use algorithms, or to very easily explore new combinations that
have not yet been studied. Another advantage of grouping all necessary
elements to describe virtually all kinds of EAs is that it creates a fantastic
pedagogic tool to teach EAs to students and newcomers to the field.

1 Introduction

As Evolutionary Algorithms (EAs) become recognised as practical optimisation
tools, more and more people want to use them for their own problems, and start
reading some literature. Unfortunately, it is today very difficult to get a clear
picture of the field from papers or even from the few books that exist. Indeed,
there is not even a common terminology between different authors.

Many papers (see e.g. [5]), refer to the different “dialects” of Evolutionary
Computation, namely Genetic Algorithms (GAs), Evolution Strategies (ESs),
Evolutionary Programming (EP) or Genetic Programming (GP).

From a historical perspective, this is unambiguous: broadly speaking (see [10]
for more details), GAs were first described by J. Holland [14] and popularised by
D.E. Goldberg [12] in Michigan (USA); ESs were invented by I. Rechenberg [20)]
and H.-P. Schwefel [22] in Berlin (Germany); L. Fogel [11] proposed Evolutionary
Programming on the US West Coast; J. Koza started the recent root of Genetic
Programming [T6].

However, when the novice reader tries to figure out the differences between
those dialects from a scientific perspective, she/he rapidly becomes lost: from a
distance, it seems that GAs manipulate bitstrings, ESs deal with real numbers
and GP handles programs represented by parse-trees. Very good —so the dif-
ference seems to lie in representation, i.e. the kind of search space that those
dialects search on.

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 203-215] 2004.
© Springer-Verlag Berlin Heidelberg 2004
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But what about EP then? Original EP talks about Finite State Automata,
but many EP papers deal with parametric optimisation (searching a subspace of
R" for some n € N) and many other search spaces; and the “real-coded GAs”
also do parametric optimisation, while inside the GA community, the issue of
representation is intensively discussed [18126]23], and many ad hoc representa-
tions are proposed for instance for combinatorial problems [19]. Some ESs also
deal with combinatorial representations [I3] or even bitstrings [3]; and even in
the field of GP, which seems more clearly defined by the use of parse-trees, some
linear representations are currently used [17].

So our patient and persevering newcomer starts delving into the technical
details of the algorithms, and thinks he has finally found the fundamental dif-
ferences: those dialects differ by the way they implement artificial Darwinism.

— Indeed, GAs use proportional or tournament-based selection, generate as
many offspring as there are parents, and the generation loop ends by replac-
ing all parents by all offspring.

— In ESs, each of the p parents generates a given number of offspring, and the
best of the \ offspring (resp. the X offspring + the p parents) are determinis-
tically selected to become the parents of the next generation. The algorithm
is then called a (u, \) — ES (resp. (u+ \) — ES).

— EP looks very much like a (P+ P)— ES, except that competition for survival
between parents and offspring is stochastic.

— In GP, only a few children are created at each generation from some par-
ents selected using tournament-based selection, and they replace some of the
parents that are chosen using again some tournament. But wait, this way of
doing is precisely called ... Steady-State GA —so this is a GA, then !

And indeed, GP started as a special case of GA manipulating parse-trees and
not bitstrings (or real numbers or ...), and became a field of its own because of
some other technical specificities, but also, and mostly, because of the potential
applications of algorithms that were able to create programs and not “simply”
to optimise.

“Ah, so the differences come from the applications then ?” will ask the new-
comer. And again, this will only be part of reality, as there is in fact no definite
answer: all points of view have their answer, historical, technical, “applicational”
or even ...political (however, this latter point of view will not be discussed in
this paper, devoted to scientific issues).

But what does the newcomer want to know 7 She/He wants to be able to use
the best possible algorithm to solve her/his problem. So she/he is certainly not
concerned with historical differences (apart from curiosity), and she/he wants
to find out first what exactly is an Evolutionary Algorithm, and what different
parameters she/he can twiddle to make it fit her/his needs.

Starting from the target application, a newcomer should first be able to
choose any representation that seems adapted to the problem, being informed
of what “adapted to the problem” means, in the framework of Evolutionary
Computation: the representation should somehow capture the features that seem
important for the problem at hand. As this is not the central issue of this paper,
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we refer the user to the literature, from the important seminal work of Radcliffe
[18] to more recent trends in the choice of a representation [6].

The only other thing for which the user cannot be replaced is of course the
choice (and coding) of the fitness function to optimise. But everything else that
a user needs to do to run an Evolutionary Algorithm should be tuning some
parameters, e.g. from some graphical interface: many variation operators can be
automatically designed [24]23], and most implementations of artificial Darwinism
can be described in a general framework that only requires fine tuning through
a set of parameters.

This paper addresses the latter issue, with the specification of any evolu-
tion engine, unified within a single window of a Graphical User Interface named
GUIDE (where evolution engine means the way artificial Darwinism is imple-
mented in an EA in the selection and replacement steps). In particular, this
paper will not mention any representation-specific feature (e.g. crossover or mu-
tation), nor any application-specific fitness function.

Section 2] briefly recalls the basic principles of EAs, as well as the terminol-
ogy used in this paper. Section [3 presents the history of GUIDE, based on the
specification language FASEA [9]. Section M details the Evolution Engine Panel
of GUIDE, demonstrating that it not only fulfills the unification of all historical
“dialects,” but that it also allows the user to go far beyond those few engines
and to try many more yet untested possibilities. Finally, section [5] discusses the
limitations of this approach, and sketches some future issues that still needs to
be addressed to allow a wide dissemination of Evolutionary Algorithms.

2 Basic Principles and Terminology

Due to the historical reasons already mentioned in the introduction, even the
terminology of EAs is not yet completely unanimously agreed upon. Neverthe-
less, it seems sensible to recall here both the basic skeleton of an EA and the
terminology that goes with it. This presentation will however be very brief, as
it is assumed that the reader is familiar with at least some existing EAs, and
will be able to recognise what she/he knows. Important terms will be written in
boldface in the rest of the paper.

2.1 The Skeleton

The goal is to optimise a fitness function defined on a given search space, mim-
icking the Darwinian principle that the fittest individuals survive and reproduce.
A generic EA can be described by the following steps:

— Initialisation of population Iy, usually through a uniform random choice
over the search space;
— Evaluation of the individuals in I (i.e. computation of their fitnesses);
— Generation i builds population II; from population I7; 1:
e Selection of some parents from II,_1, biased by the fitness (the “fittest”
individuals reproduce);
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e Application (with a given probability) of variation operators to the
selected parents, giving birth to new individuals, the offspring; Unary
operators are called mutations while n-ary operators are called recom-
binations (usually, n = 2, and the term crossover is often used);

e Evaluation of newborn offspring;

¢ Replacement of population I7; by a new population that is created from
the old parents of population I7;,_; and the newborn offspring, through
another round of Darwinian selection (the fittest individuals survive).

— Evolution stops when some predefined level of performance has been reached,
or after a given number of generations without significant improvement of
the best fitness.

An important remark at this point is that such a generic EA is made of two
parts that are completely orthogonal:

— the problem-dependent components, including the choice of the search space,
or space of genomes, together with their initialisation, the variation oper-
ators and of course the fitness function.

— on the other hand, the evolution engine implements the artificial Darwin-
ism part of the algorithm, namely the selection and replacement steps in the
skeleton given above, and should be able to handle populations of objects
that have a fitness, regardless of the actual genomes.

2.2 Discussion

This is of course a simplified view, from which many actual algorithms depart.
For instance, there are usually two search spaces involved in an EA: the space of
genomes, or genotypic space, where the variation operators are applied, is the
space where the actual search takes place; and the phenotypic space, where
the fitness function is actually evaluated. The mapping from the genotypic space
onto the phenotypic space is called the decoding of solutions, with the implicit
assumption that the solution the user is looking for is the phenotypic expression
of the genome given by the algorithm. Though the nature of this mapping is of
utter importance for the success of the algorithm, it will not be discussed at all
here, as GUIDE/EASEA only considers genotypes, hiding the phenotypic space
in the fitness.

Other variants of EAs do violate the pure Darwinian dogma, and hence do
not enter the above framework: many variation operators are not “blind,” i.e.
do bias their actions according to fitness-dependent features; conversely, some
selection mechanisms do take into account some phenotypic traits, like some
sharing mechanisms involving phenotypic distances between individuals [21].

Nevertheless, we claim that the above generic EA covers a vast majority of
existing algorithmsﬂ, and most importantly, is a mandatory step for anyone in-
tending to use Artificial Evolution to solve a given problem. In that context,

! It even potentially covers Multi-Objective EAs, as these “only” involve specific se-
lection / replacement steps. However, MOEAs are not yet available in GUIDE, but
will be soon.
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the existence of a user-friendly interface allowing anyone with little program-
ming skills to design an Evolutionary Algorithm following this skeleton is a clear
dissemination factor for EC as an optimisation technique: Such were the moti-
vations for EASEA [9] and, later, for GUIDE.

3 GUIDE Overview

GUIDE is designed to work on top of the EASEA language (EAsy Specification
of Evolutionary Algorithms) [9]. The EASEA language and compiler have been
designed to simplify the programming of Evolutionary Algorithms by providing
the user with all EA-related routines, so that she/he could concentrate on writ-
ing the code that is specific to the application, as listed in section [2], i.e.: the
genome structure and the corresponding initialisation, recombination, mutation
and evaluation functions.

On the evolution engine side, a set of parameters allows the user to pick
up existing selection/replacement mechanisms, and was designed to supersede
most existing combinations, while allowing new ones. One of the most important
features of EASEA is that it is library-independent: from an EASEA source code,
the compiler generates code for a target library, that can be either the C++
libraries GAL4b [25] and EO [I5], or, more recently, the Java library JEO [IJ.
The resulting code is then compiled using the routines from the corresponding
library —but the user never has to dive into the intermediate complex object-
oriented code.

Unfortunately, whereas the goal of relieving the user from the tedious task
of understanding an existing EC library was undoubtedly reached since the very
first versions of EASEA, back in 1999, the specification of the evolution pa-
rameters implicitly supposes some deep knowledge of existing evolution engines.
Moreover, the lack of agreed terminology makes it even difficult for EC-advanced
users to pick up their favorite algorithm: GA practitioners, for instance, have
hardly heard of the replacement step, because in “standard” GAs, the number
of generated offspring is equal to the number of parents, and all offspring simply
replace all parents (generational replacement). The need for a graphical interface
was hence felt necessary quite early in EASEA history.

Such a graphical interface was eventually developed as part of the DREAM
European project IST-1999-12679 [2] (Distributed Resource Evolutionary Algo-
rithm Machine —hence the name GUIDE), whose evolutionary library JEO [I]
is one of the possible targets for EASEA compilation.

GUIDE: A Quick Tour

In a programming environment, the Graphical User Interface is the entry point at
the highest possible level of interaction and abstraction. In the GUIDE/EASEA
programming environment, the idea is that even a non-expert programmer
should be able to program an EA using one of the underlying libraries with-
out even knowing about it | GUIDE must therefore at least allow the user to:
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1. specify the numerous parameters of any evolutionary engine by way of a
point-and-click interface,

2. write or view the user code related to problem-specific operators,

. compile the experiment by a simple click,

4. run the experiment, and visualise the resulting outputs in some window(s).

w

While the second to fourth points above are merely a matter of implementa-
tion, and by no way could justify a scientific paper in a conference, the first point
not only is original, but also clearly (graphically) highlights the common features
of most existing EC paradigms: the user can specify any evolution engine within
a single window.

The structure of GUIDE reflects this point of view, and offers four panels to
the user (see the tags on Figure [):

Algorithm Visualisation Panel to visualise and/or modify problem-depen-
dent code. It contains a series of text windows, each window referring to the
equivalent “sections” of EASEA source code [9] that the user has to type in.
This is where the user writes the code for genetic operators such as initial-
isation, mutation, recombination, and most importantly for the evaluation
function.

Evolution Engine Panel for the Darwinian components. This panel will be
extensively described in section Bl

Distribution Control Panel to define the way different islands communicate
in a distributed model [2]. This panel will soon be adapted to ParaDisEO
[7], the recent Parallel Distributed version of EO.

Experiment Monitor Panel to compile and run the experiment. At the mo-
ment, only compilation is possible from there. The user has to run the pro-
gram from outside GUIDE.

GUIDE obviously also offers (see Figure [Il) a top-menu bar from where the
user can save/load previous sessions to Files, choose the Target Library and
Build the executable file —and, as usual, some of these actions can be fired by
some icons from the toolbar.

4 Evolution Engine Panel

This section describes the most innovative feature of GUIDE: the panel where
the user can specify the evolution engine, either from pre-defined “paradigmatic”
engines, or by designing new combinations of selections and replacements fitting
her/his taste.

4.1 Evolution Engines

The concept of evolution engine designates the two steps of the basic EA that im-
plement some artificial Darwinism: selection and replacement. Basically, both
steps involve the “selection” of some individuals among a population. However,
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at least one important difference between those steps makes it necessary to dis-
tinguish among them, even when only one is actually used (like in traditional
GAs or ESs): an individual can be selected several times for reproduction during
the selection step, while it can be selected at most once during the replacement
step (in this case, the non-selected individuals simply disappear).

Another important feature is implemented in a generic way in GUIDE:
elitism. It will be discussed separately (section [£.2)).

4.2 Panel Description

Figure [T shows the Evolution Engine Panel of GUIDE. On top of the panel,
the user can specify the population size (here 100), whether the fitness is to be
maximised or minimised, and which type of Evolution Engine should be used:
this type can be any of the existing known engines, described in next section
E3, or set to Custom, as in Figure[l]

Below are some vertical bars, representing the number of individuals involved
in different steps of a single generation: the left part of these bars describes the
selection step (including, implicitly, the action of the variation operators, but not
their description), and starts with the initial parent population —the leftmost
bar, labeled Init. Pop. The right two bars specify the replacement step, and end
with the New Pop. that will be the Init. Pop. of next generation —and hence
has the same height (number of individuals contained) that the Init. Pop. bar.

Parameters input. There are two kinds of user-defined parameters that com-
pletely specify the evolution engine in GUIDE: the sizes of some intermediate
populations, and the type of some selectors used inside the selection and the
replacement steps. When a parameter is a type from a predefined list, a pull-out
menu presents the possible choices to the user.

All sizes in GUIDE can be set either graphically, using the mouse to increase
or decrease the size of the corresponding population, or using the numeric pad
and entering the number directly. In the latter case, the number can be entered
either as an absolute value, or as a percentage of the up-stream population size
—the choice is determined by the small menu box with either the “#” or the
“%” character.

Selection. The selection step picks up individuals from the parent popula-
tion Init. Pop. and handles them to the variation operators to generate the
0ffspring population. In GUIDE, the parameters for the selection step are:

— the type of selector that will be used to pick up the parents, together with
its parameters (if any). Available selectors (see e.g. [§] for the definitions)are
Roulette wheel and (linear) ranking (and an associated selection pres-
sure), deterministic tournament (and the associated tournament size),
stochastic tournament (and the associated probability), plus the trivial
random (uniform selection) and sequential (deterministic selection select-
ing from best to worse individuals in turn).
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— The number of Fertile individuals: non-fertile individuals do not enter the
selection process at all. This is somehow equivalent to truncation selection,
though it can be performed here before another selector is applied among
the fertile individuals only.

— The size of the 0ffspring population.

The last field in the “selection” area of the panel that has not been discussed
here is the N.E.P., or Non Elite Population, whose size is that of the population
minus that of the Elite and that will be discussed in section [£.2] below. At the
moment, consider that this population is the whole parent population.

In the example of Figure [ll, only the 80 best individuals will undergo roulette
wheel selection with selection pressure 2.0, and 150 offspring will be generated.
(Although roulette wheel is known to have several weaknesses, notably compared
to the Stochastic Universal Sampling described by Baker[d] it is still available in
GUIDE, mainly because all underlying libraries implement it.)

Replacement. The goal of the replacement procedure is to choose which in-
dividuals from the parent population Init. Pop. and the offspring population
0ffspring will build the New Pop. population. In GUIDE, the replacement step
is made of three reduction sub-steps: a reduction is simply the elimination
of some individuals from one population according to some Darwinian reduce
procedure:

— First, the Non Elite Population (the whole Init. Pop. in the absence of
elitism) is reduced (the user must enter the type of reducer to be used, and
the size of the reduced population).

— Second, the 0ffspring population is reduced (and again, the user must set
the type of reducer and the size of the reduced population).

— Finally, both reduced populations above are merged into Intermed. Pop. (for
intermediate population). The corresponding bar is vertically divided into
two bars of different colors: the survivors of both populations. This popula-
tion is in turn reduced into the final New Pop., whose size has to be the size
of the parent population: hence, only the type of reducer has to be set there.

The available types of reducers include again the sequential and random
reductions, as well as the deterministic and stochastic tournaments (together
with their respective parameters), that repeatedly eliminate bad individuals.
An additional option is the EP tournament (together with the tournament size
T): in this stochastic reducer, each individual fights against T uniformly chosen
opponents, and scores 1 every time it is better; the best total scores then survive.

Note that many possible settings of those parameters would result in some
unfeasible replacements (e.g. asking for a size of Intermed. Pop. smaller that
the Pop. size). Such unfeasible settings are filtered out by GUIDE ...as much
as possible.
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In the example of Figure[l], the best 40 individuals from the N.E.P. (the ini-
tial population in the absence of elitism) are merged with the best 100 offspring,
and the resulting intermediate population is reduced using an EP tournament
of size 6.

Elitism. All features related to elitism have been left aside up to now, and
will be addressed here. There are two ways to handle elitism in EC literature,
termed “strong” and “weak elitism” in GUIDE. The user first chooses either
one from the menu in the replacement section, and then sets the number of
Elite parents in the corresponding input box (setting the Elite size to 0 turns
off all elitism).

Strong elitism amounts to put some (copy) of the best initial parents in the New
Pop. before the replacement step, without any selection against offspring what-
soever. The remaining “seats” in the New Pop. are then filled with the specified
replacement. Note that the elite population nevertheless enters the selection to-
gether with the other parents —and that, of course, only the N.E.P. competes
in the reduction leading to the parent part of the Intermed. Pop.

Weak elitism, on the other hand, only takes place after normal replacement, in
the case when the best individual in the New Pop. is worse than the best parent
of the Init Pop. In that case, all parents from the Elite population that are
better than the best individual of the New Pop. replace the worst individuals in
that final population. This type of elitism is generally used with an Elite size
of 1.

For instance in Figure [, elitism is set to strong and the number of elite
parents to 10: the best 10 parents will anyway survive to next generatio. Only
the 90 worse individuals undergo the reduction toward the Intermed. Pop. —
the 40 best out of these 90 worse will survive this step— and only 90 seats
are available in the New Pop., the 10 first seats being already filled by the elite
parents.

4.3 Specifying the Main Evolutionary Paradigms

The example in Figure[T]is typically a custom evolution engine. This section will
give the parameter settings corresponding to the most popular existing evolu-
tion engines —namely GAs (both generational and Steady-State), ES and EP.
Note that though those names correspond to the historical “dialects,” they are
used here to designate some particular combination of parameters, regardless of
any other algorithmic component (such as genotype and variation operators).
However, going back to those familiar engines by manually tuning the different
parameters is rather tedious. This is the reason for the Evolution Engine pull-
out menu on top of the panel: the user can specify in one click one of these five
“standard” engines, and instantly see how this affects all the parameters.

2 Such a strategy is generally used, together with a weak selection pressure, for instance
when the fitness is very noisy, or is varying along time.
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After choosing one of the pre-defined engines, the user can still modify
all parameters. However, such modification will be monitored, and as soon
as the resulting engine departs from the chosen one, the pull-out menu will
automatically turn back to Custom. The predefined engines are:

Generational GA. In that very popular algorithm, let P be the population
size. P parents are selected and give birth to P offspring that in turn replace the
P parents: any selector is allowed, Fertile size is equal to Pop. size, 0Offspring
size is set to Pop. size, reduced N.E.P. size to 0 (no parent should survive) and
Intermed. Pop. size to Pop. size. In fact, none of the reducers is actually active
in this setting (this is a generational replacement).

Furthermore, weak elitism can be set (generally with size 1). Fertile size
can be reduced (this is equivalent to truncation selection) without leaving the
GGA mode.

Steady-State GA. In Steady-State GA, a single offspring is created at each
generation, and replaces one of the parent, usually chosen by tournament. Again,
any selector is allowed, Fertile size is equal to Pop. size, but 0ffspring size is
set to 1 and the parents are now reduced by some tournament reducer, to Pop.
size minus one, while the final reducer is not activer].

The number of offspring can be increased without leaving the SSGA mode:
there is no clear limitation of this mode, though the number of offspring should
be kept small w.r.t. Pop. size. And of course, setting any type of elitism here is
a misconception.

Evolution Strategies. There are two popular evolution engines used in the
traditional Evolution Strategies algorithms, the (u, \) — ES and the (u+\)—ES:
in both engines, there is no selection step, and all yu parents give birth to A
parents. The p individuals of the new population are deterministically chosen
from the X offspring in the (1, A\)— E'S and from the u parents plus the X offspring
in the (u+X)—ES. Both these evolution engines set the selection to Sequential,
the Offspring size and the Reduce offspring size to A (no reduction takes
place there) and the final reducer to sequential. Therefore, choosing (u, A\)—ES
sets the Reduce N.E.P. size to 0 while choosing the (1+ \) — ES sets it to Pop.
size.

The (u+ A) — ES engine already is strongly elitist. The (u, \) — ES engine is
not, and elitism can be added —but it then diverges from the original ES scheme.

Evolutionary Programming. In traditional EP algorithms, P parents gen-
erate P offspring (by mutation only, but this is not the point here). Then the
P parents plus the P offspring compete for survival. Setting EP mode in the
Evolution Engine menu sets the 0ffspring size to Pop. size, both reduced sizes
for N.E.P. and Offspring to Pop. size as well (no reduction here) and the fi-

3 An “age” tournament should be made available soon, as many SSGA-based algo-
rithms do use age as the criterion for the choice of the parent to be replaced.
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nal reducer to EP tournament. Note that early EP algorithms sometimes used
a deterministic choice for the survivors —this can be achieved by choosing the
Sequential final reducer.

Here again, elitism can be added, but this switches back to Custom engine.

5 Discussion and Perspectives

As already argued in section[2.2] the very first limitation of the GUIDE evolution
engine comes from the chosen EA skeleton, that does not allow weird evolution
engines. However, we firmly believe that most existing EA application use some
evolution engine that falls in this framework.

The forthcoming improvements of this part of GUIDE are concerned with
adding new selector/reducer options, more specifically selection procedures based
on other criteria. The Age tournament has already been mentioned in the SSGA
context. But all multi-objective selection procedures will also be added (with
additional options in the Maximise/Minmise pull-out menu.

Going away from the evolution engine, the asymmetry in terms of flexibility
between the Evolution Engine and the Algorithm Visualisation Panels cries out
for a graphical interface allowing the user to specify the genome structure and
the variation operators. Such interface is not as utopian as it might seem at
first sight: the genome structure could be specified from basic types, and basic
constructors (e.g. heterogeneous aggregations, homogenous vectors, linked lists,
trees, ...). And there exist some generic ways to design variation operators for
such structures [24].

Of course, last but not least, after the Distribution Panel has been adapted
to ParaDisEO, the Experiment Monitor Panel should be redesigned such that
the user can graphically plot the evolution of any variable in that window.

As a conclusion, the Evolution Engine Panel of GUIDE is only a first step
towards a widely available dissemination tool for EAs. But it already achieves
the demonstration that all evolutionary algorithms are born equal if the user is
provided with enough parameters to tune. GUIDE Evolution Engine Panel is
a visual and pedagogical tool that allows one to understand the intricacies of
the different evolutionary paradigms. While, quite often, Graphical User Inter-
faces reduce flexibility, GUIDE offers at the Evolution Engine level readability,
simplicity of use and an easy way to experiment with complex parameters.
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Abstract. ParaDisEO is a framework dedicated to the design of parallel
and distributed metaheuristics including local search methods and evo-
lutionary algorithms. This paper focuses on the latter aspect. We present
the three parallel and distributed models implemented in ParaDisEO and
show how these can be exploited in a user-friendly, flexible and transpar-
ent way. These models can be deployed on distributed memory machines
as well as on shared memory multi-processors, taking advantage of the
shared memory in the latter case. In addition, we illustrate the instantia-
tion of the models through two applications demonstrating the efficiency
and robustness of the framework.

1 Introduction

There are (at least) two broad categories of optimization problems that requires
heavy computational resources: large combinatorial problems, and complex nu-
merical engineering problems.

Large combinatorial problems are continuously evolving in terms of require-
ments, constraints, etc. Therefore, one needs flexible and adaptable algorithms
to solve them. Furthermore, these problems are often NP-hard, characterized by
a complex landscape and large instances with many decision variables.

Combinatorial optimization algorithms fall into two categories: exact meth-
ods and metaheuristics. Exact methods allow to find optimal solutions but they
are often inefficient and unpractical. On the opposite, the metaheuristics aim at
finding efliciently near-optimal solutions. Metaheuristics include Evolutionary
Algorithms (EAs), local search methods, and the like.

Similarly, the advances of both modelization techniques and numerical sim-
ulation algorithms have increased the demand for numerical optimization al-
gorithms. And the practitioner is faced with the following dilemma: either use
some deterministic method to precisely optimize a simplified model, or use a
stochastic method to approximately optimize a complex model. Evolutionary
Algorithms are a good choice in the latter situation.

Unfortunately, EAs applied to real-world problems, either large combina-
torial problem or complex numerical optimization applications, are known to
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be time consuming. On the other hand, the proliferation of networks/clusters
of workstations and parallel machines offers more and more facilities to the
users: EAs are also known to allow efficient Parallelization/distribution and
multi-threading, achieving high performance and robustness in reasonable time
... at the cost of a sometimes painful apprenticeship of parallelization techniques.

Many implementations of EAs have been proposed and some of them are
available on the Web. Code developers are often tempted to reuse them to save
time. However, understanding and reusing a third party code is generally a long,
tedious and error prone task. Indeed, one needs to examine the internal working
of the code and make several modifications to adapt it to a new problem.
A better reuse approach consists in using a framework, such as ParaDisEO
[] or MALLBA [1], dedicated to the design and development of EAs. Good
frameworks should be well documented and tested. But their success strongly
depends on their ability to allow flexible and adaptable design. For instance,
adaptation should simply require to parametrize some existing EAs and at least
to write the fitness function. The same is true for the parallelization/distribution
of EAs: In order to facilitate this step for those who are unfamiliar with paral-
lel mechanisms, the frameworks must integrate the up-to-date parallelization
techniques and allow their exploitation and deployment in a transparent manner.

This paper focuses on the ParaDisEO framework , a flexible approach for
the transparent design and deployment of parallel and distributed evolutionary
algorithms. ParaDisEO is basically an extension of Evolving Objects (EO) [9I,
an open source framework based on C++ templates allowing a flexible design
of EAs. The extensions include local search methods (descent search, simulated
annealing and tabu search for combinatorial optimization, gradient-based search
for numerical optimization), hybridization mechanisms (coupling local search
and global evolutionary search) and parallel /distributed models. This paper will
concentrate on the latter topic: the different models supported by ParaDisEO
will be presented, together with their flexible and transparent parameterization.
The user is relieved from the burden to explicitly manage the communication
and concurrency. Furthermore, the models can be efficiently deployed both on
shared memory multi-processors and on distributed networks.

The reader is referred to [2] for a state of the art about parallel and
distributed evolutionary algorithms, their design, many techniques of hybridiza-
tion, and a full taxonomy of applications done until now. In this paper, the
use of ParaDisEO will be illustrated on two test cases: the spectroscopic data
mining [I0] and the network design optimization [TT]. The results show that
they allow an efficient and robust deployment.

! This work is a part of a current French joint grid computing project ACI-GRID
DOC-G (Challenges in Combinatorial Optimization on Grids)
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The paper is organized as follows: Section 2 highlights the major requirements
for the design of a useful framework of EAs and rapidly surveys existing frame-
works freely available on the Web. Section 3 presents the ParaDisEO framework
and details the major parallel/distributed supported models. In Section 4, we
identify the main issues regarding the implementation and deployment of the
models on shared memory multi-processors and parallel/distributed machines.
Section 5 is dedicated to experimentation and evaluation of the models through
the two applications quoted above. In Section 6, we conclude with some perspec-
tives of this work.

2 Design Requirements and Frameworks

Using a framework can be successful only if some important user criteria are
satisfied. The major of them regarding the previous problem statement are the
following:

— Ease of use: the framework has to be relatively user-friendly. However, this
obviously depends on the skill level of the programmer.

— Flexibility /adaptability: the integrated evolutionary algorithms can be

adapted to a large variety of problems by just parameterizing or specializing

them.

Openness: the platform must allow the design and integration of new algo-

rithms by reusing (parts of) existing ones.

Portability: in order to satisfy a large number of users the framework must

support different material architectures and their associated operating sys-

tems.

— Performance and robustness: as the optimization applications are often
time-consuming the performance issue is crucial. Moreover, the execution of
the algorithms must be robust to guarantee the reliability of the results.

Many frameworks have been realized in the combinatorial/numerical opti-
mization area tempting to meet these design requirements. However, very often
only some of them are deeply developed. We present below a non-exhaustive list
of existant open source frameworks. They are in some way relatively outstanding
to the best of our knowledge.

— The MALLBA Project[1]: The library is a set of common software skele-
tons including both metaheuristics and exact methods. Skeletons are generic
classes allowing ease of use in some way and flexible design. Robustness
is achieved by strong and weak hybridization mechanisms. The performance
issue is addressed by providing parallel models deployable on LAN/WAN en-
vironments. Communications are based on NetStream, a flexible and simple
OOP message passing service, upon the Message Passing Interface. Porta-
bility is ensured by the utilization of the C++ language and standards such
as MPI.
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— The DREAM Project[3]: The software infrastructure is devoted to sup-
port infohabitants evolving in an open and scalable way. It considers a virtual
pool of distributed computing resources, where the different steps of an E.A.
are automatically processed. It is coupled with the GUIDE, EASEA, and
JEO tools. The integrated architecture allows the user to choose his/her
specification interface according to his/her skill level. The main focus of
DREAM is the ease-of-use and flexibility. Portability is enabled by the use
of the Java language. It is drastically limited regarding the performance and
robustness requirements.

— ECJ (http://wuw.cs.umd.edu/projects/plus/ec/ecj/): EJC is a rich
Java-based portable evolutionary computation and genetic programming li-
brary. It is highly flexible as nearly all the classes are dynamically deter-
mined at runtime by a user-provided parameter file. In addition, all struc-
tures are arranged to be easily modifiable. Furthermore, parallelism and
multi-threading allow efficient executions. Many other features are present
including multi-objective optimization, checkpointing possibilities, etc. How-
ever, local search methods and hybridization mechanisms are not addressed.

— JDEAL (http://laseeb.ist.utl.pt/sw/jdeal/): JDEAL is another
portable Java framework for E.As. Both local and parallel /distributed mod-
els are allowed to deal with the performance requirement. Other features in-
clude the paradigm freedom, facilities for the reuse and extension of existing
code, and the being of both a documentation and a tutorial. Therefore, the
ease-of-use and flexibility can be in some way achieved. However, as JDEAL
local search methods and hybridization mechanisms are not addressed.

— GALOPPS|8]: The GALOPPS system is only dedicated to the design of
serial or parallel genetic algorithms. A PVM extension allows the deployment
of some cooperative island G.A. Moreover, some techniques of checkpoint-
ing/restarting are implemented so that a trace could be stored during the
execution path. It is very limited regarding the quoted design requirements.

3 The ParaDisEO Framework

The design factors identified in the previous section are our main objectives in
the design of EO/ParaDisEQ. In order to meet them the following choices have
been made:

— Object-Oriented technology: the evolutionary algorithms that are pro-
vided are software skeletons. They are implemented as templates allowing
to factor out the common behaviors of evolutionary algorithms in generic
classes, to be instantiated by the user. The object-oriented technology is
important to meet the three first requirements.

— Transparent parallelism and distribution: parallelism and distribution
are two important ways to achieve high performance execution. In Par-
aDisEQ, parallelism and distribution are implemented so that the user can
for instance add parallelism to his/her sequential algorithm very easily and
transparently.
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— Hybridization: the hybridization paradigm allows one to obtain robust
and better solutions. Here again, the OO technology facilitates its design
and implementation.

The “EO” part of ParaDisEO means Evolving Objects. Before ParaDisEO
feature are presented let us give a brief description of EO.

3.1 EO

EQO is a C++ open source framework downloadable from http://eodev.source
forge.net. The framework is originally the result of an European joint work [9].
EO includes a paradigm-free Evolutionary Computation library (EOlib) ded-
icated to the flexible design of EAs through evolving objects superseding the
most common dialects (Genetic Algorithms, Evolution Strategies, Evolutionary
Programming and Genetic Programming). Flexibility is enabled through the use
of the object-oriented technology. Templates are used to model the EA features:
coding structures, transformation operators, stopping criteria, etc. These tem-
plates can be instantiated by the user according to his/her problem-dependent
parameters. The OO mechanisms such as inheritance, polymorphism, ... are pow-
erful ways to design new algorithms or evolve existing ones. Furthermore, EO
integrates several services making it easier to use including visualization facili-
ties, on-line definition of parameters, application checkpointing, etc.

Moreover, a Graphical User Interface has been developed for EO. This GUI,
called GUIDE (Graphic User Interface for DREAM Experiments), and based on
the specification language for EAs FASEA [5]. GUIDE was developed during
the European project DREAM [3], and provides a friendly graphical interface
allowing the user to specify his/her own EA. One panel is dedicated to the
specification of the problem-specific parts of the algorithm (the genome, and
the corresponding operators). Another panel is devoted to the specification of
the evolution engine (the implementation of artificial Darwinism). And a third
panel is entirely devoted to specifying the distribution mechanism: as it was
initially conceived for the DREAM framework, this panel only knows about the
island model (see section [I)). But within this model, the distribution panel of
GUIDE allows the user to specify a topology, a number of migrants, selection
and replacement mechanisms for the migrants, . ..i.e. all the parameters needed
for the ParaDisEO island model.

3.2 ParaDisEO

In its original version, EO does not enable the design of local search meth-
ods such as descent search or hill-climbing, simulated annealing, tabu search or
gradient-based search. Moreover, it does not offer any facility for either paral-
lelism and distribution, or hybridization. Sticking out those limitations was the
main objective in the design and development of ParaDisEO. In the following,
we will focus only on parallel/distributed mechanisms.
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Note, however, as far as hybridization is concerned, that the two levels (High
and Low) and the two modes (Relay and Teamwork) of hybridization identified
in [13] are available in ParaDisEO: High level hybridization consists of making
self-contained EAs cooperate. Their internal work is not considered, thus their
coupling is weak. At the contrary, the Low level addresses the functional com-
position of an EA. For example, a transformation operator can be replaced by
a local search method. On the other hand, the Relay mode means that a set of
EAs are applied in a pipelined way. The Teamwork mode allows a concurrent
cooperation between EAs.

Going back to parallelism, three major parallel models are implemented in the
platform: the island asynchronous cooperative model, the parallel/distributed
population evaluation and the distributed evaluation of a single solution. These
models will now be detailed in turn (again, detailed descriptions ot those models
as well as a comprehensive survey of existing models is given in [I]).

3.3 Model 1 — Island Asynchronous Cooperative Model

Different EAs are simultaneously deployed and then cooperate to compute better
and robust solutions (fig.[I]). They exchange in an asynchronous way genetic stuff
to diversify the search. The objective is to allow to delay the global convergence,
especially when the EAs are heterogeneous regarding the variation operators.
The migration of individuals follows a policy defined by few parameters: the
migration decision criterion, the exchange topology, the number of emigrants,
the emigrants selection policy, and the replacement/integration policy.

Population Population
° oo 0 oo
00 © o)<+ (O 00 o
o © o ©
/' Migrations \ Population

O oo

| o
o o ©
)

o

Fig. 1. The cooperative island evolutionary algorithm

— Migration decision criterion: Migration can be decided according to ei-
ther blind or intelligent criterion. The blind can be either periodic or proba-
bilistic. Periodic decision making consists in periodically performing the mi-
gration by each EA. The user has to set the value of the migration frequency.
Probabilistic migration is performed at each generation with a user-defined
probability. On the other hand, the criteria for the intelligent approaches are
here driven by some quality improvement criterion. The user has to specify
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a threshold for the improvement, and migration will take place every time
the improvement of the best fitness in the population during two successive
generations will be below that threshold.

As in the rest of EO, all the quoted migration criteria are predefined in
ParaDisEO as class methods. Hence the user can easily either use them
directly, or combine them as building blocks to design his/her own specific
criterion.

— Exchange topology: The topology specifies for each island its neighbors
with respect to migration, i.e. the other islands to which it will send its
emigrants, and the ones from which it will receive immigrants (both lists can
be different. Two well-known topologies are predefined: ring and hypercube.
And of course, the user has the possibility to specify his/her own topology
according to problem-dependent or machine-dependent features.

— Number of emigrants: This emigrants parameter is defined either as a
percentage of the population size, or as a fixed number of individuals.

— Emigrants selection policy: The selection policy indicates in a determin-
istic or stochastic way how to select emigrant individuals from the population
of a source EA. Different selection policies are already defined in EO, and
used for instance to select the parents undergoing variation operators (e.g.
roulette wheel, ranking, stochastic or deterministic tournaments, uniform
sampling, ...). The flexibility of the library makes it easy to reuse these
policies for emigrants selection.

— Replacement/integration policy: Symmetrically, the replacement policy
defines in a deterministic or stochastic way how to integrate the immigrant
individuals in the population. Again, the replacement strategies defined in
EO are used here, including tournaments, EP-like stochastic replacement,
elitist and pure random replacements.

3.4 Model 2 — Parallel/Distributed Population Evaluation

The parallelization evaluation step of an EA is required as it is in general the
most time-consuming. The parallel evaluation follows the centralized model (fig.
R). The farmer applies the following operations: selection, transformation and
replacement as they require a global management of the population. At each
generation, it distributes the set of new solutions between different workers.
These evaluate and return back the solutions and their quality values. An efficient
execution is often obtained particularly when the evaluation cost of each solution
is costly.

The model can be deployed either on a shared-memory multi-processor or
a distributed memory machine. In the first case, the user has to indicate the
number of parallel evaluators (workers). The different workers pick up individuals
from a shared list-based population. In the distributed model the user must
give the size work unit size (grain). The parameter represents the number of
individuals to be sent to a worker at a time. At each generation an evaluator
may to process one or several work units.
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The model described above is the synchronous master/slave model [2]. The
two main advantages of the asynchronous model over the synchronous model
are first the fault tolerance of the asynchronous model, an second the robustness
in case the fitness evaluation can take very different computation times (e.g.
for nonlinear numerical optimization). Whereas some time-out detection can be
used to address the former issue, the latter one can be partially overcome if the
grain is set to very small values, as individuals will be sent out for evaluations
upon request of the slaves.

The asynchronous evaluation process will be soon released in ParaDisEO, so
that both breeding and evaluation step could be done concurrently. The farmer
manages the evolution engine and two queues of individuals, each one with a
given fixed size: individuals to be evaluated, and awaiting solutions being eval-
uated. The first ones wait for a free evaluating node. When the queue is full the
process blocks. The second ones are assimilated into the population as soon as
possible.

Transformation

/ Population V\
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Fig. 2. The parallel/distributed evaluation of a population

3.5 Model 3 — Distributed Evaluation of a Single Solution

The quality of each solution is evaluated in a parallel centralized way. That model
is particularly interesting when the evaluation function can be itself parallelized
as CPU time-consuming and/or IO intensive. In that case, the function can be
viewed as an aggregation of a certain number of partial functions. For instance,
if the problem to be solved is multi-objective each partial function evaluates
one objective. The partial functions could also be identical if for example the
problem to deal with is a data mining one. The evaluation is thus data parallel
and the accesses to data base are performed in parallel. Furthermore, a reduction
operation is performed on the results returned by the partial functions. As a
summary, for this model the user has to indicate a set of partial functions and
an aggregation operator of these (fig. ).
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Fig. 3. The distributed evaluation of a single solution

Implementation and Transparent Deployment

One has to note here that the implementation and deployment of the presented
parallel models is transparent for the user. Indeed, the user does not need to
manage the communications and threads-based concurrency. We present below
some implementation and deployment issues with regards to the underlying par-
allel hardware support: shared memory multi-processors and distributed memory
machines.

The migration decision maker represents the kernel of the island asyn-
chronous cooperative model. It uses the user-defined parameters to take
migration decisions, perform migrations according to the selection and re-
placement policies. The implemented migration algorithm is the following:

1. If there are any waiting immigrants integrate them into the
local population, using the replacement operator.

2. Process the received immigration requests if any. For each
request, choose some individuals according to the selection
operator, then send them as requested.

3. Check if according to the migration decision maker a
migration operation is necessary. If so participate to the
migration process.

The deployment of the algorithm requires to choose the technical means to be
used to perform the migrations of the individuals according to the hardware
support. On shared memory multi-processors the implementation is multi-
threaded and the migrations are memory copy-driven. Threads access in
a concurrent way the populations of the different EAs stored on the shared
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memory. On distributed memory machines the mechanism is communication-
driven. Migrations are performed by explicit message exchange.

— In the parallel /distributed population evaluation model the population is al-
ways stored on a single processor. However, the assignment of the individuals
to the processors for evaluation depends on the hardware architecture. On
shared memory multi-processors threads pick up (copy) individuals from the
global list in a concurrent way. On distributed memory processors the pop-
ulation is divided into sub-populations according to the user-defined granu-
larity parameter. These sub-populations are then assigned to the processors
using communication messages. When an evaluator returns its results to the
farmer, that evaluator will immediately be sent another sub-population — if
there still are individuals to be evaluated. The performance of the model
hence strongly depends on the grain size. Very fine-grained sub-populations
induce a huge amount of communication, leading to a small acceleration over
sequential programs. Conversely, very coarse-grained sub-populations imply
a lower degree of parallelism, and thus again leads to a smaller acceleration.
Some compromise has to be found between both extreme cases.

— The distributed evaluation of a single solution model is well-suited for dis-
tributed memory machines. The data of the evaluation function have to be
distributed among different processors. A distribution strategy has to be de-
fined. One has to note here that the problem is application-dependent. Up
to date, in ParaDisEO it is supposed that the data is already distributed.
The computation i.e. the user-specified partial functions are sent in explicit
messages to the workers which apply them on their local data.

Finally, to meet the portability objective the implementation of the paral-
lel/distributed and hybridization mechanisms is based on different standards.
Indeed, the de facto communication libraries PVM and MPI allow a portable
deployment on networks of heterogeneous workstations. Furthermore, the Posix
Threads multi-programming library contributes to enable a portable execution
on shared memory multi-processors.

5 Applications

ParaDisEO has been experimented with several applications including academic
ones such as TSP and graph coloring, and industrial ones. In this section, we
will address two real-world problems: the NIR spectroscopic data mining and
the mobile telecommunication network design.

— Near InfraRed spectroscopic data mining: the problem consists in dis-
covering, from a set of data samples, a predictive mathematical model for
the concentration of sugar in beet. Each data sample contains a measure of
the concentration of sugar in one beet sample, and a set of its absorbances
to 1024 NIR wavelengths. According to the Beer Lambert law the problem
is linear. The Partial Least Square (PLS) statistical method is known to be
well-suited to deal with such problem. However, the number of wavelengths
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in the resulting predictive model is high, decreasing the understandability of
the results. Well, but the analysis of the data allow to highlight that many
absorbances are correlated between them (redundancy problem) and less
correlated with the concentration (irrelevance problem). In order to with-
draw both irrelevant and redundant wavelengths a feature selection has to
be performed. As feature selection is an NP-hard problem we use a genetic
algorithm (GA) to solve it. The PLS method is used as the fitness function
of the GA. More exactly, the prediction error returned by the PLS method
is the fitness value of the individuals (selections of wavelengths).

The hybridization GA-PLS is CPU time consuming. The fitness evaluation
is particularly costly as the PLS method handles large matrices. Parallelism
is required to get results at short notice. The models 1 and 2 have been
exploited in a straightforward way. The experimentation has been done on
an IBM cluster of SMP. The model is composed of four distributed islands,
each of them deployed on a shared memory multi-processor (10 processors)
dedicated to evaluate selections of wavelengths. The database is replicated
on each cluster node and shared between the processes of the same node.
Thus, four populations of 200 individuals are evolving and migrations occur
when no improvement has been noticed during the last ten iterations. Both
selection and replacement operators are performed by using the stochastic
tournament operator with a rate pressure fixed to 0.8.

The obtained results are encouraging since over 90% of wavelengths proved
to be useless or harmful. Therefore, the processing time required to compute
the concentration of sugar in a new sample would be divided by ten. In
addition, the prediction accuracy is increased by 37% compared to the PLS
without feature selection.

Mobile telecommunications network design: One of the major prob-
lems in the engineering of mobile telecommunication networks is the design
of the network. It consists in positioning base stations on potential sites
in order to fulfill some objectives and constraints [IT]. More exactly, the
multi-objective problem is to find a set of sites for antennas from a set of
pre-defined candidates sites, to determine the type and the number of an-
tennas, and their configuration parameters (tilt, azimuth, power, ...).

It is a hard practical problem with many decision variables. Tackling it in a
reasonable time requires to use of parallel heuristics. A parallel distributed
GA is investigated to solve the problem. The three parallel models have been
exploited. The islands in the model 1 evolve with heterogeneous variation
operators. Migrations are performed according to a ring topology. Emigrants
are randomly selected with a fixed percentage of 5% of the population. In
the model 2, the offspring are distributed with a chunk fixed to one. Fur-
thermore, the fitness evaluation of a network is not trivial as it handles large
precalculated databases. Each node contributing in the deployment of the
model 3 is assigned a subpart of the geographical map.

Experimentations on the hardware platform quoted above have shown that
parallel models are efficient. Indeed, they allow to obtain robust and high
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quality solutions. In addition, as Figure@lillustrates it they permit a quasi-linear
parallel execution speed-up for the data mining application. For the network de-
sign application, the speed-up is quasi-linear on over 16 processors. However, the
scalability is not achieved as the granularity i.e. (a subpart of the geographical
map) of parallelism decreases while increasing the number of processors. The
processing time required by the aggregation of the partial results widely exceeds
the computation load performed by each participant processor.

04 i s {04

= L
1 2 3 4 5 [ H B 2 10 a 5 0 5 20 25
Number of processors ussd umiber of Workstations

Fig. 4. Here are the measures of speed-up and efficiency obtained for the two described
applications according to the respective number of processors/workstations used

6 Conclusion and Future Work

We have presented the ParaDisEO approach for the flexible and transparent
design of parallel and distributed evolutionary algorithms. Flexibility and trans-
parency are achieved through parameterizable templates. Three major comple-
mentary models have been presented. Their implementation is based on two
communication libraries and the Posix threads multi-programming library. These
standards allow a portable execution of the models and their deployment on as
well shared memory multi-processors as distributed memory machines.

As many problems are multi-objective in practice we are currently investi-
gating the ParaDisEO-based design of multi-objective EAs. As the framework is
flexible the design is straightforward. Moreover, the models 1 and 2 do not require
any design change. The model 3 could be exploited by evaluating in parallel the
different objectives of the fitness function. In addition, we are addressing some
issues related to the deployment of the three models in adaptive environments.
As workstations are continuously leaving and joining the network, ParaDisEO
must provide dynamic task stopping and restarting mechanisms. Furthermore,
it has to integrate checkpointing in order to deal with the fault tolerance is-
sue. To do that we are investigating a new version of ParaDisEO on top of the
Condor-PVM [12] resource manager. Finally, to allow a deployment on grid-
based environments we focus on grid-oriented algorithmics and implementation
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issues. To meet that objective we are planning to use Condor-G [7]. The latter
grid execution support is a coupling of Condor and Globus [6], a toolkit that
allows a large scale multi-domain execution of parallel and distributed applica-
tions.
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Abstract. This paper describes a technique for improving the perfor-
mance of parallel genetic algorithms on multi-modal numerical optimisa-
tion problems. It employs a cluster analysis algorithm to identify regions
of the search space in which more than one sub-population is sampling.
Overlapping clusters are merged in one sub-population whilst a simple
derating function is applied to samples in all other sub-populations to
discourage them from further sampling in that region. This approach
leads to a better distribution of the search effort across multiple sub-
populations and helps to prevent premature convergence. On the test
problems used, significant performance improvements over the tradi-
tional island model implementation are realised.

1 Introduction

Genetic algorithms (GAs) [I] are an established technique for the solution of
complex optimisation problems. They are not guaranteed to find an optimal so-
lution and their effectiveness is determined largely by the population size [1]. As
the population size increases, the GA has a better chance of finding the globally
optimum solution, or other acceptable solution, but the computational cost also
increases as a function of the population size. As the scale and complexity of tar-
get applications increases, run-time becomes a major inhibitor. Parallel genetic
algorithms (PGAs) have therefore become an important area of research.

Adopting the classification of Alba and Troya[2], four common classes of
parallel genetic algorithm (PGA) can be identified; global, diffusion, island, and
hybrid. The primary purpose of these models is the effective distribution of
the time consuming objective function evaluations across a number of physical
processing nodes. Considerable progress has been made in understanding the
mechanics and performance implications of these techniques, see for example
[3]. This paper considers coarse-grained parallelism in the context of numerical
optimisation. Of the four classes of parallel genetic algorithm, only the island
model is specifically targeted at coarse-grained processing platforms.

The island model PGA is based on a division of the genetic algorithm’s pop-
ulation into a number of co-operating sub-populations, each capable of being
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executed on a separate processing node. These sub-populations may communi-
cate occasionally to share good solutions, through a mechanism referred to as
migration. Sub-populations typically consist of some tens to hundreds of chromo-
somes and the approach is therefore highly suited to coarse-grained processing
platforms. When the rate of migration is low, good speed-ups can be achieved.
Although primarily motivated by speed-up, it has long been recognised that
parallel implementations may search better than serial algorithms on complex
multi-modal search spaces, see for example [4]. The reason for this is the in-
herent niching effect that occurs when sub-populations are isolated for a period
(between migrations) during which their search trajectories can independently
evolve. This can lead to a reduced probability of premature convergence.

Migration is also sometimes said to contribute to the avoidance of prema-
ture convergence by improving diversity, though this is questionable as it can
also lead to increased effective selection pressure and disruption of the niching
behaviour. The independence of the sub-populations may be deemed poorly con-
trolled as it depends on chance - that is, where the initial samples are taken -
and the effect of migrations. In practice, sub-populations partially overlap in
their search of particular areas of the search space, either discovering fit regions
independently or sharing them through migration. This lack of discrimination
has previously motivated the development of an alternative approach, referred to
here as the partition model [5][6][7]. The partition model not only distributes the
objective function evaluations, but also partitions the search space so that each
sub-population is responsible for its own unique region of the space. In that way,
the independence of sub-populations is taken to an extreme, and empirical results
suggest that this is useful. However, despite encouraging results on small-scale
problems, the partition model has certain scalability problems, discussed in [8].

In this paper a new multi-modal numerical optimisation technique employ-
ing cluster analysis is described. The intention is to replicate the beneficial be-
haviours of the partition model using more scalable techniques. Essentially an
extension of the island model, it tries to find clusters of samples that overlap
between different sub-populations and merges these overlapped clusters in one
of the sub-populations. Other sub-populations are discouraged from re-entering
the region of these clusters by applying a simple derating function to their fit-
ness evaluations. The resultant reduction in search overlap means that sub-
populations are free to explore other areas of the search space. This has the
beneficial effect of reducing premature convergence, widely recognised as a ma-
jor difficulty in population-based search.

The technique described does not require the a priori knowledge of the fitness
landscape often needed by other clustering approaches. The algorithm is shown
to perform significantly better than the island model on the problems used whilst
being only marginally worse than the partition model; a situation that is more
than compensated for by the improved scalability of the approach.

The rest of the paper is organised as follows. Section 2 describes the paral-
lel models considered in this study. Section 3 details the clustering algorithm.
Section 4 provides a performance comparison, and Section 5 concludes.
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2 Parallel Models

This section reviews the coarse-grained PGAs considered in this study, and es-
tablishes the basis for the clustering approach.

2.1 Island Model

The configuration of island-model PGAs can be divided into two main parts:
population sizing and migration. The size of the population is typically the pa-
rameter that has the most influence on performance (although other parameters,
such as mutation and migration, are inevitably linked). The spatial allocation of
resources (i.e. the decision on the number and the size of sub-populations) has
been solved for extreme cases [9]. Migration is a complex operator, affected by
several interrelated parameters (including, migration timescale, migration rate
and topology) as well as the characteristics of the fitness landscape. The impact
of these parameters on the quality of search has been investigated by Canti-Paz
n [3], who provides rational design guidelines.

Migration may introduce diversity into a sub-population. The introduction
of a new sample, geometrically distant from the existing samples, tends to cause
the sub-population to investigate the intervening space. Thus it can possibly lo-
cate further optima in the intervening space and lead to improved performance.
However, migration also has a potentially negative effect. It can increase the con-
vergence speed by replicating fit structures and cause multiple sub-populations
to converge to the same region of the search space. There is no guarantee that
different sub-populations will converge on different optima even when there is no
communication between sub-populations. Thus, there is an indiscriminate over-
lap in the work effort between processing nodes. This overlap can be beneficial,
particularly on problems that are not deceptive, because the more samples taken
from an optimum region the more accurate the final solution will be. However,
on deceptive problems this behaviour is a disadvantage as it leads to overlooking
large areas of the search space in which globally fit solutions may be found in
favour of the more readily identified areas of lesser fitness.

2.2 Partition Model

To ascertain whether the removal of the indiscriminate overlap between sub-
populations is beneficial, the partition model was proposed by Vincent [5]. The
main concept is the division of the search space into a number of (initially
equal size regions) that are separately optimised. When the fitness distribution
of the search space is irregular, as is typical with optimisation problems, equal
sized regions are not of equal worth and should not therefore be subject to the
same degree of sampling. Depending on the nature of the fitness landscape, this
computational load imbalance could severely reduce efficiency. To address this, a
load-balancing algorithm was used to adjust the decomposition (i.e. position of
partitions) of the search space according to the fitness distribution - algorithm
details can be found in [6].
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It has been shown that the partition model is feasible for problems of low-
dimensionality and that is offers substantially superior performance, in terms
of both rapid convergence and final solution quality, when compared with the
island model on a number of randomly generated multi-modal numerical opti-
misation problems. However, the basic concept is not scalable [g], as the division
of the search space results in a minimum of 2" regions, where n is the number
of parameters being optimised. Thus, on problems of practical interest, with
some tens to hundreds of parameters, it will not be possible to partition every
dimension due to the limitation of number of processing nodes available and
overheads involved. One solution is simply to select a subset of parameters to
partition, but this requires a priori knowledge of the search space in order to
select significant parameters. Thus, the partition model may fail to effectively
split the optimisation workload between sub-populations and will not therefore
offer the superior performance found on small-scale problems.

2.3 Cluster Model

The natural behaviour of a genetic algorithm can be informally described as com-
prising three phases. Following initialisation, a brief period of highly explorative
search occurs, driven primarily by crossover. Quite quickly, though, the selec-
tion pressure will cause clusters to begin forming around fit regions of the search
space. These regions may represent individual peaks or just a generally fit part
of the space. During this period, explorative search gradually diminishes and
the utility of crossover is lessened, until the population is largely categorised
by a number of relatively tight clusters of samples plus a scattering of a few
randomised samples throughout the space. At this point, unless an operator is
employed to inject diversity into the population, the course of the optimisa-
tion, excepting some fortuitous mutation, is set. The final phase consists of the
further tightening of clusters and an elimination process whereby the fittest clus-
ters receive increasing numbers of samples until low fitness clusters are removed
entirely. Ultimately, the population will converge to a single cluster.

In practice, this clustering behaviour can be exploited to identify regions of
the search space in which sub-populations overlap, provided that a reliable and
efficient clustering algorithm is used. The cluster model proposed here operates
in a similar manner to an island model, but periodically performs a cluster
analysis on each sub-population. The clusters found in each sub-population are
compared to identify those that overlap. Overlapping clusters are merged, and
clusters redistributed amongst sub-populations so that only one is optimising in
that region of the search space. Further, the objective function can be modified
by composition with some derating function to discourage other sub-populations
from re-entering that region of the space. If the overlap of work effort can be
removed it means that in each case (n—1) sub-populations can be freed to further
explore the search space, except the overlapped region, where n is number of sub-
populations that contain samples from the overlapped region. It is possible to
locate further optima in other regions of the search space and this leads to a
higher probability of locating the global optimum or other satisfactory solution.
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Migration can be used in the initial stages of the cluster model when it
can help with exploration, but can be switched off when overlapping clusters
appear to prevent the reintroduction of overlap. Naturally, eliminating overlap
means that the number of samples that can be focussed around any one peak
is limited by the sub-population size. So, when the algorithm enters the final
phase, however this may be identified, migration could be switched back on to
then promote overlap in order to focus sampling on the best of the discovered
optima and increase the final solution quality. The effect of these variations is
still to be fully investigated. The overall effect of the cluster model, however, is
similar to that of the partition model.

Naturally, this approach bears some similarity with niching methods, such
as fitness sharing first introduced by Goldberg and Richardson [10] [L1], but the
motivation is different. Their experiments showed that a modified GA is able
to maintain stable clusters of samples on significant peaks, with the cluster size
being roughly proportional to the fitness of the peak. One of the main problems
in applying fitness sharing and other related techniques is the determination of
the niche radius, which is directly related to the properties of the search space
and cannot be assumed to be known a priori. Here, such a priori knowledge is
largely avoided (see the next section).

3 Clustering Algorithm

The basic concept is to find the overlapping regions between slaves during the run
and redistribute the samples from each overlapping region to one slave in order
to force other slaves to further explore the search space. Given that the pattern
of samples within a sub-population at any point in time can be characterised by
randomised scatter points and clustered groupings, the objective of the cluster
algorithm is to reliably recognise these groupings so that comparisons between
the clusters formed by different sub-populations can be made. Cluster analysis
methods are normally categorised into either hierarchical or non-hierarchical
approaches [12]. In this study, a non-hierarchical algorithm, which classifies the
data into a single partition of k clusters, is applied to cluster all samples in
a sub-population into & < N niches, where N is the number of samples in the
sub-population. Clustering requires a distance metric and the Euclidean distance
is used here. One sample from each cluster is chosen to be the “representative”
sample. In this algorithm, the best sample is chosen since that will be the closest
to the true optimum about which the cluster has formed. Note that this might
not be the centre of the cluster itself, and the determination of overlap is therefore
somewhat fuzzy. Given the notation: @ is a sequence of representative samples;
P is the population of samples; D(4, j) is the Euclidean distance between sample
¢ and j; C is a sequence of clusters, with each element being a sequence of
one or more samples; #x is the number of elements in sequence x; x[i] is the 0
element of 2; and " is the concatenation operator, the algorithm can be specified
as follows:
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//step 1:initialise cluster diameter threshold
1. Dthreshold = D?hreshold

//step 2:determine representative samples, @
2. sort population in descending order of fitmess, P’ = sort(P)
3. take best sample as first representative sample, Q = Q" P’[1]
4. for each sample ¢ =2...#P
5. if

#Q
min {D (P'[i], Qi])} > Dihreshola

6. then treat sample ¢ as new representative sample,
Q=Q"P'i]
//step 3:classify all samples in P’ using partition clustering
based on ()
7. for each sample i =1...#P
8. find j,j =1...#Q, such that D(P’'[i],Q[j]) is a minimum
9. assign sample to relevant cluster, C[j] = C[j]"P'[{]

// step 4 :reset cluster diameter threshold based on actual size

1%f‘ largest cluster

Dieenaa = s {358 (0 (il @l

// step 5:repeat step 2 to step 4 for next cluster analysis

The value of the initial cluster diameter threshold, Dghreshold, is not critical
as it is only used for the first clustering. The value should be related to the size
of the space, and a useful starting point is to take the bounds of the space in
the longest dimension and divide by the number of sub-populations.

The implementation used in this study comprises a master-slave configura-
tion, where each slave implements a sub-population and the master performs the
centralised operations associated with the processing of clusters. The clustering
algorithm is executed by each slave and therefore the serial part of the imple-
mentation where the master process is executing is minimal. Further distribution
may be possible, but has not yet been investigated. The clustering algorithm is
executed periodically, after each epoch of F generations. Each slave classifies its
samples into different clusters and sends the set of representative data (Q) to the
master. The master then determines whether there are any overlapping clusters.
Overlap is determined by a parameter, oinreshold- If the distance between the
representative data of two clusters from different slaves is less than oihreshold
the two clusters are considered to overlap. This threshold can be related to the
cluster diameter threshold without using a priori knowledge. Values in the range
Dthreshold x 0.8 < Othreshold < Dthreshold x 1.2 have been found appropriate. A
value of Gihreshold = Dinhreshold 1S used here.

The samples of overlapping clusters must be redistributed so that only one
slave has samples in that region. This redistribution affords the opportunity to
perform some form of load balancing so that the mean fitness is roughly equally
across sub-populations. Thus, samples from overlapping clusters are merged and
sent to the sub-population with the worst fitness. This process is repeated for
all overlapped clusters.



A Coarse-Grained Parallel Genetic Algorithm 235

Each slave, on receiving the results of the cluster comparison from the master,
can modify the fitness function by composition with some derating function to
discourage further sampling in areas of overlap. The approach adopted here
makes the overlapping regions flat and of minimum fitness for every slave except
that which has received the merged cluster. Naturally, samples removed from
a sub-population by merging overlapped clusters must be replaced. In [7], in
connection with the partition model, results were presented for two forms of
regeneration - random and evolved. Evolving the replacement samples from those
remaining valid samples was shown to perform better, and did not show any signs
of tending to premature convergence, and is therefore also used in the cluster
model. If there are insufficient samples remaining for the GAs selection and
reproduction operators, replacements are generated at random until there are
sufficient to evolve the remainder.

4 Empirical Investigation

To evaluate the performance of the cluster model, experiments from [5] and
[7], which compared the serial, island model and partition model approaches,
are repeated here. Two experiments are reported. The first examines the per-
formance on a simple problem with a variable degree of deception, using two
sub-populations, as per [B]. The second examines the performance on a larger
problem using ten sub-populations, as per [7]. In general, experimental condi-
tions follow those previously used.

As in previous work, the GA employs binary tournament selection without
replacements, and new samples replace the population’s worst. The crossover is
a BLX — 0.5 blend operator [13] and mutation is an exponentially distributed
creep operator with low probability of causing significant disruption. In all cases,
an empirically determined optimal configuration is used for each algorithm. The
optimal configurations for experiment one are N = 40, = 40, P,,, = 0.1 for the
island model; N = 35, P,,, = 0.2 for the partition model, with partitions adapted
every 50 generations as per the rules specified in [6]; E = 100, DY, .4 = 5 for
the cluster model; where N is the size of sub-population, p is migration rate,
Py, is the per-parameter mutation probability, F is the number of generations
between cluster analysis, Dghreshold is the initial cluster diameter used by the clus-
tering method, and ogghreshold i the threshold that determines whether two clus-
ters overlap. The configuration for experiment two is N = 50, P, = 0.1, u = 40
for island model; N = 50, P, = 0.1 for partition model, with partitions adapted
every 50 generations as per the rules specified in [6]; E = 100, DY, . .0q = 100
for the cluster model. All experiments are executed for 500 trials and average
data reported.

4.1 Ability to Cope with Deception

In [5], the performance of the partition model was examined on a simple problem
with a variable degree of deception. The basic concept was to take an easily
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optimised problem, where the global optimum (denoted o;) is located in an
area of generally high fitness, and add a new global optimum (denoted o03) of
relatively small area of attraction in an area of generally poor fitness. Algorithms
with ”greedy” sampling behaviour will tend to overlook this new peak and focus
their attention on the more easily obtain solution offered by o;. By varying the
area of attraction of og, the performance under varying degrees of deception can
be investigated. The partition model was previously shown to cope significantly
better with this than the island model, finding the deceptive peak with higher
probability.

Fig. 1. Simple multi-modal test problem

The unmodified problem (i.e. without 03), shown in Figurelll comprises 25
peaks of random height, distribution and area of attraction. The best solution,
01, is approximately 3.66. The new peak, 0z, was added at (z = 8,y = 6), with
an approximate height of 5.15. Since the algorithms used are elitist, convergence
to oo is guaranteed if a sample of fitness greater than oy is reached. Therefore,
the area of the peak exposed at this height is considered to be indicative of the
difficulty of locating it. This exposure is denoted «, and expressed as a percentage
of the total area of the search space.

Figure[d and Figure[3 compare the average solution quality and success rate
respectively for each model for a range of a.. The solution quality is the fitness of
the best individual at each generation. The success rate is the number of times
the final solution of a trial is within some small distance of the global optimum
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(0.2 is used here). With small «, none of the techniques is able to locate the
global optimum because it is simply too small. With large «, all three techniques
can readily locate the global optimum. At these extremes the solution quality
is similar for all models. Between these extremes, however, the partition model,
as previous found, offers a significant improvement in performance. The largest
difference is evident for o = 0.2, with, approximately, an 8% improvement in
solution quality and a 21% improvement in success rate.
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This result is comparable to that previously reported. Importantly, the perfor-
mance of the cluster model under these conditions is practically identical to that
of the partition model.
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Figure[d and Figure[ illustrate the clustering in action, with a plot of the
sub-population state before and after clustering is applied (different symbols
denote the location of samples from each sub-population). Areas of overlap are
clearly removed by the clustering process.

10

10

Fig. 5. State of the sub-populations after clustering

4.2 A More Complex Problem

The performance of the three models is compared on the larger, more complex
problem shown in Figure[f, as previously used in [7].
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This comprises 1000 randomly distributed optima having very small area of
attraction.

Fig. 6. A harder test problem

Ten sub-populations are used for each model. The solution quality is com-
pared in Figure[d. From this, it is clear that the partition model offers a sub-
stantial increase in both convergence speed and final solution quality over the
island model. The cluster model, whilst not quite reaching the general perfor-
mance level of the partition model, is nonetheless a significant improvement over
the island model, and manages to achieve the highest final solution quality. The
small loss of convergence speed is considered a reasonable price for the improved
scalability that the cluster model offers over the partition model.
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5 Conclusions

This paper has presented a new model for a coarse-grained PGA referred to
here as the cluster model. The cluster model effectively removes the overlap in
sampling between sub-populations which is shown to offer superior performance
in terms of rapid convergence and final solution quality compared with the is-
land model on two relatively small-scale problems. It is shown to have generally
comparable performance with the partition model from which it was developed,
but removes the scalability problems that prevent the wide application of the
partition model. Further work is being conducted on the clustering and cluster
redistribution algorithms to maximise robustness, computational efficiency and
effectiveness. Empirical study on a wider range of test problems is also required
to establish the domain of applicability of the cluster model.
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Abstract. In this work we study how using multiple communicating
populations instead of a single panmictic one may help in maintaining
diversity during GP runs. After defining suitable genotypic and pheno-
typic diversity measures, we apply them to three standard test problems.
The experimental results indicate that using multiple populations helps
in maintaining phenotypic diversity. We hypothesize that this could be
one of the reasons for the better performance observed for distributed
GP with respect to panmictic GP. Finally, we trace a sort of history of
the optimum individual for a set of distributed GP runs, trying to un-
derstand the dynamics that help in maintaining diversity in distributed
GP.

1 Introduction

The diversity of genetic material plays an important role in evolutionary algo-
rithms (EAs). In fact, it has been shown that premature loss of diversity may
lead to search stagnation on restricted regions of the search space instead of
convergence towards better solutions. In tree-based genetic programming (GP)
the problem is complicated by the fact that genotype-to-phenotype mapping is
not as straightforward as it is in other EAs. At any point in time during evo-
lution, the population can be examined from the point of view of its genotypic
pool — the structure of the trees — or from the point of view of the capability
of the individuals to solve the problem at hand — their fitness —. Thus, both
genotypic and phenotypic diversity play a role in GP and both are not neces-
sarily correlated in a straightforward manner. In particular, the phenomenon
of “bloat”, consisting in the tendency of code to grow in size over generations,
is well-known and it often gives rise to large non-functional tree portions [11].
Over the years, researchers have suggested various techniques for maintaining
diversity in artificially evolving populations. Among those that have found ap-
plication to GP, one may mention fitness sharing [6] which has been extended to
GP in [7], and multi-objective optimization [5], where fitness, size, and diversity
are the objectives to be satisfied. In the past few years, systematic experimental
investigation of the behavior of semi-isolated populations in GP have been done.
Among the others, we have empirically observed that distributing the individ-
uals among several communicating islands allows not only to save computation
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time, due to the fact that the system runs on multiple machines, but also to
find better solutions’ quality. This is true both on a set of common GP bench-
marks and on some real-life problems [84] and it agrees with results obtained
by other researchers (see for instance [I[13]). These results, and the analogous
ones for EAs, have often been attributed to better diversity maintenance due to
the periodic migration of groups of good individuals among the subpopulations.
For example, McPhee and Hopper [12] suggested that demes might be a possible
way for maintaining diversity in GP (but they did not explore the issue). We
also believe that this might be the case and in this paper we present a study
on the evolution of diversity in multi-island GP. Such an investigation has, to
our knowledge, never been performed before. A preliminary, but rather sketchy
analysis of the issue has been presented by us in [I4]. One advantage of multiple
populations as means for maintaining diversity is that, in contrast to the clever
methods mentioned above, diversity is maintained “for free”, so to speak, with-
out any particular algorithmic device beyond the simple communication among
islands.

The paper is organized as follows. In section [2] we present the diversity mea-
sures employed. Section B] shortly describes the test problems used and the GP
environment. Sections Bl and B discuss the experimental results obtained, and
section [6l provides the conclusions and discusses future work.

2 Diversity Measures

A rather complete survey of diversity measures in panmictic GP have been pre-
sented in [23]. The diversity measures that we use in this paper are based on
the concepts of entropy and variance. Both these concepts are used to measure
the phenotypic (i.e. based on fitness) and genotypic (i.e. based on the syntactical
structure of individuals) diversity of populations.

The entropy of a population P is defined as follows:

H(P) = ZFj log(F})

If we are considering phenotypic entropy, we define F; as the fraction n;/N
of individuals in P having a certain fitness j, where N is the total number of
fitness values in P. To define genotypic entropy, we have decided to use two
different techniques. The first one consists in partitioning individuals in such a
way that only identical individuals belong to the same group. The algorithm used
to perform this partitioning is efficient as it is based on previously stored triplets
of trees attributes, composed by the total number of nodes, the number of leaves
and the number of internal nodes. Only in case of equal triplets, trees are visited
to establish if they are indeed identical (for the sake of brevity, this algorithm
will be called triplet algorithm in the following). In this case, we have considered
F}; as the fraction of trees in the population P having a certain genotype j,
where N is the total number of genotypes in P. The second technique consists
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in defining a distance measure, able to quantify the genotypic diversity between
two trees. In this case, F} is the fraction of individuals having a given distance j
from a fixed tree (called origin), where N is the total number of distance values
from the origin appearing in P.

The variance of a population P is defined as follows:

1 o -
V(P)=-—5> (fi= ]
=1

If we are considering phenotypic variance, f is the average fitness of the
individuals in P, f; is the fitness of the i*" individual in P and n is the total
number of individuals in P. To define genotypic variance, we only use the notion
of tree distance. In this case, f is the average of all the individual distances from
the origin tree, f; is the distance of the i*" individual in P from the origin tree
and n is the total number of individuals in P.

A few tree distances have been proposed in literature. Here we use Ekart’s
and Németh’s definition [7]. According to this measure, given the sets F and
T of functions and terminals, a coding function ¢ must be defined such that
¢:{T UF} — IN. Then, the distance of two trees Ty and T with roots Ry and
R is defined as follows:

dist(Tl, T2) = d(Rl, RQ) + kZdZSt(Cthdi(Rl), Cther(RQ))
i=1

where: d(R1, R2) = (|c(R1) — ¢(R2)|)?, child;(Y) is the i*" of the m possible
children of a generic node Y, if i < m, or the empty tree otherwise, and ¢
evaluated on the root of an empty tree is 0. Constant k is used to give different
weights to nodes belonging to different levels and z is a constant usually chosen
in such a way that z € IN. In the following experiments, the empty tree will be
chosen as the origin.

3 Test Problems and GP Parameters

We decided to address a set of problems that have been classically used for testing
GP: the even parity problem, the symbolic regression problem and the artificial
ant on the Santa Fe trail problem, since there is a fair amount of accumulated
knowledge on those in the GP community ([LO/I1]). The following is a brief
description of the problems, details can be found in [10].

Even Parity 4 Problem. The boolean Even Parity k function of k£ boolean
arguments returns true if an even number of its boolean arguments evaluates to
true, otherwise it returns false. If kK = 4, then 16 fitness cases must be checked
to evaluate the fitness of an individual. The fitness is computed as 16 minus
the number of hits over the 16 cases. Thus a perfect individual has fitness 0,
while the worst individual has fitness 16. The set of functions is the following:
F ={NAND,NOR}. The terminal set in this problem is composed of 4 different
boolean variables T = {a,b,c,d}.
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Artificial Ant Problem on the Santa Fe Trail. In this problem, an artificial
ant is placed on a 32 x 32 toroidal grid. Some of the cells from the grid contain
food pellets. The goal is to find a navigation strategy for the ant that maximizes
its food intake. We use the same set of functions and terminals as in [10]. As
fitness function, we use the total number of food pellets lying on the trail (89)
minus the amount of food eaten by the ant during his path. This turns the
problem into a minimization one, like the previous one.

Symbolic Regression Problem. The problem aims to find a program which
matches a given equation. We employ the classic polynomial equation f(z) =
x* + 23 + 22 + z, and the input set is composed of the values 0 to 999 (1000
fitness cases). For this problem, the set of functions used for GP individuals is
the following: F = {x, //,+, —}, where // is like / but returns 0 instead of error
when the divisor is equal to 0. We define the fitness as the sum of the square
errors at each test point. Again, lower fitness means a better solution.

GP Parameters. In all the experiments we used the following set of GP pa-
rameters: generational GP, crossover rate: 95%, mutation rate: 0.1%, tournament
selection of size: 10, ramped half and half initialization, maximum depth of in-
dividuals for the creation phase: 6, maximum depth of individuals for crossover:
17, elitism (i.e. survival of the best individual into the newly generated popu-
lation for panmictic populations. The same was done for each subpopulation in
the distributed case). All the experiments should definitely be checked using a
different selection scheme, since a higher or lower selection pressure could af-
fect phenotypic diversity. This work will be done in the future. Furthermore,
to avoid complicating the issue, we refrained from using advanced techniques
such as ADFs, tailored function sets and so on. The distributed GP algorithm is
explained in detail in [§]. Basically, each population evolves independently with
the same parameters as panmictic GP, except for the migration of the best p
individuals every k generations from a given island to a randomly chosen one
different from itself, where they replace the worst p individuals. In all the ex-
periments p = 10% of the population size, and k = 10 as these values have
been shown adequate in [§]. Sending and receiving blocks of individuals is done
synchronously.

4 Experimental Results

In this section we describe the results of our simulations. All the curves represent
average values over 100 independent GP runs. Note that, for reasons of space,
we report here the results of the simulations for one population size and a fixed
number of islands for each problem. Although this might seem arbitrary, it is
based on the results we obtained in [§], where we studied many more cases.



A Study of Diversity in Multipopulation Genetic Programming 247

Fig. 1. Artificial Ant Problem. 1000 total individuals. Average of the best fitness vs.
generations over a set of 100 independent runs.

4.1 Artificial Ant

Figure [T shows the average of the best fitness value at each generation over 100
independent runs. Population size is 1000 and we use five subpopulations in the
distributed case. This figure clearly shows that splitting the individuals on a set
of communicating subpopulations leads to a gain in the best solution quality, if
compared to the case of one panmictic population.

In [8], we show that this result is statistically significant and also that quali-
tatively analogous results can be obtained with other population sizes and other
subpopulation numbers.

Figure 2l(a) depicts the behavior of genotypic entropy as calculated by using
structural tree distances, for the same runs as in figure [l The gray curve rep-
resents the overall entropy of one panmictic population, while the black curve
shows the aggregated entropy of all islands, i.e. the entropy of all the individuals
in the islands considered as a single population. Figure Pb) shows the evolu-
tion of genotypic entropy when using the triplet representation of unique trees.
We observe that the behavior is qualitatively very similar to that of figure 2{(a),
thus confirming that the two entropy measures are consistent. Experiments have
shown that the same thing holds for all the other cases considered in this paper.
Because of that, we only show the entropy based on structural distance from
now on. Figure [2(c) shows the genotypic variance at each generation. Looking
at these figures, we can observe that genotypic diversity, after an initial arrange-
ment (increase in the case of entropy, decrease in the case of variance), tends to
remain constant over time. This is in agreement with the findings of Gustafson
and coworkers [2I3]. The jigged behavior of the multipopulation curves when
groups of individuals are sent and received is not surprising: it is due to the sud-
den change in diversity when new individuals enter a subpopulation. If we don’t
consider these oscillations, the genotypic diversity of the panmictic population
and the one of the aggregated subpopulations can be considered very similar.

The behavior of genotypic diversity in individual islands can be seen in fig-
ure Bl where only two populations are reported to avoid cluttering the drawing.
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Fig. 3. Artificial Ant Problem. Genotypic entropy (a) and variance (b) using structural
distances in two subpopulations of 200 individuals each. Note the change of scale of
the y-axis with respect to the curves of figure[2l

Figure @ shows graphs of the phenotypic entropy (a) and variance (b) for
the panmictic population and the multipopulation case. It is apparent here that,
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Fig. 5. Artificial Ant Problem. Phenotypic entropy (a) and variance (b) in two sub-
populations of 200 individuals each.

contrary to genotypic diversity, phenotypic diversity tends to decrease steadily as
time goes by, which is again in agreement with the results of [2I8]. This behavior
has often been observed in GP runs, see for instance [I1]. The interesting remark
is that, even if in the multipopulation case the average phenotypic diversity tends
to oscillate as groups of individuals are sent and received, it globally remains
higher than in the panmictic case.

Figure Bl presents phenotypic entropy (a) and variance (b) for two islands.
This figure and figure Blshow that the diversity behavior in the different islands
is more or less the same during the evolution (for this problem).

4.2 Symbolic Regression

Figure [0l shows the average of the best fitness value at each generation over 100
independent runs. Population size is 250 and we use five subpopulations in the
distributed case. This figure clearly shows that the multipopulation system al-
lows to find solutions of better quality, if compared to the case of one panmictic
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Fig. 6. Symbolic Regression Problem. 250 total individuals. Average of the best fitness
vs. generations over a set of 100 independent runs. Results for the first 25 generations
have been omitted, because the values of fitness are too high.

population. As it was the case for figure[T], in [8] we show that this result is sta-
tistically significant and also that qualitatively analogous results can be obtained
with other population sizes and other subpopulation numbers.

Genotypic entropy and variance with structural tree distance are shown in
figure[.
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Fig. 7. Symbolic Regression problem. 250 total individuals. Genotypic entropy (a) and
variance (b) calculated using structural distance. Gray curves: panmictic population.
Black curves: entropy of the aggregated subpopulations.

Again, we see that, after an initial period of arrangement, genotypic diversity
remains approximately constant during the evolution. Moreover, while the geno-
typic variance have more or less the same values for the multipopulation system
and the panmictic one, the genotypic entropy is higher for the single panmictic
population. A comparison between the results of figures [@ and [[(a) show that
the smaller value of genotypic entropy in the multi-islands system does not affect
performance.
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Fig. 8. Symbolic Regression problem. 250 total individuals. Phenotypic entropy (a)
and variance (b). Gray curves: panmictic population. Black curves: entropy of the
aggregated subpopulations.

Figure Bl shows the phenotypic diversity (as measured by entropy and vari-
ance) for the multipopulation system and the panmictic one. It appears that
phenotypic diversity, in average, has higher values for the multi-island case.
This is a qualitative confirmation that distribution helps in maintaining phe-
notypic diversity. A comparison of the results of figures [6] [7] and [§ shows that
there is little correlation between genotypic and phenotypic diversity (which is
in agreement with [2], and is probably due to bloat, neutral networks in geno-
typic space and non-functional code [11]). Moreover, no apparent correlation
seems to exist between the capacity of GP to find good quality solutions and the
genotypic diversity. On the other hand, the capacity of GP to find good quality
solutions seems to have a correlation with phenotypic diversity, at least in these
experiments.

Results of genotypic and phenotypic diversity for the single subpopulations
of the multi-island system (not shown for lack of space) confirm that the amount
of diversity in the different islands is, in average, more or less the same.

4.3 Even Parity 4

Figure @ shows the average of the best fitness value at each generation over
100 independent runs. Population size is 500 and we use five subpopulations in
the distributed case. Once again, the multipopulation system allows, in average,
to find solutions of better quality, if compared to the case of one panmictic
population. As it was the case for Figure [l and[6], in [§] we show that this result
is statistically significant and also that qualitatively analogous results can be
obtained with other population sizes and other subpopulation numbers.

In Figure [I0, we observe that a pattern of genotypic diversity similar to
the one found for the artificial ant problem (Figure[Z) emerges again: genotypic
diversity has a variation in the first part of the evolution (increase for the entropy
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Fig. 9. Even Parity 4 Problem. 500 total individuals. Average of the best fitness vs.
generations over a set of 100 independent runs.

and decrease for the variance) and then levels-off and stays in average practically
constant. For the islands, there are oscillations at migration times but otherwise
the behavior is quite similar to the panmictic system.
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Fig. 10. Even Parity 4 problem. 500 total individuals. Genotypic entropy (a) and vari-
ance (b) calculated using the structural distance. Gray curves: panmictic population.
Black curves: entropy of the aggregated subpopulations.

Also for this problem, phenotypic diversity (entropy and variance are shown
in figure [T1)) always decreases on average during evolution, but it remains higher
for the multipopulation system. The behavior for single islands is similar but is
not shown here for lack of space.

5 Solutions History

Although the previous sections have shown convincingly that phenotypic diver-
sity is better preserved in the multipopulation case, it would be interesting to
study how solutions originate and propagate in the distributed system. To do so,
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Pop 1| Pop 2| Pop3 Pop 4 | Pop 5
Test 1 13 12 15 14 46
Test 2 18 10 45 13 14
Test 3 46 12 16 12 14
Test 4 16 41 17 13 13
Test 5 19 21 19 20 21
Test 6 16 17 30 19 18
Test 7 16 17 30 19 18
Test 8 12 11 11 16 52
Average| 20 18.62 21.5 15.62 | 24.5

Fig. 12. The numbers on the row corresponding to a given test represent the average
amount of time spent by a solution or a part thereof in the corresponding population.
The last line is the average of the eight previous tests. Results refer to the Ant problem
with a population size of 1000.

we have performed several runs in which a label have been associated to individ-
uals, containing a tag for each subpopulation. At generation zero, all these tags
are set to zero, except the tag of the current subpopulation, that is set to one.
Each time that an individual is formed by crossover, its label is built by tak-
ing the maximum of its parents’ tags for each subpopulation. Then the current
population’s tag is incremented. This process allows to trace a coarse-grained
history of the movement of genetic material. Subpopulations are useful if the
final solutions show a good amount of mixing in their history; in other words, if
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they have been formed by repeated migration and hybridation with other blocks
coming from separate populations. Figure [[2]is a synthesis of a few runs of the
Artificial Ant problem. The row numbers for a given run represent the popula-
tion’s tag rates in the final solution’s label, and thus represent the amount of
time the final solution, or parts thereof, have spent in a given population (each
column representing a population). Although the averages are not statistically
significant (too few runs), they do indicate that all the islands participate in the
formation of a solution.

6 Conclusions and Future Work

In this work we have studied how using loosely coupled populations instead of a
single panmictic one may help in maintaining diversity during GP runs. By defin-
ing genotypic and phenotypic diversity indices and by monitoring their variation
over a large number of runs on three standard test problems, we have empirically
shown that diversity evolves differently in the distributed case. In fact, while
genotypic diversity is not much affected by splitting a single population into
multiple ones, phenotypic diversity, which is linked to fitness, remains higher in
the multipopulation case for all problems studied here. Thus, the low correlation
between evolution of genotypes and problem-solving behavior is confirmed in the
distributed setting [2)3]. Given that better convergence properties have been em-
pirically established for distributed GP (see, among others, [1], [13] and [g]), it
is tempting to attribute this observation to the diversity behavior. Although our
measures suggest that this could indeed be the case, maybe through an implicit
control of the bloat phenomenon (as suggested in [9]), a direct effect cannot
be established, only a plausible indication. We have also studied how solutions
arise in the distributed case, and we have empirically shown that all the sub-
populations contribute in the building of the right genetic material, which again
tends to indicate the usefulness of having smaller communicating populations
rather than a big panmictic one. In conclusion, using multiple loosely coupled
populations is a natural and easy way for maintaining diversity and, to some
extent, avoiding premature convergence in GP. Of course, more complicated
methods for promoting diversity (e.g. [5/7]) may be used in the subpopulations
in conjunction with the natural distribution of the genetic material offered by
the latter. Future work includes the study of the relationships between different
diversity measures, the influence of asynchronous communication policies, and
of the communication topology on diversity behavior.
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Abstract. An important problem with genetic programming systems
is that in the course of evolution the size of individuals is continuously
growing without a corresponding increase in fitness. This paper reports
the application of a self-improvement operator in combination with a
characteristic based selection strategy to a classical genetic programming
system in order to reduce the effects of code growth. Two examples, a
symbolic regression problem and an 11-bit multiplexer problem are used
to test and validate the performance of this newly designed operator.
Instead of simply editing out non-functional code this method tries to
select subtrees with better fitness. Results show that for both test cases
code growth is substantially reduced obtaining a reduction factor of 3—10
(depending on the problem) while the same level of fitness is attained.

1 Introduction

According to Koza [7] one of the central challenges of computer science is “...to
get a computer to do what needs to be done, without telling it how to do it...”.
Genetic programming (GP) addresses this challenge by providing a method for
automatically creating a working computer program from a high-level statement
of the problem. Genetic programming achieves this goal of automatic program-
ming (also called program induction) by genetically breeding a population of
computer programs using the principles of Darwinian natural selection and bio-
logically inspired operations [10]. The operations include reproduction, crossover
(sexual recombination), mutation, and architecture-altering operations mimick-
ing gene duplication and gene deletion in nature.

1.1 The Origin of Code Growth

An important problem with genetic programming systems is that in the course of
evolution the size of individuals (and inherently also the depth) is continuously
growing. Code growth can be defined as the tendency of programs generated
by GP to grow much larger than is functionally necessary. The growth is out
of proportion to improvements in performance and consists almost exclusively
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of code, which does not contribute to performance. When evaluating the ge-
netic programs over the fitness cases, much of the time is spent on irrelevant
non-functional code fragments. In that way they reduce speed, consume more
memory than necessary and make the programs harder to read by humans. Code
growth has been a thoroughly analyzed topic during the past few years. Equally
important as the analysis of the causes and sources of such a phenomenon is the
search for strategies to control or moderate the effect of code growth.

Koza [7] proposed the use of a maximum permitted size (both in depth and
in node count) for the evolved individuals as a parameter of GP systems. Hereby,
genetic programs are allowed to grow until a predefined size is reached. More
complex operators have also been introduced such as the editing operation for
making the output more readable and producing simplified output, both im-
proving the overall performance of GP. Langdon and Crawford [8] introduce two
special crossover operators, so-called size fair crossovers. These operators create
an offspring by replacing a randomly selected subtree of one parent with a care-
fully selected similar-size subtree of the other parent. Ekart [3] used a special
mutation operator inspired by two forms of mutation in biology (frameshift mu-
tation - addition or deletion of one or more base pairs and large DNA sequence
rearrangements), for the simplification of the genetic programs. Code simpli-
fication has also been used by Hooper and Flann [B]. Iba [6] defines a fitness
function based on a Minimum Description Length principle. The structure of
the tree representing the genetic program is reflected by its fitness value. Soule
[11] suggested two methods for reducing code growth: (1) the straightforward
editing out of irrelevant and redundant code and (2) the use of a fitness function
that penalizes longer programs.

Regardless many attempts to tackle the problem of code growth other stud-
ies have shown that seemingly non functional code (introns) shield highly fit
building blocks of programs from the destructive effects of crossover [1]. Nordin
[0 demonstrate through experiments that introns allow a population to keep
the highly-fit building blocks and in the meantime make possible the protec-
tion of individuals against destructive crossover. Some results report premature
convergence when editing out large portions of non-functional code [4].

Summarizing, the underlying cause of bloat and how to react on it is still
open to debate. What is universally agreed upon, however, is that bloat occurs
and often has detrimental effects on the improvement in fitness in genetic pro-
gramming runs. In addition, it clearly slows down genetic programming runs by
consuming CPU cycles and large amounts of memory and can hamper effective
breeding. But then again solving the problem of code growth entirely doesn’t
seem to be the best solution since highly fit building blocks are left unprotected.

This contribution will try to control code bloat using a newly developed
self-improvement (SI) operator, which tries to satisfy all of the aforementioned
demands. The remaining of this paper is organized as follows. The next section
will explain the basic idea and principle of the self-improvement operator. Section
Blwill briefly discuss the experimental setup used for testing. Section [ and [ will
give an overview of the results. Finally section Bl will summarize the conclusions.
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2 A Self-Improvement Operator

2.1 Definition of Characteristics

In many biological systems when mating season is yet to come, individual organ-
isms want to attract their partners of the opposite sex by using some (sometimes
bizarre) rituals. For example: male birds try to chant a beautiful song in order
to get as much attention as possible from a group of females. Butterflies show off
their beautiful colored wings to impress the females. Even humans use complex
techniques when choosing a mate. They are guided by different aspects (both
inner and outer characteristics) in their quest for the “best fitting” partner.

It seems clear that animals don’t use strictly one fitness value to measure the
other sexes strength but rather a complete set of criteria, a set of different char-
acteristics or objectives. In this way many biological systems use multi-objective
methods to calculate some kind of weighted average of the other sexes negative
and positive characteristics. Ballard and Rosca [2] report results on experiments
with more adaptive representations (building block generation) that decreases
the time needed for complex systems to evolve. Guided by this idea and find-
ings an individuals representation is extended with such a set of characteristics
representing its qualities. The goal is to convey more fitness information about
an individual and about its capacities without explicitly incorporating a second
penalizing objective like node size or tree depth. A characteristic can be defined
as follows:

Definition 1. A characteristic of an individual Y is a subtree of Y with an
internal (non-terminal) node as its root.

This definition also states that the tree of the individual Y can also be a char-
acteristic on its own. Fitness of such a characteristic is calculated in the same
way as it is obtained for the parent. To avoid overhead in memory storage only
the best characteristic is kept. The rest is discarded.

2.2 Specific Selection Method

Like any other operator self-improvement selects its candidate individuals based
on a certain selection strategy. Since for each individual both a global fitness
measure as well as a local set of fitness characteristics is kept, the proposed
selection method will use these properties to determine whether or not an in-
dividual will be selected for further processing. This method mainly consists of
two stages, which operate as follows:

In the first stage individuals will be added to a global selection list S (there
is only one such list for the entire population). In order to be on such a list an
individual must comply with some demands:

— First of all, an individual must have at least one characteristic. This demand
removes trees solely consisting of a terminal node.
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— Secondly, for each individual on the list .S the best characteristic must have
a fitness value that is strictly higher than the fitness of the entire (mother)
individual. In this way a fitter individual will replace a less performing indi-
vidual. Even more, the depth and inherently also node count of the charac-
teristic is less than the original individual. If an individual doesn’t fulfill this
second demand it will be thrown out of the global selection list .S. Note that
the root node of the parent individual is always excluded from the selection
list if this demand is fulfilled. In practice this means that only individuals
having internal nodes on depths larger than zero, will be added to S while
others will be rejected.

In the second stage the list S is sorted according to the fitness characteristics.
So the individual who has the best characteristic comes first in the list and will
be, when the operator is called, the first individual to be selected.

2.3 Implementation of the Operator

When the self-improvement operator is chosen with some predefined probability,
it will take the top individual from the global selection list S. By looking at the
position of the fittest characteristic (i.e. the ID of the internal node) it will select
the corresponding subtree. This subtree will be upgraded to a new individual by
removing the other branches of the original (mother) tree. This results in a new
individual with an increased fitness but a lower node count and / or depth. A
graphical example is given in Fig. [1l

Original Transformed New

Fig. 1. Transformation of a characteristic into a complete individual.
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3 Experimental Setup

This section will describe two experiments that were used to test and validate
the effect of this new operator. First traditional GP will be used to show that
code growth is occurring in these two examples. Node count will be carefully
monitored regarding to changes in fitness. In the next section GP enhanced with
the self-improvement operator will be used to tackle the code growth problem.

3.1 GP Engine

The same basic GP was used for all of the test problems. The GP is generational
and is run for 100 generations. The population size is 500. The ramped half-and-
half technique is used to generate the initial populations. This means that the
initially generated programs are evenly distributed (ramped) between depths of
3,4, 5,6 and 7. For each of these maximum depths half of the programs are
generated as full trees and the other half are grow trees. Other parameters for
the GP are listed in Table[Il

No additional depth limit is placed on the programs (maximum depth =
infinity). The GP system continues running even when an optimal solution (100%
correct) has been discovered. All results are averaged over thirty independent
runs.

Table 1. Breeding rates for each operator

Rate(%)
Operator no SI SI
Crossover 96% 51%
Reproduction 3% 1%
Mutation 1% 0.5%

Self-improvement 0% 47%

3.2 Symbolic Regression

The symbolic regression problem is to evolve a function g(x) that matches sample
point taken from a function f(z). The target function chosen is e with o
ranging from -1 to +1. Candidate solutions are tested against 40 uniformly
distributed points ranging over the same interval. Fitness is defined as follows:

1
L300 [P — A

with P; the predicted value, A; the actual (real) output and n the number of
fitness cases. More details are given in Table
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3.3 11-Bit Multiplexer Problem

As a second example a Boolean 11-bit multiplexer function (Fig. ) is chosen.
Koza previously stated that Boolean functions provide a useful test bed for
machine learning methods for several reasons. The most important ones with
respect to the proposed SI operator are:

— Boolean problems have an easily quantifiable search space.
— The number of fitness cases is finite; so it is possible to test 100% of the
possible fitness cases for a given problem.

Number of hits
mber of fitnesscases”

Fitness is defined as o More details are given in Table [2.

D0 =
D1 =
F F=D(i) with i=To_Decimal(ABC)
A,B,C={0,1}
D7 ==

11
A B C
Fig. 2. Example of a 11-bit boolean multiplexer. D; denotes input data line i. A,B

and C' are address inputs. F' equals D; with ¢ the number formed by the binary digits
ABC.

Table 2. Different parameter settings for the two test cases in the GP system

Symbolic regression 11-bit multiplexer
Functions +, =%,/ and, or, not, IFTE
Terminals constants, x A0..A2: address lines, D0..D7: data lines
Fitness cases 40 2048

4 Results

In what follows the GP system with SI was tested and compared with the clas-
sical GP system on two aspects. First of all (and the most important one) the
effect has been studied on code growth. Secondly the reflection on fitness was
analyzed.
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4.1 Self-Improvement versus Code Growth

As previously stated in the definition of a characteristic and based on the work-
ing principle of the self-improvement operator (in particular the specific selection
method), it is expected that large individuals (i.e. individuals with node size
larger than the average node count) will be chosen more often than smaller indi-
viduals. Thereby reducing population members in size. A more detailed analysis
will be given later on. Figure Blshows a crisp and clear difference considering node
count when applying the aforementioned self-improvement operator to both test
cases (notice the difference in scale). For both examples a respective reduction
(reduction factor is depending on the problem) can be obtained.

To analyze this reduction more thoroughly it is useful to take a look at the
average node size of actually selected (and transformed) individuals and the av-
erage node count of the total population (Fig. H). For both examples this number
is higher than the average node size for the entire population. This means that
the self-improvement operator successfully retracts the larger individuals from
the population. This can be explained by the fact that smaller individuals con-
tain less internal nodes and thereby less candidate characteristics (with better
fitness), which are required by the selection method. On the contrary it is obvi-
ous that larger individuals contain more internal nodes and consequently more
candidate characteristics (with better fitness).

symbolic regression 11-bit multiplexer
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Fig. 3. Average node size with and without the use of the SI operator for both test
problems. Left axis denotes mean node size when using the SI operator (black curve).
Right axis denotes mean node size without the use of the SI operator (‘+’ signs). Please
note the difference in scale.



Self-Improvement to Control Code Growth in Genetic Programming 263

Symbolic regression 11—bit multiplexer
160 T T T 50 T T T T
. —— Population
—— Population + Selected
+ Selected 45 |+ O Reduced —
140 O Reduced 1
40 i T
120 +
35 T

100

node size
node size

0 20 40 60 80 100 0 20 40 60 80 100
generation generation
Fig. 4. Average node size of population (black curve), average node size of individuals

that were actually selected by the SI operator (‘+’ signs) and mean node size of selected
individuals after reduction by the SI operator (circles) for both test problems.

4.2 Self-Improvement versus Fitness

Remember that the specific selection method of the SI operator selects individ-
uals based upon their best fitness characteristic. By definition, the fitness of this
characteristic is larger than the fitness of the parent that will be replaced. So in
GP systems that use the SI operator, selected individuals will have larger fitness
compared to their parents. Comparing the results for both test problems and
for both versions of GP (with and without SI) shows that there isn’t a loss of
performance (Fig. [).

Summarizing, results show that a self-improvement operator in combination
with a specific selection strategy based upon both fitness and the definition of
a characteristic, successfully downsizes the mean node size of a population of
individuals while attaining higher fitness when compared to GP systems that
don’t use this kind of operator. Instead of getting rid of non-functional code
by using some special clean-up routines, which try to reduce the tree of an
individual by eliminating portions of this tree this operator certifies that the
resulting population member will have:

— higher fitness than its parent by using a specific “best-characteristic” selec-
tion strategy,

— areduced, pruned tree with smaller node size than its parent. As has been ex-
plained in the introduction, simplification algorithms slice all excessive code
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from the tree and thereby include the possibility of building block destruc-
tion by genotype altering operations like crossover and subtree mutation.
Self-improvement allows individuals to prune non-functional branches but
does not force it. So it is still possible that a new individual has a few non-
functional portions of code hidden in its genotype. In this way highly fit code
fragments can still be protected against crossover.

Symbolic regression 11—bit multiplexer

1 T T T 1 T T T

— SI
+ no Sli

— SI
+ no Sli

maximum fitness
maximum fitness
o
[}
T
L

0.3 q
0.2 B
0.1 4
) . . . . ) . . . .
o] 20 40 60 80 100 o] 20 40 60 80 100
generation generation

Fig. 5. Maximum fitness of the population (black curve) when using the SI operator
versus maximum fitness of individuals in a GP system without the SI operator (‘+’
signs) for both test problems.

5 Discussion

When comparing the performance of the GP systems with and without the self-
improvement operator according to old fashioned CPU time analysis there are
some positive and negative aspects:

— A lot of overhead is introduced by computing all characteristics of each indi-
vidual (Fig. B). When given a full grown individual having for each function
two arguments and a depth of k, 2 — 1 possible characteristics need to be
evaluated starting from depth 0 = root). Problems which are hard to solve,
such as the symbolic regression problem (eIz) produce quite large trees in
order to approximate the function at its best. Figure B (symbolic regression
problem) shows that more (evaluation) time is spent on these larger trees.
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However, the SI operator reduces the node size and implicitly also the depth
of an individual. This means that k in the long run stays relatively small
thereby reducing the overhead generated by the calculation of the charac-
teristics (Fig. [6] 11-bit multiplexer problem.).

— Especially memory requirements are much lower in the GP system using
the SI operator. This is easy to understand since larger individuals require
more storage space. Keeping a limited set of characteristics only consumes
a limited amount of memory cells.

Symbolic regression 11—bit multiplexer
30 T T T 50 T T T

— Si
~ 3
+ 4

no SlI a5 |

25 g
40 B

35 q
20 q

time (s)
o
time (s)

-

i L L L L
[0} 20 40 60 80 100 [0} 20 40 60 80 100
generation generation

Fig. 6. Execution time in seconds for both test problems.

6 Conclusions and Future Work

By using the concept of characteristics and based on a specific selection method
which sorts individuals according to best characteristics the self-improvement
operator manages to control code growth effectively. By the way the algorithm
is constructed no loss of fitness occurs and individuals are transformed in smaller
more competent ones. In this paper two test problems (11-bit multiplexer and
symbolic regression) show good results when using the SI operator to reduce
tree size. Preliminary results on other problems (i.e. the artificial ant and a
lawnmower control problem) show that the SI operator can be applied with
good results. In that kind of problems subtrees walk the ant trail just like the
complete individual, taking into account time constraints.
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Instead of using a fixed probability rate for the self-improvement operator
that will affect the population even when there is no code growth occurring,
future work will be oriented towards the development of an adaptive control
strategy that reduces the malicious effects of code bloat depending of the average
size/fitness ratio of the population. In this way the population is allowed to
grow and individuals are allowed to get larger as long as it corresponds with a
proportional increase in fitness. Hereby allowing introns to protect individuals
against destructive crossovers and keep fit building blocks. Once this growth isn’t
proportional with fitness improvement the SI operator can immediately respond
and reduce code bloat.
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Abstract. The problem of overfitting (focusing closely on examples at
the loss of generalization power) is encountered in all supervised ma-
chine learning schemes. This study is dedicated to explore some aspects
of overfitting in the particular case of genetic programming. After recall-
ing the causes usually invoked to explain overfitting such as hypothesis
complexity or noisy learning examples, we test and compare the resis-
tance to overfitting on three variants of genetic programming algorithms
(basic GP, sizefair crossover GP and GP with boosting) on two bench-
marks, a symbolic regression and a classification problem. We propose
guidelines based on these results to help reduce overfitting with genetic
programming.

1 Introduction

This study is about exploring overfitting in the case of supervised learning done
by a genetic programming (GP) algorithm. It is well-known that overfitting
learning samples is a common problem to every supervised learning methods.
Nonetheless the importance of overfitting and the possible solutions to reduce it
may be specific to the algorithm used, advocating for such a study. If overfitting
has been well explored for some machine learning schemes, this is no yet the
case for genetic programming, and this is the goal of this work to somewhat
reduce this gap. The expected results are the ability to direct attention towards
implementations that have good chances to reduce the effect of overfitting, such
as specific choice of parameters range or GP algorithms improvements. The
study have been conducted along the following guidelines: we have chosen two
standard benchmarks, a symbolic regression and a classification problem; we
have measured the learning error for several values of classic parameters such as
program trees depth or size of population; three different GP algorithms have
been tested, basic GP as it was defined by Koza in his seminal work [1], GP
with sizefair crossover as proposed by B. Langdon [2], and basic GP run as the
core learning algorithm in a boosting framework; noise has been added to the
learning samples because it is reputed to trigger overfitting. An analysis of the
learning performance under these settings is done, which allows us to extract
and propose some useful guidelines in order to reduce overfitting effects with
genetic programming algorithms.

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 267-277 2004.
© Springer-Verlag Berlin Heidelberg 2004
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2 Definition and Causes of Overfitting

2.1 Definition

There is a fundamental expectation lying at the core of supervised learning: the
hope that what has been learned on a set of samples will be useful in dealing with
non previously seen cases. Disregarding the algorithm used, this generalization
property depends on the representativeness of the set of samples. It may thus
happen that the computational effort spent on obtaining a more precise fit of
the samples results in an increased error on other data. This situation when the
final hypothesis is “specialised” on the learning samples is called overfitting. A
more formal definition is given in [3]:

Definition 1. (Mitchell 1997) Given a hypothesis space H, a hypothesis h € H
s said to overfit the training data if there exists some alternative hypothesis
h' € H such that h has smaller error than h' over the training examples, but h’
has a smaller error than h over the entire distribution of instances.

2.2 Origins of Overfitting

Among the possible causes of overfitting, the “complexity” or even the sheer size
of the hypothesis generated by the machine learning algorithm are often invoked
as an important factor. For example in decision trees, the growth of trees allows
them to specialize on “difficult” learning cases which may not be representative
enough of the problem. The number of different hypotheses examined by the
algorithm has also been proposed as a strong cause [4], [5]. Indeed, having many
hypotheses intuitively increase the risk of randomly finding a solution that learn
the training set “by heart”, with limited generalization ability. These two expla-
nations can perhaps be unified by saying that apparition of overfitting notably
occurs when too much computing effort is spent.

Another independent cause is the presence of noise in the learning cases. One
can then expect that too good results on the noisy data is only achievable at the
cost of precision on the entire distribution.

3 Experimental Setting

As explained in the introduction, this study is made on two benchmarks:

— a symbolic regression: f(z) = x%e™% cos z sin z(sin’x — 1)

— a classification problem: the 11-bit multiplexer

The learning samples have been perturbed with random noise, as shown in
the parameter table (Fig. ), in order to help in triggering overfitting, and we
perform some experiments on three different implementations of GP: standard
GP as it was defined by koza, GP with sizefair crossover, and standard GP
in a boosting framework (see [6], [7], [8] for example). Some variants may be
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Table 1. Fixed parameters table.
regression multiplexer
Terminals x, random constants € [—1,+1]|ag,a1,a2  output  selection;
do, dl, dz, d3, d47 d5, dﬁ, d7 input
values
Operators +, -, *, /, sin, cos, exp, log and, or, not, if

Learning samples

50 pairs (z,y) drawn randomly
inz € [—1,+1] with y = f(x)

500 randomly selected configu-
ration among the possible 2048

(=2")

Noise y=y+10% output value is inverted in 5%
of the learning cases

Crossover proba 0.85 0.9

Copy proba 0.1 0.1

Mutation proba 0.05 0

fitness tournament of size 5
half and half

Selection method
Creation method

supposed to improve resistance to overfitting, or on the contrary to focus too
much on noisy data as may be suspected for boosting.

As we suppose that apparition of overfitting mainly occurs when too much
computing effort is spent (not excluding other possible causes), we monitor the
evolution of the error across the number of generations, and we also propose to
explore the effects of increasing the effort by way of increasing either the size of
populations or the maximum depth of program trees, as shown in Tab.

Table 2. Moving parameters table.

Moving parameter|/max generation pop size max depth
population size 500 1000 up to 10000 (steps of 1000) 15
maximum depth 5000 500 5 up to 15

The apparition of overfitting has to be detected by measuring the evolution of
E1, the error on the learning cases set and Eg the real error. On the multiplexer
problem, we can compute the real error using every 2048 possible inputs, while
on the regression problem we must approximate the real error by computing
it on an independent test set(5000 instances). In the following we will denote
as Ep either the real error (multiplexer case) or the approximation of mean
square error (regression case). We notably use as an overfitting indicator the
difference between the smallest error and the last generation error on the test
set during a run. More precisely let n be the last generation number of the GP
run, Eg(n) the final real error and Ep(n) the final learning error, we define
min < n the minimum real error generation number such that the learning error
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has improved from generation m to the last: Er(min) = Inf{Egr(i),1 < i <
n|EL(i) > Er(n)}. Then if the difference A = Eg(n) — Eg(min) is positive we
can diagnose overfitting in the sense of Def. [[] We also use what could be called
overfitting “magnitude” or amount: A/Er(n), denoted as a percentage.

Nonetheless, measurements of the sensibility to overfitting should not mask
the overall performance of the algorithms in terms of precision and computing
time spent. Indeed let us suppose we are doing a classification task, then it is
better to somewhat overfit a good hypothesis rather than being wrong all the
time (a degenerated case but one that would satisfy a “no overfitting” property
under Def. ). In order to improve readability and take into account the above
remark we run every experiment (under a given set of parameters for a given
algorithm) 31 times, and we give several detailed results and up to two overfitting
indicators:

Final error Er(n): given as average, median, min and max of the 31 runs.

Minimum error Er(min): given as average, median and min of the 31 runs.

Indicator 1: the chance that stopping GP at any time after generation min
yields an overfitting amount less than 10%. Thus, the greater indicator 1 the
better, as it can be seen as a reliability measure.

Indicator 2: the number among the 31 runs where overfitting amount at last
generation exceeds a threshold of 10% (the lesser the better).

4 Results

4.1 Standard GP

Here we examine how standard GP deals with overfitting. Figure [Il shows final
error range and average minimum error when increasing maximum tree depth
on the regression benchmark. These plots illustrate that large tree depths, from
11 and up, are subject to overfitting on this problem as is shown by large ranges
of final error. This is confirmed by looking at the detailed results in Table [3]
especially indicator 1 and 2. Moreover there is no great difference in minimum
final error, and it is not in favour of large depths, thus small trees on this example
are both quicker to compute and more reliable.

Figure 2 plots the same data as Fig. [[l but this time when increasing popu-
lation size on the regression benchmark. This shows that from 4000 individuals
and up, the minimum final error (bottom of error range) is always above the
average minimum error (plotted as a cross), indicating the presence of overfit-
ting. Again, minimum final error is rather in favour of small computing effort,
here small populations. This may seem counter-intuitive since small populations
quicker runs are shown to be more precise than big runs. In fact they seem to
be more reliable: bigger population runs do find better solutions (see minimum
error columns in Tab. [B]) but odds are great that they loose them in overfitting
the training data before they stop, as shown by indicator 1.

On the multiplexer problem, learning reveals itself to be hard, with less than
70% of good answers: it seems that noise is simply too big for the standard GP to
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Fig. 1. On the left, final error range and average minimum error for variable maximum
depth on the regression problem; on the right, evolution of error in a run (maximum
depth = 11).

Table 3. Regression results for standard GP, with varying maximum tree depth.

Final error Minimum error indic.1 indic.2

depth|| average | median min max average | median min <10% | time é)t\;?rrl_g
7 0,3786 |0,1604 | 0,0406 | 2,5117 |[0,1087 | 0,1129 |0,0401 || 18% | 460 |24/31
8 |[0,1918 [0,1177|0,0301| 0,6694 ||0,0616]0,0658 | 0,0280 || 21% | 853 |26/31
9 1/0,1231|0,1091|0,0458| 0,2662 || 0,0761 | 0,0679 | 0,0420 || 27% |1918|22/31
10 || 0,4395 |0,0784|0,0507 | 3,4427 |/0,0867 | 0,0514|0,0311 || 38% |1142{20/31
11 || 0,6135 |0,1413|0,0524| 3,3363 |/0,0618 | 0,0524 | 0,0336 || 10% |1621|25/31
12 /6527604 0,3422 | 0,0497 |65275575|( 0,0700 |0,0455| 0,0295 || 17% [1629|27/31
13 ||1255086|0,1348 | 0,0451 |12550859]( 0,0747 | 0,0514 |0,0248|| 11% |3940(26/31
14 || 0,5661 |0,1508|0,0719| 1,5880 |/0,0855|0,0576|0,0428| 1% |6265[30/31
15 || 1,0409 |0,1345|0,0518| 5,6471 |[0,0972|0,0914 |0,0424 || 18% |4153|28/31

Table 4. Multiplexer results for standard GP, with varying maximum tree depth.

Final error Minimum error indic.1 indic.2
depth||average| median min max average | median min < 10% |time|overfitting
5 1/0,3742|0,3789 | 0,3413 | 0,4165 || 0,3709 | 0,3789 | 0,3413 || 100% [203| 0/31
6 /0,3849| 0,3857 | 0,3599 | 0,4067 || 0,3737 | 0,3711 | 0,3579 || 100%|223| 0/31
7 1/0,3768] 0,3809 | 0,3462 | 0,4058 || 0,3701 | 0,3682 | 0,3462 ||100%(291| 0/31
8 1/0,3685|0,3711 | 0,3364 | 0,3931 || 0,3655 | 0,3696 | 0,3364 ||100% [288| 0/31
9 /0,3836|0,3894 | 0,3413 | 0,4204 || 0,3739 | 0,3838 | 0,3413 || 100%|275| 0/31
10 ||0,3743| 0,3828 | 0,3374 | 0,4048 || 0,3683 | 0,3828 | 0,3345 || 100%|398| 0/31
11 {/0,3668| 0,377 |0,2915|0,4106 || 0,3601 | 0,3726 |0,2915|/100% [422| 0/31
12 ||0,3668| 0,3696 | 0,3335 | 0,4146 || 0,3591 | 0,3589 | 0,3335 || 100%|375| 0/31
13 1|0,3595| 0,3594 | 0,3364 |0,3862| 0,3533 | 0,3486 [0,03364| 97% |416| 1/31
14 {/0,3652| 0,3652 | 0,3423 | 0,4067 || 0,362 | 0,3647 | 0,3345 ||100% [491| 0/31
15 |/0,352|0,3554| 0,3091 | 0,3989 ||0,3461|0,3447| 0,3091 || 100%|488| 0/31
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Fig. 2. On the left, final error range and average minimum error for variable population
size on the regression problem; on the right, evolution of error in a run (population
size = 11).

Table 5. Regression results for standard GP, with varying maximum population size.

Final error Minimum error indic.1 indic2

B . B B B . over-
pop size|| average | median min max average | median min <10% | time | g

1000 || 0,1458 |0,0727|0,0497 | 0,4547 || 0,0630 | 0,0522 | 0,0332 || 19% | 374 |25/31
2000 || 34,071 | 0,1078{0,0516 | 339,17 || 0,0635|0,0522 |0,0388 || 12% | 975 |26/31
3000 || 0,2667 |0,0997 |0,0467| 1,0568 || 0,0607|0,0513|0,0342 | 8% [1514|28/31
4000 || 7,3961 | 0,7748|0,0685 | 38,16 || 0,0538 | 0,0432 |0,0269 || 2% [1923|30/31
5000 || 6,0704 |0,1451{0,0625 | 27,589 || 0,05390,04667|0,0308 || 11% |2457|29/31
6000 || 10,372 |0,1246 | 0,0720 | 94,727 |/ 0,0542 | 0,0466 | 0,0290 || 2% {3090|31/31
7000 || 65,717 | 0,5166 | 0,0752 | 476,85 |/0,0398/0,0368|0,0240| 3% [4699|31/31
8000 || 4,9093 | 0,2815|0,0570 | 43,335 |/ 0,0475|0,0453 |0,0334 || 2% [4187|31/31
9000 || 0,3632 | 0,2425{0,0584 | 1,5730 || 0,0568 | 0,0518 |0,0337 || 3% [4799|31/31
10000 {|8195010( 0,3991 | 0,0537 |81950101| 0,0450 | 0,0434 | 0,0256 || 2% [6678|31/31

learn. There is only evidence of few overfitting effect and there is no significant
difference between varying population size or maximum tree depths. Varying
depths results are given in Tab. @ and Tab. B : better results are associated to
largest computing effort, with almost no overfitting but overall bad precision.

4.2 Sizefair Crossover

The sizefair crossover [2] is a crossover operator intended to slow down the growth
of trees during a GP run. It does so by exchanging subtrees whose size is quite
similar. Although this may be specially dedicated to counter bloat, we thought it
could also be interesting against overfitting by avoiding the construction of overly
big and complex solutions [9]. Tab. [[results on the regression problem show that
the overfitting phenomenon already arises at rather small depth compared to
standard GP, and even if it does not increase with the maximum depth allowed,
the best hypotheses seem associated to small depths, as in standard GP.
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Table 6. Multiplexer results for standard GP, with varying maximum population size.

Final error Minimum error indic. 1 indic. 2

pop size|| average |median| min max average |median| min <10% | time |overfitting

1000 || 0,328210,3413] 0,25 |0,3633 [ 0,3199 [0,3125] 0,25 || 90% |264| 3/31
2000 | 0,31390,3125] 0,207 | 0,3730 || 0,3093 [0,3125] 0,2070 || 89% | 636 | 1/31
3000 ||0,30130,3086] 0,25 |0,3862 [ 0,2935[0,2069] 0,25 || 91% |1128] 3/31
4000 |[0,28330,2915] 0,1875 | 0,3403 || 0,2761 |0,2813] 0,1875 || 95% [1419] 2/31
5000 || 0,293210,2939]0,2485 | 0,3530 || 0,2902 [0,2939] 0,2485 || 94% |2054] 0/31
6000 || 0,2977 |0,3013]0,2241 | 0,3413 || 0,2936 |0,2059] 0,2241 || 98% |2068| 1/31
7000 || 0.2668 [0,2656] 0,1953 [0,3364][ 0,2591 |0,2578] 0,1899 || 96% |3124] 3/31
8000 || 0,264 | 0,25 |0,1875|0,3511 || 0,261 | 0,25 |0,1875 || 92% |4009| 2/31
9000 || 0,2609 |0,2656] 0,1875 | 0,3589 || 0,2559 |0,2539] 0,2539 || 98% |3927| 2/31
10000 |[0,2587(0,2578|0,1748] 0,3433 ||0,2526| 0,25 |0,1748|[ 93% [4937| 2/31

Table 7. Regression results with sizefair crossover for varying maximum depth.

Final error Minimum error indic.1 indic. 2

depth| average | median min max average | median min <10% | time |overfitting

7 |[2197429]0,1710 | 0,0370 [20707613|[ 0,0834 | 0,0718 | 0,0309 || 38% [1248| 23/31
8 |[0,151810,09920,0495 | 0,4253 |[0,0752|0,0577 | 0,0341 || 44% [1113] 18/31
9 10,3578 [0,1076 [ 0,0398 | 2,1091 | 0,0794|0,0662 | 0,0383 || 68% [2218] 8/31
10 || 2,664 |0,14800,0368| 24,4401 || 0,0878 | 0,0745 | 0,0324 || 12% |4153] 26/31
11 |[ 72,13 [0,0003]0,0519| 720,4 ||0,0746|0,0557 | 0,0388 || 25% |4269] 24/31
12 [[1384440(0,0751] 0,0458 | 13844403 0,0882 | 0,0628 [0,0274| 52% |6206] 17/31
13 [[2578690] 0,1583 | 0,0819 |25786555| 0,0932 | 0,0705 | 0,0463 || 12% |7132| 26/31
14 || 16,14 |0,12210,0542[129,1728([0,0648[0,0523[0,0381 || 10% |6166] 30/31
15 | 0,1960 [0,1303]0,0554| 0,8068 ||0,0721]0,0652|0,0385 || 11% |6622| 29/31

On the multiplexer problem (Tab. ], sizefair crossover produces small over-
fitting, for better results than classical GP. Best results are obtained for small
depth (looking at minimal final error). We noticed that sizefair crossover pro-
duce trees really more complex than classical crossover which allows to explore
better the search space but which has a big cost in execution time.

4.3 Boosting

Boosting is a scheme that can be wrapped around any supervised learning
method. Its principle lies in building several hypotheses in several rounds, under
a distribution associated to the learning cases that evolves at every round so
that hard to learn cases deserve more and more attention from the algorithm.
Each resulting hypothesis gets a confidence value that is used to combine them
together to get one final result. It is proved that this method can theoretically
improve indefinitely the error on the training set when it is wrapped around a
so-called weak learner algorithm (see [I0]). As for overfitting, the focus on hard
training cases may imply a structural tendency to overfit, although it is balanced
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Table 8. Multiplexer results with sizefair crossover for varying maximum depth.

Final error Minimum error indic. 1 indic. 2

depth||laverage| median min max average | median min <10% | time |overfitting

5 1/0,3636|0,3711 | 0,2813 | 0,4072 || 0,3483 | 0,3438 | 0,2813 || 86% |2880| 5/31
6 {/0,3432|0,3594 |0,1504]| 0,4023 || 0,3246 | 0,3281 |0,1504| 81% |5123| 6/31
7 /0,3462|0,3516 | 0,1875| 0,417 || 0,318 [0,3223|0,1875| 75% | 7527 | 11/31
8
9

0,3533[0,3652 | 0,2734 | 0,4063 |[ 0,3409 | 0,3477 | 0,2734 || 89% [10632| 3/31
0,3552[ 0,3535 | 0,3008 | 0,4063 |[ 0,3418 | 0,3438 [ 0,3008 || 92% [11601] 2/31
10 [[0,3471[0,3516]| 0,25 |0,4218][0,3341[0,3428 | 0,25 | 93% |15533] 4/31
11 {[0,3532]0,3633 [ 0,2188 | 0,4218 || 0,3376 | 0,3438 | 0,2188 || 84% [16011] 5/31
12 [[0,3598[0,35160,2969| 0,5 || 0,333 | 0,338 | 0,25 | 92% |17516] 3/31
13 [[0,3451[ 0,3535 ] 0,2539 | 0,3945 || 0,3378 [ 0,3418 | 0,2539 || 99% |26192] 3/31
14 {[0,322]0,3247(0,2578 |0,3828][0,3155(0,3203| 0,25 || 100% [25412] 2/31
15 [[0,3549]0,3589 | 0,2891 | 0,3906 || 0,3406 | 0,342 |0,2891 || 96% |26767| 3/31

by using a committee of hypotheses [T1]. Applying boosting to genetic program-
ming has already given good results [8J6], despite the fact that GP is not known
as a weak learner. For these experiments, the parameters are: population size
500, maximum generation 200, maximum depth 15, number of rounds 100, and
the results are shown in Tab. [@

Table 9. Boosting GP results.

Final error Minimum error |indic.1 indic. 2

average|median| min max |average|median| min <10% | time |overfitting

Regression |0,02460,0246|0,0227|0,0311|0,0263|0,0258/0,0218| 78% (6948 0/31
Multiplexer|0,1442|0,1450|0,1338|0,1509|0,1251| 0,125 |0,1138| 45% [4458| 31/31

An interesting phenomenon appears on the regression problem: the real error
(approximated on the noise-free test set as for the other experiments) is smaller
than that on the noisy learning set. Thus it seems boosting has somehow suc-
ceeded in filtering the noise, see Fig.[3. No overfitting appears and the real error
is much smaller than for the other methods.

For the multiplexer problem, this gives an empirical confirmation that the
error on the training set can be reduced more and more, almost until zero here.
Notice that the real error rises at the end of the experience, exhibiting overfitting
(Fig.[3). Nonetheless the overall precision is more than twice as good as standard

GP.

5 Conclusions

From these results, we can tell that “standard GP” practitioner should not
blindly rely on big populations for increased precision: this could bring the op-
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posite results. This is in accordance with previous works that warned against
exploring too many simple solutions. Like for the number of generations [12],
computational effort on size of population does not seem to improve results.
The effect of maximum depth is less strongly characterized, but results suggest
there may be an optimal maximum depth above which good hypotheses are
unlikely to be retrieved due to overfitting. Notice that the number of explored
solutions is constant in the varying maximum depth experiments, discarding
the previous explanation (too many solutions explored). Thus, at least for our
regression problem, the “simplicity means efficiency” property seems to hold, al-
though it is strongly questioned elsewhere (see [13]). When used in the spirit of
preserving simplicity, sizefair crossover did not bring interesting results in term
of overall precision, although overfitting seems to be controlled to some extent.
More investigation should be done here to begin to understand the phenomenons
at work. At last, GP with boosting proves remarkably good on both problems.
It was able to filter part of the noise in the regression case, and even if it showed
overfitting with the multiplexer, its accuracy remained much better than stan-
dard GP. The plot on Fig.[ shows the compared performance, on the regression
problem, of a selection of the best association of parameters and methods. It
suggests to keep to small populations of small trees if there is not much time to
invest in the search, or to bridge the gap and straightly use boosting GP. Obser-
vation of similar plot (Fig.Bl) on multiplexer problem confirm that boosting was
the only method (among the tested methods) to learn efficiently on this problem
and suggests to use this technique for classification problem.
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Abstract. The aim of this research is to develop an adaptive agent
based model of auction scenarios commonly used in auction theory to
help understand how competitors in auctions reach equilibria strategies
through the process of learning from experience. This paper describes
the private value model of auctions commonly used in auction theory
and experimentation and the initial reinforcement learning architecture
of the adaptive agent competing in auctions against opponents follow-
ing a known optimal strategy. Three sets of experiments are conducted:
the first establishes the learning scheme can learn optimal behaviour in
ideal conditions; the second shows that the simplest approach to dealing
with situations of uncertainty does not lead to optimal behaviour; the
third demonstrates that using the information assumed common to all
in private value model allows the agent to learn the optimal strategy.

1 Introduction

The Internet has meant that auctions have become a crucial means of conducting
business, in both the consumer to consumer market (through such companies
as ebay) and the business to business arena through companies such as Freight-
Traders Ltd [2] and FreeMarkets Inc [1]. Research indicates that the B2B market
will escalate from $43 Billion in 1998 to $1 Trillion in 2003 [12], and much of this
business will be conducted through auctions, which are rapidly replacing request
for quotes as the preferred means of business procurement. This growth in on-
line auctions has created an increasing interest in the study of the behaviour of
bidders and the effect of auction structure on the choice of bidding strategy [3]
5.

Broadly speaking, some of the key questions in studying auctions are: what
are the optimal strategies for a given auction structure; how do agents reach
an optimal strategy through experience in the market; how does the restriction
of information affect the ability to learn optimal behaviour; and what market
structures lead to the best outcome in terms of efficient allocation of resources
and maximizing the revenue for the seller?

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 281-292] 2004.
© Springer-Verlag Berlin Heidelberg 2004
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These issues can be addressed theoretically through auction theory, experi-
mentally through simulated auction environments with human volunteers com-
peting in a controlled environment or by computer simulation with autonomous
agents either following fixed strategies [9] or learning through interaction [6]
15IT3]. All approaches have a role to play in understanding auctions. Auction
theory can tell us about the theoretical behaviour of agents in auctions and un-
der certain certain constrained models can derive the optimal behaviour [11].
However, real world auctions rarely satisfy these constraints, and understanding
of actual behaviour often requires observation and analysis of patterns of actual
bidding. Experimental studies can help increase our understanding of how com-
petitors behave in auctions through simulations of different auction structures
with imaginary goods [8]. However, experimental studies suffer from drawbacks,
chief among these being the difficulty in collecting an adequate amount of data
and the problem with finding subjects with suitable experience in similar scenar-
ios. Computer simulations offer an additional information source for addressing
the issues that do not necessarily suffer the same problems.

This paper examines behaviour of autonomous adaptive agents (AAA) in
simulations of common auction scenarios with a single seller. Recently, there
has been much interest in studying the behaviour of agents in double auctions
(auctions with multiple sellers and buyers) and in models of more constrained
markets [4]. For example, Cliff [5] and Hu [10] have examined how alternative
agent structures perform and the effect of market structure on performance.
The aim of this research is to investigate how AAA behave in ‘one-way’ auction
environments. The potential benefits of this project are: an economic test bed
to examine effect on behaviour of alternative auction structures; an alternative
mechanism to verify theoretical behaviour in auctions and compare with real
world experimental studies; a new arena in which to study the evolution of
multi-agent systems.

Although agent simulations offer a means of overcoming some of the problems
with human experimentation, in order to be of use in the analysis of behaviour
it is important to demonstrate that the agents can learn to perform well (in
terms of meeting their objectives) and that they can learn the complexity of
strategy exhibited by human competitors. Our approach to developing AAA
for auctions is to start with a constrained environment where a single adaptive
agent competes against agents that adopt the symmetric equilibrium strategy.
This has the benefit that we can deduce the optimal strategy for the adaptive
agent and thus assess performance and study the effects of alternative learning
mechanisms on the quality of the strategy learnt.

Section 2] describes the auction environment. We adopt the private values
model commonly used in auction theory and experimental studies [8]. The al-
ternative agent learning mechanisms employed are described in Section Bl The
learning mechanism used is similar to that employed by Cliff’s ZIP agents [6], but
with certain differences necessitated by the nature of the problem. The results
for three alternative learning schemes are presented in Section @l The first set
of results in Section Bl demonstrate that the learning mechanism employed is
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able to learn the optimal strategy when provided with perfect information about
what it should have bid after the event. This scenario is not realistic, since some
information is usually withheld from the agent. However, it is desirable that any
learning agent should be able to learn optimality in the complete information
case, and the tests described in Section [£1] give us a means of testing whether
the agent meets the minimum level of performance we require. The second and
third set of results contrast two approaches to learning when faced with uncer-
tainty and find that the agent needs to utilise the information it is assumed to
be party to under the PVM in order to reach the optimal strategy. Finally, the
conclusions and future directions are discussed in Section

We use the terms agents and bidders interchangeably. We use N to denote
the number of agents including the adaptive agent and n to denote the number of
non-adaptive agents (i.e. n = N —1). We subscript the variables associated with
the agents with ¢ and those relating to a particular auction from a sequence of
auctions with j, although we drop the second subscript unless explicitly required.

2 The Simulated Auction Model

2.1 Private Value Model

We use the private value model (PVM) proposed by Vicary [14] in the experi-
mentation described in this paper. The PVM can be described in the following
way. In an auction of N interested bidders, each bidder i has a valuation x;
of the single object. Each x; is an observation of an independent, identically
distributed random variable X; with range [0,w] (w is the universal maximum
price) and distribution function F'.

The benefits of this model are that for certain auction mechanisms and as-
sumptions (described in Section [Z2)) there is provably optimal behaviour. Thus
we have a clear way of gauging the performance of adaptive agents and assessing
under what conditions learning is most efficient. This is a necessary condition to
studying more interesting scenarios where the assumptions about the competi-
tors behaviour do not hold true.

2.2 Auction Mechanisms
The four most used and studied auction forms are:

1. The open ascending price or English auction, where bidders submit increas-
ing bids until no bidders wish to submit a higher bid;

2. The open descending price or Dutch auction, where the price moves down
from a high starting point until a bidder bids, at which point the auction
terminates.

3. The first-price sealed-bid auction (FPSB), where each bidder submits a single
bid, the highest bidder gets the object and pays the amount he bid;

4. A second-price sealed-bid auction (SPSB), where each bidder submits a sin-
gle bid, the highest bidder gets the object and pays the second highest bid.
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Under the PVM, a Dutch auction is strategically equivalent to FPSB auction
and an English auction is equivalent to a SPSB auction (strategic equivalence
implies that for every strategy in one auction there is an equivalent strategy
in the other auction that would have identical outcomes). Hence we restrict
our attention to FPSB and SPSB auctions. The FPSB and SPSB simplify the
bidding mechanism, since each agent can submit at most one bid for any auction.
We denote the bids of the agents b;. Each agent forms its bid with a bid function

Bi i [0,w] = Ry, Bixi) = bi

The set of all bids for a particular auction is denoted B = {by, ba,...,bn}. For
both FPSB and SPSB, the winning agent, w, is the highest bidder,

- € B).
w argriré%((ble )

The price paid by the winning agent, p, is dependent on auction structure. In a
FPSB, the price paid is the highest bid,

p= Tifg\?f(bi € B).
In a SPSB, the price paid is the second highest bid,

P ierl{ll,%;é(m(b € (B—bm))

where by, is the largest bid, i.e. b,, = max;en(b; € B).

2.3 Optimal Strategies

An agent’s profit (or reward) is

zr, —pifi=w
i) = 0 g otherwise. (1)

All agents are risk neutral, i.e. they are attempting to maximize their profit.
The optimal strategy is the bid function that will maximize the profit of the
agent. A symmetric equilibrium is a Nash equilibrium in which all bidders follow
the same strategy. Hence a bid function, B*, is a symmetric equilibrium if any
one agent can do no better (in terms of maximizing expected reward) than follow
B* if all other agents use B*.

First Price Sealed Bid. The symmetric equilibrium strategy in a FPSB for
agent 7 is the expected value of the largest of the other agents’ private values,
given that the largest of these values is less than the private value of agent 1, i.e.
the agent should bid as high as all the other agents’ values (not bids) without
exceeding its own value. More formally, let Z1, Zo, ... Z, be the order statistics
of the agent values X1, Xo,...X,. The symmetric equilibrium strategy for agent
N is

B(an) = E(Zn|Zn < an) (2)
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The optimal strategy is dependent on the form and assumed commonality of the
value distribution function F' and the independence of the bidders’ values. When
F is a uniform distribution on [0, 1] the symmetric equilibrium strategy is

Blai) = Mta,

Second Price Sealed Bid. The symmetric equilibrium strategies in a SPSB
auction are given by

5(3UN) =ZIN- (3>

The optimal strategy for a SPSB auction is independent of the form of the
distribution function F' and does not require that all bidders have the same
value function. Proofs and a more complete description of auction formats are
given in [IT].

2.4 Auction Simulation Structure

The agents compete in a series of k auctions indexed by j = 1,...,k. For any
auction j, each bidder is assigned a value z; ; by sampling F'. Prior to bidding,
each bidder is aware of:

The realisation z; ; of Xj;

The distribution function common to all bidders, F;
The universal maximum value, w;

The number of competitive bidders, N.

= N

Once the auction is complete, the bidder is informed of whether they were the
winner and the price the winner must pay. No other information relating to the
other agents’ bids is made available. As discussed in Section Bl this restriction
of information affects an agent’s ability to learn a good strategy. The agent is
also unaware of the number of auctions in an experiment.

We use a uniform distribution on [0, 1] for F' and fix N for the duration of an
experiment. All experiments involve a single adaptive agent competing against
n non-adaptive agents following the optimal strategy relevant to the auction
structure (Equations[2 and ().

3 The Adaptive Agent Structure

With no loss of generality we assume the adaptive agent is bidder N. An adaptive
agent attempts to maximize its expected reward, E(ry) where ry is as defined
in Equation [, by finding an optimal strategy or bid function B*. Under the
model described in Section [ the optimal strategy is as given in Equation [ for
FPSB and Equation Bl for SPSB auctions. The key issue is how the agent uses the
information made available to it after the auction is complete in order to alter
its behaviour to that closer to the optimal. Hence the agent needs to be able
to assess or estimate how good a particular bid was and how that information
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should be employed to alter behaviour. We restrict the class of bid functions to
linear functions of the form

BN = .’[(1 —uN),

where un represents the percentage margin below its value that the agent bids
at. This form allows us to simply relate the behaviour of the adaptive agent
to the non-adaptive agents and measure how close the agent is to adopting the
optimal strategy. The optimal strategies (and hence the strategies followed by
the non-adaptive agents) are recreated by setting u = 0 for SPSB and p = 1/N
for FPSB. Thus the problem of learning a strategy is now the problem of learning
the best margin p based on the information available.

After an auction has been concluded the agent attempts to calculate the
optimal bid it could have made, o;, and hence the margin it should have used to
bid in the auction, dy ;, in order to maximize profit. It uses the estimate of the
desired margin for auction j to adjust its margin using the Widrow-Hoff update
rule

UN,j+1 = UN,j + ON,j, (4)

on,j = Bldn,; — Hn,j)- (5)

We drop the auction subscript j for the remainder of this Section for clarity.
b1, ..., b, are the bids of the n other agents and ¥, ..., y, are the bids sorted into
ascending order, i.e. the observed values of the n bid order statistics Y7, ..., Y,.
The optimum bid, o, is defined as the bid which would have maximised the
agents reward ry, given all the information about the other bids.
In auctions where the highest bid wins, the optimal bid is always equal to
a small amount above the bid of the highest other bidder, as long as that bid
is below the winning bid. If we ignore the small increment, then when y,, < zx
the optimal bid is the largest of the other bids, o = y,,. Given the optimal bid,
the optimal margin is
0
dy =1 o (6)
There are two crucial issues to address in designing a learning mechanism for
auction environments. The first issue is what the agent should do when the price
paid is higher than the agent’s value for that auction. In this scenario it is unclear
what the optimal bid should have been, because the maximum attainable reward
of zero is achieved by any bid less than the agent’s value. Our initial approach is
simply to set the optimal bid to the previous actual bid, thus not altering the bid
margin. Although reasonable in the context of a single auction, this approach
ignores the potential of using these bids to learn about the strategy of the other
agents. However, as we demonstrate in Section ETl, this approach is sufficient
to learn optimal behaviour if the agent can calculate o accurately in all cases
when p < xn. The second issue is what to do when the optimal bid cannot be
calculated exactly. Two approaches to this problem are presented in Section [31]
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3.1 Estimating the Optimal Bid

Whether the agent can calculate the optimal bid exactly is dependant on the
information available to the agent, which itself is dependant on the auction
structure. In order to calculate o in a FPSB and SPSB auction, the agent needs
to know the largest bid of the other agents. One of the key differences between
FPSB and SPSB is the circumstances under which the agent does not know with
certainty what the optimal bid should have been. The two cases where the agent
faces this situation of incomplete information are

1. Case 1: in a FPSB when the agent wins (p = by, w = N) the agent is not
told any of the other agents’ bids. The adaptive agent only knows that the
highest bid of the other agents, and hence the optimal bid, is in the interval
[0,p).

2. Case 2: In a SPSB when the agent loses (p < by, w # N), the agent is only
informed of the second highest bid of the other agents, y,_1, is less than or
equal to p. The agent does know that the highest bid is on the interval [p, w),
and that its optimal bid is in the interval [p, z y].

In all other scenarios when p < x the agent is able to determine exactly what
the best bid would have been, and adjust its behaviour accordingly. In both
cases of incomplete information, the agent is interested in estimating y,, the
highest bid (not counting the agents own) and hence the optimal bid. There are
two approaches we investigate for estimating the optimal bid in the two cases of
incomplete information.

1. Naive estimation: The agent simply guesses a value on the interval, thus in
Case 1 the agent estimates y with a random value on [0,p) for case 1 and
[p,w) in Case 2.

2. Estimate based on assumptions: Based on the PVM assumptions about the
behaviour of the other agents, the agent can estimate the expected value of
the relevant order statistics. This method is described in section [3.2]

3.2 Estimating from Order Statistics

If we assume that each by, ..., b, is an independent identically distributed (i.i.d)
random variable, then we can define the problem facing the agent as calculating
or estimating the expected value of the n'" order statistic conditional on the
information provided by the auction. Under the PVM each bidders’ value is
an observation of i.i.d. random variable, hence the assumption is equivalent to
assuming that each agent is following an identical bidding strategy (i.e. the model
is symmetric) and that this strategy remains constant from auction to auction
(i.e. the agents are non-adaptive). These assumptions are common in auction
theory.

Let f; be the common density function of the bids and Fj the distribution
function. The distribution of the n'” order statistic is

gn(yn) =1 folyn) - [Fy(yn)]" ™"
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Case 1: FPSB, p = b;, w = N. In a FPSB auction where the agent wins
(case 1), the optimal bid is the highest of the other bids, i.e. y,,. The distribution
of the n'" order statistic conditional on 3, < p is

_ fb(yn)[Fb(yn)]nil
Gn(Ynlyn < p) = 7 hOEO @

and the agent wishes to calculate E(yy,|y, < p). See [[] for more background on
conditional distributions of order statistics. Suppose we know f; is uniform on
[0, w], then

nly]"
gn(yn|yn < p) = %
p
and n
Eynlyn <p) =p——.
(Ynlyn < p) ]

Hence, if the agent assumes the distribution of ¥, is uniform, then the esti-
mate of the optimal bid is

Case 2: SPSB, w # N. In a SPSB auction where the agent loses, we have two
possible situations. Firstly when p = by, i.e. the adaptive agent’s bid was the
second largest. There are two pieces of information available, firstly that y, > p
and secondly that y,_1 < p.Secondly when p > by, i.e. the adaptive agent’s
bid was not the second largest. The agent can now infer that y,_1; = p. Both
scenarios require the distribution of the n!” order statistic conditional on the
Y(;,—1). From [7], the conditional distribution is

gn(yn‘ynfl) - [1 — Fb(yn—l)] .
If we assume fj, is uniform on [0, 1],
1
In(Ynlyn—1) = m
d
o 1+ Yn—1
Blynlyn1) = 272,

If the agent assumes the distribution of y,, is uniform on [0, 1] we can generalise
the two scenarios so that the estimate of the optimal bid is

Ti +p

—

4 Results

All experiments involve a single adaptive agent competing against 15 non-
adaptive agents following the optimal strategy, over 10000 auctions. A learning
rate of B = 0.1 was used.
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4.1 Agents Learning with Sufficient Information to Estimate the
Optimal Bid

Before continuing to examining performance in environments where the agent
is confronted with a posteriori incomplete information, it is important to verify
that the learning mechanism employed can at least converge to optimality when
the agent is allowed to know the best it could have done. These “cheating”
agents provide us with reassurance that the learning mechanism proposed in
Equations @ B and [0 will tend toward the optimal strategy with complete a
posteriori information.

0.3 FPSB 0.3 1 SPSB
0,25 - 0.25 4
021 0.2
0,15
0,15
0,14
it J'WM I “lhj / T hW‘w‘ﬁ Mihw\hﬂ 0.05 4
0,05 - A " Wl il
o Hiplet
0 T T S
1 2001 4001 6001 8001 -005-

Fig.1. “Cheating” adaptive agent bid margin for FPSB and SPSB auctions. The
straight line for FPSB is the optimal bidding margin.

Figure [ shows the bid margin uy ;, of a “cheating” adaptive agent over
a single experiment of 10000 auctions for FPSB and SPSB respectively. The
optimal margin for FPSB is 1/N and for SPSB the optimal margin is 0. Table [
shows the total profit made by the adaptive agent and the 15 non-adaptive agents
over the last 5000 auctions in a run of 10000.

Table 1. Total profit over the last 5000 auctions for the cheating agent against 15
non-adaptive optimal agents in FPSB and SPSB auctions

FPSB SPSB
Adaptive Agent| Non-Adaptive Agents |[Adaptive Agent| Non-Adaptive Agents
Profit Min | Max |Mean|Std Dev Profit Min | Max |Mean|Std Dev
17.93 16.70(20.73|18.59| 0.98 19.44 16.59(21.81|18.51| 1.39

Figure [l indicates that there may be some minor deviation from optimality
with FPSB auctions. However, this small deviation is not significant enough to
effect the profits of the adaptive agent which, as can be seen in Table [l For both
FPSB and SPSB the adaptive agent profit is within the range of the profit of
the other agents, and is not significantly less than the mean. The cheating agent
is quickly learning the optimal strategy for SPSB.

Hence the learning mechanism describe in Section [3 converges to the sym-
metric equilibrium strategy when provided with complete information. The next
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two sets of experiments are designed to see how the adaptive agent performs in
the more realistic scenario of incomplete information, which requires that the
optimal bid be estimated rather than known.

4.2 Agents Using Naive Estimation

Figure[ and Table[Mlshow that the agent can learn an optimal strategy for FPSB
and SPSB when given the optimal bid in the case when p < x. However, in
both auction types this information is not always available. Section [BIldescribes
two approaches adopted faced with this uncertainty. The most obvious strategy
when faced with uncertainty as to the optimal bid, the naive approach, is simply
to guess a value on the interval in which the optimal bid must lie. Figure
shows that adopting this approach does not lead to the optimal strategy. This
point is reinforced by Table[2 which clearly show the adaptive agent is making
significantly less profit than the adaptive agents and is doing markedly worse in
FPSB than SPSB.

03 ] FPSB 031 SPSB
0,25

S "
| et iy

1 2001 4001 6001 8001 1 2001 4001 6001 8001

Fig. 2. Naive adaptive agent bid margin FPSB and SPSB auctions

Table 2. Total profit over the last 5000 auctions for the naive agent against 15 non-
adaptive optimal agents in FPSB and SPSB auctions

FPSB SPSB
Adaptive Agent| Non-Adaptive Agents | Adaptive Agent| Non-Adaptive Agents
Profit Min | Max |Mean|Std Dev Profit Min | Max |Mean|Std Dev
10.77 17.20{20.95(19.20| 1.19 16.74 16.96{20.62|19.06| 1.11

Failure to reach the optimum strategy can be explained by the uniform sam-
pling method of estimating the optimal bid. In a FPSB, when the agent wins
the estimate is made on the range [0,p], and will on average be §. However, the
expected value of the second highest bid is %p, hence the agent is repeatedly
increasing it’s bid margin by too much, hence losing auctions it could have won
with a profit. In SPSB the estimate is uniform on the range [p, zx]. The im-
proved performance in SPSB shown by the greater profit is due to the fact that
the range [p, zx] will be smaller than the range [0, p], hence the bias introduced
by the random estimation will be less.
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Fig. 3. Estimating adaptive agent bid margin for FPSB and SPSB auctions

Table 3. Total profit over the last 5000 auctions for the estimating agent against 15
non-adaptive optimal agents in FPSB and SPSB auctions

FPSB SPSB
Adaptive Agent| Non-Adaptive Agents ||Adaptive Agent| Non-Adaptive Agents
Profit Min | Max [Mean|Std Dev Profit Min | Max [Mean|Std Dev
17.86 16.51|20.66|18.62| 1.12 19.13 15.81|22.81{19.02| 2.06

4.3 Agents Using Estimation Based on Assumptions

Figure Bl and Table B] show the results for the estimating agent. The results
indicate that the adaptive agent is doing as well as the non-adaptive agents in
terms of profit. The agent margin converges towards the optimal, with wider
variation for FPSB than SPSB. This demonstrates that the learning mechanism
is able to utilise the information assumed available under the PVM to learn an
optimal strategy.

5 Conclusions and Future Directions

This paper has introduced an agent model of common auction scenarios, FPSB
and SPSB, using the private values model and examined how an autonomous
adaptive agent using a basic learning mechanism can learn to behave optimally
in terms of evolving towards a symmetric equilibrium solution. We think it it
is a necessary prerequisite that any learning mechanism should be at least able
to learn an optimal strategy given the necessary information to do so. We have
demonstrated that the learning mechanism described in Section [ is sufficient
for the agent to make as much profit as the non-adaptive agents in both FPSB
and SPSB auctions. In order to cope with the uncertainty inherent in accurate
auction simulations, the agent using this learning mechanism must estimate in
certain situations dependent on auction structure. We have presented two tech-
niques for this estimation, a naive approach which was found to be insufficient
and an estimation technique built on the assumptions of the PVM which quickly
converged to optimality. This work will be extended through the following stages.
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5.1 Future Work

We will continue to experiment with the PVM in order to find the most robust
learning mechanism for scenarios with a known optimal strategy. This process
will include: a thorough analysis will be conducted of the apparent slight de-
viation from optimality suggested by Figure [I an extension of the learning
mechanism that uses the information available in situations where the price
paid is above the agents value; an assessment of how the learning mechanisms
perform with alternative value distributions; an assessment of how the learn-
ing mechanisms perform when the number of adaptive agents can vary during
an experiment; relaxation of the PVM assumptions. Having developed learning
mechanisms best able to cope in situations where optimality can be measured,
we will then examine how these mechanisms perform when the assumptions are
no longer met and begin an investigation into behaviour of multi-adaptive agent
models of auction scenarios.
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Abstract. We propose a new niching method for Evolutionary Algo-
rithms which is able to identify and track global and local optima in
a multimodal search space. To prevent the loss of diversity we replace
the global selection pressure within a single population by local selection
of a multi-population strategy. The sub-populations representing species
specialized on niches are dynamically identified using standard cluster-
ing algorithms on a primordial population. With this multi-population
strategy we are able to preserve diversity within the population and to
identify global/local optima directly without further post-processing.

1 Introduction

In this paper we describe the Clustering Based Niching method (CBN) for Evo-
lutionary Algorithms (EA) to identify multiple global and local optima in a
multimodal search space. The basic idea was to transfer the biological concept
of non-interbreeding species living in separated ecological niches into EA to pre-
serve diversity in the EA population. One of our goals was to make the CBN
as independent of the underlying EA method as possible in such a way that it
can be applied to multiple EA methods and that the impact of the CBN on the
EA mechanism and the fitness function is as small as possible. Also, we aimed
for the CBN to have as few critical parameters as possible to allow black box
optimization.

In biology species have in common that they don’t interbreed anymore. Taking
into account that species in different ecological niches don’t compete for the same
resources, but evolve independently of each other. Using this property should be
the most natural way to create and maintain diversity in an EA population.
Our method to artificially create species in a primordial EA population is to
search for groups or clusters of EA individuals in the search space, which will
naturally occur due to the general convergence behavior of EA by the means of
clustering algorithms. These clusters can then be separated into isolated sub-
populations. Such a sub-population would represent a single species. Therefore,

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 293-[305] 2004.
© Springer-Verlag Berlin Heidelberg 2004
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individuals of different sub-populations do not compete with each other and
are not be allowed to interbreed. The individuals of a single sub-population
on the other hand do compete and breed like in any traditional EA and each
sub-population behaves like an EA converging to a global/local optimum. With
additional mechanisms to split sub-populations if necessary, dynamic special-
ization can occur. Merging species that become too similar will allow only one
sub-population per niche.

In Sec. 2 we give an overview over some niching EAs and multi-start algorithms
for multimodal search spaces. The algorithm for the Cluster Based Niching
method is given in Sec. 3, and in Sec. 4 results are presented comparing the CBN
with an Evolution Strategy (ES) to Multi-Start Hill-Climbing and an Evolution
Strategy with Fitness Sharing on several two-dimensional benchmark functions
and one n-dimensional benchmark function.

2 Related Work

2.1 Niching Evolutionary Algorithms

Niching Evolutionary Algorithms (NEAs) try to identify as many optima as
possible, by preserving diversity within the EA population and by using this di-
versity as resource for exploratory crossover. Most NEAs are based on the idea
to preserve the diversity within the population by altering the EA operators to
prevent premature convergence to one optimum, like Fitness Sharing [1], Crowd-
ing [2] and Deterministic Crowding (DC) [3] and Tagging [l Sec. 6.2.3]. Other
NEAs use a multi-population approach like the Multinational (MN) GA [5l6]
and the Forking GA [7], which divide a primordial global EA population into
sub-populations with reduced interaction to preserve diversity above the level of
sub-populations.

The most common and best studied niching method, based on prevention of pre-
mature convergence, is Fitness Sharing by Goldberg and Richardson [I]. Sharing
adds a penalty to the fitness @(x;) of all individuals z; in the population P of
size u that are too similar to another individual in respect of a given metric
|zi, z;|| between two individuals and the sharing distance ospare:

(i)

()= =—"—— 1
( ) ‘/;:0 Sh(m“m]) ( )
| Mzl Lo el <
shiz,z;) = {1 (a% : ;fls”e%%” < Oshare 2)

This penalty is intended to lead to an even distribution of the EA population
around promising areas in the search space and to prevent the overall conver-
gence of the whole population on one optimum. Unfortunately, there are several
drawbacks:

— There is a fixed ospere for all individuals. For multimodal optimization all
optima in the search space must be nearly equidistant.
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— To set ospare a priori knowledge about the distribution of the optima and
their fitness is required, see for example [g].

— The population size is also dependent on a priori knowledge of the number
of optima, an example is given in [9)].

— Using no or a bad scaling function on the fitness @ can prevent the individuals
from finding the actual peak of the niche [10]. Alternatively, an additional
hill-climbing post-processing algorithm is needed to improve the results of
sharing, see [11].

Yin and Germay [12] introduced an Adaptive Clustering Algorithm (ACA) to
avoid the a priori estimation of ogpqre. Instead of the original sharing function
of equations ([I)) and () they used equations [B) and (@).

PN (i)
S(x;) = ne, — ne, - (W) , with z; € C} (4)

where «a is a constant, ||z;,c¢;|| is the distance between the individual z; and
the centroid c; of the cluster C; which z; belongs to, and n.; is the number of
individuals associated with cluster C;. The ACA is able to get rid of osp4re by
applying the sharing function only within identified clusters, but introduces two
additional variables d,,;, and d,,qz, which define the minimum and the maxi-
mum radii of a cluster, which need to be set to reasonable values. Although Gan
and Warwick [I3] extended the ACA by retaining the niches found by the ACA,
they did not implement a multi-population approach.

One multi-population approach is the Forking GA [[7], which monitors a global
GA population for the occurrence of dominating schemes in the population. If
such a scheme occurs, a sub-population is created which includes all individuals
that meet the scheme and this sub-population continues the search in a subspace
of the original space reduced by the fixed elements of the scheme. The global
population continues the search in the original space but the already identified
schemes are forbidden.

The Multinational GA groups the individuals together into sub-populations
called nations [Bl6]. Each nation consists of individuals which are not separated
by valleys of lower fitness in the search space. This is tested with the "hill-valley’
function by evaluating several interpolating individuals between each individual
of the GA population. A valley would obviously separate different local optima
and therefore different nations. The Multinational GA is distinguished from other
NEAs by the fact that it is the only NEA known to us which actually identifies
the optima on the basis of the nations residing on them, without any further
post-processing.

2.2 Multi-start Algorithms

Although the Multi-Start Hill-Climber (MS-HC) represents a rather primitive
technique it can become useful in simple and low dimensional multimodal search



296 F'. Streichert et al.

spaces. The MS-HC performs several local HC searches in parallel, each one ini-
tialized randomly. A single HC will most likely converge to different global/local
optima depending on the initialization.

There is a high probability that several HC will converge toward the same local
optimum. To prevent this, Térn introduced the LC (multiple local searches with
clustering) algorithm [14]. After a number of parallel local search HC steps, he
applies a clustering algorithm and continues the local search with only one sam-
ple from each cluster. Hanagandi and Nikolaou applied the principles of the L.C
algorithm on GA [15]. Here also the best individuals of each cluster survive, but
the rest is created by recombination and mutation of the surviving elite. The
Clearing Procedure by Petrowski uses the same approach [16].

Beasley et. al. proposed a Multi-Start GA, the Sequential Niching algorithm, for
the multimodal optimization problem [I7]. The optimization result of each GA
run is stored as identified optimum and a penalty function is added permanently
to the fitness function to prevent the next run of the GA from finding the very
same optimum again. The shape and the radii of the penalty function are cru-
cial for this algorithm since it can add several artificial deceiving local optima
to the search space. However, the Sequential Niching yields the advantage that
the basic EA mechanisms remain unaltered.

3 Clustering Based Niching EA

To introduce the biological concept of species into NEA we combined two meth-
ods: First a multi-population strategy with localized selection and limited inter-
breeding between sub-populations (=species) and second the use of clustering
algorithms to identify species in an undifferentiated population. Both methods
have been successfully applied independently, but to our knowledge they have
not been merged into a single NEA approach so far.

The multi-population strategy has the advantage that it can preserve diversity
through localized competition, for example the selection from localized clusters
as performed by Hanagandi and Nikolaou, and localized interbreeding, compare
mating restriction [4, Sec. 6.2.4]. However, each sub-population still behaves like
a standard EA optimizer. This allows us to apply the full range of possible EA
extensions or specialized EA operators on the level of sub-populations, like CMA
18] or MVA [19] mutation or even other NEA techniques like Fitness Sharing
within each sub-population.

The goal of clustering algorithms is to group data units into cluster in such a
way that units within a cluster are most similar while the clusters are relatively
distinct from each other. In our application the EA individuals x; are the data
units and the resulting clusters will represent the species/niches. Using cluster-
ing algorithms to identify species allows us to move all relevant parameters for
the niching behavior down to the clustering algorithm. There are numerous clus-
tering algorithms available for multiple data types and applications with varying
parameters requirements. We just need to choose the algorithm that yields the
best ratio between clustering behavior and number of necessary parameters.
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3.1 The Multi-population Strategy

We implemented a multi-population
strategy that starts with a randomized
single primordial undifferentiated popu-
lation Dy and allows differentiated sub-
populations(species) D;>1 to be gener-
ated dynamically. Dy plays the special
role of containing all individuals that
do not belong to any identified species.
While the undifferentiated population Dy
explores the general search space, species
D;>1 exploit already identified niches.

After initialization of Dy the CBN-EA
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Do = createInitialPop();

repeat{

// species evolution phase
for all ¢ do simulateEAGeneration(D;);
// species differentiation phase
if (numOfClusters(Dg) > 1) split(Dg);
for all (:>0) do {
if (numOfClusters(D;) > 1) split(D;);
Do .add(D; .getLoners());
}
// species convergence phase
TLP = createEmptyPop();
for all (¢>0) do TLP.addCentroidOf(D;);
if (numOfCluster(TLP) > 1) mergeDemes();
} until (maxGenerationReached());

generational cycle is entered until an EA
termination criterion is met, like maxi-
mum number of generations reached or
numbers of fitness evaluations, see Fig. [l

Fig. 1. Pseudocode of CBN

First the species evolution phase is performed by simulating evaluation, se-
lection and reproduction independently for each population D;.

Then the species differentiation phase is entered:Dy is tested whether dif-
ferentiation occurs (num0Of Clusters(Dg) > 1). If clusters can be identified by
the clustering algorithm new sub-populations are created from the members of
the clusters. Then the clustering algorithm is called on all sub-populations D;>;
to test if a species continues to differentiate further into new species which are
to be separated. On the other hand, if the clustering algorithm finds individuals
in D;>1 that do not belong to any species (D;.getLoners()), those individuals
are moved to Dy as straying loners.

Finally, the species convergence phase is performed: All species D;>; add
a representative (e.g. a centroid) to a temporary population of representatives
(TLP). Clusters found in TLP indicate species that converge to the same niche
which are to be merged to join their effort.

Depending on the convergence speed of the EA method, multiple EA genera-
tional steps can be performed before applying the species differentiation and
convergence mechanisms. We found that early differentiation enables CBN to
identify more optima, as the standard EA convergence behavior would progres-
sively remove individuals located on unincisive local optima.

Merging of species that converge on the same niche will have the effect that
niches with a bigger basin of attraction will be populated by species with more
members. But this mechanism also guarantees, that if the CBN is converged
there exists at most one species per niche. This enables the CBN to identify
global/local optima directly, by returning just the best individual of each species.
It is necessary to note, that currently there is no crossover between species and
that there is no competition between species. We want to introduce these mech-
anisms to the CBN in the near future.
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Fig. 2. Density-Based Cluster-Analysis Fig. 3. Clustered population on M2

3.2 The Clustering Algorithm

Ester, Kriegel and Xiaowei to identify species [20l21]. This clustering algorithm
identifies clusters by connecting individuals if the distance ||z;, ;|| between them
is lower than a given threshold value o4;5:. All interconnected groups of individ-
uals, whose group size exceeds a minimum value MinPts are identified as cluster.
Fig. 2 gives an example what kind of clusters can be identified by the ‘density-
based’ clustering algorithm using MinPts = 4.

The ‘density-based’ clustering algorithm offers several advantages:

it allows clusters of varying size and shape,

— it can identify clusters of a priori unknown number,

— the algorithm allows for loners which do not belong to any species, indicated
as small dots in Fig. 2

it requires only two parameters that are easy to interpret.

Since MinPts gives the minimum size of a cluster it also gives the minimum size
of a sub-population. And the minimum size of a sub-population can be chosen a
priori not depending on the problem but on the EA method used. Small values
for MinPts will be sufficient for mutation oriented EA methods like ES but larger
values will be necessary for crossover based EA methods like GAs.

The parameter 04,4+ is not as easy to select. It gives a lower bound, below which
two optima can not be distinguished, because the clustering algorithm is not
able to separate the clusters.

Fig. Bl gives an example for a clustered ES population with MinPts = 2 using
an euclidean distance metric. Note that although an individual is located on the
local optimum in the lower right corner, no species can be established. To increase
the stability of identified species the mutation step size must be of the same order
of magnitude as 04;5:. Otherwise individuals leave and enter species randomly
simply because of mutation. Therefore, we currently limit the ES mutation step
size to o4;st, if an individual belongs to a species. This constraint can be removed,
if the individual returns to Dg as a loner.
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4 Results

We compared the CBN on five multimodal benchmark functions, given in the
Appendix, to Fitness Sharing (FS) and a Multi-Start Hill-Climber (MS-HS).
Since we used real-valued benchmark functions we decided to apply Evolution
Strategies (ES). We used a (60 + 120)-ES with best selection scheme simulated
for T = 100 generations. For the CBN we used MinPts = 2 as minimum clus-
ter size. To increase the performance of the FS-ES and to avoid the problem of
finding a suitable scaling function, we used a hill-climbing post-processing step
start at T = 70 but only for the FS-ES. The MS-HC was simulated by 120
independent (1+1)+ES trials with a fixed mutation rate o,ye-

The performance of the algorithms is measured by the number of optima each
algorithm found, averaged over 25 runs. An optimum o; was considered ‘found’
if “Ix; € P=r , ||2;,05]] < € =0.005," where P,—r is the complete population
at the end of each run and z; an individual in P—7.

We applied all three algorithms on a normalized search space and varied a ‘reso-
lution’ parameter to find the best parameter settings for each algorithm. In case
of the MS-HC ‘resolution’ represents the fixed mutation rate o, for the FS-ES
the parameter gives the critical value of ogpqre and for the CBN the ‘resolution’
gives the o4;5 of the ‘density-based’ clustering algorithm.

4.1 Two Dimensional Benchmark Functions

On all four benchmark problems the MS-HC achieved the best results due to
the limited search space and the high number of multi-starts and the available
number of fitness calls. Only in case of M2 and M3 the MS-HS failed to identify
all local optima if ,,,; becomes too big, since the high mutation rates enable a
single HC to escape local optima, see Fig. [0 and Fig. [
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Fig. 4. M0, avg. number of optima found Fig.5. M1, avg. number of optima found

With the additional HC post-processing step the FS-ES became less prone to
bad values for ogpare, but performed not as well as the MS-HC. But although
extremely high values for ogp.re rendered the FS ineffective, they caused an
evenly distributed start for the HC post-processing step, compare Fig. [11
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The CBN-ES performed better than FS-ES on M0 and M1. But the importance
of 04ist becomes evident. As discussed before, 04,5 gives the minimal distance
between two separable clusters, see B-2. In case of the MO benchmark function
the optima are about 1/5 units apart, compare Fig. [[0}] and about 1/2 units
in case of M1, compare Fig. [[1l These are exactly the og4;,; values where
the performance of the CBN-ES drops to the behavior of a standard ES
without niching, thus converging to a single optima. The same effect can be
observed for M2 and M3, compare Fig. and Fig. 13 But here the optima
are not as evenly spaced and the CBN-ES fails step-by-step as 04,4 is increasing.
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Fig. 6. M2, avg. number of optima found Fig. 7. M3, avg. number of optima found

On M2 and M3 CBN performed not as well as the FS-ES with the additional
post-processing step. Regarding M2 CBN failed to identify the two most unin-
cisive local optima, compare Fig. [3. This is caused by the greedy best selection
strategy used. Most individuals of Dy converged to the more attractive optima
before species can be identified. On both problems the exploring character of
Dy seemed to fail.

4.2 The n-Dimensional Benchmark Function

To examine how the algorithms react to increasing dimensionality we compared
them on the n-dimensional M5 benchmark function with 5™ optima, see Fig.
and [ Although the MS-HC has the advantage that it could track one optima
per deployed individual, it finds considerably less optima. Also the performance
of the HS-HC suffers if the problem dimension is increased.

The FS-ES on the other hand fails completely with the increasing problem
dimension, although the evenly spaced optima with equal fitness should provide
perfect conditions for Fitness Sharing.

Regarding the CBN the number of optima identified with @ = 60 never exceeds
fifteen even for n < 4. This suggests that CBN is limited by the population
size rather than the problem dimension. Although MinPts = 2 allows a min-
imum species size of two, merging of species causes much bigger sub-populations.
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These results indicate, that CBN scales better with increasing search space
dimension than MS-HC and FS-ES but that CBN needs more individuals to
retain a niche than MinPts would suggest.

5 Conclusions and Future Research

The CBN-EA we proposed, is a new niching EA method based on the formation
of species. CBN joins a multi-population strategy with clustering analysis for
species detection. This approach is virtually independent of the EA method it
is applied to, because it does not put any restriction on the EA method used.
Furthermore, CBN does not alter the search space and therefore does not disrupt
the normal convergence behavior of the EA. Additionally CBN is able to actually
identify optima using the concept of species without further post-processing.
Since we used benchmark functions that do not benefit from EA crossover as
an exploratory operator, except for the M4 function, it is no surprise that the
simple Multi-Start-(14+1)ES strategy performs best on all benchmark functions.
And although Fitness Sharing was allowed to make extensive use of the HC post-
processing step, it never squares the performance of the Multi-Start-(1+1)ES.
CBN on the other hand is actually able to equal the Multi-Start-(1+1)ES on
MO and M1, if suitable values for o4;s; are used. The failure of CBN on M2 and
M3 indicates, that currently the exploratory elements of CBN are too weak.
Regarding the n-dimensional M4 benchmark function Fitness Sharing fails even
in spite of the available exploratory crossover. Most likely because of the in-
creasing problem dimension. CBN on the other hand scales rather well with the
increase of problem dimension, but it is limited by the fixed population size and
the fact that currently no exploratory interbreeding between species is imple-
mented.

Therefore our future work will concentrate on introducing exploratory inter-
breeding between species to the CBN-EA, to take the full advantage of the
positive properties of niching EAs. And we will focus on problems where ex-
ploratory crossover yields a greater benefit, otherwise Multi-Start Local-Search
strategies will most likely prevail over an niching EA.
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To free resources for interspecies crossover within the CBN-EA, we will intro-
duce mechanisms that use redundant individuals from extremely large species
or already converged species for reinitialization. If the reinitialized individuals
are descendants from parents from different competing species, we are also able
to introduce a additional selection pressure on species.
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Appendix: Benchmark Functions

MO: Five hills and four valleys (5 peaks),
as suggested in [5]:

MO(z,y) = sin(2.27z + 0.57) (5)
2—abs(y) 3—abs(z)
2 2

+sin(0.57y> + 0.57)
2 —abs(y) 3 —abs(x)
2 2

where —2 < z,y <2

Fig. 10. Benchmark function M0
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M1: One center peak and four neighbors (5
peaks), as suggested in [5]:

M1(z,y) = 3sin((0.5zm 4+ 0.57) (6)

2T

4

where —2 < z,y <2

M2: Six hump camel back (6 peaks),

suggested in [5]:
2 z* 2
M2(z,y) = —((4 — 2.1z + ?)m (7

oy + (—4 + 49°)y°)

where —1.9 <z <19and —-1.1<y<1.1

Fig. 12. Benchmark function M2

M3: Waves (10 peaks), as suggested in [5]:

M3(z,y) = —(y* — 4.5y )ay (8)
—4.7cos(3z — (2 + )

-sin(2.57z) + (0.3z)*

where —0.9 <zx <1.2and —1.2<y <1.2

Fig. 13. Benchmark function M3

M5: n-dimensional sine (5" peaks):

M5(z) = 1 — %Zu )

—sin® (5mz;))

At ""‘

AN " ‘
'“ \v,‘l\w '““\"l:« I A ﬂ" :/' ) o
;‘}h"/)\;“}‘!'//a‘:"\\\:\(\‘ ‘o“‘ 7
48 i \.m\“ R
i "‘.‘0”// "‘\\\:l\“' ‘

l/“‘“\‘\l“ T "'“\\ (/(“""\\\‘\‘l“
) "'n\“',

-:.

A where 0 < z; <1,n=2

Fig. 14. Benchmark function M5



Evolving a Cooperative Transport Behavior for
Two Simple Robots

Roderich Grofl and Marco Dorigo

IRIDIA, Université Libre de Bruxelles
Avenue Franklin D. Roosevelt 50
CP 194/6, 1050 Bruxelles, Belgium
{rgross,mdorigo}@ulb.ac.be

Abstract. This paper addresses the problem of cooperative transport
of an object by a group of two simple autonomous mobile robots called
s-bots. S-bots are able to establish physical connections between each
other and with an object called the prey. The environment consists of a
flat ground, the prey, and a light-emitting beacon. The task is to move
the prey as far as possible in an arbitrary direction by pulling and/or
pushing it. The object cannot be moved without coordination. There is
no explicit communication among s-bots; moreover, the s-bots cannot
sense each other. All experiments are carried out using a 3D physics
simulator.

The s-bots are controlled by recurrent neural networks that are created
by an evolutionary algorithm. Evolved solutions attained a satisfactory
level of performance and some of them exhibit remarkably low fluctua-
tions under different conditions. Many solutions found can be applied to
larger group sizes, making it possible to move bigger objects.

1 Introduction

The field of distributed robotics has received growing attention by researchers
within the last 15 years. Multi-robot systems have been studied in various topic
areas and in different application domains (Parker, 2000). Several works consid-
ered the cooperative transport of objects by a group of mobile robots. Some of
these have been inspired by social insects such as ants.

Almost half a century ago, Sudd (1960) studied the transport of prey by
single ants and by groups of ants of the species Pheidole crassinada. Although
he observed that single ants would mostly behave similar to those engaged in
group transport, he reported that group transport “showed co-operative fea-
tures” (Sudd, 1960).

Deneubourg et al. (1990) proposed the use of self-organized approaches for
the collection and transport of objects by robots in unpredictable environments.
Each robot unit could be simple and inefficient by itself, but a group of robots
would have a complex and efficient behavior. Cooperation could be achieved
without any direct communication among robots, as in some biological systems
that rely on interactions via the environment or that exhibit particular individual

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 305-[316] 2004.
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behaviors (Grassé, 1959; Deneubourg and Goss, 1989). In a transport task, for
instance, coordination could occur by inter-individual competition and/or via
the object to be moved.

In a remarkable series of works, Kube and Zhang (1993a, 1993b) and Kube et
al. (1993) studied a decentralized approach to let a group of simple robots push
an object that was too heavy to be moved by a single robot. The approach did not
make use of explicit communication among the robots. Taking inspiration from
ant colonies, they extended the model adding a stagnation recovery mechanism
(Kube and Zhang, 1995). Later, Kube and Bonabeau (2000) provided a first
formalized model of cooperative transport in ants. They used a 2D simulator
and a real robotic system for validation. Kube and Zhang, as well as Sudd,
reported a relative lack of efficiency of the behaviors they observed.

The aim of the experiment described in the following of this paper is to study
to what extent a group of two simple s-bots equipped with very limited cognitive
and computational abilities is able to exhibit coordination of individual activities
and to exploit environmental signals in order to transport an object as far as
possible within a fixed time period. To do so, we synthesize individual control
policies via an evolutionary algorithm with the objective of obtaining highly
efficient group behaviors.

2 Experimental Framework

2.1 The Environment and the s-Bot

The experiment is carried out using a 3D physics simulator[] The simulated
environment consists of a flat ground of infinite size, a light-emitting beacon,
and a prey. The prey is modeled as a cylinder of mass 500¢g, 10 cm in height,
and 12cm in radius. The friction coefficient between the prey and the ground
is set to 0.25. To calculate frictional forces, an approximation based on the
Coulomb friction law is used. Gravity is set to 981 cms~2.

The s-bot model is shown in Figure [ It is an approximation of a real s-bot,
currently under construction within the “Swarm-bots” project (Mondada et al.,
2002; Dorigo et al., 2003; Trianni et al., 2003; see also [www.swarm-bots.org).
The body is composed of a cylindrical torso, a gripper element that is fixed on
the torso’s edge heading forward, a long cylindrical pillar placed on the top of
the torso to support a visual camera system, and four wheels: two active wheels
on the left and right, and two passive wheels, one in the front, and one in the
back. The s-bot has a height of 16.85 cm and a mass of 660 g.

The control system reads the sensors status and sets actuator activations
every 0.1 seconds. In the following, the actuators and sensors of the s-bots are
detailed.

! The core simulator system has been developed in cooperation with IDSIA (Dalle
Molle Institute of Artificial Intelligence Studies), Switzerland. It is based on libraries
of the commercial physics engine Vortex™ from CMLabs.
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Fig. 1. Front, side and top view of the s-bot: the cylindrical torso is equipped with
a small gripper element heading forward, and a camera placed on the pillar. Two
passive, spherical wheels (white) are connected to the torso’s back and front part. Two
motorized, cylindrical wheels (gray) are connected to the torso on the left and right
side.

Actuators. The s-bot is equipped with two active wheels and a gripper el-
ement. The active wheels are connected to the torso using a motorized hinge
joint. The torque that can act to accelerate an active wheel is limited to
200,000 dyne emB An active wheel can be controlled by setting a desired angular
speed v € [—15rad/s, 15rad/s|. To model real actuators’ noise in the simulation,
some wheels are biased to turn faster than others, the wheel’s speed is noisy, and
activations less than certain random thresholds will not result in any movement
of the wheel (for details see Grof}, 2003).

The gripper element is a controllable, sticky box heading forward. If the ele-
ment is in gripping mode, a connection will be established as soon as the gripper
element is in contact with a grippable object. This is realized by dynamically
creating a ball-and-socket joint connecting the s-bot’s torso and the object. The
joint is positioned on the gripper element. Once the gripper is set to the open
mode, this joint will be removed to release the object.

The connection formed by the gripper element will break if a too strong
force is transmitted via the corresponding joint. This is a characteristic of the
real s-bot and of gripper elements in general. The limit for the force acting on
the gripper element is 1,000,000 dyne (i.e., 10 Newton). This limit still permits
s-bots engaged in the transport of a heavy prey to form structures such as small
pulling chains.

Sensors. The s-bot is equipped with an omnidirectional camera and a grip-
per status sensor. These sensors have their counterparts on the real s-bot. A
summary of the information provided by each sensor is presented in Table [I
The camera is mounted on a pillar support that is fixed at the center of
the torso’s top. The camera sensor is situated 16.85cm above the ground. In
principle, the camera of the real s-bot is able to sense objects in all horizontal
directions having an infinite range. However, the quality of the perceived signal

2. 100,000 dyne correspond to 1 Newton.
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decreases when the object’s distance is increased. Therefore, the sensing range
is restricted depending on the type of feature that is supposed to be extracted.

The simulated camera provides data based not on recorded images but on
information available in the simulator, e.g., the distance to another object. The
implicit assumption here is that in case of the real s-bot, such information can
be obtained from the camera using feature extraction algorithms.

The camera sensor can provide information about a cylindrical prey in the
surrounding, if the horizontal distance between the cylinder’s border and the
camera is at most 50 cm. In particular, the camera sensor is able to detect the
horizontal distance between the s-bot and the closest point of the prey’s border,
and the horizontal angle to the corresponding point with respect to the s-bot’s
direction of forward motion.

Moreover, the camera sensor is able to detect the horizontal direction of the
highest intensity of light perceived. Light is emitted by a single beacon that is
placed in the environment.

Noise affecting the sensors is modeled in simulation in various ways. In case of
the light or the prey perceived, an angular deviation r,, is added to the horizontal
angle a,,4 (radian measure) that indicates the target direction to the light or the
prey. r,, is generated using the normal distribution N(0,0.01). Also the measured
distance (in cm) to a perceived prey is affected by noise. This is modeled by
adding a random variable following the normal distribution N (0, 1).

Table 1. List of information provided by the sensors of an s-bot.

ISensor device Information provided

gripper status sensor status of being connected to another object
through the gripper element

camera sensor horizontal angle and distance to a cylindrical prey

(horizontal sensing range: 50 cm)

horizontal angle of highest intensity of light per-
ceived (a constant light signal is emitted by a bea-
con)

2.2 The Neural Network Controller

The group of s-bots is controlled by a simple recurrent neural network that is
synthesized by an evolutionary algorithm. All the s-bots of a group transporting
a prey are initially equipped with an identical neural network. Due to recurrent
connections, these networks have memory and they are not restricted to purely
reactive behaviors. The ability to compare current and previous states of the
environment perceived might be beneficial to recognize the presence and the
actions of teammates.

We used an Elman network (Elman, 1990) with five input neurons, five (fully
inter-connected) hidden neurons and three output neurons. The activations of
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the neurons of the input layer correspond to the current s-bot’s sensor reading
values. The activations of the output neurons are used to control the motorized
wheels and the gripper element.

2.3 The Evolutionary Algorithm

The evolutionary algorithm used is a self-adaptive version of a (x+ A) evolution-
ary strategy (Rechenberg, 1965; Schwefel, 1975). An individual is composed of
real-valued object parameters X = (z1, 22, ...,z nN) specifying the weights of the
Elman Network used to control the s-bots, and real-valued strategy parameters
S = (s1,82,...,sn) specifying the mutation strength used for each component
of the object parameter vector.

Before the evolution is started, a random walk is performed in order to gen-
erate a wide variety of somewhat acceptable solutions to start from. The total
number of fitness evaluations during the random walk is equal to the number of
evaluations of an evolution lasting ten generations.

In each generation all individuals are assigned a fitness value. The best p in-
dividuals are selected to create A offspring. With a probability of 0.8 an offspring
is created by mutation, otherwise two parent individuals are selected and recom-
bined. In the latter case, the mutation operator is applied to the created offspring.
The X offspring and the p parent individuals are copied into the population of the
next generation. Note that the parent individuals that are replicated from the
previous generation get re-evaluated. In fact, the fitness values are affected by
various random components in the fitness estimation procedure. Re-evaluating
the parents’ fitness values inhibits a potential systematic over-estimation in time
due to previous fitness estimations.

The object parameter x; is mutated by adding a random variable from the
normal distribution N (0, s?). Beforehand, the mutation strength parameter s;
is multiplied by a random variable &; that follows a lognormal distribution sim-
ilar to the one proposed by Schwefel (1974). As recombination operator we use
intermediate and dominant recombination (Beyer, 2001), both with the same
probability.

The number of offspring is A = 80 and the number of parents is u = 20. For
a detailed description of the evolutionary strategy used see Grofl (2003).

2.4 The Fitness

The task is to control a group of two simple s-bots so that they cooperate to
transport as far as possible a heavy prey within a fixed time period. The direction
of movement of the prey is not predetermined. Since the prey cannot be moved
by a single s-bot, coordination among s-bots is necessary.

Each individual, that is, a common controller for a group of s-bots, is evalu-
ated by performing S tests t1,t5...,ts against a sample composed of S configu-
rations specifying the s-bots’ initial placements and the position of the beacon.
The sampling size is set in our experiments to S = 5. The sample is changed
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once per generation, so that all the individuals that compete with each other
are evaluated under similar conditions. This should increase the comparability
of fitness values among individuals within the same generation. Note that the
i parent individuals that are copied into the next generation by default get
re-evaluated based on the new sample.

In each test, the simulation lasts 20 simulated seconds. The prey is placed in
the center of the environment. The s-bots are placed at random positions and
orientations, but not more than 25 cm away from the prey. This ensures that the
prey can initially be detected by each s-bot. The beacon is placed at a random
position 300 cm away from the center of the environment. This is less than the
distance the prey can be moved within the simulation time of 20 seconds.

For each test t;,i € {1,...,S}, a quality measure ¢; (i.e., the transport
quality) evaluates the exhibited transport performance. The final fitness score f
is computed using a weighted average. Let ¢ be a permutation of {1,2,...,5}
such that gg1) < gg2) < -+ < gg(s), then the fitness value is given by

2

f:s<s+1)

(S =i+ 1) qeg)- (1)

S
=1

3

In this way, tests resulting in weaker transport quality ¢; contribute more
than the others to the fitness value so that fluctuations get punished. The in-
tended effect is that individuals that emerge during evolution get more resistant
over time to the randomness of the robots’ initial placements as well as to the
noise in the robots’ sensors and actuators.

To favor the evolution of solutions that let all s-bots participate in the trans-
port activities, the transport quality takes into account also the clustering per-
formance of s-bots around the prey. The clustering quality ¢; in a test ¢; is defined
as

i 0 if d9) > 50;
c;i = — ZC’(])’ and Cz('j) = 1 if d,Ej) < 25, (2)
n j=1 BOfdgj) s
5% otherwise;

where d,Ej ) denotes the Euclidean distance (in cm) observed in test ¢; between
the final positions of the jth s-bot and the center of the prey minus the radius
of the prey.

Therefore, s-bots that are not more than 25cm away from the perimeter
of the prey get the maximum clustering performance value of 1. In this way,
any structure of two collaborating s-bots pushing or pulling the prey cannot be
punished. S-bots that are more than 50 cm away cannot sense the prey any more
and get the lowest possible clustering performance value of 0.

The transport quality ¢; in a test ¢; is defined as

A (R+ v/D;)ci?  otherwise;
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where D; denotes the Euclidean distance (in cm) observed in test ¢; between
the prey’s initial and final positions, R = 1 is a constant reward and p = 5
is a constant exponent in order to punish solutions exhibiting weak clustering
performance. The root function is applied as scaling function.

3 Results

The experimental setup described above has been used in ten independent evolu-
tionary runs of 150 generations each. One run lasted a little bit less than a week
on a machine equipped with an AMD Athlon XPT™ 1800+ processor. In the
following, the transport performance of the evolved controllers and their ability
to scale when using larger group sizes are discussed.

Quality of transport. The transport quality of a group (as defined by Equa-
tion[3]) in a test depends on the genotype specifying the neural network controller,
the s-bots’ initial positions and orientations, the position of the beacon in the
environment, the particular offset and threshold values of each sensor and ac-
tuator, and the amount of noise that affects sensors and actuators at each time
step. Of course, the ultimate goal is to generate genotypes that perform well un-
der every possible condition. However, there is a very large number of possible
conditions, and during evolution the solutions are evaluated using a sample of
five different conditions per generation.

Figuredisplays the development of the best and average fitnesses for certain
sets of individuals over all ten evolutionary runs:

— The dark gray boxes correspond to the observed fitness values of the best
rated individuals for every population. Due to the random component in the
fitness evaluation procedure, individuals exhibit performance fluctuations.
Thus, the best fitness values are likely to be over-estimated.

— The average fitness value of the p parent individuals of each population is
illustrated by the light gray boxes. To avoid bias in the evaluation of the
parent individuals, they get re-evaluated in the subsequent generation. In
this way, although the average fitness of the re-evaluated parent individuals
may fluctuate due to the noise, there is no systematic over-estimation caused
by previous fitness estimations. In the figure, the average fitness value of the
parent individuals is computed based on the set of re-evaluated fitness values.

— The white boxes correspond to the average fitness values of the entire pop-
ulation.

Looking at Figure 2] one can see that, in all cases, the fitness values tend
to increase. Since the fitness values are noisy and, additionally, they are com-
puted using a weighted average, it is hard to estimate the attained quality level.
Therefore, we measured the transport quality of several individuals of each evo-
lutionary run on a sample of 500 different tests. For each evolutionary run, we
selected the p = 20 best (parent) individuals of the final generation. This set
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Group Transport to an Arbitrary Direction
2 s-bots; prey: 500 g mass, cylinder of radius 12 cm
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Fig. 2. Box-and-whisker plot visualizing certain characteristics of the evolutionary
progress in ten runs. The box comprises observations ranging from the first to the
third quartile. The median is indicated by a bar, dividing the box into the upper and
lower part. The whiskers extend to the most extreme data point which is no more than
1.5 times the interquartile range. Outliers are indicated as circles. This plot illustrates
the development of the best fitness of a population (dark-gray boxes), the average fit-
ness of the set of u = 20 (re-evaluated) parent individuals (light-gray boxes) and the
average fitness of the whole population (white boxes). Each box covers a period of five
generations.

of p parent individuals comprises all genetic material that would be exploited
in subsequent generations in case the evolution would be continued. Performing
the post-evaluation, it has been observed that parent individuals of the final
generation of the same evolutionary run exhibit a quite similar performance.
Therefore, we focus on two types of individuals from each evolutionary run: the
one with the highest average performance concerning the 500 tests (type 1), and
the one with the lowest observed standard deviation (type 2). For every evolu-
tionary run, both types of individuals are post-evaluated for a second time, on
a random, but fixed set of 1,000 tests.

FigureBlshows a box-and-whisker plot presenting the transport quality values
observed in these 1,000 tests for both types of individuals for all the evolutionary
runs. The first five solutions displayed make an essential use of the gripper
element.

According to Equation B] the transport quality ¢; observed in a test ¢; is at
least 1 if the prey has been moved, and ¢; € [0, 1] otherwise. Looking at Figure 3]
it can be seen that the prey has been moved in almost all cases, since almost
all observed transport quality values are in the range 2 to 15. The distance D;
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Transport Quality (type 1 and type 2 individuals)
2 s—bots; prey: 500 g mass, cylinder of radius 12 cm
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Fig. 3. Box-and-whisker plot visualizing the transport quality observed in 1,000 tests
for individuals of type 1 and type 2 in the final generations. The type 1 individual of
an evolutionary run is the one with the highest average of the transport quality values
observed in the 500 tests during the first post-evaluation and the type 2 individual is
the one with the lowest observed standard deviation.

the prey has been moved is at least (¢; — 2)?, if ¢; > 2 If ¢; < 1, D; is bigger
than (g; —2)2. Assuming the worst case for the distance moved, that is, a perfect
clustering quality ¢; = 1, some examples for pairs of transport quality g; and the
corresponding moved distance D; are given in the following table:

Qi 2|34
D; (in cm)

Ut

6 (7 |8 |9 |10|11|12 |13 |14
16|25|36|49|64|81|100(121|144

o
—_
>
=]

Let us consider a setup in which a group of two s-bots, structured in a
connected, linearly aligned chain, is pulling the prey for a period of 20 seconds.
The first s-bot of the chain is connected to the prey right from the start. All
s-bots are controlled by a handwritten controller: each s-bot moves backwards
with maximum angular speed of the wheels; the gripper element remains closed.
If a chain of two s-bots is placed in such a structural configuration, the distance
the object can be moved within the simulation time of 20 seconds is around
149.64 cm. This corresponds to a transport quality of approximately 14.23.

However, during the fitness evaluation the s-bots are not placed in such an
initial structure: the s-bots are scattered in the environment at random positions
and with random orientation. Therefore, the s-bots have to approach the prey
and to coordinate themselves before a structure is formed that can be used to

SLet i >2:qi=1+(1+vD)E <14+ 1 +vVD:)=2++VD: = q —2<VD;
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Scalability Test (type 1 individuals)
5 s-bots; prey: 1,250 g, cylinder of radius 30 cm
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Fig. 4. For each evolutionary run, the individual for which the best average perfor-
mance was observed in the post-evaluation described previously (the type 1 individual)
is evaluated 500 times using a group of five s-bots and a prey of radius 30 cm and mass
1,250 g. The simulation period is extended by ten additional seconds, since it requires
more time for each s-bot to move around the larger prey. The first five individuals
make essential use of the gripper element.

transport the prey. If we assume that the randomly placed s-bots need ten sec-
onds to form a chain like the one described, this structure could only pull the prey
for the remaining ten seconds of simulation time. During this period, the prey
can be moved 74.50 cm, corresponding to a transport quality of approximately
10.63.

The median values of transport quality exhibited by the better perform-
ing half of the type 1 individuals are in the range [10.03,11.73]. The observed
standard deviations concerning the half of the type 2 individuals having lower
fluctuations are in the range [0.91,1.30]. In case of the evolutionary runs 6 to 10,
we have obtained a number of satisfactory controllers that exhibit low perfor-
mance fluctuations (see Figure [3)). Overall, the controlled groups of s-bots act
quite robustly with respect to various kinds of noise concerning the sensors and
the actuators and with respect to different initial placements in the environment.

Scalability. The question arises whether these observed behaviors are scalable,
that is, whether evolved individuals are able to cooperate in the transport of a
heavier prey when the group size becomes larger. To try to give an answer, for
each evolutionary run we took the individual with the best average performance
and evaluated it using a group of five s-bots, engaged in moving a heavier prey
of mass 1,250 g and of the same shape and size as previously. In most cases, the
observed performance was low, since, having five s-bots, the strategies seemed
not to be able to handle the increased inter-individual competition among s-bots
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for the limited space around the prey. However, if the perimeter of the prey is
multiplied by the same factor as the number of s-bots is increased, all solutions
are able to move the prey, and the ones not relying on the gripper exhibit a
satisfactory performance (see Figure H).

4 Conclusions

In this work, we addressed the problem of controlling a group of two simple,
mobile, autonomous robots so that they cooperatively transport a heavy prey
as far as possible into an arbitrary direction within a fixed period of time. The
robots are able to establish physical connections with each other as well as with
the prey. The prey cannot be moved without cooperative behavior. There is
no explicit communication among the s-bots. Moreover, the s-bots are not able
to directly sense each other. Communication is limited to interactions via the
environment, that is, stigmergy (Grassé, 1959; Dorigo et al., 2000).

In all of the ten evolutionary runs carried out, controllers were generated
which exhibited an acceptable performance under most of the tested 1,000 con-
ditions. In five out of ten runs, the system generated very high quality controllers
which reached high performance levels and, at the same time, presented rather
low fluctuations in performance. Moreover, many solutions could be applied to
larger groups so that prey of bigger size and mass could be moved.

In general, the controllers’ performances are very sensitive to the size of
the prey. We also observed that the performance of those solutions that make
essential use of the gripper element is more fluctuating than that of the other
ones. The reason for this behavior is however not clear yet. In the future, we
want to encourage the evolution of strategies that let the robots organize into
assembled structures in order to transport prey of various shapes and sizes.
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Abstract. This paper presents simulations of long-term co-evolution in simple
artificial ecosystems composed of different plant species. Artificial plants and
plant communities, evolving in a 3D environment, are based on a multi-agent
model. This multi-agent approach allows to define communication processes
existing at plant and organ levels. A model of a particular chemical interaction
between plants is developed in this paper : the allellopathy. This intraspecific
and interspecific phenomenon is used in nature both in competition and in
cooperation in plant community development. This paper focuses particularly
on the emergence of competition and cooperation during long time periods.
Several results obtained in this paper are close to natural observations.

1 Introduction

Usually, an ecosystem is defined as a community of species that live together and
interact often, along with their abiotic environment, i.e. non-living parts of air, water
and soil, rocks and minerals, dead organic matter, climate, fire, etc. The study of
ecosystems is now deeply related to economic resources and their comprehension
becomes an important field of research since the last century. P. Dansereau in [1] says
that ,,An ecosystem is a limited space where resource recycling on one or several
trophic levels is performed by a lot of evolving agents, using simultaneously and
successively mutually compatible processes that generate long or short term usable
products®. This paper focuses on co-evolution processes occurring in ecosystems,
competition and cooperation between plants for resources.

Competition happens when individuals are negatively affected by contesting a
limited resource, and more generally when individuals of the same populations, i.e.
intraspecific competition, or different populations, i.e. interspecific competition, use a
common resource that is in short supply. Competition between plants takes place at
several levels : space, minerals, light, etc. One of the strategies developed by plants to
compete and to disturb the growth of other plants is the secretion of chemical
substances in their close environment. This is the allellopathy.

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 319-330, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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Although in the first century B.C., Pline the Ancient noticed in [2] that no plant grows
under walnut covers, he didn’t fully understand that phenomenon. Allellopathy was
first introduced in a 1937 monograph of Molish, [3], and was largely studied three
decades later by Elroy L. Rice, [4, 5, 6]. He recognized four stages of plant succession
in Oklahoma : the pioneer weed stage, lasting 2-3 years, the annual grass stage,
lasting 9-13 years, the perennial bunch-grass stage, lasting 30-50 years, and finally the
climax prairie. He established that allellopathy is the major factor causing this
succession. He then enlarged the earlier definition of allellopathy to the ,.direct or
indirect effects, positive or negative, of a plant on another plant, using biochemical
compounds released in the environment*.

At the present time, the allellopathic effects of plants are better known, and
because of their important stake from an agronomic and a forestry point of view, that
field of research has been developing itself during the last years. One of the best
illustrated cases of allellopathy in terrestrial ecosystems is the production of camphor
by eucalyptus. It evaporates from the leaves and is subsequently deposited in dew on
the nearby vegetation, preventing other plants from growing in the close eucalyptus
environment. Since this paper focuses both on competition and cooperation effects of
allellopathy, simple competition like that of eucalyptus will not be studied.

Experiments described in this article are based on the observations of B. Boullard
on natural fir plantation. In [7], he says that ,Natural fir plantation is typically a
mixed formation where several species coexist : fir but also spruce and beech [...]
Then, in this forest, the succession of dominant species is a rotation : fir coming under
spruce, spruce under beech and beech under fir. So, the forest behaves like ground
juxtapositions with a botanical composition continuously evolving, like a merry-go-
round slowly running [...] It seems that there is no doubt that the explanations of
observed facts are linked to the nature and the properties of released biochemical
compounds*‘.

Experiments presented in this paper use a simplified allellopathic model allowing
interactions between plants to build a long-term cooperation of different species. In a
3D continuous virtual world, artificial plants evolve during long time periods in order
to simulate the evolution of natural competition and cooperation between three plant
species on several generations.

Individual plant model is based on a multi-agent system [8]. This method has been
chosen because of its capacity to model communication processes between a group of
simple entities, the agents. Multi-agent paradigm, useful for modeling large sets of
agents, is also used to define the plant community, where several types of information
are exchanged between individuals. Co-evolution between large sets of individuals,
i.e. competitive and cooperative behaviors, is particularly studied in the multi-agent
field of research.

The first part of this paper describes a state of the art of plant modeling as well as
previous works in plant community simulations in Artificial Life. The next chapter
defines the model used in this paper for individual plants, plant communities and
allellopathic interactions. Then in the fourth part, two sets of simulations with their
experimental conditions are described, and results are discussed. Conclusions about
these experiments and future works are presented in the last section.
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2 State of the Art

The first part of this section describes formal models developed in order to simulate
the evolution of individual plants. The second part presents models and applications
used for the simulation of plant communities.

2.1 Individual Plant Models
2.1.1 L-Systems

L-Systems, developed by Artistid Lindenmayer in [9], are one of the first
mathematical models based on a formal grammar to describe plant development.
[10] specifically exhibits the mathematical theory beyond the L-Systems. An L-
System is defined by one or several production rules. These rewriting rules,
consisting of two components, a predecessor and a successor, operate on the entire
plant simultaneously. During the derivation step of a production rule, the
predecessor is replaced by the successor in the plant.

The plant shown in the Fig. 1, [11],
has been realized with two simple rules.
The first one increases the internode
length, the brown part, while the second
specifies that the apex, the green part,
creates a branching structure with three
new apices and an internode.

Several types of L-Systems based on
the original one, like Stochastic or
Context-Sensitive L-Systems, have been Fig. 1. Plant development using an L-
developed after. [12] offers a complete System
survey of most of them.

2.1.2 Entity-Relation Graphs

Entity-relation graphs are particularly applied to tree modeling, and have been
developed by the CIRAD for their AMAP program [13]. This method, [14], is based
on the description of the bud operating cycle, i.e., growth, branching and death, by
stochastic processes. Each part of a plant is described by an entity - internodes,
growth units and an axe - then relations are built to link them - successor, kinship and
scale.

Using this coding method, an entity-relation graph is obtained. Event sequences are
applied by the use of Markov processes to model the plant growth.
Some of the goals of the AMAP project are to study general principles of plant
organization, predict plant productions from a qualitative and a quantitative point of
view, and build landscapes to help in town and rural planning.
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2.2 Plant Community Models

Whole stand models are probably the oldest models of plant communities. Chang Hui
Peng says in [15] that they first appeared in the end of the 19" Century. They describe
the growth and the development process of a plant community using equations on
plant properties, mean values such as the mean size or mean height of trees. These
methods are useful for modeling homogeneous forests, but due to the difficulty in
writing rigorous equations for heterogeneous forests, they are not really used for
complex simulations. Finally, whole stand models, based on general equations, cannot
supply information about particular individuals in the forest.

In order to get information about individual plants during the forest evolution, the
plant community model must be based on individuals. The Prognosis system [16]
allows to simulate homogeneous and heterogeneous forests. This system is
particularly used to predict the development of mixed species and multi-layered
conifer stands in British Columbia.

CAPSIS, [17] and [18], integrates several types of forest growth and dynamical
models - stand models, distance independent or spatially explicit tree models... - and
provides management tools to establish and compare different silvicultural scenarios.

B. Andrieu and C. Fournier developed the ADEL-maize model in 1999, [19]. This
crop simulation model considers the canopy as a set of individual plants. The 3D
maize development model is combined to physical models computing micro-climates
on the 3D structure. The growth process of plants with ADEL-maize is based on
individual organs and uses the Graphtal engine developed by Streit, [20]. Graphtal
handles classical L-System models and Open L-Systems, [21], that allow interactions
between plants and their environment. ADEL-maize is particularly used to simulate
plant morphogenesis depending on light availability.

Finally, in the past years, few Artificial Life simulators, appearing on the Web,
have been able to build online plants and plant communities. Bruce Damer describes
in [22] the Nerve Garden Project [23], and [24] presents a project of plant
morphogenesis where artificial plants are integrated in virtual online worlds.

3  Plant Modeling

Most of the models described in section 2 are used to simulate plant community
development, but usually, they are not really devised to simulate the evolution of
these communities on several generations. This paper focuses on the competition and
cooperation behaviors during several generations. Simulations with the models
described in the previous part would be definitely too long in order to obtain results in
a reasonable amount of time. The next section, then, proposes a definition of a simpler
plant model to perform long-term simulations. The main goal of this model is to
optimize the possibility of interactions between plants, to observe competitive and
cooperative behaviors in long-term simulations.
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3.1 Plant Model

The plant model defined in this paper is based on multi-agent systems [8]. The main
idea of this approach is to decentralize all the decisions and processes on several
autonomous entities, the agents, able to communicate together, instead of on a unique
super-entity. A plant is then determined by a set of agents, representing the plant
organs, which allow the emergence of plant global behaviors by their cooperation.
Each agent, as a plant organ, is defined by a section of genetic code determining its
properties and the way it grows according to its interactions with its environment. The
overall life cycle of the plant is simulated by this model : seed, growth, death and
decay. According to its current life phase, a plant is composed either of one unique
organ, a seed, or of three organs, a foliage, a stalk and a root. Fig. 2 shows these three
organs. Each of these organs have their own mineral and carbon storage with a
capacity proportional to its volume. These storages stock plant resources and are used
for its survival and its growth at each stage.

In this model, the foliage represents all the herbaceous leaves and flowers. This
organ contributes to the photosynthesis task of the plant and assumes its reproduction
role. Although this representation is not realistic from a strictly biological point of
view, the foliage has been placed on the plant top, this choice deeply simplifying
computations and increasing the effects of sunlight competition between plants.
Foliages have several branches, with their own length and height, growing according
to the light received and the possible encumbrance of the plant’s closed space.

The stalk defined in this model doesn’t have
any ramifications. Its main role is to transfer
resources between the foliage and the root. This
organ is particularly fundamental for light
competition - longer is the stalk and higher is the
foliage.

The root is the only organ interacting with the
ground and able to extract minerals and chemical
substances. Although in nature, according to
coexisting plant communities, several root
stratum may appear, this model uses only one,
growing vertically and horizontally.

Before developing a root, a stalk and a foliage,

a plant’s first phase is the seed. This seed can

remain asleep for a long period of time, until

closed environmental conditions cause its growth Fig. 2. Plant organs
and change the phase of the plant life cycle.

During each stage, an organ receives and stocks resources, directly from ground
minerals or sunlight, or indirectly from other organs, and uses them for its survival,
organic functions and development according to its genetic parameters. The organ is
then able to convert carbon and mineral resources in structural mass for the growth
process or to distribute them to nearby organs.

Photosynthesis is the process by which plants increase their carbon storage by
converting the light they receive from the sky. Each point of the foliage can receive
light from the sky according to three directions in order to simulate a simple daily sun
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movement. As the computing time was a strong constraint in this application,
radiosity and ray-casting algorithms have not been implemented for light diffusion.

Although Genetic Algorithms, first described by Holland [25] and largely
developed by Goldberg [26], are not yet implemented in the simulator, plants are
coded by an artificial genome. This coding will allow in a further development to
simulate artificial selection between individuals and between species along
generations. The genotype of a plant is divided into five chromosomes, a global
chromosome for the plant itself and one for each of its parts, the seed, the root, the
stack and the foliage. Each chromosome is also divided into several genes
representing plant or organ properties. Sexual maturity of the plant, resource
distribution thresholds between organs, maximum organ age or growth speed are
some examples of parameters coded in this artificial genome.

Finally, as simulations are performed on the long-term, a reproduction process has
been developed. At each stage, if a plant reaches its sexual maturity, the foliage
assigns a part of its resources to its seeds. A genetically coded threshold is defined
then when the seed is freed in the plant neighborhood. The distance to which the seed
is spread is randomly determined inside an interval, coded in the genome, and the
direction is a random value up to 360°.

3.2 Plant Community Model

All the plants are disposed in a virtual environment, defined as a particular agent,
composed of the ground and the sky. The environment manages synchronously all the
interactions between plants, like mineral extraction from the ground, competition for
light and physical encumbrance.

Fig. 3. Plant growth

The sky model is only used at this time to distribute and compute the amount of
light plants receive at each stage. Fig. 3 shows three closed plants growing according
to light and physical encumbrance.

The ground contains the second resource used by plants to grow, the minerals. The
ground space is homogenously cut in several layers composed of voxels, simple 3D
cubes. Fig. 4 shows the successive ground layers and voxels where information about
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mineral types and concentration is stocked. Minerals
are a renewable resource. This parameter is given by
the user for each simulation. The resulting mineral
concentration in a ground voxel varies according to
three parameters :

- The local plant mineral extraction,
depending on the root’s horizontal and
vertical size.

- The plant decomposition when a death occurs.

- The diffusion equation between nearby voxels.

Fig. 4. Ground Layers
3.3 Allellopathy Model

Allellopathy is modeled by the interactions of biochemical substances, noted as BSs,
between plants and ground voxels. Foliages, stacks and seeds secrete their BSs on the
ground top layer, while roots secrete them on their corresponding layers. The amount
of BSs that each organ puts down on ground voxels at each time step is a parameter
coded in their respective chromosomes.

At each time step, a BS is diffused in the ground on nearby voxels according to the
equation (1) :

t+1  —(t t el + R
C(x,y,z)_c(x,y,z)—i— (C(x,y,z) C(X',y',z')) Grry-yi-z
x—1<x'<x+1 (1)
y—I<y'<y+l
z-1<7'<z+1

Whereas C(x,y,z) is the concentration of the BS at
the voxel position (x,y,z), (x’,y’,z’) is the position of
a nearby voxel of (x,y,z) and G is a Gravity matrix
of coefficients controlling the diffusion movements
in the different ground layers. This matrix allows a
greater vertical diffusion than a horizontal diffusion,
especially from top to bottom.

Fig. 5 shows the diffusion of BSs in the ground.
Only seeds and roots are represented on this figure.
Light blue areas indicate a high BS concentration.

At each time step, roots absorb a part of the BSs
contained in their corresponding voxels and
distribute a part of them to nearby organs, according
to genetic parameters present in the root  Fig. 5. Biochemical substance
chromosome. Then, if the amount of BSs contained  difffusion in the ground
in the plant is included in an interval, genetically
coded, a particular effect occurs, like plant death.

Finally, using allellopathy to better compete against other plants has a cost : carbon
storage decreases according to the amount of BS in the plant and to a coefficient
defined in the genotype, as shown in the equation (2).
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Allellopathy_Cost=BS _stock.Dec_Carbon_Coeff )

4 Simulations

This plant simulator is developed with the Delphi 5 language, and uses OpenGL
libraries for the 3D representations and the 3D Open Dynamics Engine built by
Russel Smith, ODE, [27]. Two different sets of 20 simulations were performed on
PCs — 1.7 GHz, 256 MB RAM.

Previous experiences, described briefly in [28], validated the plant development
phases, the ground mineral diffusion processes, and particularly the long-term light
competition between two plant species.

The two sections of this chapter show the results of two sets of experiments. The
first, a simple simulation, presents the competition of trees for space using
allellopathy. The second set of experiments shows two kinds of temporal cooperation
of three species during several generations.

4.1 Seed Germination Control Using Allellopathy

The goal of this first experiment is to control the seed germination of plants of the
same specie with allellopathy. As shown in [28], plant positions in space are
particularly defined by light, mineral and space competition, but allellopathy is also a
natural tool used by plants to control the growth of their neighbors. This experiment is
based on observations presented in [29]. This website describes the evolution of
plants in the desert biome and their relations in the space. It shows that allellopathy is
one of the main factors of this competition. Several plant species secrete toxins in
their leaves and in their roots to kill other plants trying to implant themselves in their
growing area.

In order to impose the fact that allellopathy is the only process to control the
space competition, the plant seed lifetime is long enough to be considered as infinite.
In that way, conclusions obtained in [28] about the role of seeds in this competition
are masked.

Fig. 6. Space density of plants according to allellopathy
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Fig. 6 shows the space density of plants according to three genetic values of the
allellopathic secretion parameter : 1.5, 1 and 0.7, the respective number of roots is 13,
35 and 52. In this experiment, the forest density is clearly controlled by the
allellopathic secretion value determined by the plant genotype. The higher this
parameter is, the lower is the plant density in the simulation space. A seed defines
around itself a forbidden area for other plant germination, an area more or less wide
according to the BSs produced and to the ground renewal parameter which dissipates
BSs with time. Although the plant density is controlled by allellopathy, this process
doesn’t control precisely a regular repartition of plants in the space.

4.2 Temporal Cooperation of Three Plant Species Using Allellopathy

In nature, some plant species coexist on the same territory with a temporal kind of
cooperation : only one specie grows at a time, then another one, then again another
one, and so on. Moreover, some cycles between different plant species may emerge
from this situation.

At least two situations can cause this phenomenon. The first one is a strict
temporal competition between plants for space as described in the previous part. In
that way, the cooperation is only a secondary effect of this competition. Plants
compete and disturb the evolution of other plants by using BSs. The other situation is
a temporal cooperation allowing plants to modify the ground composition during their
life. These changes on the ground cause the apparition of other plants, which then
modify the ground, and so on, establishing in some cases a life cycle.

These experiments are based on two examples. The first one, in [7], is the fir
plantation composition depending on the interactions of firs, beeches and spruces. The
second one is the dune evolution, observed in [30], where several plant species
succeed each other by changing the dune ground composition.

As plant morphology is not the focus of this paper, no detail is given in this
section. Three plant species are defined genetically with different BS values. One
seed of each of the species is spread in the environment at the beginning of the
simulations. Seed lifetime is set to a high value allowing plant sleeping during long
time periods.

In the first set of experiments, each plant BS produces a negative effect on plants
belonging to other species, while in the second set of experiments, the BSs only
modify the ground composition. This alteration, then, allows other species to better
grow, replacing the first ones. Fig. 7 shows a typical result of three plant species
simulations using allellopathic negative effects.

Results shown in the Fig. 7 are cut in two phases. In the first phase, between time 0
and 500, plants of all species are growing without any organization, until the
simulation space is filled. Then during the second phase, after 500 time steps, the
different plant species organize themselves in persistent cycles. In this experiment, if
a plant specie disappears, the artificial ecosystem will not collapse but, instead, will
auto-organize itself again to enter later in another cycle with eventually the re-
apparition of the lost specie.
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Fig. 7. Three plant species auto-organization

In the next set of experiments, a temporal dependence relation is built between the
three species, i.e. to grow, each specie needs a ground modification caused by BSs of
another specie. Results are quite similar with the Fig. 7 except for two points : first,
the phase between O and 500 time steps doesn’t exist, the ecosystem is auto-
organizing itself immediately, and secondly, if a specie disappears then the whole
ecosystem is affected and falls off. This means that if a plant specie disappears, the
successor specie is not able to grow and the cycle is broken.

In these experiments, allellopathy is used by plants to auto-organize their
development according to other plant species. This competition / cooperation method
leads to more or less robust life cycles, depending on the dependency degree between
each of the species present in the space simulation.

5 Conclusion and Future Works

This paper presents simulations of heterogeneous plant communities evolving during
long time periods. The plant model is based on multi-agent systems in order to
distribute specific organ tasks among simple agents and to use communication
processes, like in nature, between these agents. Virtual plants grow in a 3D dynamic
continuous environment. A specific model of allellopathy is developed in order to
produce competitive and cooperative behaviors.

This study is based on observations of real conditions, described in [7], [25] and
[26]. Results obtained are close to those observed in nature. The allellopathy model
used in these simulations allows plants to compete for space on long time periods, but
also to cooperate by interacting with each other using biochemical substances spread
in the ground.

Three ways of development will be studied with this plant community simulator.
First, simulations will be sharpened by improving the plant and allellopathy models
and adding some noise to the forest evolution. Human interventions, like branch or
tree cutting and planting, will be implemented to study the effect of external
interventions on the forests. These simulations will also be extended to other species,
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especially to competitive relationships between plants and pathogen agents like
mushrooms. Next studies will focus on mutualism and parasitism of micorhyzae
relations between plants and mushrooms.

Secondly, the plant model defined by an artificial genotype may use in a further
development Genetic Algorithms in order to study artificial selection on large forest
evolutions.

Finally, the artificial ecosystem will be enhanced with mobile agents. As
allellopathy is used by plants to interact with each other, biochemical secretions are
also used by plants to protect themselves from animal aggressions.

Acknowledgements. The author would like to thank Jean Fack and Gregory Gallet,
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their work on this project, Russel Smith for the very useful 3D Dynamic Engine ODE
and Elsa Serfaty who reviewed this paper.

References

1. Dansereau, P. : Reperes « Pour une éthique de l'environnement avec une méditation sur la
paix. » In Bélanger, R., Plourde S. (eds.) : Actualiser la morale: mélanges offerts & René
Simon, , Les Editions Cerf, Paris (1992).

2. Pline I’ Ancien : « Histoire Naturelle », Arléa, Paris (1999).

3. Molish, H : « Der Einfluss einer Pflanze die andere Allelopathie », Fisher, Jena (1937).

4. Rice, E.L.: «Allelopathy », Academic Press, New York (1974).

5. Rice, E.L. : « Pest Control with Nature's Chemicals », University Oklahoma Press (1983).

6. Rice, E.L.: «Biological Control of Weeds and Plant Disease: Advances in Applied
Allelopathy », University of Oklahoma Press (1995).

7. Boullard, B. : « Guerre et paix dans le régne végétal », Ed. Ellipse (1990).

8. Ferber, J., « Les systemes multi-agents », Inter Editions, Paris (1995).

9. Lindenmayer, A. : « Mathematical models for cellular interaction in development », Parts I
and II., Journal of Theoretical Biology, Vol. 18:280-315 (1968).

10. Rozenberg, G., Salomaa, A. : « The mathematical theory of L-Systems », Academic Press,
New York (1980).

11. Prusinkiewicz, P., Hammel, M., Hanan, J., Mech, R. : « Visual models of plant
development », In Rozenberg, G., Salomaa, A. (eds.), Handbook of formal languages,
Springer- Verlag (1996).

12. http://www.cpsc.ucalgary.ca/Research/bmv/vmm-deluxe/

13. http://www.cirad.fr/presentation/programmes/amap.shtml

14. Bouchon, J., De Reffye, P., Barthelemy, D. : « Modélisation et simulation de I’architecture
des végétaux », INRA editions (1997).

15. Peng, C. : « Modelling Global Terrestrial Carbon Storage: Past, present, and future », The
Institute of Geology, Chinese Academy of Science (Invited Lecture), Beijing, China
(2000).

16. http://www.for.gov.bc.ca/research/gymodels/progbc/

17. De Coligny, F., Ancelin, P., Cornu, G., Courbaud, B., Dreyfus, P., Goreaud, F., Gourlet-
Fleury, S., Meredieu, C., Saint-André, L.: « CAPSIS: Computer-Aided projection for
strategies in silviculture » Proceedings of the Symposium on Reality, models and
parameter estimation, the forestry scenario, Portugal (2002).

18. http://www.cirad.fr/presentation/programmes/amap/logiciels/capsis.shtml




330

19.

20.

21.

22.

23.
24.

25.
26.

217.
28.

29.
30.

C. Lattaud

Fournier, C., Andrieu, B., « ADEL-maize: an L-system based model for the integration of
growth processes from the organ to the canopy. Application to regulation of
morphogenesis by light availability », In Agronomie, Vol. 19 : 3/4 (1999) 313-327.

Streit, C. : « Graphtal user manual », In Switzerland: SIG computer graphics, University
of Berne (1992).

Mech, R, Prusinkiewicz, P. : « Visual models of plants interacting with their environment
», In Proceedings of SIGGRAPH '96, New Orleans, Louisiana, New York: ACM
SIGGRAPH (1996).

Damer, B. : « Avatars », Peachpit Press (1998).
http://www.biota.org/nervegarden/index.html

Steinberg, D., Sikora, S., Lattaud, C., Fournier, C., Andrieu, B. : « Plant growth simulation
in virtual worlds : towards online artificial ecosystems », In Proceedings of the First
Workshop on Artificial Life Integration in Virtual Environment, Lausanne, Switzerland
(1999).

Holland, J. : « Adaptation in Natural and Artificial Systems », MIT Press (1975).

Golberg, D. E. : « Genetic Algorithms in Search, Optimization, and Machine Learning »,
Addison-Wesley (1989).

http://opende.sourceforge.net/

Lattaud, C.: «Long term competition for light in plant simulation », in Proceedings of
GECCO02003, in press (2003).

http://www.coll-outao.qc.ca/bio/Arizona/ecologie.html

Pelt, J.M. : « La vie sociale des plantes », Fayard (1989).




The Evolutionary Control Methodology: An Overview

M. Annunziatol, 1. Bertinil, M. Lucchettiz, A. PannicelliS, and S. Pizzuti'

"Ttalian Agency for New Technology, Energy and Environment (ENEA)
2University of Rome "La Sapienza"

3 . .
CS Communication Systems s.r.1., Italy
contact: mauro.annunziato@casaccia.enea.it

Abstract. The ideas proposed in this work are aimed to describe a novel
approach based on artificial life (alife) environments for on-line adaptive
optimisation of dynamical systems. The basic features of the proposed approach
are: no intensive modelling (continuous learning directly from measurements)
and capability to follow the system evolution (adaptation to environmental
changes). The essence could be synthesized in this way: "not control rules but
autonomous structures able to dynamically adapt and generate optimised-
control rules". We tested the proposed methodology on two applications, the
Chua’s circuit and a combustion process in industrial incinerators which is
being carried out. Experimentation concerned the on-line optimisation and
adaptation of the process in different regimes without knowing the system
equations and considering one parameter affected by unknown changes. Then
we let the ‘alife’ environment try to adapt to the new condition. Preliminary
results show the system is able to dynamically adapt to slow environmental
changes by recovering and tracking the optimal conditions.

1 Introduction

The ideas of evolution, complexity, intelligence and life reproduction have long been
stimulating the collective thinking. Scientific approaches then become predominant
on the formation of hypothesis and practices to answer to these basic questions.
Research and development, inspired by mathematical and physical models of
intelligence (Artificial Intelligence) and more recently of life itself (Artificial Life),
are providing new tools and ideas for the solution of complex problems requiring
evolving structures. In problems ranging from traffic regulation to energy process
control and optimisation the not-adaptive approaches are not effective to solve the
problem over the time. The uncontrolled variables, the process ageing, the
unforeseeable effects caused by human errors, the evolution of the process, in most of
the cases require the change of the basic model or the objectives, or even the whole
strategy. To reach the goal of evolving structures, a continuous learning of the system
from the environment is necessary but not sufficient, and the ability of the system to
change its internal structure is needed. In short, we need information structures able to
evolve in parallel to the process we are modelling. Since late 70's a new branch of
theory has been introduced in the evolutionary system research: the genetic
algorithms, starting from [15] and developed in different directions [13]. In these
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approaches the algorithm structure is able to optimise a fitness function, or to optimise
a winning strategy simulating some mechanisms of the genetic dynamics of
chromosomes (reproduction, recombination, mutation, selection). These algorithms
have been successfully applied in many technological and engineering problems, in
order to solve optimisation [17] or design problems. The limitation of these
approaches is that the internal structure of the information is generally static and
defined/controlled by the author of the algorithm. The fusion of the concepts of
genetics algorithms and the self-organisation brought about the concept of the
artificial life [8][11][16] started in the 80's. For the first time, it has really opened the
possibility to build evolving structures able to develop a completely new organisation
of the internal information. Artificial life is generally applied to study biological and
social systems using software simulators [16][18] and the basic concept is to leave the
system with the necessary degree of freedom to develop an emergent behaviour,
combining the genetics with other life aspects (interaction, competition, co-operation,
food network, etc.). At present, artificial life (or alife) is used mainly to study
evolution problems, but we think that it has the potential to generate information
structures that are able to develop a local intelligence. With the term local intelligence
we refer to an intelligence strongly connected to the environmental context (the
problem) we need to solve. We are involved in the development of this kind of
structures called artificial societies [8][12]. The goal of these structures is the solution
of a specific class of complex problems (design and engineering [1][2][3]) which
require evolving structures. The extensive use of energy presents a severe challenge to
the environment and makes indispensable to focus the research on the maximization
of the energy efficiency and minimization of environmental impact (in particular the
reduction of NOx and CO emissions). In this context the combustion process control
assumes an importance much more relevant with respect to the past, especially for the
combustion plants where the pollutants emissions, the environmental impact and the
energy efficiency are strictly related to the modality of the process management. The
proposed methodology is based on dynamics-based classification and evolutionary
optimisation. The principal features of the approach are: dynamics based, no intensive
modelling (progressive training directly from the measurements), ability to follow the
process evolution. In our proposal the process knowledge is developed directly by the
system through the observation of the effects that the regulation actions (acted by the
operators or any other existing control systems) have on the plant performance. The
main processes which we are looking at for application of the evolutionary control in
the context of combustion plants are: eco-sustainable energy processes, gas turbines,
industrial combustion chambers, engines. At present we are using this methodology in
order to develop a prototypal control system for a real waste incinerator plant.

2 The Evolutionary Control

In complex processes, one of the basic problem we have to face for control is the
continuous evolution of the plant along the life (aging, maintenance, upgrading, etc..).
This is a big problem for traditional control methods: being based on fixed
optimisation rules, they don’t take care of the evolution of the process during its life.
In order to try to overpass this difficulty evolutionary computation techniques have
already been applied to non stationary environments [9][14][19] and we developed an
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evolutionary adaptive technique, named evolutionary control, oriented to the
optimisation and control of complex systems in non stationary environments. The
basic features of the methodology we propose are no intensive modelling (progressive
training and updating directly from measurements) and capability to follow the
process evolution. The essence could be synthesized by the sentence: “not control
rules but autonomous structures able to dynamically generate optimised-control
rules”. In our proposal, the process knowledge is obtained directly by the system
through measurements observation, and it’s used to update a dynamic model of the
process itself, which we call performance model (see figure 1). The basic concept
consists in the realization of an artificial environment that lives in parallel with the
process and that asynchronously communicate with it, in order to dynamically control
and optimise it. We suppose to always measure from the process its current
regulations and the related value of an observable quantity which we call performance
and which represents the objective function of our optimisation. In this way
measurements are composed by both process variables and performance. The system
continuously gets measurements and the dynamic state description from the process
and provides the process back with the control actions. The main blocks of the
evolutionary control (fig. 1) are the alife environment and the performance model.

Performance Evolutionary
Model Control

PROCESS

measurements
Artificial Life
control actions Control Environment
best (ALIFE)

Fig. 1. Scheme of the evolutionary control

The first one is an artificial environment composed by individuals able to find the
optimal solutions. The second one is a model of the process performance used by the
alife environment in order to provide its individuals with a fitness value. The final
control actions are the average between the best solution achieved by the alife
environment and the current regulations. This is because we wish smooth transitions
among different states. Each time a new measurement is acquired the performance
model is updated with it (continuous learning) and a new individual, representing the
new experimented/observed process condition, is inserted in the artificial
environment. Thus the system is continuously updated, it follows the process not-
monitored changes and drives the evolution towards better performances. Of course,
at the beginning the system is not able to give any suggestion but it only learns from
the process measurements. The artificial environment starts being active and giving
right suggestions when the performance model is trained.
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3 The Artificial Life Environment for Online Optimisation

In this paragraph we will describe the artificial life environment for the dynamic
selection of the best control configurations. This environment derives from the
Artificial Society approach illustrated and tested in [2] with several extensions
(energy, filament, control) explained in the following. The alife context is a two-
dimensional lattice (life space) divided in nxm cells (reference values: 200x200). The
life space is empty at the beginning of the evolution. In the metaphor of the artificial
life, this lattice represents a flat physical space where the artificial individuals (or
autonomous agents) can move around. During the single iteration (life cycle) all the
living individuals move in the space. Each individual is constituted by one single cell.
Every life cycle, the individual moves in the life space, can interact with other
individuals and can reproduce generating other individuals. We suppose to
periodically carry out a set of measurements (measurement cycle), to calculate the
current value of the process performance and to provide such an information to the
control system. The performance is the target of the control we want to optimise and
it is derived from measurements. At every cycle of measurement, a new individual is
built on the base of the measured values and inserted in the environment with a
starting value of energy (inlet energy). A measurement cycle corresponds typically to
several life cycles (10-1000). This individual is considered as the ancestor of a new
family or lineage. All the offspring generated by this individual are marked with the
same code of lineage. The data structure of the individual is composed by three
blocks: the genotype, the information and the status (see table 1).

Table 1. Parameters involved in the alife environment

Genotype Status Information Environment,
Population & Control

Irrationality Age Regulations Xsize
Dynamic model X, Y, dir, curv Measurements Xsize
Fecundity Wire description Ysize
Lineage Energy Border type
Generation level Performance Measurement period
Average Lifetime Inlet Energy
Birth Energy Max individuals
Fighting energy Random initial seed
Reproduction
model
Genome mutation
Mutation rate,
intensity
Interaction model
Marriage
Probability

a) individual description b) global environment

The genotype includes a collection of behavioural parameters regarding dynamics,
reproduction and interaction. These parameters don't change during the individual
life. The information block includes a series of parameters related to the process to
control: the regulation and measurement values; these variables don't change during
the individual life. The status parameters include dynamics and structural parameters
(position, direction, curvature, wire description), age, energy and performance values,
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These parameters change during the individual life. The performance is continuously
updated using an external problem-specific model. This is due to the possible changes
in the unknown variables of the process not represented in the genotype.

3.1 Dynamics

The agent movement is the result of the composition of a deterministic component
and a random component in order to define the curvature of the individual trajectory
in the 2D lattice. The reciprocal importance of the two components is regulated by a
parameter named irrationality. High values of this parameter cause a totally random
movement; low values cause a totally deterministic movement. Several models for the
deterministic component have been experimented. This model is important to give the
individuals the chance of a local development (spiral trajectories) or a strong mixing
of the overall population (quasi-straight trajectories). The spiral trajectories have
given the best results in the experimentation. In the spiral model the trajectory
curvature evolves slowly in time generating large and small trajectories. The
irrationality parameter and the model type are recorded in the genotype; the x, y co-
ordinates (float), the current direction and curvature are recorded in the status block.
The dynamics of the individuals are also influenced by the space size (xsize and
ysize) and the border type. The border can be open, closed or toroidal. The last has
given the best results. In this configuration, when an individual touches one side of
the space it enters from the other side. The dynamics parameters and the other
probabilistic models in the alife environment are affected by the random sequence
that is identified by its random initial seed. The short term evolution of the population
can be influenced by the initial seed, but after a while, the results are substantially
independent on this choice.

3.2 Reproduction

Both haploid and diploid reproduction models have been implemented. Reproduction
can occur only if the individual has an energy greater than a specific amount named
birth energy. During reproduction, an amount of energy (birth energy) is transferred
from the parent(s) to the child. In the haploid reproduction a probabilistic test for self
reproduction is performed at every life cycle. The fecundity probabilistic parameter is
recorded in the genotype. In the diploid model reproduction is subjected to the event
of meeting and marriage of two individuals. Only if the two meeting individuals
derive by the same ancestor, a marriage can occur. The information block contains
process data in terms of regulations and measurements. These values identify the
control configuration pointed by the individual. The block of data is divided in two
identical sections: individual features and ancestor features. In the individual features
section, the actual values of the individual are recorded. In the ancestor section the
values of its original ancestor are recorded. During reproduction, the ancestor section
of information is copied in the corresponding section of the child. Only the specific
section of the individual is subjected to change in the copying. In this way all the
offspring of an ancestor are only one-generation level in respect to the ancestor. The
rule can be relaxed accepting more than one generation level. In the haploid
reproduction, a probabilistic-random mutation occurs on the regulations in relation to
a mutation average rate and mutation maximum intensity. All the mentioned
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parameters (lineage, fecundity, birth energy, mutation rate and intensity) are recorded
in the genotype. In the diploid reproduction a crossover mechanism combines the
regulations values proportionally to the performance value of the two parents. The
application of the mutation mechanism on the genotype can change radically the
individual behaviour and can increase a lot the possibilities to optimise the search
strategy over time and situations. At the moment the mechanism has been applied to
the dynamics and reproduction parameters (fecundity and irrationality). In the
experimental results this introduction has increased the performance of the
environment. Other important parameters for genotype mutation are the mutation rate
and intensity. When the system is far from the optimum, high values for these
parameters are necessary to speed up the environment to recovery the performance.
When the system is close to the optimal low values are necessary to locate the control
at the optimal maximum. The performance value of the ancestor has been derived
from the measurements, but during reproduction we change regulations through
mutations or crossover mechanisms. In this case we don't know the actual
performance of the child we have built anymore. In order to solve this problem we
need a performance model. This is a problem-specific external model. The inputs of
this model are the new regulations and the output is the evaluated performance (see
fig. 1). Due to the reproduction cost in terms of energy, the value of inlet energy is
important to establish the initial diffusion of the lineage. This parameter is related
only to the ancestor individuals. Its value, combined with the periods of measurement
cycle determine the amount of energy admitted in the environment. Finally
reproduction is limited by a maximum number of individuals in the space. In order to
avoid population saturation this number is chosen quite higher than the natural
fluctuations in the population dynamics.

3.3 Life Interaction and Selection

At every life cycle, several updates are performed. The individual performance is
updated with the mentioned external model; age is increased and wire description
(length, position of the wire nodes) is updated. For their transitory nature these
parameters are recorded in the status block. When the age reaches a value close to the
average lifetime (genotype), the probability of natural death increases. The ageing
mechanism is very important to warrant the possibility to lose memory of very old
solutions and follow the process evolution. This mechanism takes into effect the
ageing of the process models due to the changes of non-monitored variables.
Furthermore the value of the average lifetime determines the amount of the energy
outgoing from the environment. Another mechanism of death occurs when the
individual reaches the null energy. The energy can be lost for reproduction or for
interaction with other individuals. When an individual collides with the body (wire) of
another individual an interaction occurs. During this interaction, the two individuals
compare their lineage. If they have the same lineage, they fight and selection occurs
among mutations of solutions derived from the same measurements. If they have
different lineage they ignore the interaction because they derive from different
process configuration and selection is meaningless. In the scheme of fig. 2 the whole
interaction-reproduction mechanism for haploid and diploid reproduction are
reported. In case of fight, the winner is the individual characterised by a greater value
of performance. The loser transfers an amount of energy (fighting energy) to the
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winner. In the case of diploid reproduction model the two meeting individuals
compare their regulations. If the difference is small, a marriage and reproduction can
occur otherwise they fight. An alternative to this decision mechanism (interaction
model) is based on a marriage probability. Figure 2 summarises the interaction model

in case of haploid or diploid reproduction.
Meeting .
yes es
Same
lineage ? Same
yes

lineage ?
Fighting

Similar Birth of a
Performance ? new child
(crossover)

Fighting

Birth of a
new child

Reproduction
9 X
: (mutation)

Aploid model

Dipleid model

Fig. 2. Interaction-Reproduction scheme for haploid and diploid models

4 The Performance Model

The task of the performance model is to provide the newly generated individuals of
the alife environment with a performance. The performance evaluator has in input the
values of the control parameters and returns an estimate of the corresponding value of
the fitness function. At present this module is implemented with a performance map.
With this implementation the control parameters are discretized and the values we
obtain are intended to be the performance table indexes. In the figure we show the
situation with two control parameters indexing the X and Y axis of the table. We have
two possible cases, depending on this discretization of the input parameters (fig. 3):

1. If the input refers to a cell in which we have already inserted a measure then
we will consider that quantity as the estimate of the performance we are
looking for;

2. If the input refers to an empty cell we use an interpolation mechanism,
according to which if we point to an empty cell, we have to search for an
already measured value in the neighbourhood, within a fixed range. In
particular we stated as interpolation rule the following one.
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Fig. 3. Performance evaluation
In particular we chose a linear interpolation rule
K(d)-M, +(1-K(d))-R ey

where M, is the measure found in the neighbourhood of the empty cell, R is a random
performance estimation of the point and K(d) is a weight coefficient exponentially
decreasing with the distance between M, and R in the parameters space. The
performance map has a twofold task. On one hand it is, as we already said, the long-
term memory of the control system; on the other hand, it allows the continuous
updating of the reference model and so it lets the control system itself to evolve in
parallel with the process. So it roughly represents an internal knowledge of the real
system. The process of updating of the performance map is rather simple. When there
is a new measurement, as we said above, this is inserted in the table in the cell which
the discretization of the parameter set refers to. This happens regardless of the
previous filling of that particular cell. However this simple knowledge
implementation has several drawbacks. First the discretization of the map severely
affects the performance of the system. Second it only allows of low dimensional
systems, systems with a few control parameters which the performance depends on,
because of memory allocation. Third the interpolation mechanism assumes the
performance behaviour to be locally linear. In order to overcame these drawbacks a
performance module based on evolutionary neural networks [4][6][7] is being carried
out to replace the performance map.

5 Applications : The Chua’s Circuit and Incinerator Plants

At first the evolutionary control has been tested on the well known chaotic Chua’s
electronic circuit [10]. In this experience we used some parameters to control the
system, an external parameter as a unknown noise continuously varying and then we
let the control system to tune the regulation parameters in order to continuously
maximise the performance function (2).
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‘H—rms(a,ﬁ,a,b) (2)

Sl\a, B,a,b)=1
(e B.a.b) -

where 0 is a threshold RMS reference value and rms(a, B, a ,b) is the RMS of the
signal referring to the current values of the circuit’s parameters a, 3, a and b. In [2][3]
detailed results about the on-line optimisation capability of the system are reported.

evolutiona
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Fig. 4. Typical result of the performance recovery of the evolutionary control.

As example, fig. 4 shows the results of the control on the Chua’s system that is
characterized by 4 control parameters. In this experiment we try to regulate three
parameters in order to recovery the performance of the circuit which is continuously
disturbed by external changes on the fourth parameters. The curve of the performance
(blue) obtained with the evolutionary control is compared with the curve of the
performance (dotted red) in absence of any sort of control. In this experimentation the
average performance for the uncontrolled situation is 0.5033 while in the controlled
case it is 0.842 achieving a 34% improvement on the average performance.

At present [S5] the ‘evolutionary control’ approach is being applied on incinerator
plants in the frame of the EcoTherm 5FP-EU project (2002-2004: “Evolutionary
Control for Thermal sustainable processes”). Two plants for thermo-valorization of
solid urban waste are considered (Ferrara plant in Italy and Rotterdam plant in the
Netherlands). At present the work concerned the fitness definition (performance
model) of the individuals of the alife environment and the development of a simulator
of the incinerators plants. Control tests have been not carried out yet. As we saw
before the performance model is aimed to provide the evolutionary controller with a
global index of the performance which takes into account all the variables and
constraints. In order to carry out the performance index it has been chosen to use
fuzzy sets theory to properly define and compose the different variables and criteria.
The fuzzy approach has been chosen because it allows operators transparency, it
provides a well established theoretical framework and it is highly flexible (the
definition for one plant can easily be transferred to a different plant with little effort).
In this context the basic fuzzy sets, with the proper membership functions, have been
defined (table 2) with the help of the process engineers, then two different
composition criteria have been developed and finally performance has been defined.
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Table 2. Fuzzy sets definition

Fuzzy set Membership function
“Average steam flow rate ‘good’” trapezium
“Average Steam flow rate ‘stable’” gaussian
“Average O2 ‘good’” triangle

“Average temperature ‘good’ ”’ trapezium

“Average Nox emissions ‘low’” trapezium

“Average CO emissions ‘low’” trapezium

“Average flue gas rate ‘low’” trapezium
“Average waste flow rate ‘high’” ramp

The main idea driving the definition of the fitness criterion is that of having a flexible
function capable to manage different criteria. In particular the fitness function will be
the composition of two fuzzy sets describing two different requirements : ‘optimality’
and ‘strictness’. The difference between the two lies in the composition of the
previously defined fuzzy sets. The membership function of the first one will be
defined as the weighted sum of the membership functions of basic fuzzy sets (3).

F, = X1®X20X3DX4DX50X6DXTDX8
By (XX, X X X 5, X X, X ) = zwi“i (x)
ey (XX XX o X5 X, X0 Xg) € R, P, (X,,X,,X55X 10X, X 0 X,,X,) €[0,1]

w, eR, w,e[0,1], Xw=1

3)

Where 1 are the membership values of the eight basic fuzzy sets and w, the weights to
be properly set. Logically this operator represents a composition standing between
AND and OR. This fuzzy set will fulfil the ‘optimality’ requirement because it allows
to set the weights, the importance of each fuzzy set, according to the custom needs.
In this way the optimiser will find the optimal solution for that particular setting of the
weights giving the system scalability to different needs. The second criterion will
concern the strict constraints satisfaction defined in the basic fuzzy sets. The resulting
fuzzy set will be logically defined as the AND composition of the basic fuzzy sets (4).

F,=XIAX2AX3AX4AX5AX6AXTAXS (4)
MFZ(XI,XZ,X3,X4,X5,X6,X7,X8) = Hui(xi)’ MFZ(XI,XZ,X3,X4,X5,X6,X7,X8) = MIN(ul(Xl))

p FZ(XI,XZ,X3,X4,X5,X6,X7,X8) SUA uFz(xl’Xz’xz’xmxs’xs’xwxs) € [O’ 1 1

It means that the resulting membership function will be the product or the minimum
of the membership functions of the basic fuzzy sets. The final fuzzy set (5) describing
the global fitness will be the weighted sum of the last two fuzzy sets.
F=F®F,
“’F(Xl’XZ’X3’X4’X5’X6’X7’x8):WH’Fl(xl’XZ’XS’X4’X5’XG’X7’X8)+(1_W)*

k
MFZ(X17x27x3’x4’x57x6’x7’x8)

&)

(X 15X 00X 5, X 1 X, X X 0o X)) E R, (X (5X,0 X5 X X5, X, XX ) €[0,1], weR, we[0,1]
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Weights will be defined by the developer according to the custom requirements
depending on the relative importance of the two criteria. In figure 5 it is shown as
example how the global index (5) behaves.

performance

0.9
0.8
0.7
0.6

0.5

memb.value

0.4

0.3

0.2

0.1

Fig. 5. Incinerator’s performance behavior

6 Conclusion

We introduced a smart adaptive technique for control and optimisation of complex
processes. We based our proposal on the development of an artificial environment
evolving in parallel with the process. Exploiting its characteristics of evolution,
biodiversity and adaptivity, we succeeded in achieving an on-line optimisation of the
process via a continuous learning and updating of its model. We tested the proposed
methodology on a very well known and widely studied dynamical system: the Chua’s
circuit. We defined a performance to maximise and experimentation concerned the
on-line regulation of the energy of the load voltage signal in different regimes. We
supposed not to know the equations describing the circuit, working on the rough
signal generated by a simulator of the circuit. To test the adaptive capability of the
alife environment we considered one parameter affected by unknown changes and
then we let the alife environment to try to adapt itself to the new condition. In our
experimentation we achieved a final 44% improvement of the average performance,
with respect to the uncontrolled situation. Future developments of the methodology
will concern the comparison with different control techniques and will be focused on
studying the robustness of the control system to other non-stationary disturbances. In
particular we will increase the frequency of variation of the unknown parameter.
However, the major efforts will be devoted to construct an on-line learning model (we
are thinking of an evolutionary neural network), able to predict the unknown values of
performance and so to drive the system along an optimal performance path. Finally it
has started the application of the proposed strategy on real waste incinerator in the
framework of the EU ‘Ecotherm’ project.
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Abstract. We present quantitative models for the selection pressure on
cellular evolutionary algorithms structured as a ring of cells. We obtain
results for synchronous and asynchronous cell update policies. Theoreti-
cal results are in agreement with experimental values and show that the
selection intensity can be controlled by using different update methods.

1 Introduction

Cellular evolutionary algorithms (cEAs) are an example of spatially structured
evolving populations that is often used in optimization and other applications
[1]. The structure may be an arbitrary graph, but more commonly it is a one-
dimensional or two-dimensional grid. This kind of evolutionary algorithm has
become popular because it is easy to implement on parallel hardware of the
SIMD or MIMD type. Although SIMD machines have almost disappeared except
for special purpose computing, cEAs can still be very conveniently implemented
on computer clusters with excellent performance gains. However, what really
matters is the model, not its implementation. Thus, in this work we will focus
on cEA models and on their properties without worrying about implementation
issues.

The theory of cEAs is relatively underdeveloped, although several results
have been published on selection pressure and convergence speed. Sarma and
De Jong performed empirical analyses of the dynamical behavior of cellular
genetic algorithms (cGAs) [2[3]. Their work concentrated on the effect that the
local selection method, the neighborhood size, and neighborhood shape have
on the selection pressure. Rudolph and Sprave [4] have shown how ¢cGAs can
be modeled by a probabilistic automata network and have provided proofs of
complete convergence to a global optimum based on Markov chain analysis for
a model including a fitness threshold. We have recently studied the selection
pressure behavior in cEAs on two-dimensional, torus-shaped grids [5].

Our purpose here is to investigate selection pressure in one-dimensional sys-
tems in detail. We study two kinds of dynamical systems: synchronous and asyn-
chronous. For synchronous cEAs, some results are available, such as Sprave’s
hypergraph model [6], Gorges-Schleuter’s study of evolution strategies [7], and

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 345-[356] 2004.
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Rudolph’s theoretical analysis [8]. We complete these results and extend the in-
vestigation to asynchronous linear cEAs, which, to our knowledge, have never
been studied before from this perspective. In particular, we would like to be
able to model observed takeover-time curves with simple difference equations
describing the propagation of the best individual under probabilistic conditions.

Section two introduces linear synchronous and asynchronous cEAs. Next we
define the concept of takeover time and the models predicting the selection pres-
sure curves in the synchronous and asynchronous update methods. Empirical re-
sults and model accuracy are then discussed comparing the experimental curves
to the predicted curves. Section [l gives our conclusions and the future lines of
this research.

2 Linear Cellular Genetic Algorithms

In a linear cEA the individuals (also called cells) are arranged along a line.
Depending on whether the last and the first individuals communicate or not we
have a ring or an array topology. Here we assume the first case, which is more
common. Each individual has the same number of neighbors on both sides, and
this number depends on the radius r. We will only consider the simplest case,
r = 1, which means that there are three neighbors, including the central cell
itself. Let us call S the (finite) set of the states that a cell can assume: this is the
set of points in the (discrete) search space of the problem. The set N; is the set
of neighbors of a given cell 4, and let |N;| = N be its size. The local transition
function ¢ can then be defined as:

¢: SN =8,

which maps the state s; € S of a given cell ¢ into another state from S, as a
function of the states of the IV cells in the neighborhood NV;. In our case, namely
a line of cells with » = 1, ¢ takes the following form:

¢() = Plzi(t +1) | zi—a1(t), i(t), zit1(t)},

where P is the conditional probability that cell x; will assume at the next time
step t + 1 a certain value from the set S, given the current (time t) values
of the states of all the cells in the neighborhood. We are thus dealing with
probabilistic automata, and the set S should be seen as a set of values of a
random variable. The probability P will be a function of the particular selection
and variation methods; that is, it will depend on the genetic operators. In this
paper we model cEAs using two particular selection methods: binary tournament
and linear ranking, but the same framework could easily be applied to other
selection strategies.

A cEA starts with the cells in a random state and proceeds by successively
updating them using evolutionary operators, until a termination condition is
met. Updating a cell in a cellular EA means selecting two parents in the indi-
vidual’s neighborhood, applying genetic operators to them, and finally replacing
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the individual if an offspring has a better fitness. Cells can be updated syn-
chronously or asynchronously. In synchronous, or parallel, update all the cells
change their states simultaneously, while in asynchronous, or sequential, update
cells are updated one at a time in some order.

There are many ways for sequentially updating the cells of a cEA (for a
discussion of asynchronous update in cellular automata see [9]). We consider
four asynchronous update methods [9]:

— In fized line sweep (LS), the n grid cells are updated sequentially (1,2...n).

— In fized random sweep (FRS), the next cell to be updated is chosen with
uniform probability without replacement; this will produce a certain update
sequence (c],ck, ..., c™), where ch means that cell number p is updated at
time g and (4, k, ..., m) is a permutation of the n cells. The same permutation
is then used for all update cycles.

— The new random sweep method (NRS) works like FRS, except that a new
random cell permutation is used for each sweep through the array.

— In uniform choice (UC), the next cell to be updated is chosen at random with
uniform probability and with replacement. This corresponds to a binomial
distribution for the update probability.

A time step is defined as updating n times sequentially, which corresponds
to updating all the n cells in the grid for LS, FRS and NRS, and possibly less
than n different cells in the uniform choice method, since some cells might be
updated more than once.

3 Takeover Time

To study the induced selection pressure without introducing the perturbing effect
of variation operators, a standard technique is to let selection be the only active
operator, and then measure the time it takes for a single best individual to
conquer the whole population i.e., the takeover time [I0]. A shorter takeover
time thus means a higher selection pressure. Takeover times have been derived by
Deb and Goldberg [10] for panmictic populations and for the standard selection
methods. These times turn out to be logarithmic in the population size, except
in the case of proportional selection, which is a factor of n slower, where n is the
population size.

It has been empirically shown in [2] that when we move from a panmictic
to a square grid population of the same size with synchronous updating of the
cells, the selection pressure induced on the entire population is weaker.

A study on the selection pressure in the case of ring and array topologies in
one dimensional cEAs has been done by Rudolph [§]. Abstracting from specific
selection methods, he splits the selection procedure into two stages: in the first
stage an individual is chosen in the neighborhood of each individual, and then, in
the second stage, for each individual it is decided whether the previously chosen
individual will replace it in the next time step. Rudolph derives the expected
takeover times for the two topologies as a function of the population size and
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the probability that in the selection step the individual with the best fitness is
selected in the neighborhood.

Following Rudolph’s hypothesis of non-extinctive selection methods, in this
paper we study in detail the one-dimensional case. Moreover, we obtain results
not only in the synchronous update case, but also for the asynchronous models
presented in the previous section. Models for the growth of the best individual in
the form of difference equations are presented in the next section. These models
will then be compared with the experimental results in Section

4 Models

Let us consider the random variables V;(k) € {0,1} indicating the presence in
cell i (1 < i < n) of a copy of the best individual (V;(k) = 1) or of a worse
one (V;(k) = 0) at time step k, where n is the the population size. The random
variable

N(k) = 3 Vilk)
=1

denotes the number of copies of the best individual in the population at time
step k. Initially V;(1) =1 for some individual ¢, and V;(1) = 0 for all j # 1.

Following Rudolph’s definition [R], if the selection mechanism is non-
extinctive, the expectation E[T] with " = min{k > 1 : N(k) = n} is called
the takeover time of the selection method. In the case of spatially structured
populations the quantity E;[T], denoting the takeover time if cell ¢ contains the
best individual at time step 1, is termed the takeover time with initial cell i.
Assuming a uniformly distributed emergence of the best individual among all
cells, the takeover time is therefore given by

E[T) = %ZE 7.

In the following sections we give the recurrences describing the growth of
the random variable N (k) in a cEA with ring topology for the synchronous and
the four asynchronous update policies described in Section [, We consider a
non-extinctive selection mechanism that selects the best individual in a given
neighborhood with probability p € (0, 1).

4.1 Synchronous Takeover Time

In a synchronous cEA, at each time step k the expected number of copies N (k)
of the best individual is independent from its initial position. Since we consider
neighborhoods of radius 1, the set of cells containing a copy of the best individual
will always be a connected region of the ring. Therefore at each time step, only
two more individuals (the two adjacent to the connected region of the ring)
will contain a copy of the best individual with probability p. The growth of the
quantity N (k) can be described by the following recurrence:
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N(0) =1,

n

EIN(®)] =3 PIN(k— 1) = j] (j +2p).

j=1
Since Z?:l P[N(k—1) = j] = 1, and the expected number E[N(k—1)] of copies
of the best individual at time step k — 1 is by definition 27:1 P[N(k—1) =j] 4,
the previous recurrence is equivalent to

N(0) = 1,
{ E[N(k)] = E[N(k —1)] + 2p.

The closed form of this recurrence is E[N (k)] = 2pk + 1, therefore the expected
takeover time E[T] for a synchronous ring cEA with n individuals is

1
ET]=— (n—-1).
7= 5 (n=1)

Rudolph [§] gave analytical results for the ring with synchronous update only
and for a generic probability of selection p. Although obtained in a different way,
the previous expression and his equation (2) give nearly the same results for large
population sizes n. In fact, his equation, for large n, reduces to % - i, while our

equation gives % - ﬁ. Given that the first term quickly dominates the second

for large n, the two expressions are equivalent.

4.2 Asynchronous Fixed Line Sweep Takeover Time

Let us consider the general case of an asynchronous fixed line sweep cEA, in
which the connected region containing the copies of the best individual at time
step k is B(k) = {r,...,s}, 1 <r < s < n. At each time step the cell r — 1 will
contain a copy of the best individual with probability p, while the cells s+ (with
j=1,...,n— s) will contain a copy of the best individual with probability p’.
The recurrence describing the growth of the random variable N (k), is therefore

N(0) =1,

EIN()] =Y PIN(=1) = ] (.j tp+ 2p> .

Jj=1

Since Z?;f p! is a geometric progression, for large n we can approximate this
quantity by the limit value p/(1 — p) of the summation. The recurrence is there-
fore equivalent to the following one:

5
=2

=
I

E[N(k—1)] +p+ &5 = E[N(k - 1)] + 2=

1-p °

The closed form of the previous recurrence being
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2
BN ()] = =~

k41,

we conclude that the takeover time for an asynchronous fixed line sweep cEA
with a population of size n is

E[T) = ﬁ(n— 1).

4.3 Asynchronous Fixed and New Random Sweep Takeover Time

The mean behaviors of the two asynchronous fixed and new random sweep up-
date policies among all the possible permutations for the sweeps are equivalent.
We therefore give only one model describing the growth of the random variable
N (k) for both policies.

Let us again consider the general case in which the connected region contain-
ing the copies of the best individual at time step k is B(k) = {r,..., s} (with
1 <r <s<n). The cells r — 1 and s + 1 have a probability p of containing a
copy of the best individual at the next time step. Because of symmetry reasons,
we consider only the part of the ring at the right side of the connected region.
The cell s 4 2 has a probability 1/2 to be contained in the set of cells after cell
s+ 1 in the sweep, so it has a probability (p/2)p to contain a copy of the best
individual in the next time step. In general, a cell s+ j + 1 has a probability 1/2
to be after cell s + j in the sweep, so it has a probability (p/2)?p to contain a
copy of the best individual in the next time step. The recurrence describing the
growth of the random variable N (k), is therefore

n—j i—1
. . p
EIN(R) =3 PIN(k~1) = j] <g v2Y p(2) ) ,
i=1
which can be transformed into the recurrence

N(0) =1,

n

n—j .
. . P\*
PN = 3 PN 1) = o)),
NG =Y PINGE—1) = j] <J+4Z ) )
J=1 =1

Since E;:lj (p/2)% is a geometric progression, for large n we can approximate
this quantity by the limit value p/(2 — p) of the summation. The recurrence is
thus equivalent to the following one:

N(0) =1,
{E[N(k)] =E[N(k—1)] + 2&.

2—p

The closed form of the previous recurrence being
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E[N(k)] = 2‘% k1,

we conclude that the expected takeover time for an fixed (or new) random sweep
asynchronous cEA with a population of size n is

E[T) = (n—1).

4.4 Asynchronous Uniform Choice Takeover Time

To model takeover time for asynchronous uniform choice cEAs it is preferable to
use cell update steps u instead of time steps in the recurrences. As for the other
update policies the region containing the copies of the best individual at update
step u is a connected part of the ring B(u) = {r,...,s} (with 1 <r < s < n).
At each update step the two cells » — 1 and s — 1 have probability 1/n to be
selected, and each cell has a probability p, if selected, to contain a copy of the
best individual after the selection and the replacement phases. The recurrence
describing the growth of the random variable N(u), counting the number of
copies of the best individual at update step u thus becomes:

NO) =1,
BN =3 PING -1 =3] (i+23 ).

j=1

which can be transformed into

{N(O) =1,
E[N(u)]=E[N(u-1)]+22p.

We can easily derive the closed form of the previous recurrence:

E[N(u)]:%pu—i—l.

Since a time step is defined as n update steps, where n is the population size,
the expected takeover time for an uniform choice asynchronous cEA is

E[T] = 1 (n—1).
2p
We notice that the expected takeover time for a uniform choice asynchronous
cEA is equal to the expected takeover time for a synchronous cEA.
It should be noted that the present asynchronous uniform choice update
model is very similar to what goes under the name of nonlinear voter model in
the probability literature [I1].
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5 Empirical Results

Since cEAs are good candidates for using selection methods that are easily ex-
tensible to small local pools, we use binary tournament and linear ranking in
our experiments. Fitness-proportionate selection could also be used but it suf-
fers from stochastic errors in small populations, and it is more difficult to model
theoretically since it requires knowledge of the fitness distribution function. The
cEA structure has ring topology of size 1024 with neighborhood of radius 1. Only
the selection operator is active: for each cell it selects one individual in the cell
neighborhood (the cell and its two adjacent cell at its right and at its left), and
the selected individual replaces the old individual only if it has a better fitness.

5.1 Binary Tournament Selection

We have used the binary tournament selection mechanism described by Rudolph
[8]: two individuals are randomly chosen with replacement in the neighborhood
of a given cell, and the one with the better fitness is selected for the replacement
phase.

Figure M shows the growth curves of the best individual for the synchronous
and the four asynchronous update methods. We can see how, as the models de-
rived in the previous section predict, the mean curves for the synchronous and
the asynchronous uniform choice cases are superposed. Also the mean curves for
the two asynchronous fixed and new random sweep show a very similar beha-
vior. The graph shows that the asynchronous update methods give an emergent
selection pressure greater than that of the synchronous case, growing from the
uniform choice to the line sweep, with the fixed and new random sweep in be-
tween.

1000

900

800

700

Best Individual Copies

— synchronous
uniform choice
- - new random sweep
-+ fixed random sweep
line sweep
T ;

0 200 400 600 800 1000 1200
Time Steps

Fig. 1. Takeover times with binary tournament selection: mean values over 100 runs.
The vertical axis represents the number of copies N(k) of the best individual in each
population as a function of the time step k.
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The numerical values of the mean takeover times for the five update methods,
together with their standard deviations are shown in Table [1, where it can be
seen that the fixed random sweep and new random sweep methods give results
that are statistically indistinguishable. The same can be said for the synchronous
and the uniform choice methods.

Table 1. Mean takeover time and standard deviation of the tournament selection for
the five update methods.

Synchro LS FRS NRS ucC
Mean Takeover Time 925.03 569.82 666.18 689.29 920.04
Standard Deviation 20.36 24.85 17.38 20.27 26.68

Since we use a neighborhood of radius 1, at most one individual with the best
fitness will be present in the neighborhood of a considered cell, except for the
last update when there are two of them. It turns out that the probability for an
individual having a copy of the best individual in its neighborhood to select it
is equal to p = 5/9. Using this probability in the models described in Section 3]
we calculated the theoretical growth curves. Figure 2] shows the predicted and
the experimental curves for the five update methods, and the mean square error
between them.

Looking at the curves, it is clear that the models faithfully predict the ob-
served takeover times. Moreover, the equivalence between new random sweep
and fixed random sweep, as well as that of synchronous and uniform choice are
fully confirmed.

5.2 Linear Ranking Selection

We have used a standard linear ranking selection mechanism. The three indi-
viduals in the neighborhood of a considered cell are ranked according to their
fitnesses: each individual then has probability (s — ¢)/s to be selected for the
replacement phase, where s is the number of cells in the neighborhood (s = 3 in
our case) and i is its rank in the neighborhood.

Figure [ shows the growth curves of the best individual for the synchronous
and the four asynchronous update methods. We can observe in the linear rank-
ing case the same behavior that emerged in the binary tournament case: the
mean curves for the synchronous and the asynchronous uniform choice cases are
superposed, and the mean curves for the two asynchronous fixed and new ran-
dom sweep show very similar behaviors. The graph shows that the asynchronous
update methods give an emergent selection pressure greater than that of syn-
chronous one, growing from the uniform choice to the line sweep, with the fixed
and new random sweep in between. The numerical values of the mean takeover
times for the five update methods, together with their standard deviations are
shown in Table[Zl Again, the results show that the two random sweep methods
are statistically equivalent, which is also the case for the synchronous and uni-
form choice methods.
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Fig. 2. Comparison of the experimental takeover time curves (full) with the model
(dashed) in the case of binary tournament selection for four update methods: syn-
chronous (a), asynchronous line sweep (b), asynchronous fixed random sweep (c), asyn-
chronous new random sweep (d). Asynchronous uniform choice gives the same curve
as the synchronous update, therefore it is omitted.

Table 2. Mean takeover time and standard deviation of the linear ranking selection
for the five update methods.

Synchro LS FRS NRS ucC
Mean Takeover Time 768.04 387.09 519.92 541.14 766.5
Standard Deviation 17.62 19.21 14.26 14.48 25.44

With this linear ranking selection method, a cell having a copy of the best
individual in its neighborhood has a probability p = 2/3 of selecting it. Using
this value in the models described in Section [3, we can calculate the theoretical
growth curves. Figure f]shows the predicted and the experimental curves for the
five update methods, and the mean square error between them. The agreement
between theory and experiment is very good.

6 Conclusions and Future Work

We have presented quantitative models for the takeover time in cellular evolu-
tionary algorithms structured as a ring with nearest neighbor interactions only.
New results have been obtained for asynchronous cell update policies. The mo-
dels are based on simple difference probabilistic equations. We have studied two
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Fig. 3. Takeover times with linear ranking selection: mean values over 100 runs. The
vertical axis represents the number of copies N (k) of the best individual in each pop-
ulation as a function of the time step k.
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Fig. 4. Comparison of the experimental takeover time curves (full) with the model
(dashed) in the case of linear ranking selection for four update methods: synchronous
(a), asynchronous line sweep (b), asynchronous fixed random sweep (c), asynchronous
new random sweep (d). Asynchronous uniform choice gives the same curve as the
synchronous update, therefore it is omitted.

types of selection mechanisms that are commonly used in cEAs: binary tourna-
ment and linear ranking. With these selection methods, our results show that
there is a good agreement between theory and experiment; in particular, we
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showed that asynchronous cell update methods permit to control the selection
intensity in an easy and principled way, without using ad hoc parameters.

In the future, we intend to extend this type of analysis to larger neighbor-
hoods, and to more complex topologies such as two and three-dimensional grids,
and to general graph structures. Moreover, we intend to investigate Markov chain
modeling of our system and the relationships that may exist with probabilistic
particle systems such as voter models.
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Abstract. This paper presents an evolutionary approach for the search
for new complex cellular automata. Two evolutionary algorithms are
used: the first one discovers rules supporting gliders and periodic pat-
terns, and the second one discovers glider guns in cellular automata. An
automaton allowing us to simulate AND and NOT gates is discovered.
The results are a step toward the general simulation of Boolean circuits
by this automaton and show that the evolutionary approach is a promis-
ing technic for searching for cellular automata that support universal
computation.

1 Introduction

Cellular automata are discrete systems in which a population of cells evolves
from generation to generation on the basis of local transition rules. They can
simulate simplified forms of life [T}2] or physical systems with discrete time and
space and local interactions [3415].

Wolfram showed that one-dimensional cellular automata could present a large
spectrum of dynamic behaviours. In ”Universality and Complexity in Cellular
Automata” [6], he introduces a classification of cellular automata, comparing
their behaviour with that of some continuous dynamic systems. He specifies four
classes of cellular automata on the basis of qualitative criteria. For all initial
configurations, Class 1 automata evolve after a finite time to a homogeneous state
where each cell has the same value. Class 2 automata generate simple structures
where some stable or periodic forms survive. Class 3 automata’s evolution leads,
for most initial states, to chaotic forms. All other automata belong to Class 4.
According to Wolfram, automata of Class 4 are good candidates for universal
computation [6].

Among the 2-D automata with uniform neighborhoods, the only binary one
currently identified as supporting universal computation is Life, which is in Class
4. Conway et al proved in [2] its ability to simulate a Turing machine, using glid-
ers and glider guns. The gliders are periodic patterns which, when evolving alone,
are reproduced identically after some shift in space. Glider guns emit a glider
stream that carries information and creates logic gates through collisions. The
identification of new automata able to simulate logic circuits is consequently a

P. Liardet et al. (Eds.): EA 2003, LNCS 2936, pp. 357-367] 2004.
© Springer-Verlag Berlin Heidelberg 2004
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promising lead in the search for new automata supporting universal computa-
tion. In this paper, we show how evolutionary algorithms can be used to look
for automata accepting gliders and periodic patterns and for glider guns in these
automata. In the following, we present a new automaton, discovered by evolu-
tionary algorithm, simulating logic gates.

Section 2 describes the framework of our study and the used convention.
Section 3 describes an evolutionary algorithm seeking new automata supporting
gliders and periodic patterns. The search, by evolutionary algorithm, for glider
guns is described in Section 4. Section 5 describes a discovered automaton sim-
ulating logic gates. Finally, in Section 6 we summarize our results and discuss
directions for future research.

2 Framework

2.1 Cellular Automata

In this work, we explore only cellular automata with the following specifications:

-Cells have 2 possible values, called 0 and 1,

-they evolve in a 2D matrix, called universe, and

-the state of a cell at a generation ¢ depends only on the states of itself and
its eight neighbors at the generation i-1.

We call context of a cell the states of the cell and its eight neighbors [7]. Thus,
a cell can have 512 different contexts. A transition rule is defined as a Boolean
function that maps each of the 512 possible contexts to the value that will be
taken by the concerned cell at the next generation. Therefore the underlying
space of automata includes 2°'2 rules among which are the automata of Bays
Space [8] including Life.

A context A can be defined by a matrix of which the elements are A; ;, ¢ and
j included in {-1, 0, 1}. This is represented in Figure 1.

Aa [Aog |Al
Ao [Aoo |Alo
A | Ao |Ala

Fig. 1. Representation of the cells of a context

Two contexts A and B are symmetrically equivalent iff there exist n such that
for every ¢ and j, 4; ; is equal to the nt? element of the list (Bi;, B—ij, Bi—j,
B_; _j, Bj—i, B_j;, Bji, B_j_;). A group of symmetrically equivalent contexts
is a set of contexts including all the symmetrically equivalent contexts of one
context in the set. There are 102 groups of symmetrically equivalent contexts.

The simulation of logic circuits by Life uses a glider moving in any direction,
so we choose to consider only isotropic rules. An isotropic rule is a rule in which
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symmetrically equivalent contexts have the same associated value. In the rep-
resentation of a rule, each group is identified by one of its elements (cf. Figure
3) and the associated value of each context is represented by the absence or the
presence of a point at its right. This representation is used in the following.

Fig. 2. Representation of a rule

We call motif a finite suit of Boolean matrix of dimension k*k. An automaton
accepts a motif if said motif represents the successive states of the evolution of
the first matrix by the transition rule of this automaton. The Life glider [9] is, for
example, a motif accepted by Life. When every automaton supporting a motif
maps the same values to a context c¢. We call ¢ a critical context of this motif.
For example, if a rule ¢ supports a glider then all rules mapping the same values
as t to the critical contexts of the glider support this glider.

3 A New Rule

This section describes the utilization of an evolutionary algorithm for the search
for new rules accepting gliders and periodic patterns.

3.1 The Evolutionary Algorithm

Encoding and operators. Rules have been encoded by 512-bit strings in
which all the bits of symmetrically equivalent contexts have the same value. The
algorithm manages A rules. The bits of their transition function are randomly
determined with a 0.5 probability. A mutation consists of modifying a randomly
chosen bit, with the same weight for each of the 512 bits of a rule and likewise
the bits of symmetrically equivalent contexts. Then, the isotropy of rules is kept.
We implemented a simple crossover operator at a median point.

Fitness Function. The computation of the fitness function is based on the
evolution, during E transitions, of a ”primordial soup”, randomly generated in
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a square of C*C centered in a U*U space with a density D. After this evolution
the primordial soup is the object of the following test, inspired by Bays’ test [8] to
search gliders [10]: each group of connected cells is isolated in order to determine
if it is a glider or a periodic pattern. In this way, the following algorithm tests
each cell using the parameter R (maximum radius of a motif):

N=2
While (there is at least one living cell in a space of radius N
from the central cell) AND (N<R)
N=N+1
End while

Figure 3 gives an example in which some cells are in a space of radius 2 from
the central cell (i.e. crossed by the large inner square) and neither in a space of
radius 3. N will be equal to 3 at the end of the test, we call motif of radius 3.

E;iz

3

Fig. 3. Illustration of the search of a connected cells group.

Each group is inserted in an empty square of size T (size of the test space)
and evolves during S generations (time of test). At each transition, the original
pattern is sought in the test universe. Three cases can happen:

-The initial pattern has reappeared at its first location (this pattern is peri-
odic).

-It has reappeared at another location (this pattern is a glider).

-It has not reappeared (it is then evolving).

The fitness function is evaluated as the multiplication of the number of oc-
currences of gliders by the number of occurrences of periodic patterns.

3.2 Evolutionary Algorithm

After the initialization of the A rules, the following cycle is iterated:

-The fitness function evaluates the rules.

-The X rules with the highest fitness function are kept.

-Y rules are created in the following manner, iterated Y times: choose one
rule among the kept rules and mutate this rule.
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-Z rules are created in the following manner, iterated Z times: choose two
rules among the kept rules and apply crossover to these rules.

-A new population is obtained with the kept rule, the ones created by
crossovers, and the ones created by mutations.

3.3 Parameters

Parameters of the fitness function. Cellular automata that we study evolve
in infinite space. In the simulation, space must be closed, thus we chose the size
U in order not to close the evolution of the primordial soup within the universe’s
limits. As well as this, we chose the test space size T in order not to close the
motif evolution test with the test space limits.

The size C' and the density D of the primordial soup were chosen such that
automata evolution promote the appearance of the highest number of periodical
patterns and gliders. We assume that some size and density values that promote
glider appearance in Life may also fit other automata.

If during the soup evolution in Life the average number of cells decreases too
quickly, gliders cannot appear, and thus it must decrease as slowly as possible.
We notice that the cell number stabilization during the soup evolution in Life
show that only gliders and periodic forms survive, and thus new gliders can not
appear.

In Life (cf. Figure 4) we look at, for several soups size with density 0.5, the
ratio evolution of living cell number per the initial cell number. This ratio is
evaluated during 80 generations. For a primordial soup with size 20, the curve
decreases quickly and then stabilizes whereas for the other sizes the decrease is
slower and the stabilization does not happen before 80 transitions. The curves
for primordial soups of size 40, 60, and 80 merge. The soup size increases
the time of evaluation of the fitness function, thus we chose to generate the
primordial soup in a size 40 square.

1 §
20
05 40 60 30

0
‘ ‘ " Transitions
0 30 60

Fig. 4. Average over 100,000 evolutions of the ratio of the number of cells to the initial
number of cells, during the evolution of primordial soups with density 0.5 by Life.

The evolution of primordial soups with size 40 by Life shows that the greatest
number of cells must survive in order to increase the number of appearances of
gliders and periodic patterns. Figure 5 gives the average number of living cells
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during the evolution by Life of soups with size 40 and several densities. The
decrease in the number of living cells is slowest for a 0.4 density, thus we chose
this value for the D parameter.

W
(=4
(=]

Number of cells

—
wn
(=}

Transtions
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w
(=)
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Fig. 5. Average number of cells during the evolution by Life of primordial soups of size
40 and of the indicated densities.

Gliders
Periodic
patterns

generations

Fig. 6. Number of gliders (left axis) and periodic patterns (right axis) during the
evolution by Life of primordial soups of size 40 and of density 0.4 evolving during the
transitions from 0 to 300, for a maximum radius of 15 and a test time of 20.

The evolution time of a primordial soup is linked to the time of evaluation
of the fitness function, thus it is important this time is not too long. However,
during the evolution of a soup a certain time is necessary for gliders and periodic
patterns to be created. We counted the average number of gliders and periodic
patterns (cf. Figure 6) that appeared during the evolution of 100,000 primordial
soups by Life. We can see that a glider appears on average after 150 generations.
Thus, we chose this value for the F parameter.

The maximum radius of a motif must be determined in order to maximize
the number of periodic patterns and gliders detected. A maximum radius that
is too large slows down the calculation of the fitness function. In order to choose
a radius, we generated several primordial soups evolving by randomly generated
rules. During these evolutions, we counted how many gliders and periodic pat-
terns had been detected with radius from 1 to 28. Figure 7 shows the percentage
of motifs found for maximum radii from 1 to 28 (i.e., for a maximum radius of n
only the motif with a radius less than or equal to n are counted). A maximum
radius of 8 allows us to detect 85 percent of motifs; this value is chosen for the
parameter R.

The test time S must be determined in order to maximize the number of pe-
riodic patterns and gliders detected. Periodic patterns and gliders with a period
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Fig. 7. Percentage of gliders and periodic patterns found for radius from 1 to 28 dur-
ing the evolution of primordial soups of size 40 and of density 0.4 evolving until the
transition 150 with r. 20.
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Fig. 8. Percentage of gliders and periodic patterns found for test time from 1 to 7
during the evolution of primordial soups of size 40 and density 0.4, evolving until the
transition 150 with randomly generated rules, for a maximum radius of 8.

greater than S will not be detected whereas a test time that is too long slowed
down the calculation of the fitness function. In order to choose the test time, we
generated several primordial soups evolving with randomly generated automata.
During these evolutions, we counted how many gliders and periodic patterns
were detected with test time from 1 to 20. Figure 8 shows the percentage of
motifs found for test time from 1 to 20. We notice that a test time of 6 allows
us to detect 97 percent of motifs; thus this value is chosen for the test time.

Parameters of the selection. In order to determine the rate of mutation and
crossover, different rates are tested by evolving our algorithm 100 times during
200 generations with a population of 50 automata. Figure 9 sums up the number
of found automata for the following rates: 0, 20, 40, 60, and 80. The greatest
number of automata is found for a rate of 80 for the mutation and a rate of 0
for the crossover. Thus, the simple crossover operator at a median point seems
to be unsuitable for this algorithm.

3.4 Experimental Results

Figure 10 shows the number of discovered rules for 100 evolutions of our algo-
rithm during 10, 20, 50, and 100 generations for population sizes 100, 50, 20, and
10, respectively. The number of discovered rules varies between 64 and 69 for
different sizes of population. Thus this number is relatively constant for every
population size tested but for a same number of evaluated automata.

The size A of the population must be chosen in order to optimize the number
of automata found for a same number of automata evaluated by the fitness
function. This result is presented is the next section.
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Mutation
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Fig.9. Number of rules detected with 100 evolutions of our algorithm during 200
generations along with the indicated rates of crossover and mutation.
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Fig. 10. Number of rules discovered by our algorithm for population sizes 10, 20, 50,

T EREE

Fig.11. Two gliders appear in 5.7 and 4.4 of the discovered rules by our algorithm
and with, respectively, 11 and 9 critical contexts.

Fach discovered automaton accepts one or more gliders. Some gliders appear
in different automata. Figure 11 shows the gliders which appear the most often
in the discovered rules with their appearance rate. Among the gliders discovered,
these gliders have the least critical contexts. Their evolution goes through steps
in which there are only three living cells that are the minimum (two cells define
a line but not a direction).

4 Research of New Glider Guns

In the discovered rules, using evolutionary algorithms with parameters and struc-
ture like the one in Section 3, we looked for glider guns that spontaneously
emerged.

4.1 New Evolutionary Algorithm

The initial population is now made up of several occurrences of a rule discovered
by the algorithm in the previous sections. A glider of this automaton is identified.
The bits associated to its critical contexts are frozen (i.e. a non critical context is
chosen for the mutation). Thus every discovered automaton accepts this glider.
The fitness function is now evaluated by the division of the number of glider
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appearances by the total number of cells after the evolution time. During the
detection of gliders, we look for glider guns. If the initial pattern has reappeared
at its first location then it is removed and the leftover patterns are tested:

—If none rest then the pattern is periodic.

—If there is one or more gliders then a visual exam will determine if the initial
pattern is a glider gun.

Number of
rq\l}es N
o o

o

-
o

60

Fig. 12. Number of times when a glider gun is discovered by our algorithm for popu-
lations of sizes 10, 20, 50, and 100.
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Fig. 13. A glider gun, discovered by evolutionary algorithm, with the gliders (lightly-
colored) and its direction shown by the arrows.

4.2 Results

Figure 12 shows the number of glider guns discovered for 100 evolutions of our
algorithm during 50, 100, 250, and 500 generations for population sizes respec-
tively 100, 50, 20, and 10.

One of the discovered glider guns is shown figure 13.

Moreover, we found breeders which are patterns emitting one or more gliders
but moving themselves.

5 Simulation of Logic Gates

In this section, we prove that one of the rules obtained using the previous al-
gorithms, called R, can be used to simulate a logic gate. To the best of our
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knowledge, it is the first time that such a result is shown with a 2D automaton
with two states and Moore’s neighbor, different from Life.
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Fig. 14. The rule R.
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Fig.15. A AND gate simulated by R.

The motifs used, in [9], to simulate a logic gate by Life are a glider gun, a
glider, and an eater, i.e., a pattern that destroys the glider that crash it [I1]. In
R, we simulate a logic gate with these elements, Figure 15.

In this simulation, the streams of gliders symbolize the streams of information
(i.e., the absence of gliders symbolizes the value 0 and the presence of gliders
the value 1). The glider stream created by the gun crashes the stream A. If
one glider is present in the stream A, this collision destroys the two gliders else
the glider emitted by the gun continue its run. Thus the resulting stream of
this first collision is equal to NOT(A), and this collision creates an NOT gate.
This new stream crashes the stream B and two streams are the results of this
second collision including one which is the result of the operation ”A AND B”
and another one which is destroyed by the eater. The synchronization and the
position of the different elements are, of course, essential for the good working
of the simulation. Thus the automaton R is able to simulate a AND and a NOT
gate. This simulation of logic gate is a step toward the general simulation of
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logic circuits by R. This result is described in [12] using new patterns allowing
us to duplicate glider streams [13] and to change their directions.

6 Synthesis and Perspectives

We developed an evolutionary algorithm that discovers new automata support-
ing gliders, periodical patterns, and glider guns. We adopted an elitist strategy
for which the best results are obtained without crossover. We plan to test other
evolution strategies and to try several crossover operators. Using evolutionary
algorithms, we identified a new automaton that is able to simulate logic gates
AND and NOT. This simulation is a step toward the general simulation of logic
circuit. We plan to design an evolutionary algorithm able to discover automati-
cally simulation of logic gates by automata. Later on, our aim will be the use of
evolutionary algorithm for the search of new universal automata.
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Abstract. Feature learning aims at automatic optimization of features
to be used in the classification process. We consider the situation where,
given a parameterized algorithm for extracting the features from the
data, the optimizer tunes the parameters so that classification accuracy
is maximized. The present paper extends our previous study [4] on fea-
ture learning problem by including two important mechanisms. First,
an improved genetic algorithm (GA) with variable length chromosomes
controls the size of the feature set. Second, the GA operates in conjuc-
tion with a neural network classifier for maximizing the identification
accuracy. The performance of the feature learning algorithm is demon-
strated with a problem of automatic identification of plant species from
their fluorescence induction curves. The general approach should also be
useful in other types of pattern recognition applications where a priori
unknown characteristics are inferred from large feature spaces.

1 Introduction

The performance of machine learning in classification, function approximation
or time series prediction is heavily influenced by the selection of the input vari-
ables. Numerous studies have addressed the reduction of input dimensionality or
learning of parameters. Dimensionality reduction can be regarded at least from
three perspectives: feature extraction, feature selection and feature learning.

Feature extraction refers to the problem of choosing a mapping f by which
a sample x in an n-dimensional measurement space is transformed into a d-
dimensional feature pattern y (d < n), such that some criterion J is optimized.
Examples of common feature extraction paradigms are principal component
analysis (PCA) and linear discriminant analysis (LDA) [6]. Mao and Jain [13]
identified four categories of feature extraction methods (supervised and unsu-
pervised, using linear or non-linear mapping functions) and compared various
Neural Networks (NN) for feature extraction.
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Feature selection means selecting a subset .S out of a larger set F' of candidate
features under some selection criterion J(.S). There are two main approaches for
feature subset selection, filter and wrapper techniques (for reviews, see [5], [10]).
In filter techniques, the evaluation function relies on the properties of the data
itself, independently of the target induction algorithm. In the wrapper approach,
the intended algorithm is used in the evaluation of the subsets.

Feature learning adjusts a parameter vector 8 of the given feature extractor
g(z,0) from the raw data x, with respect to some criterion C":

0" = argmax C[g(z,0)] . (1)
0

Again, the optimization criterion can be either the accuracy of the induction
algorithm itself (wrapper technique) or other appropriate, faster evaluation func-
tion (filter technique). In this general form, the concept of feature learning can
be used in various machine learning applications. If the mechanism of generat-
ing features from the measurement space through a parameterized procedure is
known, the process of learning features aims at discovering the parameter setting
0* that provides an optimal feature set. In this framework, the search space ex-
pands from the implicit feature space by including all possible parameter values
of 6. Because the search space is often very large, application specific heuristics
can be used to reduce the computational effort.

To the best of our knowledge, little work has been done concerning feature
learning despite the large number of open questions and possible applications.
As an example, the problem of optimal approximation of digital curves by fitting
primitives like straight lines, circular arcs or spline curves can be regarded as a
learning process. Digital curves are decomposed into a minimum number of com-
ponents by optimizing the parameters (e.g., endpoints, radius, control points)
under an approximation quality constraint. Genetic algorithms (GAs) have been
reported to perform well in this context, both using an arbitrary number and
a fixed number of vertices [3],[8]. Piater and Grupen [16] introduced a feature
learning process using feature primitives (2-D Gaussian filter responses) to con-
struct increasingly complex and specific compound features like geometric and
topological relations. These features were incorporated into a Bayesian network
recognizer and the experimental results indicate good potential of the approach.

In a previous study [] we applied feature learning in the context of plant
species identification on the basis of their fluorescence induction curves. A GA
was developed for determining a fixed-size set of features describing optimally the
fluorescence curves for a NN classification. In the present paper, we extend our
system by including the NN classifier in the evaluation process, while searching
for an arbitrary number of features. The measurement space is explored and the
parameters of the feature extraction process are optimized by constructing new
features and modifying or discarding the existing ones, toward maximization
of the classification accuracy. We propose a hierarchical, hybrid wrapper-filter,
evolutionary method for automatic detection of an optimal set of discriminative
features. At the first level of the method, independent features are evaluated
using the Fischer interclass separability criterion that is based on the statistical
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properties of the data (filter technique). The estimated contribution of individual
features is used to reduce the search range by increasing the efficiency of the GA
operators which traditionally proceed on random basis. At the second level,
the complete set of features is evaluated using the NN classifier itself, which
makes the overall process wrapper-like. We chose the NNs for fitness computation
because it has been shown that, for this particular problem, they outperform
other standard methods like k - nearest neighbors or Bayesian minimum distance
[[9]. In addition to the problem of feature optimization, we also investigate
how short slices of the signal can be used to extract the features so that they
still provide acceptable classification accuracy through the feature optimization
process. Minimization of the length of the signal implies shorter data acquisition
and processing time, which is desirable for real-time applications.

2 Feature Extraction from Fluorescence Induction
Curves

The photosynthetic light reactions, occurring in the thylakoid membranes of
plant chloroplasts or cyanobacterial cells, convert the energy of sunlight into
chemical form. Chlorophyll a (Chl a) fluorescence is red and far-red light emis-
sion from the photosynthesis machinery, and changes in the fluorescence yield
reflect changes in the photochemical energy conversion reactions of photosynthe-
sis. Chl a fluorescence is a widely used research tool in plant biology (for reviews
see [7],[12],[14]). The Chl a fluorescence fingerprint technique has been devel-
oped for automatic plant identification in precision farming and environmental
monitoring [19]. In this method, a plant leaf or an algal or cyanobacterial sample
is illuminated with a sequence of light pulses of different duration, colour and
intensity. The time-course of chlorophyll a fluorescence yield, measured during
the illumination sequence, is called a fluorescence fingerprint curve (FFC). It has
been shown that accurate classification results can be obtained using regression
lines as features that represent the FFC for pattern recognition [9],[19].

In this paper, by a time interval (TI) we refer to the time-points of the digital
signal (FFC) within the endpoints defining the TI. Linear regression is performed
over these signal values (y-coordinate) against the time-points (x-coordinate).
The data is parametrized by computing two features for every regression line
(reg): the slope («) and the y-coordinate cross point (yo), see Fig. [IC. In other
words, a FFC is represented by a feature vector containing a pair («, yo) for each
TI (in the simple case of Fig. [[IC, only one TT and the corresponding regression
line are shown). The six curves in Fig. [[IB are the averages of 200 FFCs from
six different plant species (nettle, tobacco, maize, rye, pine and haircap moss).
Remarkable variation occurs among individual curves even from the same plant
species. Differences in the average curves reflect average differences in the prop-
erties of the photosynthetic machinery. The difficulty of choosing an appropri-
ate number of TIs and their positions becomes obvious by visual inspection of
graph B of Fig. [l Some TIs make good distinction among several plant species
but lead to poor discrimination between others.
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A 1

0 200 400 600 800 0 200 600 800
Sequence of signal samples Sequence of signal samples

0

Fig. 1. (A) Three possible time intervals for estimating regression lines from FFCs. (B)
Averages of normalized FFCs of six plant species: 1-nettle, 2-tobacco, 3-maize, 4-rye,
5-pine, 6-haircap moss. The sharp turnpoints of the original curves reflect shifts from
one illumination phase to another, and the total illumination time is 3 seconds. (C)
Extraction of features from a FFC measured from a tobacco leaf according to the TT of
(D). The regression line (reg) with slope « and y-coordinate cross point yo corresponds
to the samples of the original signal between the left (L) and right (R) endpoints of
the TI

3 Feature Learning by a GA with Chromosomes of
Variable Length

Due to their ability to explore the feature space in a global manner, GAs are
excellent tools for feature selection tasks [1],[11],[17],[20],[22]. Unlike standard
GAs, our method uses variable length, integer valued genotype representation
for controlling simultaneously, in an adaptive manner, both the number of the
selected features and their extraction parameters (the endpoints of the TIs). The
evolutionary process adds new features, fine-tunes the existing ones and deletes
irrelevant ones by adjusting the TTs.

3.1 Chromosome Representation

A chromosome encodes pairs of left and right endpoints of the TIs. Let mazTI
be a predefined maximum number of TIs. A walid chromosome is an array of
2maxTI nonnegative integers, containing at least one pair of valid endpoints. A
pair of endpoints is valid if the left endpoint is smaller than the right one and
they both fall in the signal range. Pairs of zeroes denote the absence of features.
Fig. @ illustrates a valid chromosome containing the three TTs of Fig. [TIA.

3.2 Initialization

An initial population of individuals is generated at random such that all the
chromosomes are valid. For saving computation effort at early iterations, initial
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Fig. 2. A sample chromosome of maximum length six (TI 1-6), encoding the three time
intervals of Fig. [[A. The time intervals TI 2, 5 and 6 are empty and denote no feature.
Note that the order of the intervals can be arbitrary

chromosomes contain only few TIs (e.g. less than 75% of maxzTI). This also
facilitates the evolution since, according to our experience, it is easier for the
GA to add new good features than to discard bad ones.

3.3 Genetic Operators

Fitness Function. Features are extracted from FFCs according to the TIs
coded by an individual, as described in Section 2. The feature vectors are divided
into three sets (learning, validation and testing) and a NN is trained using the
backpropagation method [15]. The fitness function ranks the individuals of the
population in terms of their percent classification accuracy (CA) on the test set:

CA = (# of correct classifications / # of all samples) * 100 . (2)

Among individuals sharing the same CA value, the best fitness value is as-
signed to the one containing the smallest number of features. The fitness value
of an individual [ is defined as:

fittl = CA[ — NTIl/m(l(ETI s (3)

where NT1; is the number of TIs encoded in the chromosome. The ratio NT'I;/
mazT'I is a ‘light’ penalty term that ensures the discriminative behavior of the
fitness function [1]. As 0 < CA <100 and 0 < NTI;/maxTI < 1, the penalty
term interacts when comparing two individuals that have CAs within 1% apart.

Crossover. The performance of crossover operations can be improved by sys-
tematic selection of the best genes from two parents instead of random ones [§].
Our method ranks individual TTs (pairs of features) by the scatter decomposi-
tion to guide the Best crossover operator. The slope and the y-crossing point
of the regression line are calculated for all FFCs according to the endpoints
encoded by a pair of successive genes (left and right). The covariance matrix
of the feature vectors measures the total scatter around the mean. The within
cluster scatter (W) is the covariance matrix of the feature vectors of the same
class. The between clusters scatter (B) is the covariance matrix of the class mean
vectors against the mean of all feature vectors [I8]. One can design different
evaluation functions aiming at maximization of the between-cluster scatter and
minimization of the within-cluster scatter. A suitable choice for such a function
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is an expression comprising of the non-zero eigenvalues of the covariance matri-
ces. The trace of a matrix is equivalent to the sum of its eigenvalues. We use the
ratio trace(W)/trace(B) as a measure of class segregation power of individual
TIs [6]. The ratio is used to rank pairs of features encoded in chromosomes [4].
Let X = (X[1], X[2],..., X[2mazTI]) and Y = (Y[1], Y[2],..., Y[2maxT1I))
denote two individuals selected from the population and R = (R[1], R[2],...,
R[mazTI)]) and Q = (Q[1], Q[2],- .., Q[maxT1]) denote the ranks of the TIs of
X and Y, respectively. We use two different crossover methods in our GA:
Best crossover derives a new individual (X’) as follows:

(X[2i — 1], X[23]) — (X'[2i — 1], X'[24)) if R(i) > Q(i),
(V[2i — 1], Y[2i]) — (X'[2i — 1], X'[2d)) if R(i) < Q(i), i =1,...,maxTI. (4)

One-point crossover takes an odd random number ¢ from the interval [1,
2maxTI -1] and derives two new individuals by interchanging genes of X and
Y'such that index ¢ is the common cutting point.

Mutation. The endpoints of the TIs are slightly changed by the mutation oper-
ations. The ranking mechanism ensures the perpetuation of the newly discovered
good settings through the Best crossover operations. We employ three types of
mutations which all alter randomly chosen individuals of the current population.

Random mutation selects a nonzero gene X|[i] (either left or right endpoint
of a TI). With equal chance (1/2), the value X[i] is either increased or decreased
by a random small proportion (e.g. less than 1/3) of the current length of the
corresponding interval. Possible illegal TIs are discarded.

Deterministic mutation uses the ranks of the TIs when selecting the genes
to be changed. If the chromosome contains at least two TIs, the one with the
lowest rank is deleted. Furthermore, with certain probability (e.g. 1/3), gradually
better genes become subject to Random mutation (shrinking or enlargement).
However, the best TT within the individual is never changed.

Mass mutation operates in a similar manner as Random mutation except
that all nonzero genes are altered regardless of their ranks or number.

Selection Operator. The selection of the individuals to survive and reproduce
in successive generations plays an important role in a GA [2]. Stochastic selection
is performed on the basis of the fitness values of the individuals such that the best
ones have higher chances to perpetuate. We use normalized geometric ranking
in selection. The ranking is done by sorting the individuals in decreasing order
of their fitness values and letting the rank be the index in the ordered list. The
probability P; of selecting individual ¢ is defined as:

Pi=q(l—¢q)" " 1<i<N, (5)

where ¢ is the probability of selecting the best individual (predefined, e.g. 0.2),
7; is the rank of individual 4, N is the population size and gy = q/[1 — (1 —q)V].
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3.4 Termination

The GA runs either up to a maximum number of iterations (ItMazx) or until the
classification accuracy of the best individual fails to improve during a specified
number of iterations (FailMaz).

3.5 The Structure of the GA

The GA takes as input the labeled data samples (the FFCs and their plant
species membership) and outputs the optimal set of features that provides the
highest classification accuracy. The solution is expressed as a set of TIs encoded
in the best individual of the final population. The parameters of the GA are
the population size N, the number of genetic operations (bc Best crossover,
opc One-point crossover, rm Random mutation, dm Deterministic mutation and
mm Mass mutation) that are performed at each iteration and the termination
parameters ([tMaz and FailMaz).

Step 1: Initialization. An initial population of NV individuals is generated at
random. Let the initial population be the Current Population (CP).
Step 2: Evaluation.
2.a Rank the individual line segments (pairs of features) contained in the
individuals in CP according to the estimated interclass separability;
2.b Estimate the classification accuracy, compute and assign the fitness value
for all individuals in CP.
Step 3: Copy CP into the Mating Pool (MP).
Step 4: Crossover. Select at random bc + opc pairs of parents from the CP;
Perform bc Best crossovers using the ranks of individual TIs;
Perform opc One-point crossovers.
Step 5: Mutations. Select at random rm + dm + mm individuals from CP;
Perform rm Random, dm Deterministic and mm Mass mutations.
Step 6: Evaluate the new offspring as in Step 2 and add them to the MP.
Step 7= Selection. Allocate perpetuation probabilities to the individuals in the
MP using their fitness values. Select N chromosomes and populate CP.
Step 8: Termination. If the convergence is not achieved return to Step 3.

4 Experimental Results

4.1 Parameter Settings

All subsequent trainings of NNs were performed using 40% of the data set for
learning, 10% for validation and 50% for testing. These sets were initially chosen
at random without replacement from the whole data set. Therefore, all chromo-
somes were evaluated using the same sets of samples. NNs were trained using
the backpropagation method up to a maximum number of iterations (1000) or
until the performance over the validation set did not improve during a predefined
number of consecutive iterations (50). The accuracy of the NNs on the test set



378 M.C. Codrea et al.

is used for fitness computation (Eq.2,3). We let the GA operate on a population
of N=30 individuals and a mating pool of 60. A predefined number of genetic
operations were performed at each iteration: be=5 Best crossovers, opc=2 One-
point crossovers, rm=>5 Random mutations, dm=7 Deterministic mutations and
mm=4 Mass mutations. The GA ran up to ItMaxz=300 iterations and the con-
vergence measure was set to Fail Maxr=50 iterations of no improvement of the
best fitness value. All computations were carried out with a 800 MHz Pentium
computer equipped with 256 MB of RAM, by an original developed software,
using Matlab 5.3 environment.

4.2 The Two Class Problem

The data set consisted of 400 fluorescence induction curves (FFCs) measured
from 100 maize and 100 tobacco leaves with distinct curves from both sides
of the leaves. The details of the acquisition of the FFCs are described in [19)
(the 3-s experiment design). Among all six species in the data set we chose
these particular ones because both are angiosperms and their FFCs show high
similarity with each other and less similarity with gymnosperms or cryptogams
(see Fig.MB). Fig. B depicts 50 FFCs from each plant species, (A) maize and (B)
tobacco. It turns out that the variation among the FFCs from the same plant
species and the similarity between the two species make the identification by
visual inspection very difficult, if not impossible. However, a rough pattern can
be observed as the FFCs measured from maize leaves show a more rapid increase
(first 200 time-points) and a steeper decrease (time-points 600-800) compared
to the curves from tobacco leaves.

Normalized fluorescence yield

0 200 400 600 800 0 200 400 600 800
Signal time-points Signal time-points

Fig.3. (A) Fluorescence curves measured from 50 maize and (B) 50 tobacco leaves.
Large intra-species variation occurs, yet rough differences can be observed at the be-
ginning (first increasing phase) and at the end of the curves from the two plant species

The preliminary results using full-length FFCs were outstanding (100% clas-
sification accuracy, data not shown). We therefore investigated how the accuracy
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deteriorates when using only the first half of the signal, that is, time-points up
to 400, corresponding to 1.5 seconds. We repeatedly optimized (ten times) the
feature set with the proposed GA and the results show that still acceptable iden-
tification accuracy is achieved. The recognition rate using optimized features was
in the range 90 - 93.5% with an average of 92.2%. The average running time was
14.5 s per evaluation of a solution which means about 24 hours for a GA run.

Empirical
histogram h  ——»
oy Lognormal
o) 0.04 distribution
§- : functionf 5
o
0.02
0

40 50 60 70 80 90 100
Classification accuracy (%)

Fig. 4. Fit between the reversed lognormal distribution function f and the histogram
h generated from the classification accuracies of 7932 random settings of the line seg-
ments. The random solutions had accuracies ranging from 38.25% to 89.75% with
average of 74.68%. The GA gave maximum accuracy of 93.5%

A pure random search algorithm was compared to the GA in order to evaluate
the power of the proposed method. This was done by generating a series of
random TT settings and constructing a histogram of the classification accuracy
when using these sets of TIs. This gives us an approximation for the performance
of the pure random search (Fig. @] empirical histogram h). We are interested in
events of obtaining higher accuracy than a given value a. In statistical terms, the
experiment consists of n independent Bernoulli trials with a constant probability
p of success. If M is the number of trials needed for the first success, then the
random variable M has a geometric distribution with parameter p. In particular,
the mean number of random runs required for obtaining an accuracy larger than
a is 1/p. Next question concerns the estimation of the probability p. Since we
lack the information about the upper bound on the classification accuracy, we
assume that the accuracy of pure random search is distributed as a reversed
lognormal random variable with a cut-off threshold of 100 (Fig. M, distribution
function f). Given this stochastic model, the probability p can be estimated
as an integral p = faoo f(x)dz. In the present experiment with n = 7932 and
a=93.5 the model gives p= 6.5 x 10713, Hence, 1/p = 1.5 x 102 random runs
would be needed for the first occurrence of a result better than obtained with
the GA. Typically, 200 iterations proved to be sufficient for the GA to converge
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for N=30 individuals and a mating pool of 60. The equivalent effort of random
search computation is 6000 evaluations. The estimated number of random runs
needed for obtaining a solution that outperforms the GA is of the order of 102
and therefore random search is not practical.

4.3 The Crop-Weeds Problem

An automatic herbicide sprayer is an example of a possible practical application
of a plant identification system. Such a system needs only to detect the cultivated
plant among various others, regardless of their diversity. In order to simulate the
distinction between crop and weeds we constructed an artificial class (‘Mixed’)
by grouping together 50 FFCs measured from four different plant species (nettle,
rye, haircap moss and pine). We selected maize as the cultivated plant and carried
out similar feature optimization experiments as in the two-class problem.

Signal Tast Tima intervals Classification
Length Run, Setting Accuracy (%)
Fun 1 | — %0
200 I 89.8
Run 3 890.5
Run 1
300 Run 2
Run 3 —
Fun 1 83
400 Run 2 — — 3
Run 3 —_— -
Run 1 — 99
€50 Hun 2 - 99
Run 3 - 98
1 1 1 1
] 100 200 300 400 500 600
Signal time-paoints

Fig. 5. The effect of shortening the length of the input signal on the classification ac-
curacy between maize and Mixed (nettle, rye, haircap moss and pine). Four shortening
steps were considered: to 650, 400, 300 and 200 time points. The best individuals in
the final populations from three replicate runs of the GA are illustrated in each case

Signal shortening caused no severe deterioration of the classification accu-
racy (Fig. B). Because the FFC describes the time-course of fluorescence yield,
measured under a complex, sequential illumination pattern, shortening is possi-
ble only from the end of the curves. As an example, shortening from 400 to 300
time points forces the optimization process to detect the differences among FFCs
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excluding the phase of rapid increase in fluorescence yield. Similarly, reducing
the input signal length to 200 time points discards another phase (correspond-
ing to the illumination pattern) where the curves show different patterns of the
decreasing intensity (Fig. [2)). Interestingly, the number of features discovered by
our method was much lower (two to four TIs) than that chosen manually (eight
TIs) [9], [19). A reduced number of features increases the speed of identifica-
tion without loosing the power of the fingerprinting method. However, in earlier
studies the overall classification was carried out using several classes.

4.4 Application to Unseen Data

In order to test the generalization power of the optimized set of features, clas-
sification was tested on distinct data sets. When applied to unseen data using
the first 400 data points, NNs achieved 85-90% recognition rates both in the
two-class and crop-weeds classification tasks (results not shown). This is slightly
less than the 92-93% accuracy obtained with the original test set (Fig. B).

5 Conclusion and Discussion

We considered an approach to feature analysis, called feature learning, and de-
signed a suitable evolutionary framework. Its effectiveness was highlighted in
the context of plant fluorescence fingerprinting. The proposed framework may
also be useful in other applications where the model of the feature extraction
procedure is known and there is a large amount of irrelevant data. Illustrative
examples could be automatic detection of the optimal number of eigenvectors
required by principal component analysis; the level of decomposition of signals
using (e.g., wavelet) transforms and selection of the coefficients; the number and
size of patches for automatic image segmentation.

At the early stage of the system development we tested several fitness func-
tions that include size penalty factors [I],[22]. The most promising of these was
chosen and the results confirmed its performance. By analyzing the behavior of
the genetic operations, we observed the efficiency of the Best crossover operator
which methodically considers the best combination of genes from two parents. A
simple local search mechanism, simulated by the mass mutation operator, proved
to be extremely efficient, especially at the late iterations when the diversity of
the population diminishes.

Since the main purpose of the present study was to design a general frame-
work for the proposed feature learning method, application of the optimized
features on unseen data was tested only shortly. These tests show that the opti-
mized features perform almost as well with unseen data as with the original test
data.

NNs were selected for classification because of their previous success in plant
fingerprinting. It would be possible to employ some other classification technique
either in the optimization step or in the final recognition system. In the first case,
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some computation time might be saved by using a simpler classifier in the opti-
mization process. However, the optimization is performed off-line and therefore
the time of the execution is not critical but the performance of the selected fea-
tures is crucial. That is why we used the same classifier both in the optimization
and in the final recognizer and omitted further investigation of other classifiers.

There are many variants of feature analysis methods that combine partial
results (e.g. feature weighting [I1]) or embed the selection of features in other
tasks like learning algorithms - pruning input nodes of NNs or, more generally,
evolutionary NN design [21]. However, in this context, the main objectives are
the optimization of the NN architecture, weights and/or learning parameters.

The fluorescence fingerprinting method is being developed for use in precision
agriculture [9],[T19]. The final aim is to equip herbicide sprayers and other agri-
cultural devices with the ability to automatically distinguish cultivated plants
from weeds when the device travels on a field. The development of the method
is currently in the phase of laboratory experiments tuning the illumination pro-
tocol and the recognition algorithms. The method proposed here serves as an
automatic tool for discovering the most relevant features from FFCs. In the
present paper, we also studied how to reduce the length of the signal because
speed would be a main issue in real-life precision farming applications.
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Abstract. A novel way of comparing supervised learning algorithms
has been introduced since the late 90’s, based on Receiver Operating
Characteristics (ROC) curves.

From this approach is derived a NP complete optimization criterion for
supervised learning, the area under the ROC curve.

This optimization criterion, tackled with evolution strategies, is experi-
mentally compared to the structural risk criterion tackled by quadratic
optimization in Support Vector Machines. Comparable results are ob-
tained on a set of benchmark problems in the Irvine repository, within a
fraction of the SVM computational cost.

Additionally, the variety of solutions provided by evolutionary computa-
tion can be exploited for visually inspecting the contributing factors of
the phenomenon under study. The impact study and sensitivity analysis
facilities offered by ROGER (ROC-based Genetic LearneR) are demon-
strated on a medical application, the identification of Atherosclerosis
Risk Factors.

1 Introduction

Supervised machine learning (ML) is interested in estimating a nominal or nu-
merical variable based on some set of labeled examples, or training set.

The learning performance is usually measured from the predictive accuracy
of the estimator or hypothesis, i.e. the percentage of correctly identified labels
in another set of examples, the test set [Diedg].

Though predictive accuracy was commonly used to compare learning algo-
rithms, it suffers from several shortcomings regarding skewed example distribu-
tions (e.g. discriminating a 1% positive examples from 99% negative examples)
and asymmetric mis-classification costs [Dom99).

A remedy to these limitations was offered by Receiver Operating Charac-
teristics (ROC) analysis [Bra97/PFK98LHZ03|, as will be detailed in the next
Section. ROC curves, originated from the signal theory, are popular in Medical
Data Analysis as they offer a synthetic representation of the trade-off between
the true positive rate (TP) and the false positive rate (FP) depending on how
a medical test is interpreted, e.g. which thresholds are used to tell pathological
from normal cases (Fig. ).
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Fig.1. The ROC curve illustrates the hypothesis trade-off between true and false
positive rates. The best performance for a given misclassification cost ratio is found on
the Best Trade-off line.

Along these lines, it came naturally to consider the area under the ROC curve
(AUCQ) as a learning criterion [MDCTO1FFHO02]. As this criterion induces a
mixed, NP complete optimization problem [CSS98], its optimization was tackled
within greedy search [FFHOO02] or genetic algorithms [MDC™01].

Independently, the foundational approach of Statistical Learning offered a va-
riety of learning optimization criteria, drastically renewing the Machine Learning
perspective [Vap98ISBSISICSTNN]. Such criteria derive well-posed optimization
problems, such that the optimum solution offers statistical guarantees of learn-
ing performance; for instance, Support Vector Machines (SVMs) are determined
by quadratic minimization of the structural risk criterion.

The present paper presents the ROGER (ROC-based Genetic Learning) al-
gorithm, implementing the evolution-strategy based optimization of the AUC
criterion; ROGER is compared to a state-of-art SVM algorithm known as SVM-
Torch [CBO1].

Both algorithms demonstrate comparable learning performance on a subset
of benchmark problems in the Irvine repository [BKMO98]; however, ROGER
requires a fraction of SVMTorch computational effort. The differences in the
learning behavior of both algorithms are discussed and some interpretations are
proposed.

Finally, this paper presents a novel exploitation of the variety of hypotheses
provided by evolutionary optimization, through impact study and sensitivity
analysis visual facilities. As noted by [CMS99], visual representations can provide
the expert with a wealth of easy-to-understand and yet precise information.
These visual facilities are illustrated and discussed on a medical data mining
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application, the identification of Atherosclerosis Risks, presented in the PKDD
2002 Challenge [LAS02].

This paper is organized as follows. Section [2] presents ROC analysis and re-
views related work. Section Bldescribes the ROGER algorithm. Section [ reports
on comparative experiments, using SVM Torch as reference algorithm. Section
finally describes and discusses how to exploit the variety of evolution-based so-
lutions in a Visual Data Mining perspective.

2 ROC Curves and Machine Learning

This section briefly situates the use of ROC curves from a machine learning
perspective.

2.1 Robustness of ROC Curves

As mentioned in the introduction, predictive accuracy might be a poor perfor-
mance indicator when the problem domain suffers from skewed class distribu-
tions and involve asymmetric mis-classification costs. For instance, medical or
text retrieval applications commonly present negative examples outnumbering
positive examples by a factor 100, with a false positive cost (mistaking a nega-
tive example for a positive one) usually much lower than the false negative cost
(missing a true positive).

Specific heuristics are devised to resist such characteristics, e.g. through over-
sampling the rare class, incorporating the mis-classification costs in the learning
criteria, and/or relabeling the examples [Dom99].

An alternative would be to see learning as a multi-objective optimization
problem (see [Deb01] and references therein), simultaneously maximizing the
true positive and true negative rates. From this perspective, ROC curves simply
depict the Pareto front associated to a set of hypotheses and/or learners (Fig.
) [Brad7IPFTKIYSKB99)].

Three particular points in the ROC space correspond to the All positive
hypothesis (point (1,1)), All negative hypothesis (point (0, 0)), and discriminant
hypotheses (point O = (1,0)).

By construction this representation does not depend on the class distribution,
since it uses normalized coordinates, the true positive and false positive rates.

Furthermore, this representation immediately allows one to select the best
hypothesis depending on the error costs. Assuming that a false negative error
costs r times more than a false positive one, the best hypothesis lies at the
intersection of the ROC curve with the straight line A of slope =t (Fig. .

2.2 Related Work

As argued in [Bra97lMDCT01JFWB™98], ROC curves also allow one to deal with
practical requirements on the minimal TP or maximal F'P rates. For instance, the
detection of churners within a given sensitivity (TP) and precision (1-FP) range
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was achieved in [MDCT01], with a GA-based optimization of the area under
the ROC curve in the desired ranges. The detection of malignant mammograms
with a minimum sensitivity and precision was similarly tackled by EP-based
optimization of ANN and linear hypotheses in [FWBT98|.

When such desired ranges are unknown, the whole area under the ROC
curve can be taken as learning criterion (AUC), with two warnings. Firstly, the
AUC criterion is not “better” than the predictive accuracy [LHZ03]; rather,
both criteria define distinct optimization landscapes. Secondly, the AUC crite-
rion defines an NP complete, combinatorial optimization problem; to our best
knowledge, this optimization problem was only addressed through greedy or
evolutionary search, respectively learning decision trees [FFHO02], or linear hy-
potheses [MDCT01].

Nevertheless, optimizing the AUC criterion enforces the learning stability
with respect to the misclassification costs. Learning stability is most generally
desirable, for the target hypothesis should be independent as much as possible
from fortuitous effects in the problem domain. To our best knowledge, learn-
ing stability has mostly been investigated in relation with the training example
distribution [BE02]. But stability wrt misclassification costs is desirable as well,
for two reasons. On one hand, the expert usually sets the misclassification costs
by trials and errors; optimizing the ROC curve provides optimal hypotheses for
various misclassification costs, which allows the expert for a more informed and
better choice.

On the other hand, the appropriate misclassification costs might vary, de-
pending on additional information on the case at hand (e.g. the “normal” range
for a bio-chemical exam might depend on the age and mobility of a patient). The
decision making based on a ROC curve can thus be locally adjusted depending
on the case at hand.

Conversely, the use of ROC spaces offers a geometrical and intuitive rep-
resentation for the behavior and dynamics of a learning strategy on a given
domain [FIa03]; for instance, experimentations with different learning criteria
(m-estimate, Gini criterion, entropy) offer new insights into how they trade-off
the FP and TP rates [FF03].

Less related to ROC analysis, the Learning to Order Things approach de-
veloped by Cohen et al. [CSS98| searches for ranking hypotheses, compatible
with the preferences of some experts in a Web-based and text retrieval context.
Indeed, any ordering hypothesis that would rank positive examples first, would
reach the optimum of the AUC criterion.

3 Genetic ROC-Based Learning

This section describes the ROGER algorithm, implementing an evolution-
strategy based optimization of the AUC criterion, and discusses its limitations.
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3.1 Overview

Let the data set be given as & = {(x;,v:),i = 1...n, x; € X,y; € {1,—1}},
where X denotes the instance space. In the following, we restrict ourselves to
attribute-value learning, e.g. X = RY.

The hypothesis space considered in the following is the set of real-valued
functions on X.

For the sake of comparison, only linear functions are considered in the
following; the hypothesis space H is set to IR?. The extension to richer function
spaces using kernel-based representations is planned for further research.

Any real-valued hypothesis h on X induces by thresholding a family of binary
classifiers {h:, t € R}, with

he(z) = {

It is straightforward to see that the true positive and the false positive rates
monotonically increase as ¢t decreases: the curve defined by (FP(h:), TP(h),t €
R) is a ROC curve.

The fitness of h is set to the area under the above ROC curve, computed with
complexity nlogn where n is the number of examples (Table [). Normalization
is omitted as of no effect on the optimization problem.

1 ifh(z)>t
—1 otherwise

Table 1. Fitness of h = Area Under the Roc Curve of h

Fitness function of hypothesis h

Input
Data set &€ = {(zs,v:),i=1...n, z; € X,y; € {1,-1}}
Hypothesis b : X — R
Init
Sort & = {(xs,y:)} by decreasing order, where ¢ > j
iff (h(wi) > h(x;)) or ((h(x:) = h(z;) and (yi > y;)).
p=20
F=0
Fori=1ton
if y; = 1, increment p;

else F=F+p
EndFor
Return F
The optimization of fitness function F on the search space H = IR” is

achieved using evolution strategies (ES) with self-adaptive mutation [Sch&1],
well suited to parametric optimization [Bac95].

We use the (u+\)—ES selection/replacement mechanism; p parents generate
A offspring, and the best individuals among the p parents + A offspring are
selected as parents for the next generation.
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3.2 Discussion and Limitations

Since the 90’s, the use of real-valued hypotheses has been investigated in two
major areas of machine learning, namely statistical learning [Vap98] and ensem-
ble learning [SFPLI7]. The efficiency of both approaches is explained from the
optimization of the minimal margin (the diagnostic confidence, or distance to
the discrimination threshold ¢).

Based on structural risk minimization, SVMs actually depend on a few se-
lected examples, the support vectors; they achieve stable learning as they pay
no attention to (the distribution of) other examples.

The difference with AUC optimization is twofold. On one hand, the AUC
criterion depends on the whole example distribution. On the other hand, AUC
is an order-based criterion, reputed more stable under statistical noise than
real-valued criteria. In counterpart, AUC maximization defines an ill-behaved
optimization landscape, as it maps a continuous search space onto a finite integer
set, while structural risk defines a convex, quadratic optimization landscape.

However, AUC minimization achieves learning stability wrt misclassification
cost, as desired and discussed in Sect. 2} a single real-valued hypothesis h is
learned, and the misclassification cost only governs the discrimination threshold
t. In opposition, modifying the misclassification cost would require to retrain
SVMs and result in a different hypothesis.

In conclusion, AUC-based learning presents two main drawbacks. One, shared
with SVMs; is that it does not provide an intelligible hypothesis, though experts
are often willing to sacrifice some accuracy for more intelligible hypotheses. The
other drawback results from the fact that AUC defines an under-specified opti-
mization problem, admitting infinitely many solutions.

We shall see in Sect.[H that this multiplicity of solutions can be exploited and
provide the expert with some facilities for inspecting the hypotheses, “for free”.

4 Comparative Validation

ROGER is experimentally validated on eight problems from the Irvine repository
[BKM9S], and compared to a state-of-art SVM, SVMTorch [CBO1].

4.1 Experimental Setting

On each problem, the dataset is splitted into a training set and test set with same
class distribution as the global dataset, and 11 independent splits are considered.
The split is done with 2/3 of the data in the training set, and 1/3 in the test
set; in some cases (see Table [3]), the size of the training set has been reduced
such that SVMTorch learning computational cost be less than 15 minutes on
Pentium-1I, 400 MHz.

On each training set, SVMTorch is run with default parameters, and com-
putes the SRM-optimal hyperplane on the training set, h(x) = w.x + b. Hy-
pothesis h is assessed from the ROC curve associated to w.x on the test set.
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On the same training set, ROGER is run 21 times, providing 21 independent
solutions A to the AUC maximization problem (Table [[). Same parameters,
summarized in Table 2], are used for all runs and all problems.

For each training set, we consider the median of the ROC curves on the
test set, over the 21 runs. As already noted by [PFK9§|, the representativity of
the median ROC curve is difficult to assess since different portions of the curve
correspond to distinct hypotheses.

Finally, we take the mean of the above medians over the 11 splits for each
dataset.

Table 2. ROGER parameters

population size| # parents 10

# offspring A 50

max nb evaluations 10,000
crossover| uniform rate .6
mutation| self-adaptive rate 1

Table 3. The AUC values and computational time of ROGER and SVMTorch on eight
datasets from Irvine Repository

ROGER SVMTorch
nb att nb att lin|#Train #Test AUC time AUC time
Breast Cancer 9 42 189 97 674 + .05 | 77 || .672 & .05 1”7
Crx 15 47 70 620 .816 + .06 | 77 || .839 £+ .04 | 886”
German 25 25 100 900 712 + .03 | 67 || .690 + .02 | 967
Promoters 59 229 70 36 863 + .07 | 27 || .974 £ .02 | < 1”
Satimage 36 36 139 1237 918 + .01 | 4” || .876 *+ .02 14”7
Vehicle 18 18 125 291 1994 + .005| 17 ||.993 £ .007| < 17
Votes 16 32 287 148 1993 + .004| 77 ||.989 £ .005|> 1,000

Waveform 1-2|| 22 22 211 3321 971 + .004| 4”7 ||.963 £+ .008| 27

The experiment goal is to compare AUC-based learning with SVMs in terms
of predictive accuracy and learning stability. At the moment, only linear hy-
potheses are considered; SVMTorch is run with a linear kernel.

4.2 Experiments

Table [l summarizes the datasets considered, the size of the training and test
sets, the initial number of attributes and the size of the hypothesis search space,
being reminded that a nominal attribute with k& modalities is expressed as k
boolean attributes, and accounts for k coefficients in the linear hypothesis h.
As already mentioned, the size of the training set was limited to restrict the
computational cost of SVMTorch to a maximum of 15 minutes on Pentium II,
400 MHz. The computational cost of ROGER is lower by one or several orders
of magnitude than SVMTorch in the worst cases.

The average and standard deviation of the areas under the ROC curve, aver-
aged over 11 runs for SVMTorch and 11 x 21 runs for ROGER, are reported in
Table Bl Similar AUCs values are obtained. Likewise, ROGER and SVMTorch
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have similar predictive accuracies, as can be observed from Fig. SVMTorch
significantly outperforms ROGER on Promoters; ROGER significantly outper-
forms SVMTorch on Satimage. In most other cases, the median curves are almost
indistinguishable, except sometimes in the beginning of the curve.

ROC curves on German ROC curves on Promoters -
3 I

True positive
True positive

— ROGER]
SVM 3
0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9
False positive False positive
(a) German (b) Promoters
e ROC curves on Satimage | ROC curves, Votes .
0.9 3
2 g E
2 Z 07 3
g Z
s Z E
g g E
= =
05 3
E ——— ROGER]
SVM E|
‘ ‘ ‘ Lniin 03bn ‘ ‘ bt
0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9
False positive False positive
(c) Satimage (d) Votes
1 ROC curves on waveform 1-2 Jrrrrrrrrrr ——{ROC Curves on Atherosclerosis ————
1 // =t ]
¢ g
2 s 1 2
2 o = os i
g g
= =
—— ROGER-
o SsvMm | i
‘ ‘ ‘ bniin o ‘ ‘
0.1 0.3 0.5 0.7 0.9 [\] 0.5 1
False positive False Positive
(e) Waveform (f) Atherosclerosis

Fig. 2. Comparison of the median ROC curves obtained with SVMTorch and ROGER

These experiments suggest that AUC maximization is competitive with re-
spect to SVMTorch, which is much encouraging given the maturity and the
strong mathematical foundations of SVMs. A fortiori, ROGER compare favor-
ably to more traditional learners such as C4.5, naive Bayes, and k-NN on these
same problems, after [PFK9S|.

The scalability of the approach with respect to the size of the dataset, in
nlogn, is quite satisfactory. Empirically, the computational cost of AUC evolu-
tionary minimization is much lower on average than for SVMTorch, with a very
low standard deviation.

However, the AUC scalability with respect to the number of attributes is
questionable. The worst performances are obtained for the Promoters problem,
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with 229 attributes. On-going experiments are underway to investigate and un-
derstand this limitation.

5 Impact Studies and Sensitivity Analysis

This section shows how the multiplicity of solutions provided by AUC evolution-
ary optimization can be exploited by the expert to gain some insights into the
phenomenon at hand. The approach is illustrated on the PKDD 2002 Challenge
datase, concerned with the identification of risk factors for atherosclerosis and
cardio-vascular diseases (CVD).

5.1 The Data and Learning Goal

Two databases have been made publicly available for the PKDD2002 Challenge.
The Entry database describes the personal and family case for 1419 middle aged
men.

This database involves 219 attributes, which have been manually compressed
into 28 boolean and numerical attributes [LAS02].

The Control database presents the longitudinal study over 20 years of a
sample of men. Using the medical expertise of the third author, this sample was
divided into three classes, depending whether their health after 20 years is good,
bad, or other (the later class includes in particular all men who disappeared from
the study)ﬁ.

5.2 Experimental Setting

The goal is to predict from the individual description given in the Entry database,
his health state after twenty years.

The dataset is splitted into a 2/3 training set and 1/3 test set with same class
distribution as the global dataset, and 11 independent splits are considered.

On each training set, SVMTorch is run with default parameters, and the
optimal hypotheses are again evaluated from their median ROC curve.

On each training set, 21 independent ROGER runs are launched with pa-
rameters given in Table B). The median ROC curves over 21 runs are averaged
over the 11 splits of the data, and the mean ROC curve is displayed in Fig. B(f).

ROGER shows good performances, with an average AUC of .79 £.012 to be
compared with .76 £.045 for SVMTorch.

Interestingly, the main difference between the two curves occurs close to
the origin. It appears that some negative examples are classified as positive
with high confidence by SVMTorch. Indeed, SVMs make no difference between
misclassified examples provided that their confidence is above the cost threshold;
and one would not increase the cost threshold too much, as this would increase

! http://lisp.vse.cz/challenge/ecmlpkdd2002/
2 The prepared dataset is available at http://www.lri.fr/~ aze/PKDD2002/.
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the sensitivity to noise of the algorithm. In contrast, the AUC criterion offers
a finer-grained evaluation of mis classifications, as the cost of an error actually
depends on its rank; improving the example order, even in extreme regions, is
rewarded. Accordingly, the True Positive rate increases abruptly at the beginning
of the ROGER curve: individuals classified as the most at risk are on average in
bad shape. In medical terms, the sensibility of the ROGER hypothesis is better
compared to SVMTorch on this problem.

5.3 Impact Studies

A well known limitation of SVMs (also incurred by ROGER) is that it does
not provide an easy-to-read hypothesis. An alternative to the analytic inspec-
tion of hypotheses is offered by diagrammatic representations, as investigated
in Visual Data Mining [CMS99]. Along these lines, we explore some graphical
interpretations of the ROGER hypotheses.

A first graphical exploitation concerns the impact study, analyzing the con-
tribution of a given feature on the concept under examination; classically, this
contribution is measured using correlation, chi-square or entropy.

However, ROGER hypotheses (and more generally, any ordered hypothesis)
provide a more detailed, intuitive and yet precise picture, about the contribution
of a feature (attribute, function of attributes). As an example, let us investigate
the impacts of the tobacco and alcohol intoxication on atherosclerosis risk factors.

These impacts are graphically assessed, using the following protocol.

| | | | I | | | | |
10 30 50 70 90 10 30 50 70 90

(a) Tobacco (b) Alcohol

Fig. 3. Tobacco and Alcohol Impacts on Atherosclerosis Risks

For each feature (here, an attribute), the 10% individuals in the test set
with maximal (resp. minimal) values for this attribute, are considered. In both
subsets, the individuals are ranked by increasing value of h, and the curves
(i, h(z;)) are displayed.

Each curve shows globally the risk range for the individuals with high (resp.
low) intoxication (though the risk might be due to other factors, correlated with
the intoxication). It is believed that such curves convey a lot more information
than the correlation factor or quantity of information.
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Furthermore, they allow for an intuitive comparison of the factors, by super-
posing the curves. For instance, the impact of tobacco can be argued from the
fact that the non-smoking individuals all lie in the better half of the population
(their risk is less than the median risk). The heavy smoker risk is always higher
than for non-smokers; 2/3 of the heavy smokers show an above-average risk and
the risk rises sharply for the worst 20% of the heavy smokers.

The apparently lesser impact of alcohol must be taken with care. On one
hand, it is true that a small amount of red wine was found beneficial against some
CVD. On the other hand, it appeared from the data that the men considered
“light drinkers”... were not drinking so lightly.

5.4 Sensitivity Analysis

The multiplicity of optimal solutions for the AUC criterion and/or the variability
of stochastic optimization, can also be exploited for sensitivity analysis.

Let us represent a model h as a curve i, w;, where ¢ stands for the index of
the attribute and w; is the associated weight. Fig. [ displays 21 models learned
from the total dataset, showing that some attributes play a major role for the
target concept (typically the tobacco factor, attribute 9). Conversely, some other
attributes can be considered as weakly relevant at best. Last, the inspection of
the curves suggests that some attributes might be inversely correlated, hinting
at the creation of compound attributes.

Sensitivity analysis

Weights

Attributes

Fig. 4. Sensitivity analysis

6 Conclusion and Perspectives

This paper investigates a recent learning criterion, the maximization of the area
under the ROC curve. A simple ES-based maximization of this criterion ap-
pears to be competitive with well-founded statistical learning algorithms, SVMs
[Vap9s|.

The real-valued nature of the hypotheses allows for visual impact studies,
assessing the contribution of any attribute to the concept at hand; as shown
in Sect. Bl such visual representations provide much richer information than a
correlation factor.
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Moreover, the intrinsic variability of evolutionary results can be exploited to
provide “for free” a sensitivity analysis.

Further research is concerned with extending ROGER to more complex in-
stance and hypothesis languages, using for instance kernel representations. In
parallel, the sensitivity analysis will be exploited for feature selection and con-
struction.
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Abstract. This paper presents an approach to simulating the evolu-
tion of language in which communication is viewed as an emerging phe-
nomenon with both genetic and social components. A model is presented
in which a population of agents is able to evolve a shared grammatical
language from a purely lexical one, with critical elements of the faculty
of language developed as a result of the need to navigate in and exchange
information about the environment.

1 Introduction

This paper discusses the evolution of language in societies of learning agents ex-
posed to evolutionary pressure, and the impact the emerging social phenomenon
of language has on the agents’ performance on the task being learned.

There has been a lot of interest in adaptive and learning agents and multi-
agent systems recently, with learning of co-ordination, timeliness of learning,
combining evolutionary adaptation with individual learning and the learning of
communication among the issues at the focus of attention [I]. Language has a
dual role in societies of learning agents, as its concepts are a means of communi-
cating knowledge, yet they also represent a repository of knowledge distributed
among its speakers, but almost never present as a whole in the memory of any-
one of them. Language is a powerful tool where co-operation is needed. In an
evolutionary set-up where individuals of a species compete for survival, a speech
act disclosing the location of valuable resources can be seen as altruistic, as it
helps the listener at the speaker’s expense. Altruism directed to relatives has
been observed in nature [2] and proven to be evolutionary viable in computer
simulations [3]. Here language will be seen as a form of kinship-driven altruism.

This paper builds on our earlier suggestion that some of the origins of human
language can be found in the need to share information about the environment,
which could result in a proto-language, the grammatical structure of which copies
the structure of the landscape [4]. In a research review published shortly after,
Hauser, Chomsky and Fitch [5] consider navigation as one possible computa-
tional problem, the solution to which required the evolution of recursion, which
they assume to be the only uniquely human component of the faculty of lan-
guage. Their paper also suggests a possible link between the abilities needed for
optimal foraging and computationally efficient processing of language. In a more
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general way, the suggestion that “language could have developed as a means of
transferring information about the spatial aspects of the environment (how to get
somewhere, how to find food)” appears as early as 1978, in a footnote in O’Keefe
and Nadel’s book [6]. We shall describe one possible mechanism through which
language grounded in the environment could emerge, and study the impact that
language has on the generic learning task of any living creature, namely, to
increase success in survival and reproduction.

2 Simulations of the Evolution of Language

In recent years, there has been much research carried out in attempting to
model the evolution of language through computer simulation. This research
falls broadly into two classes, simulations in which language emerges in a sin-
gle generation and simulations concerned with evolving a language over several
generations.

In the former class, one of the most prominent researchers is Steels [7]. In his
simulations, a population manages to arrive at a single, shared lexical language
through participating in a series of ‘language games’. In a language game, two
agents both discuss an object visible to them. If they can agree on a word (or
set of words) to describe that object, then they both increase the weight they
associate with that word/meaning pair. After many language games involving
different agents, a shared global lexicon emerges. Batali also presents an inter-
esting simulation in which a language emerges [§]. In this case, a compositional
language occurs through a series a language games. The mechanisms for playing
the games and the memory that the agents possess is significantly different in
the two simulations, but in both cases a globally understood language emerges
from a series of local interactions.

Amongst those studying languages which are created over several genera-
tions, Kirby’s simulations [9] are amongst the most compelling, though Zuidema
& Hogeweg [10] and Oliphant & Batali [11] also present interesting results. In
Kirby’s simulations, a single agent attempts to express (resorting to invention
if necessary) a subset of meanings sampled from a set of meanings expressed
in predicate calculus while another agent attempts to learn to speak based on
the linguistic output paired with the expressed meaning of the first agent. The
agent which listened is then required to speak in the same way as the first agent,
while its output is learned by yet another agent. After thousands of cycles of
this expression/induction behaviour, a grammar with the minimum number of
necessary rules is seen to emerge and persist from generation to generation.
Kirby attributes this to the ‘linguistic bottleneck’ that prevents the observation
of all meanings by a single agent. Only compositional grammars can successfully
pass through this bottleneck, as idiosyncratic phrases present in a grammar
may fail to be expressed at some cycle and be lost from the language. This
explanation for the emergence of grammar differs considerably from the views
expressed by many linguists, most notably Chomsky, who suggest that humans
have become adapted to language, rather than language adapting to humans.
Chomsky suggested that a learning bias facilitating the acquisition of language
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is present in humans in the form of a highly specialised Language Acquisition
Device (LAD) [12[13]. Learning a language by children exposed to it then would
only require setting the specific parameters of the LAD in order to acquire an
appropriate model (grammar) [14].

Our approach differs from all of those simulations mentioned above in several
important aspects. Primarily, we see language as a tool to achieve some purpose.
This means that we can consider issues such as when language will come to
be used by a population, whereas other researchers have simply assumed that
language is beneficial and sidestepped these issues. We also differ in our approach
by assuming that the meaning of an utterance must be inferred from its context.
The majority of previous research has explicitly given agents the signal and the
meaning that it represents. We propose to remove this, instead having agents
deduce the meaning of a signal based on the context within which it is used.
Finally, we have agents subject to natural selection based on properties not
directly linked to their linguistic ability. In other research, either agents have
been selected directly for their ability to speak (making the results striking yet
inevitable) or no selection of agents has been used (either the population is static
or all agents are removed with equal probability).

3 Altruism and Neo-Darwinism

Our research is based within the domain of simulating learned communication
systems. Here, of particular interest is the issue of why any individual should
develop or choose to use such a system to speak. More specifically, we present
a framework in which the urge to use language is seen as an inherited feature
selected by evolution, while language itself is a social phenomenon that is passed
on through interaction rather than genetically inherited. Clearly, an entity that is
able to use such a communication system to understand the meanings of others’
speech is at an advantage, as it can gain information through the work of others
rather than its own toil. However, it is less apparent why an individual should
choose to speak, when this will clearly give others an advantage that this one
has had to work hard to gain.

In Darwinian terms, by helping others with no obvious benefit to itself, the
individual has acted altruistically, decreasing its own fitness relative to that of
others, and therefore we would expect such behaviour to be selected against
by nature. However, the existence of human language clearly shows that in
at least one case natural selection has acted opposite to this expectation. Re-
searchers studying learned languages have not studied this question, but several
researchers [TH16] have looked at similar problems in the domain of innate com-
munication systems and we look to this work for possible approaches. They have
found that, in their most abstract models, communication does indeed seem to
be selected against if an agent can choose not to speak without penalty. How-
ever, there are possible modifications to these systems that seem to encourage
communication to occur. A spatial distribution is one such modification that can
be applied, with agents interacting more with those spatially adjacent to them.
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This promotes reciprocal altruism, in which both entities benefit by cooperating
rather than competing.

Another possible explanation is to look at the issue of altruism from a Neo-
Darwinian perspective. Hamilton [I7] shows us that if we view the basic element
of evolution not as the individual, but as the gene, we find that natural selection
may actually favour selfless acts in the form of kinship-driven altruism. This form
of altruism involves helping relatives proportionally to their degree of kinship to
the altruistic entity. For instance, should such an entity die saving the lives of
three of its children, there will probably be more copies of its genes remaining
alive than if it had preserved its own life. Through this mechanism, a hypothetical
gene promoting altruism would be able to spread itself. We begin our current
work assuming that altruism has been promoted and fixed in the environment
as has been shown in our previous work [3].

4 Evolution of Language in Multi-agent Systems

We have chosen to simulate the evolution of language within a multi-agent sys-
tem (MAS) setting. This allows us to simulate with ease many of the potentially
relevant phenomena, such as the density and spatial distribution of agents (lan-
guage speakers) and resources, along with the degree of agents’ mobility. The
MAS framework also permits to study the behaviour and social (both verbal and
non-verbal) acts of each and every individual, if necessary.

Simulations of the evolution of language using the multi-agent paradigm can
be of interest to the designer of any general-purpose agent-based applications.
In a dynamic environment that changes considerably during an agent’s lifetime,
the faculty of learning could be essential to its success. Machine learning tech-
niques could be used for this purpose [I]. Learning biases that specify the range
of possible hypotheses are indispensable in machine learning, and their choice is
crucial to the success of any of its algorithms. In an evolutionary MAS setting,
sexual reproduction and mutation can be used to explore a range of possible
learning biases, from which natural selection would choose the best. Evolution
in the MAS can follow the Darwinian principle that individual experience can-
not change one’s genes. One would expect Darwinian evolution to advance in
small steps, and select only very general concepts, as they would have to remain
useful for many generations. One could also implement Lamarckian evolution:
use a MAS in which the parents’ experience can be reflected in the learning bias
inherited by their offspring. Lamarckian evolution is faster, but brings the risks
of inheriting too specific concepts based on the parents’ personal experience.

This work explores yet another, third, way of evolving a learning bias that is
open to populations of agents able to communicate. Language uses concepts that
are specific enough to be useful in the description of a variety of aspects of the
agent’s environment (including other agents), yet general enough to correspond
to shared experience. In this way, the concepts of a language serve as a bias used
to describe the world that is inherited through social interaction rather than
genes. However, to preserve the additional advantage that the use of language
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brings about in the case of a changing environment, the MAS designer should
allow the language to evolve.

5 The York Multi-agent Environment

The York Multi-Agent Environment [I8] is a general-purpose Java-based plat-
form for the simulation of learning and natural selection in a community of
agents. The system draws a parallel with the world of nature. It provides tools
for the specification of a two-dimensional environment with a range of features,
such as different types of terrain, landmarks, food and water resources. The en-
vironment consists of a number of squares, each of which can hold up to four
agents. The user can edit to a large extent the specification of each of a num-
ber of species of agents—what they eat, what types of sensors they possess. A
snapshot of an ongoing experiment is shown in figure [1

The agents have a default, hard-coded behaviour, which can be used as a
baseline reference in the evaluation of learning. The behaviour is based on the
notion of “drives”, which represent the intensity of each of the agents’ basic
needs. There are three such drives used in the current implementation: hunger,
thirst and sex drive. At each step, after a payment of energy is made to remain
alive, the drives are evaluated and an appropriate action is taken. If at the
beginning of a time step an agent finds itself to be hungry, it will attempt to
find food. Likewise, if it is thirsty it will endeavour to find water. Should an agent
require both food and water it will deal with the more pressing need. Utilising
a resource will reduce the appropriate drive back to its minimum level.

If two agents sharing a location have adequately low levels of hunger and
thirst, they can have offspring if their sex drive is sufficiently high and they
can afford the cost of reproduction, which is subtracted as a payment from their
energy levels. The offspring created has initial energy levels equal to the parents’
cost of mating.

6 Evolving Songlines

Our approach was initially inspired by Chatwin’s description of songlines [19], a
form of oral tradition among Australian aboriginal tribes. Songlines reflect a be-
lief that “Ancestral Beings roamed once the face of the earth, creating the features
of the landscape. .. along the tracks that mark their journeys [20].” Songs and
dances often function as title deeds to land, recording myths about the creation
of particular sites. In the grouping of songs into series, “the most pervasive is
the geographical organisation of songlines, where each ‘small song’ equates with
a different site along an ancestral journey, and the series as a whole constitutes
a sung map [20].” In our simplified interpretation, a songline describes a fixed
migration route of a group of individuals as a list of landmarks, the evocative
names (and descriptions) of which help unassisted recognition.

Disclosing the songline to outsiders is often strictly prohibited. One could see
this as an attempt to protect the tribal knowledge about the location of scarce
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resources. Nevertheless, there are situations in which members of different tribes
may decide to exchange parts of their songlines. From our point of view, sharing
the knowledge of a songline within the tribe can be seen as a form of kinship-
driven altruism, and inter-tribal exchange of songlines as reciprocal altruism.
The main characteristics of our approach are as follows:

— Use a MAS to simulate the evolution of language;

— Assume that altruistic behaviour between relatives (i.e., kinship-driven al-
truism) exists in the population, e.g., has been promoted by natural selection
as demonstrated in our previous work [9]. In fact all agents behave as if clones
sharing a single genotype;

— Set the agents to perform an altruistic act of sharing information about the
location of resources in the environment. These resources are exhaustible,
but when depleted will renew themselves after a period of time.

Information about resource location is shared in the form of paths, consisting
of sequences of landmarks that are to be seen along the way to the target des-
tination. Though the act of communication incurs no direct energy cost for the
speaker, sharing information about resource location is clearly an altruistic act
for two reasons. Firstly, it is likely to increase the fitness of the receiver, who
will subsequently know the location of more resources and, secondly, the speaker
is likely to have more difficulty in surviving, as it has to share the exhaustible
resources with the receiver.

Landmarks are identified by unique names, which are shared by the whole
population. The names are not derived from the landmark properties. There are
two ways in which an agent may acquire a new path; it may find one through
exploration, or it be given one linguistically by another agent. In both cases,
rules are stored internally as a grammar rule of the form:

goto(Target Resource) — goto(Pos(X)), L1, La, ..., Ly
where L; are landmark names, and Pos(X) is the current position of the listener
defined by the snapshot of its surroundings, stored as a matrix of the visible
landmarks with the vision range limited. Rules of the above form can be inter-
preted either as procedural rules guiding the agent from location X to resource
of the given type or, alternatively, as grammar rules of a regular language.

It should be noted that the description of path chosen is a relatively impov-
erished one. So, for instance, no absolute or relative co-ordinates of landmarks
are used, neither is the direction to follow or distance between consecutive land-
marks described. The assumption made is that each landmark would be visible
from the previous (or random exploration would be needed to find it).

In addition to the rules of the form presented above, it is vital that an agent
can travel to the beginning point of a path: without a rule that states how to
arrive at Pos(X), the rule is of little practical use. To this end, agents collect
and store information about the landmarks they pass while wandering around
the environment in a short-term memory, which is distinct from its knowledge of
grammar rules. When a position of some importance is reached, this sequence of
landmarks is used to add a new grammar rule to the agent’s knowledge stating
the path between the locations in question. For example, an agent may begin
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at position Pos(A) and randomly pass landmarks L1, Lo and L3 before arriving
at a significant position, Pos(B). The following rule will then be added to the
agent’s knowledge base:
goto(Pos(B)) — goto(Pos(A)), L1, La, Ls.
This rule states that to travel to Pos(B) is equivalent to travelling to Pos(A)
and then passing the given landmarks in order. Additionally the inverse of the
rule is also added allowing the agent to return from Pos(A) to Pos(B). A rule
will also be added to explain why this point is of interest, namely which resource
it contains:
goto(food) — goto(Pos(B))

To access the information stored in the grammar in order to reach resources, the
agent will need to generate a sequence of landmarks from the grammar, which
will form a path that the agent can follow. This is done by using the grammar
to generate a list consisting of only landmark names. The starting rule for this
process is one of the rules with the left-hand side of goto(TargetResource). These
rules are kept in a queue with the first rule taken when one is needed and then
returned to the rear. Enqueuing the rules in this way ensures agents do not
become dependent on a small number of resources, but explore the environment
more fully. In order that the parsing does not recurse indefinitely, an additional
rule is needed stating that going to the current location of the agent can be
rewritten as an empty sequence of landmarks. The parsing takes place using
an A* search, with the metric based on the length of the path; this guarantees
agents take the shortest route of which they are aware. As a route between
the agent’s current position and the resource it wishes to find may consist of
following several sections of path (e.g. an agent may have to go from point A
to point B to point C), the grammar is compositional: an agent will need to
compose the rules to get from A to B with the rule to get from B to C in order
to get from A to C. Furthermore, an agent may initially use one route to get
from A to C, but on acquiring a shorter route between B and C, will change the
route it takes between A and C appropriately.

When a pair of agents meet at a point, they may exchange routes to resources.
As stated earlier, this is viewed as an altruistic act that has been previously
promoted by evolution. Generating a route for exchange is carried out using
exactly the same process that an agent would implement if generating the route
for its own use. This route is subsequently passed to the other agent, who stores
it as a rule of a similar form to those shown above. Whether the route generated
leads to food or water is decided before the interaction occurs based on the needs
of the agents concerned. This ensures that the agent receiving the route knows
whether to follow the route when it is hungry or when it is thirsty.

7 Results and Evaluation

Intuitively, one would expect to find a relationship between the range of sight
that the agents possess and the frequency of landmarks in the environment, on
one hand, and the usefulness of the path representation chosen, on the other. For
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instance, communication might be expected to provide the greatest benefit when
the resources are spaced so they are frequently out of sight, and if one landmark is
not so far from another than meaningful descriptions of paths become impossible.
If, in a given environment, linguistic descriptions prove useful, i.e., storing and
exchanging them promotes the survival of the agents involved, one would expect
to observe the following two phenomena:

— Agents possess sets of rules describing paths, which ultimately lead to a
useful resource;

— This set of rules can be seen as a proto-language, the grammatical structure
of which copies the structure of the landscape.

Evaluation of the benefits of language was conducted using the environment
shown in figure [l Agents had a range of sight set to two squares in all directions
(including diagonally). This prevented agents from observing a food resource
when close to a water resource, but ensured plentiful landmarks by which to
navigate. To compensate for the wide spacing between resources, agents had
their exploration algorithm biased to give them a tendency to travel in a straight
line with a probability of deviating left or right at each step. The environment
was initially loaded with many more (uniformly distributed) agents than the
resources were able to sustain in the long term. This overloading of the environ-
ment ensured that meetings between pairs of agents was frequent early in the
simulation, since without these meetings language would not have been used and
thus be of no consequence to the simulation.

The criteria used to measure any benefit that language provides to the com-
munity of speakers was to record population size and total energy (and water) of
the population, and to compare this to a control population in which there was
no exchange of information, but otherwise behaved identically: our hypothesis
was that language evolution is a form of multi-agent learning which allows a
population to improve performance as measured by its exploitation of resources.

The results of our experiment (as shown in figures 2l Bland H)) clearly show a
significant improvement in performance by the population of agents capable of
using language. In this experiment, the maximum lifetime of an agent was set
to be 300 cycles: if an agent had not died of hunger or thirst after this time, it
died as a result of old age. At the end of the simulation run shown, the agents
remaining in the population must be at least the fourth generation. Though
both populations initially decline greatly in number (as was predicted due to
the overloading of the environment), the population able to use language fairs
better over the course of several generations than the other population, which
in many cases dies out entirely by the third generation.

It is not difficult to see some of the potential benefits of language a priori due
to the way in which an agent is able to survive. In the system without language,
the only method of survival is for an agent to locate both resources by randomly
discovering them while wandering in the environment, and then following the
memorised paths. The probability of an agent surviving in a later generation is
very similar to the probability of an agent surviving in the initial population,
as it faces the same challenges of locating resources that the earlier generation
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had. In the population where language was not suppressed, agents in the initial
population had to locate the resources through exploration in much the same
way as those in a population without language (though some agents unable to
find the resources may be directed to them by more successful agents). However
in later generations an agent is able to learn of the location of resources from
its parents through language, and hence the survival rate of agents born into
later generations of the speaking population is far greater due to the fact less
exploration is needed. It was possible however, that sharing knowledge about
resources could have lead to a population with similar, very low levels of energy,
below the minimum needed for reproduction: while language could have helped
more agents to survive, this population could have been less viable in the long
term due to an inability to reproduce.

A separate form of evaluation is possible in which we examine the language
as interesting in its own right, instead of viewing it as merely the way in which
information is exchanged. By observing the internal language (set of rules) of
each agent, one can measure the similarity between the languages used by each
pair of agents as the ratio of shared rules and (hierarchically) cluster all agents
accordingly. If agents are split into a set of mutually exclusive clusters, all agents
within the same cluster can be seen as speakers of the same, shared language. In
this case, language is seen as a social artefact that only exists in the community
of its speakers.

In a second environment in which food and water were more plentiful and
more evenly spread than in the previous experiment, simulations were run to
examine the type of language which emerged. Reproduction was not used in
these experiments, as the aim was to observe how the language spoken by agents
changed over time, and the addition of new agents to the population could alter
the way agents clustered. Our aim was not to study the advantage language gave
in some task, hence only agents capable of language were studied without using
non-speaking agents and no record of population dynamics was kept. Cluster
diagrams resulting from a single run of this experiment are shown in figures
EHZ The diagrams show that the agents spontaneously arrange themselves into
various distinct subsets, which manage to persist over time. Most of the agents
which are closely related in the initial graph are still close in the latter graph,
in most cases still clustering most tightly with the same agent, though some
agents such as 50 and 21 do migrate to different groups. The difference between
cluster diagrams for an environment with more resources which are more easily
found, and that for an environment with lower numbers of resources is very
apparent. When several food and water sources are available, the community
splits into well-defined subsets each of which is linguistically distinct from the
others. In contrast, when few resources are available, less well-defined groups
are formed, with little distance between them. This is due to the fact that when
many resources are available, agents find it possible to exist in a sub-region of
the environment having little contact with the larger community.

In the sparser environment however, agents are forced into having similar
grammars, as all rules gained will mention a small amount of significant places
common to all individuals.
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Fig.1. The York Multi-Agent Environ-
ment. Agents are shown in white, water
resources in light grey, food resources in
black and landmarks in dark grey.
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Linking the properties of language to the environment in which it emerged has
a precedent. Pagel [21I] presents a detailed account of the variation of diversity
of human languages in relation to environmental properties, such as latitude
and number of habitats. He also demonstrates the correlation between linguistic
diversity and genetic diversity (number of species) in a given ecosystem. One
observation of particular interest is the reference to Birdsell’s discovery that the
density of Australian aboriginal languages is higher in wetter areas [22]. This
is variously explained as a result of the higher potential of the environment to
sustain more groups that are self-sufficient or due to migration towards richer
areas.

8 Conclusions and Future Work

We have outlined in this paper one possible system whereby a useful simple
compositional language is able to emerge from a purely lexical one. Furthermore,
we have shown that the existence of such a language can improve the performance
of agents able to use it. Our presented experiments have hinted at the possibility
of language becoming severed into different mutually unintelligible communities
under some conditions, a direction worth exploring further in the future.

Though currently, there is no explicit ranking of rules based on their use-
fulness in finding resources, a system does emerge whereby some rules are used
more frequently and in preference to others. This occurs in situations where an
agent has several rules for travelling between a single pair of points. In this sit-
uation, the route with the shorter length (i.e. the least number of landmarks)
will always be chosen in preference to the other due to the metric used in the
parsing process. Future improvements to the system would involve making such
ranking explicit. Rules could then be pruned when found to be of little or no
continuing use. This would prevent the apparent linguistic difference between
agents speaking the same dialect increasing with time, even though they possess
very similar knowledge. For similar reasons, it is important that duplicated in-
formation be removed from the grammar. This produces an unnecessary degree
of separation between agents when they are clustered, and severely slows the
speed of simulation. These changes would not lead to change in the behaviour
of the system, however the grammar could also be acted on by some process of
induction, with the aim of both reducing its size and producing new knowledge
not previously held.

At present, we have assumed that landmarks can be distinguished between
by globally recognised words. In our ongoing work, we intend to remove this
condition and investigate a situation in which the same name is used for all
landmarks of the same type, and these names are evolved through a process of
negotiation as in Luc Steels’ work [7] at the same time as the routes between
resources are discovered.
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