Spatial anisotropy encourages parapatric speciation
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ABSTRACT

The anisotropic selection in Cellular Genetic Algorithne&As) is known to allow the control of
the selective pressure but also to enhance the diversitghndaie two important issues in Genetic
Algorithms, especially when trying to solve difficult optimation problems. In cGAs, the population
is embedded upon a grid. With the spatial anisotropy of thightmrhood of the each grid cell,
new evolutionary dynamics such as speciation can be expediee process of species formation
in the presence of some gene flow between diverging popul&ioalled parapatric speciation. In
this paper, the artificial evolution of populations in cGAstihe presence of anisotropic selection is
compared to this natural speciation phenomenon.
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1 Introduction

Evolutionary Algorithms (EA) are search methods that harpipulations of potential solutions. In EA, the
individuals undergo alternated phases of selection andti@m. The selection phase is based on the evaluation
of the performances of each individual, whereas the vanatiare performed by genetic operators that work
on solution coding to produce new individuals. One of the leues of EA is the loss of diversity due to
the selective pressure that leads tpramature convergendeward local optima. Since the early work on EA,
the ability to maintain a good trade-off between explomatid the search space and exploitation of potential
solutions has been investigated to avoid premature coewersy A classical solution resides in the promotion
of speciationin artificial populations and various methods have been gge@d. The underlying idea is most
of the time based on the concept of mating restriction. FamgXe, a distance measure between individuals
can be introduced (genotypic or phenotypic) and the regtoiuis controlled according the similarity between
individuals (Golberg & Richardson 1987). An alternativédsmpose a geographical context to the populations
(islands or grids models) and then to limit the reproductmsapatially close individuals (Spiessens & Manderick
1991, Gorges-Schleuter 1991).

The cellular genetic algorithms (cGAs) are a subclass of EAviich the population is embedded upon a
grid. Recently Simoncini et al. (2006) have extended the s@i#h the anisotropic selection. In this algorithm,
a parameter controls the spatial anisotropy of the gridwallg the promotion of the diversity and an accurate
regulation of the selective pressure during the evolutippaocess. Studies in ecology have demonstrated that
this kind of assortative mating should be enough to prodpeeiation (Almeida & de Abreu 2005).

This paper deals with the possibility of creating and mainitey species with spatial anisotropy in the cGAs
and it is structured as follows: the section 2 starts with sardew of the cGAs then it explains how the
anisotropic selection is implemented and finally the infeesof anisotropy in both selective pressure and al-
gorithm performance is reported. In section 3, the classieinitions of speciation in nature are presented and



the evolutionary dynamics of cGA with anisotropy selecti®oompared to parapatric speciation.

2 Structured populations and Spatial anisotropy

2.1 Cellular Genetic Algorithms

The cellular Genetic Algorithms (cGAs) are a subclass ofl@mnary Algorithms in which the population is
generally embedded on a two dimensional toroidal grid. s kind of algorithms, exploration and population
diversity are enhanced thanks to the existence of smallapeed neighborhoods (Spiessens & Manderick 1991).
An individual of the population is placed on each cell of thiel@nd represents a solution of the problem to solve.
An evolutionary process runs simultaneously on each cethefgrid, selecting parents from the neighborhood
of the cells and applying operators for recombination, riotes and replacement for further generations. Such
a kind of algorithms is especially well suited for complexbplems (Jong & Sarma 1995). One of the interests
of cGA is to slow down the convergence of the population amaiggle individual. Complex problems often
have many local optima, so if the best individual spreadddsbin the population it will improve the chances to
reach a local optimum of the search space. Slowing down theetgence speed can be done by slowing down
the selective pressure on the population.

2.2 Anisotropic selection

The anisotropic selection is a selection method in whichmtisighbors of a cell may have different probabilities
to be selected. The Von Neumann neighborhood of a(¢édl defined as the sphere of radiusentered a€' in
manhattan distance. The anisotropic selection assigfesetit probabilities to be selected to the cells of the Von
Neumann neighborhood according to their position and smeeponds to a spatial anisotropy. The probability to
choose the center cell remains fixed a%. Let us callp,s the probability of choosing the cells Norttv{ or
South ) andp.,, the probability of choosing the cells Eadt) or West (V). Leta € [—1;1] be the control
parameter that will determine the probabilitigs, andp..,. This parameter will be called trenisotropic degree
The probabilitiep,,; andp.,, can be described as:
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Thus, whery = —1 we havep.,, = 1 — p. andp,,s = 0. Whena = 0, we havep,,s = p.,, and whem = 1, we
havep,s = 1 — p. andp.,, = 0. Figurel shows a Von Neumann Neighborhood with the probabilitiesetect
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Figure 1: Von Neumann neighborhood with probabilities toate each neighbor

each cell as a function ef.

The anisotropic selection operator works as follows. Fahezell it selects: individuals in its neighborhood
(k € [1;5]). Thek individuals participate to a tournament and the winneraegs$ the old individual if it has a
better fithess or with probabilit§y.5 if the fitnesses are equal. Whan= 0, the anisotropic selection is equivalent
to a standard tournament selection and wher= 1 or a = —1 the anisotropy is maximal and we have an
uni-dimensional neighborhood with three neighbors ontythe following, considering the grid symmetry we
will considera € [0; 1] only: whene is in the range [-1;0] making a rotation 66° of the grid is equivalent to
consideringx in the range [0;1].

Accounting for the value ofy, the anisotropic selection may induce an assortative matikivhen the
anisotropic degree is null, there is no anisotropy in s@ectmethod, the algorithm corresponds to the stan-
dard cellular GA. When the anisotropic degree is maximagcmn is computed between individuals in the same
column only, the algorithm is then an island model where eadipopulation is a column of the grid structured
as a ring of cells with no interactions between sub-popattati When the anisotropic degree is set between low



and maximum value, according to selection, a number of iddals can be copied from one sub-population (i.e.
column) to the adjacent columns.

2.3 Selective pressure

The selective pressure is related to the population dityeirsicellular genetic algorithms. One would like to
slow down the selective pressure when trying to solve multied problems in order to prevent the algorithm
from converging too fast upon a local optimum. On the oppositle, when there is no danger of converging
upon a local optimum, one would like to increase the selegiiessure in order to obtain a good solution as fast
as possible. A common analytical approach to measure tbetsel pressure is the computation of the takeover
time (Rudolph. 2000) (Sprave. 1999). It is the number of gatiens needed for the best individual to conquer the
whole grid when the only active operator is the selectionl@@erg & Deb 1990). Figure 2 shows the influence of
the anisotropic degree on the takeover time. This figureasgants the average takeover times observethoa
runs on a32 x 32 grid for different anisotropic degrees. It shows that thiec®/e pressure is decreasing while
increasing anisotropy. These results confirm that the &oigiz selection gives to the algorithm the ability to
control accurately the selective pressure. They are fablysistent with our expectation that selection intensity
decreases when the anisotropic degree increases. Howleyegrrelation between takeover and anisotropy is not
linear; it fast increases after the value= 0.9.
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Figure 2: Average of the takeover time as a function of the@ndpic degree..

2.4 A case study : The quadratic assignment problem

We experimented the anisotropic selection on a QuadratgigAment Problem (QAP): Nug30. The
QAP is an important problem in theory and practice as well. wHs introduced by Koopmans and
Beckmann in 1957 and is a model for many practical problemgoffthans & Beckmann 1957). The
QAP can be described as the problem of assigning a set oftilexito a set of locations with given
distances between the locations and given flows betweenatibties. The goal is to place the facil-
ities on locations in such a way that the sum of the productsvden flows and distances is minimal.
Givenn facilities andn locations, twon x n matricesD = [d;;] andF' = [fx;] whered;; is the distance between
locationsi and; and fy; the flow between facilitieg andl, the objective function is:

o= Z Z dp(iyp(s) fig
7 J

where p(i) gives the location of facilty ¢ in the current permutation p.
Nugent, Vollman and Ruml proposed a set of problem instantatifferent sizes noted for their difficulty
(C.E. Nugent 1968). The instances they proposed are knolWwawe multiple local optima, so they are difficult
for a genetic algorithm. We experiment our algorithm on tBe/8riables instance called Nug30.

241 Setup

We use a population of 400 individuals placed on a square (@fidx 20). Each individual represents a
permutation of 1, 2, ..., 30}. We need a special crossover that preserves the permugation



Select two individualg; andp- as genitors.

Choose a random positian

Find j andk so thatp; (i) = p2(5) andpa (i) = p1 (k).

exchange positionsand; from p; and positiong andk from ps.
repeatn/3 times this procedure whereis the length of an individual.

This crossover is an extended version of the UPMX crossoragsed in (Migkikh, Topchy, Kureichik &
Tetelbaum n.d.). The mutation operator consist in randoselecting two positions from the individual and
exchanging those positions. The crossover rate is 1 and veendotation per individual. We perform 500 runs
for each anisotropic degree. Each run stops after 1500 gtoes.

2.5 Bestresults

Figure 3 shows the average performance of the algorithmridswaon the QAP: for each value ofwe average
the best solution of each run. The purpose here is to minithieeitness function values. The performances
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Figure 3: Average costs as a functioncofor the QAP.

are growing witha and then fall down as is getting closer to its limit value. The best average penance

is achieved forx = 0.86. This threshold probably corresponds to a good explor&igpioitation trade-off: the
algorithm favors propagation of good solutions in the wattdirection with few interactions on the left or the right
sides. This kind of dynamics is well adapted to this multielloproblem as we can reach local optima on each
columns of the grid and then migrate them horizontally to firedv solutions. The worst average performance
is observed forx = 0. o = 0.86 corresponds to the optimal trade-off with the best migratiate between
sub-populations. In our model, the migration rate is notrthmber of individuals which are swap between sub-
populations, but the probability for the selection operadochoose two individuals from separate columns: two
individuals from separate sub-populations would then sliaformation. We can tell that there is an optimal
migration rate that is induced by the value of the anisotragigreex. Performances would probably improve if
the migration rate did not stay static during the searchgsscAs in (Alba & Dorronsoro 2005), we can define
some criteria to self-adjust the anisotropic degree al@megations.

3 Speciation and Spatial anisotropy

3.1 Definitions

The two most discussed types of speciation found in thealitee are the sympatric and the allopatric speci-
ations. The allopatric speciation is due to genetic driff aatural selection in two populations separated by a
geographic barrier. Along several generations, the twaitagjfpns develop so many differences that they become
reproductively isolated and can no longer interbreed. Hmepatric speciation is far more complex since in this
case there is no physical barrier to prevent gene flow. Nodaanmating and competition are the essential in-
gredients (Gavrilets & Gravner. 2000), although some autletaim that assortative mating alone is enough to
produce reproductive isolation followed by sympatric spgon (Almeida & de Abreu 2005).



The parapatric speciation can be seen as the most geneeafaaspeciation that includes both allopatric
and sympatric speciation (Gavrilets 2004). The populaticzupies a spatially continuous habitat and adaptation
evolves from a gradient which may or not result in speciatMie think this latter scenario can be reproduced in
anisotropic cGAs .

3.2 Emergence of Species

In this section, the polymorphism of the population is usedhonitor the emergence of species. We study the
evolution of the genotypic diversity during runs withintest the whole grid, the rows and the columns. For that
purpose, three measures on the population diversity areredid along generations a0 independent runs for
each anisotropic degree.

First, we define the global population diversit:
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whered(z1, z2) is the distance between individuals andx.. The distance is inspired from the Hamming
distance: It is the number of locations that differs betweem individuals divided by their length. Then, we
measure the diversity inside potential sub-populatioestigal diversity) and diversity between sub-populations
(horizontal diversity). The vertical (resp. horizontalyersity is the sum of the average distance between all
individuals in the same column (resp. row) divided by the banof columns (resp. rows):
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wherefir andfc are the number of rows and columns in the grid.
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Figure 4: Global population diversity against generatioith increasinga from bottom to top (a) and vertical
diversity against horizontal diversity, with increasiandrom left to right (b).

Figure 4(a) shows the average global diversity observedhen(00 first generations during00 runs on the
QAP. The curves from bottom to top correspond to increasalges ofa from zero to nearly one. Experiments
measuring genetic diversity show that small migration fatelose to one) causes sub-population to dominate
others and retain global diversity without being able tolextge solutions to produce better results. This case
corresponds to a form of allopatric speciation define whelbaragier prevents genetic material to be exchanged
between close individuals. At the opposite, wittclosed zero, the global diversity falls near to zero af@w
generations causing premature convergence and negaiifetys performances (see figure 3).

Figure 4(b) represents the vertical diversity against thrézontal diversity. The contour lines plotted evénp
generations give some information on the speed of decrdatieavsity. The more the migration rate decreases
(i.e. « increases), the more the diversity is maintained on eactarahsub-populations converge in each column.
The vertical and horizontal diversities are decreasindyhiie same speed for the cellular model £ 0) and
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Figure 5: Local diversity in the population along genemasidleft to right) for increasing: (top to bottom)

lower number of interactions between sub-populationsdlp algorithm to maintain diversity on the rows when
«a is high.

Figure 5 shows snapshots of the population diversity dudng single run at different generations. The
snapshots are taken from left to right at generatibr)0, 500, 1000 and2000. The parametet takes values in
{0,0.5,0.7,0.86,0.98} from top to bottom. Each snapshot shows the genotypic diyeénsthe neighborhoods of
all cells on the grid. Color black means maximum diversitg aolor white means that there is no more diversity
in the cell's neighborhood. Those snapshots help to uraledighe influence of the anisotropic selection on the
genotypic diversity. First, we can see that the anisotrdpigree influences the dynamic of propagation of good
individuals on the grid. This propagation is the cause ofltiss of diversity in the population. In the standard
cellular model ¢ = 0), good individuals propagate roughly circularly, in boihedtions. If we slightly privilege
the vertical directionq = 0.5) the circles become elliptical. As increases, the dynamic changes and good
individuals propagate column by column. For extreme vabidise anisotropic degree(close tol) the migration
rate is so low that good individuals are stuck in the sub-petans and the sharing of genetic information with
other sub-populations is seldom observed. In that casedieetive pressure is too low and it negatively affects
performances. The crossover operator doesn’t have angt éfféhe white zones, since they represent cells with
no more diversity in their neighborhoods. For the standaituar case, interactions between cells may have
some effects on performances only at the frontier betweeriticles. It represents a little proportion of cells on
the grid after a thousand generations. kor 0.86, we can see vertical lines of diversity, which means thatigoo
individuals appear in each sub-populations. For examplenmve see two adjacent columns colored in gray,
it means that in those columns, two different species hawerged. At generatiof000, a good individual has
colonized the left of the grid but he still can share inforimatwith individuals in the gray zones. This is clearly
an example of speciation in the presence of a (small) gene\i@xthink that with such a setting the propagation
of the genetic information through the whole grid is possibl

3.3 Maintenance of Species

To show up to what extent anisotropic selection allows tatadn speciation, we have conducted experiments
where two different individuals with the best fitness (hejede placed on &4 x 64 square grid at the initial



generation. These optimal individuals are spatially disfeom each other in the less favored direction (here
oriented horizontally). Figure 6 shows some snapshotsetfreading of these two best over generations for
different anisotropic degrees. Cells in light gray (resprkdgray) are copies of the first best (resp. the second
best), and all white cells have a null fithess value. Germratgrow from top to bottom, and the anisotropic
parameterx increases from left to right. The left-hand row (= 0) represents standard binary tournament
schema ; we observe that standard selection is not able ttairaspecies, after 1000 generations the grid is a
mixture of the two optima. On the other hand caBicreases, two stable frontiers between species emerge, He
the spatial anisotropy increaseshesiorin each cells lineages.
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Figure 6: Spreading of two species

4 Conclusion and Perspectives

In cellular Genetic Algorithms (cGAS), the populations ateictured within a grid. In this paper, the spatial
anisotropy of the neighborhood of each cell can promote théng between individuals according to a given
specific direction. On the quadratic assignment problem aifisotropic degree plays a major role with regard
to the average fitness found. Indeed, the performancesasesawith the anisotropic degreeuntil a threshold



value ( = 0.86). After this threshold, an artificial barrier is createdweén sub-populations, and the migration
rate between columns becomes too small to generate goaébsslu

An empirical study of the local diversity in cGAs illustratéhe variations of the interactions between cells for
different settings of the system. The propagation of genmatiterial, which is strongly related to the genotypic
diversity in the population, depends on the anisotropiaelegPropagation of good individuals looks like circles
for low values ofa and turns to vertical lines for high values @f The genotypic diversity is maintained in the
population when the anisotropic degree is high, but wheggthes extreme values, the few sporadic interactions
between columns penalize the performances of the algorithmthe latter case, the emergence of species is
intuitively expected. However, in theory, the presence siall gene flux between different populations does not
prevent them from speciation. In this paper, we have repredsuch behaviors with the anisotropic selection
in cGAs, since the possibility of evolving and maintainimgesies, while preserving a continuous exchange of
information is empirically demonstrated.
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