SexualGA: Gender-Specific Selection
for Genetic Algorithms

Stefan WAGNER
Institute for Formal Models and Verification
Johannes Kepler University
Linz, 4040, Austria

Michael AFFENZELLER
Institute for Formal Models and Verification
Johannes Kepler University
Linz, 4040, Austria

ABSTRACT

Selection for reproduction in the context of Genetic
Algorithms uses only one selection scheme to select
parent individuals. When considering the model of
sexual selection in the area of population genetics it gets
obvious that the process of choosing mating partners
in natural populations is different for male and female
individuals. In this paper the authors introduce a new
selection paradigm for Genetic Algorithms (SexualGA)
based upon the concepts of male vigor and female choice
of population genetics which provides the possibility
to use two different selection schemes simultaneously
within one algorithm. By using this new concept
it is possible to simulate sexual selection in natural
populations more precisely. Furthermore, SexualGA
also offers far more flexibility concerning the adaptivity
of selection pressure enabling the GA user to tune the
algorithm more accurately.
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1. INTRODUCTION

Genetic Algorithms (GAs) developed by J. Holland in
1975 [14] represent a heuristic optimization technique
inspired by the process of natural evolution. Like bio-
logical individuals different solution candidates form a
population and develop from generation to generation
by selection, crossover, and mutation. Thereby the es-
sential steps can be stated as follows: The quality of
each individual is evaluated by a fitness function lead-
ing to a so-called fitness value. This fitness value is the
basis for the selection step in which above average fit in-
dividuals are chosen for reproduction. Crossover is then
used to form new solution candidates out of the selected
parents by combining the genetic code of two parents

and in that way generating a new solution candidate
called child in the terminology of GAs. Additionally, to
avoid an early stagnation of the optimization algorithm
mutation is used as a background operator to alter the
gene material of the children a little bit with low priority
(usually around 5%).

Although this basic concept of GAs is rather simple,
GAs have proven to be a very powerful and flexible op-
timization strategy in numerous different applications
like route planning, scheduling, time-table generation, or
machine learning (cf. [12], [17], [7]). However, in com-
parison with nature, GAs are naturally still based on
a drastic simplification of evolution. Moreover, GAs are
also faced with some severe difficulties: Besides the prob-
lem of solution encoding and designing proper crossover
and mutation operators, which is very critical to make
the fundamental property of GAs hold (i.e. "Good +
Good = Even Better”) [25], there is also a very sensitive
interplay between forces reducing and maintaining ge-
netic variety within the population (cf. [28], [21]). If
selection or stochastic effects reduce genetic diversity
too fast, the algorithm cannot procreate children out-
performing their parents anymore. It reaches a state
called premature convergence in GA theory which can
be compared with the problem of getting stuck in a local
but not global optimum well-known from neighborhood-
based optimization techniques. Otherwise, if genetic di-
versity is not reduced sufficiently, the GA falls in some
kind of equilibrium state being unable to exploit the full
optimization potential stored in its population.

Different publications are available presenting various
ways to better maintain genetic diversity (e.g. [6], [10],
[12]), studying the phenomenon of premature conver-
gence (e.g. [4], [3]), or analyzing the interplay of differ-
ent forces inside GAs (e.g. [23]). However, the general
concept of GA selection is rarely questioned. So in this
paper the authors concentrate on this aspect. Thereby,
the consideration of selection in natural populations and



especially the area of population genetics gives valuable
hints, how the classical GA selection model can be en-
hanced.

The area of population genetics concentrates on devel-
oping mathematical models to describe the variation of
allele frequencies in natural populations (for a detailed
overview see e.g. [13]). Especially different concepts of
selection are thereby of importance, as selection manip-
ulates the allele pool in a directed way. In that context
sexual selection is described as the concept of male vigor
and female choice, meaning that male individuals try to
spread their gene material as wide as possible and female
individuals are more selective by choosing rather above
average fit males to guarantee a high survival probabil-
ity of their offspring. So it seems to be preferable not to
use identical selection mechanisms for male and female
population members also in GAs.

Inspired by this view of sexual selection the authors
present a new selection mechanism for GAs (SexualGA)
by introducing two different selection operators, one for
the selection of male and one for the selection of female
individuals. In that way multiple combinations of dif-
ferent selection concepts can be realized, leading from
strategies inspired by nature (like fitness proportional
selection for choosing males and random selection for
choosing females) to other combinations especially in-
teresting in GA theory (like the combination of fitness
proportional selection mechanisms with tournament or
rank-based selection concepts).

In the experimental part of the paper the authors
present results of various test runs with instances of the
Traveling Salesman Problem (TSP) (e.g. [15]) taken from
the TSPLIB [20]. These results highlight different effects
of the new selection model concerning selection pressure
and changing of genetic diversity and clearly show the
higher flexibility provided by the SexualGA.

2. DIFFERENT SELECTION
CONCEPTS IN POPULATION
GENETICS

Population genetics aims to describe the topology and
temporal dynamics of genetic variation in natural pop-
ulations with the goal to understand the evolutionary
forces that act on populations. Like Evolutionary Com-
putation, population genetics also has an empirical as
well as a theoretical component. Especially for scien-
tists in the field of Evolutionary Computation, it should
be a very fruitful approach to consider the latest devel-
opments of population genetics, which should be kept in
mind as the bionic role-model for further developments.
Therefore, in the following, some up to date considera-
tions about population genetics is summarized which are
relevant for the new selection concept described in this
paper.

In the theory of GAs, selection and selection pressure
are one of the most essential success criteria. But these
factors support demographic stochasticity, i.e. the alle-
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Figure 1: Various Aspects of Selection During the Life-
cycle of an Individual

les of fitter individuals tend to dominate the population
(as these individuals are selected for reproduction more
often) whereas alleles which are stored only in individ-
uals with lower fitness tend to get lost due to parent
selection. Together with the fact that the size of the
population is rather small in a typical GA, or in a cer-
tain deme of a distributed GA, this indicates the impor-
tance of thinking also about genetic drift as a genetic
diversity reducing force [2] (cf. Hardy-Weinberg law of
population genetics [13]). In population genetics the loss
of genetic diversity due to selection and genetic drift is
mainly considered adverse, as in nature genetic diversity
in a population is essential for the ability to adapt to
changing environmental conditions. However, from an
Evolutionary Computation’s point of view, the fixing of
alleles containing genetic information of a global opti-
mal solution is desirable. Vice versa also the loss of def-
initely disadvantageous alleles positively influences the
performance of a GA. These considerations about the
benefits of fixing or losing certain alleles in Evolutionary
Algorithms is not respected in the diversity maintaining
mechanisms discussed in GA theory [6], [10], [12].

Since Darwin [8] selection is considered to be the most
important (and only) evolutionary mechanism for adap-
tation to the environment. In natural populations se-
lection occurs in a lot of different kinds like frequency-
dependent selection, fecundity selection, gametic selec-
tion, viability selection, or sexual selection which are
sometimes mathematically quite hard to handle. So in
population genetics there are a lot of different selection
models that try to deal with these aspects. The inter-
play between the different forms of selection during the
lifecycle of an individual is visualized in Figure 1.

So obviously sexual selection which is selection for re-
production (i.e. the selection paradigm used in the con-
text of GAs) is just one of many facets of selection in
population genetics. Population genetics considers sex-
ual selection mainly as interaction between male vigor
and female choice, whereby the male individuals try to
spread their genes in a rather broad and undirected way
whereas the female individuals normally choose their
partners depending on much harder criterions. So ob-
viously there are gender-specific differences in the way



mating partners are chosen in natural populations.

A very important consequence of selection in popula-
tion genetics, as well as in evolutionary computation, is
selection pressure and the resulting influence on certain
alleles. Selection pressure occurs, as not all gene mate-
rial contained in the parental population is also passed
on and contained in the procreated children. Some of
the genetic code gets lost. The reasons for that loss
are manifold like the strict choice of mating partners,
stochastic effects like genetic drift, stillbirths, or infant
mortality. So as a matter of principle allele frequencies
are not constant and steadily change from one genera-
tion to the next. In fact there are four possibilities for
each allele in the population (where p denotes the rela-
tive frequency of an allele):

e p — 1: The allele is fixed in the entire population.
e p — 0: The allele is lost in the entire population.

e p — P: The allele frequency converges to an equi-
librium state.

e p — p: The allele frequency remains unchanged.

But when thinking of GAs and technical optimization
problems the loss of genetic diversity and a fixing or los-
ing of alleles is not considered as harmful as in natural
population. Instead it is desirable that the gene pool of
a GA converges to a very small allele set so that alle-
les which are part of a global optimal solution are fixed
in the entire population and on the other hand alleles
representing genetic information which is definitely not
part of a global optimal solution are sieved out during
the evolutionary optimization process.

3. SELECTION AND SELECTION
PRESSURE IN GENETIC
ALGORITHMS

In the context of GAs selection is only considered as sex-
ual selection, also called selection for reproduction. The
selection operator is used to choose two parents from
the current generation in order to procreate a new child
by crossover and mutation. In contrast to crossover and
mutation, selection is problem independent per defini-
tion as only the fitness value of individuals is used. No
information about the problem encoding or the problem
itself is necessary.

Roulette Wheel Selection (RWS) is the most com-
monly used form of GA selection. When using RWS each
individual is assigned a partition on a virtual roulette
wheel which is equally large as its quality value. Then
the wheel is spun and one individual is selected. Ob-
viously, RWS is a fitness proportional selection scheme
as the selection probability for each individual is directly
proportional to its quality value. However, RWS has two
major deficiencies: On the one hand it is very sensitive
concerning super-individuals. A single individual with
an unusual good fitness value (e.g. due to very successful

mutation) is assigned a very long segment on the roulette
wheel. Consequently its probability to be selected for re-
production is very high and the genetic material passed
on to the next generation will be heavily dominated by
this single individual (i.e. very high selection pressure).
Such a strong domination causes a very high loss of ge-
netic diversity which is definitively not advantageous for
the optimization process. On the other hand Roulette
Wheel Selection gets more and more undirected if the
fitness values of the individuals become very similar. So
especially in the later phases of the evolutionary search
process it often drifts towards Random Selection.

As a consequence several other selection techniques
with a probability not proportional to the individuals’
fitness values have been developed. In general there are
two different types of such non-proportional selection op-
erators: First there are rank-based selections that assign
the probability value depending on the order of the indi-
viduals according to their fitness values. The most com-
mon representative of this class is Linear Rank Selection
(LRS) which is normally implemented in a lot-based way.
The worst individual gets one lot, the next best two and
so on up to the best individual getting as many lots as in-
dividuals are in the population. So selection probability
is not influenced by super-individuals or the spreading
of fitness values at all. Secondly, tournament-based se-
lection techniques can be used where the best individual
is selected out of a previously chosen group. In its most
basic form a tournament group of n solutions is chosen
randomly from the parental population which is called
n-Tournament Selection (n-TS).

Besides their sensitivity concerning super-individuals
and spreading of fitness values the selection schemes dif-
fer mostly in the selection pressure they cause. The con-
cept of selection pressure was first introduced by Dar-
win [8] as a result of birth surplus: A population is
producing more offspring than the actual environmen-
tal resources can keep alive. Consequently some of the
not so fit children die before they reach the age of sexual
maturity. This fact causes a so-called selection pressure
among the offspring requiring a minimum fitness to sur-
vive in order to pass on their own genetic information. In
the context of Evolutionary Computation selection pres-
sure has been defined for some algorithms that also pro-
duce a birth surplus like Evolution Strategies (ES) [19],
the Breeder GA [16], SEGA [1], or SASEGASA [4]. E.g.
selection pressure is defined as 2 for the (u, \)-ES where
1 denotes the population size and A stands for the num-
ber of procreated offspring. A large value of % indicates
a high selection pressure (small population size, lots of
children) and vice versa. In the above mentioned al-
gorithms selection pressure turned out to have a great
influence on the algorithms’ performance.

However, in the general case of GAs selection pres-
sure cannot be defined so easily as a GA is procreating
exactly as many children as needed. Nevertheless, nu-
merous papers discuss selection pressure of GAs without
measuring it in any way. E.g. it is said that Linear Rank



Selection or Tournament Selection cause a higher selec-
tion pressure than Roulette Wheel Selection. In fact
there has to be something like selection pressure also in
the case of classical GAs as it is not constantly easy or
hard for an individual to pass on its own genetic infor-
mation to the next generation. So the question is, how to
make selection pressure measurable, if there is no birth
surplus?

Selection pressure can be abstracted somehow as a
measurement value indicating how hard it is for an in-
dividual to pass on its genetic characteristics from one
generation to the next. So it seems reasonable to define
selection pressure in a classical GA as the ratio between
the population size and the number of individuals se-
lected as parents for the next generation [23]. If the
individuals of the next generation are procreated by a
few parent individuals only, selection pressure is very
high and vice versa. In the following empirical studies
selection pressure is calculated according to Formula 1
where |PAR| stands for the number of different selected
parents and |POP| represents the population size. So
a minimum selection pressure of 0 indicates that all in-
dividuals of the parental generation got the chance of
mating and a maximum selection pressure of 1 — ﬁ
represents the situation that all offspring are mutated
clones of a single super-individual. However, in this def-
inition of selection pressure it has to be considered that
selection is still a stochastic process. Especially in small
populations such stochastic effects occur quite often and
can influence the algorithm’s performance a lot. So the
given formula is just an approximation. For an exact
calculation of selection pressure infinitely large popula-
tions would have to be taken into account (cf. Hardy-
Weinberg Law).

_ |PAR)
|POP| e

SP=1

So to analyze the differences of the commonly used
selection schemes concerning selection pressure some ex-
periments with the broadly established Standard Ge-
netic Algorithm (SGA) (as described in e.g. [11], [9],
[17], [18], [22]) attacking the ch130 instance of the Trav-
eling Salesman Problem (TSP) taken from TSPLIB [20]
have been carried out by using the HeuristicLab opti-
mization environment [24]'. The used parameters are
shown in Table 1. Table 2 lists the average selection pres-
sure of the different selection schemes of ten independent
runs. The performed experiments show, that selection
pressure is totally invariant regarding the used crossover
and mutation concepts. Furthermore, selection pressure
is staying constant (except for stochastic effects) during
the whole length of a GA run and is also not influenced
by the size of the population even when using fitness
proportional selection strategies. So obviously the level

n this paper only a small subset of the performed
experiments can be presented. For a comprehensive
overview see [23] or visit the HeuristicLab homepage
http://www.heuristiclab.com/results/afa.

Table 1: Parameter Settings for the Test Runs

Generations 500
Population Size 150
Mutation Rate 0%
Crossover Operator | OX

Table 2: Average Selection Pressure for Different Selec-
tion Schemes

Selection | Selection || Selection | Selection
Scheme | Pressure Scheme | Pressure
Random 0,13 6-TS 0,55

RWS 0,17 7-TS 0,59
LRS 0,24 8-TS 0,63
2-TS 0,24 9-TS 0,65
3-TS 0,36 10-TS 0,68
4-TS 0,44 20-TS 0,80
5-TS 0,50 50-TS 0,90

of selection pressure is really only dependent on the used
selection scheme.

As a consequence the possibilities of a GA user to con-
trol selection pressure in a GA run are very limited. Only
when using tournament selection, selection pressure can
be affected by the used tournament group size rather
coarsely. However, selection is the most relevant diver-
sity reducing force in GAs and plays a very important
role concerning the goal-directedness of the evolutionary
search process. The fragile interplay between diversity
supporting and diversity reducing forces is one of the
most relevant aspects when thinking of the global solu-
tion quality achievable by a GA. So it would be very
helpful for a GA user to have more control about the
selection pressure caused by a selection scheme. These
thoughts led to the development of the new selection con-
cepts of the Sexual GA which are described in the next
section.

4. A NEW GENDER-SPECIFIC
SELECTION PARADIGM

Inspired by the idea of male vigor and female choice as it
is considered in the model of sexual selection discussed
in the area of population genetics the authors developed
a new selection paradigm for GAs called SexualGA. The
main idea of the SexualGA is to use two different selec-
tion schemes for the selection of the two parents required
for each crossover. So it gets possible to simulate the
concept of male vigor and female choice by using ran-
dom selection as the first selection scheme and another
selection strategy with far more selection pressure as the
second one (e.g. RWS or LRS). However, a separation of
the GA population into a male and a female group can-
not be done, as a diploid encoding would be necessary
to differentiate sexes. Algorithm 1 shows the instruction



Table 3: Average Selection Pressure for SexualGA with Different Selection Schemes

Random RWS LRS 2-TS 3-TS 4-TS 5-TS 6-TS 7-TS 8-TS 9-TS 10-TS
Random 0,13
RWS 0,14 0,17
LRS 0,15 0,19 0,24
2-TS 0,16 0,20 0,24 0,24
3-TS 0,18 0,21 0,29 0,29 0,36
4-TS 0,20 0,22 0,32 0,32 0,39 0,44
5-TS 0,22 0,23 0,33 0,34 0,42 0,47 0,50
6-TS 0,23 0,24 0,35 0,35 0,43 0,49 0,53 0,55
7-TS 0,24 0,25 0,36 0,36 0,44 0,50 0,54 0,7 0,59
8-TS 0,25 0,26 0,36 0,36 0,45 0,51 0,55 0,58 0,61 0,63
9-TS 0,26 0,27 0,37 0,37 0,46 0,52 0,56 0,59 0,62 0,65 0,65
10-TS 0,27 0,27 0,37 0,37 0,46 0,53 0,57 0,60 0,63 0,66 0,67 0,68

sequence of SexualGA in pseudocode.

Algorithm 1 Sexual Genetic Algorithm (SexualGA)

Initialize total number of iterations nrO fIterations € N
Initialize size of population |POP)|

Initialize mutation probability mutProb

Randomly produce an initial population POPy of size |[POP)|
Calculate fitness of each individual of PO Py

for i = 1 to nrO fIterations do
Initialize next population POP; 41
while |POP;;1| < |POP| do
Select father par; from POP; by first selection scheme
Select mother pars from POP; by second selection scheme
Generate a new child ¢ from par; and pars by crossover
Mutate ¢ with probability mutProb
Calculate fitness of ¢
Insert c into POP; 41
end while
end for

So the SexualGA not only brings the concept of GAs a
little bit more towards its biological archetype but also
has relevant advantages compared to classical GA ap-
proaches particularly concerning flexibility. By using
two different selection concepts simultaneously a GA
user can influence the selection pressure level of a GA run
more precisely. So it gets possible to control the inter-
play between genetic diversity supporting and reducing
forces in a more directed way and to better tune GA be-
havior depending on the individual needs of the attacked
optimization problem. To document the higher flexibil-
ity of SexualGA regarding selection pressure several test
runs have been carried out using the same parameter
set as already stated in Table 1 and also attacking the
same problem instance. Again, the shown selection pres-
sure values in Table 3 represent the average values of ten
independent runs.

5. CONCLUSION

In this paper the authors introduced a new selection
paradigm for GAs. Inspired by the concept of sexual
selection in population genetics, where the process of

choosing a mating partner is modeled in different ways
for male and female individuals (male vigor and female
choice), the Sexual GA was developed. In contract to ex-
isting classical GA approaches, SexualGA uses two dif-
ferent selection schemes simultaneously for the selection
of the two parents. So by combining Random Selection
with selection strategies causing higher selection pres-
sure the process of sexual selection in natural popula-
tions can be better simulated bringing GAs a little bit
more towards their biological archetype.

In a comprehensive set of test runs the authors further
showed that SexualGA also has severe advances concern-
ing adaptivity of selection pressure. In the classical GA
concept selection pressure can only be influenced by the
size of the tournament group when using Tournament
Selection. In contrast when using SexualGA selection
pressure can be adjusted more precisely due to the com-
bination possibilities of different selection concepts. So
a GA user can better tune the algorithm regarding the
needs of the attacked optimization problem. Further-
more, the optimization potential contained within a GA
population can be exploited to a greater extent as the
fragile interplay between diversity reducing and support-
ing forces can be adjusted more accurately.

Further research will focus primarily on the combina-
tion of SexualGA with already proposed advanced selec-
tion concepts for GAs (like Offspring Selection [5] and
SASEGASA [4]). Especially when considering recent de-
velopments concerning structure identification and clas-
sification approaches based on Genetic Programming
(see e.g. [26], [27]), the combination of Random Selec-
tion and fitness proportional selection schemes has al-
ready shown great potential.
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