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Abstract

Evolutionary agorithms are playing an increasingly
important role & sach methods in cognitive science
domains. In this gudy, methoddogicd issues in the
use of evolutionary agorithms were investigated via
simulations in which procedures were systematicdly
varied to modfy the seledion pesares on
popuations of evolving agents. Traditiona roulette
whed, tournament, and variations of these seledion
agorithms were mpared on the ‘“nealle-in-a
haystadk” problem developed by Hinton and Nowlan
in their 1987 study of the Baldwin effed. The task is
an important one for cognitive science as it
demonstrates the power of leaning as a locd seach
technique in smoacthing a fitness landscgpe that ladks
gradient information. One aped that has continued to
foster interest in the problem is the observation of
residual leaning ability in simulated popuations even
after long periods of time.

Effedive evolutionary algorithms balance their
seach effort between broad exploration d the seach
space ad in-depth exploitation o promising solutions
aready found. Isaues discussd include the differential
effeds of rank and propationd seledion, the tradeoff
between migration d popuations towards good
solutions and maintenance of diversity, and the
development of measures that illustrate how ead
seledion agorithm affeds the seach process over
generations. We show that both roulette whed and
tournament  algorithms can  be modified to
appropriately balance seach between exploration and
exploitation, and effedively eliminate residual
leaning in this problem.

Introduction: EC and Cognitive Science
Evolutionary computation (EC) is increasingly used
in cognitive science both for evolving cognitive
models and for modeli ng evolutionary processes.

Many agorithms use evolutionary seach in one
form or another. No single search algorithm will be
optimal for al tasks (a thesis colloguialy known as
“no freelunch”, Wolpert & Maaeay, 1996. In any
simulation study, charaderistics of the task need to be
taken into acount in the seledion of agorithms.
However, to many cognitive science reseachers it is
not clea which aspeds of tasks are important in the
design of a seach process and what properties of

evolutionary search algorithms need to be taken into
acournt to seled an appropriate design.

This gudy is part of a wider program of reseach
whose goal is to enhance the dfedive use of
evolutionary computation techniques in cognitive
science domains. This program involves asessng the
performance of popular evolutionary algorithms on
tasks of interest to cognitive scientists.

Current areas in cognitive science that are utili zing
EC methods include the dired modeling of
evolutionary processs, such as the role of leaningin
evolution, leaning as a locd seach technique in a
genetic dgorithm, the evolution of modularity, the
evolution of cooperation, and the evolution and
leanability of language (e.g., see the biennia
“Evolution of Language” conferences, or the
Evolutionary Computation “Spedal Issuie on EC and
Cognitive Science”, Wiles & Hallinan, 2007).

Other domains use evolutionary agorithms for
optimization, for example, testing theories of infant
development; modeling populations of individuals
engaged in cognitive tasks, testing outcomes
following damage in reural network models, and
exploring the range of behaviors in a dynamic model
of an artificial language leaning task.

In al of the cognitive science domains mentioned,
evolutionary algorithms have been tested on spedfic
problems, but little work has been done & a
methoddogicd level to charaderize the nature of the
tasks per se, and the way in which they interad with
the evolutionary algorithms chosen. Many fadors
affed the performance of evolutionary algorithms,
including the cdoice of fitness function,
representation of the genome, population size
seledion technique, and genetic operators.

Learning and EC

For this gudy, the aeaof interest is the interadion of
learning and evolution known as the Baldwin effed,
first formalized as a mputational problem by
Hinton and Nowlan (1987. Hinton and Nowlan's
simulation of the Baldwin effed provided insight into
how leaning can gude evolution within a Darwinian,
rather than a Lamarkian evolutionary framework.



In Hinton and Nowlan's model, ead individual
consisted of a hit string representing a simple neural
network with twenty connedions, which must be set
corredly via éther leaning or evolution. A network
that achieves the mrred settings has a fitness
dependant upon the time required to achieve the
corred settings, while al incorred networks have
equal, minimal fitness This task has a single fitness
pegk, which is surrounded by a perfedly flat fitness
landscgpe, making it a dassc nedle-in-a-haystack
problem (henceforth referred to as the haystack
problem). The task is analogous to finding the
components of a module in which no partial credit is
given for partial solutions. Isaues of modular design
were popularized by Dawkins in the Blind
Watchmaker (Dawkins, 1986, and are particularly
relevant to understanding the evolution of complex
cognitive systems.

The haystadk task requires exhaustive seach if
genetic operators alone ae used (crossover and
mutation). However, if ead agent modeled in the
seach population is alowed to perform some locd
seaching, then the task can be solved by a much
small er population.

Hinton and Nowlan used a population size set to
approximately the sguare root of the size of the
seach space with eah agent able to seach on
average aportion of the search space &so equa to the
square root of the size of the space The doice of
population size and locd seach space balanced the
neel for a population to have sufficient diversity to
cover the space and sufficient flexibility to find the
“neale” (maximum fitnesy in amost every trial.

Computationaly, ead individua is implemented as
a string of twenty “genes’, ead of which may be
either 1, O, or ? (question mark). The ? represents a
leanable gene. The individual learns by guessng 0 or
1 with a probability of 0.5. The target pattern is a
string of twenty 1s. The number of guesses required
to achieve thistarget is recorded and used to caculate
the individual’s fithess The next generation is
creded hy repeaedly seleding two parents, to
produce pairs of new individuals. Parents are
probabilisticdly seleded propational to the
individual’s fithess relative to the total population
fitness

Hinton and Nowlan (1987 demonstrated that under
these mnditions, the aility to lean, represented by
?s, was replacal by appropriate instincts, represented
by 1s. The number of 1srose from an initial 25% of
dleles in the population to 5080% after 50
generations, with the remainder of the dleles ?s. Non-
target aleles, represented by Os, disappeaed from the
population.

An interesting feaure of Hinton and Nowlan's
simulation is the persistence of leanable genesin the

population once it has gabili zed. Hinton and Nowlan
sugeested that there is very littl e seledive presaire in
favor of geneticdly spedfying the last few
connedions, since leaning can occur in very few
gueses. Severad reseachers have studied the
phenomena of the residual question marks in the
haystack problem and identified a variety of fadors,
including seledion presaure and drift as sgnificant
fadorsin theresults (Belew, 1989 Harvey, 1993.

In a previous gudy, we aayzed multiple
simulations of the haystack problem to identify the
charaderistics of two clasdc seledion agorithms
(one fitness propartional and the other rank based)
with resped to exploitation and exploration of the
fitness landscgpe (Wiles et al., in presg. These
simulations demonstrated that fitness propartional
seledion finds good solutions and the average fitness
of a population rises quickly, but at high fithesslevels
the population drifts gradualy to homogeneity (all
the dleles in one position on the dromosome ae
identicd for al individuals in a population). Residual
leaning is frequently a result of an interadion
between a pseudo-founder effed (dominance by one
ealy succesdul solution) and drift to homogeneity at
one or more of the genes. Seledion by rank has the
oppaite dfed, with populations drifting initialy,
until a aiticd massfind good solutions (or until an
alele beames homogeneous in 0s, resulting in an
unsuccesdul trial). Of the succesdul trials, at high
fitness levels, populations converge to homogeneity
based on fitness rather than drift. By comparing
fitness level and number of homogeneous genes to
generation number, the relative dfeds of drift and
seledion presaure can be monitored during evolution.

The analyses in our previous gudy provide tools to
understand how seledion presaures are working
during trials. The two techniques produce very
different  charaderistic  performance  Fitness
propational seledion hes initialy fast fitness
increases followed by slow convergence, whereas
rank-based seledion has initialy slow and erratic
fitnessincreases foll owed by fast convergence.

For the haystadk problem, neither of these seledion
methods can be @nsidered ogima in balancing the
exploration of possble solutions with the exploitation
of good solutions. Fitness propartiona seledion has
too strong an exploitation of ealy successul
solutions, leading to a pseudo-founder effed, and
insufficient presaure to ogimize when most of the
population have good solutions. In contrast, rank-
based seledion has insufficient exploitation of its
good ealy solutions, alowing drift to reduce the
diversity of alleles avail able before fitness presaures
shape the seach space



Method

In this study, we report three sets of simulations. The
first set replicates our previous work on the classic
fitness proportional (roulette wheel) and stochastic
rank-based (tournament) methods and is reproduced
here for comparison.

The second set of simulations was designed to
investigate other selection algorithms on the haystack
task, and also to test whether the analysis would be
useful for their evaluation. For this set, we designed
two additional agorithms to combine the search
characteristics of fitness proportional and rank-based
selection. The first operator was designed to exhibit
fast fitness rises and fast convergence, and the second
to exhibit slow fitness rises and slow convergence.

The third set of simulations directly addressed the
problems inherent in fitness proportional and rank-
based selection using modifications suggested in the
literature. To modify fitness proportional selection,
the expected number of offspring for any one
individual was scaled in proportion to its deviation
from the mean fitnesses of other individuas, which
balances the selection pressure over a trial. To
modify rank-based selection, the two fittest
individuals (replacing the offspring of one pair of
parents) were copied to the next generation, thus
preserving good solutions once found. In the next
section, the algorithms are described, and then the
results summarized and presented together for ease of
comparison.

Simulation detailsfor the haystack problem

Hinton and Nowlan (1987) modelled the Baldwin
Effect using a simple genetic agorithm, with no
mutation and a crossover value of 1.0; each pair of
parents undergoes crossover once during each
reproduction event. The next generation is created by
repeatedly selecting two parents for each pair of new
individuals. The probability of selecting an individual
as a parent is proportional to its fitness divided by the
total population fitness. The fitness, f, of an
individual is calculated using the recorded number of
guesses, g, taken to find the target:

f :1+w 1)
G

where G is the maximum number of guesss all owed
and L is the length of the chromosome. In Hinton and
Nowlan's model, G = 1000 L = 20, and the
population size, N = 1000

We implemented Hinton and Nowlan’s model, and
as in our previous work, seledion of ead parent was
implemented using a fitness propartional agorithm.
After seleding two parents, a aosover point was
chosen at random, and two new individuals were then
creged. Parameters were set similar to Hinton and

Nowlan (1987, with initial propartions of 1, 0 and ?
aleles =t to 025 0.25 and 050 respedively. A
minor change from their parameters was stting both
population size and maximum number of guesses to
1024 instead of 100Q All trials were run urtil the
population converged (homogeneousin al genes).

For ead seledion method, 100 trids were
performed. We report the propation of trials that
successully eliminated all zeros from the population,
the average number of residual question marks at the
end o eadh triad, and the aerage number of
generations to homogeneity (see Table 1). The
average fitness presaures in the ealy and late stages
of trials were cdculated as the average number of
generations until the fitness rose to 50% of the
maximum (Stage 1) and from the midpadnt to final
convergence (Stage 2). By defining these values, the
relative seledion presares ealy and late in arun can
be cmmpared. The average fitness of the population
when the first gene in eadh trid became
homogeneous was also cdculated (see Table 1,
column 4). This measure shows the potential
exploration avail able to the dgorithm.

Set 1: Original algorithms

Traditional roulette wheel (fithess proportional)
selection: The fitness of an individual is determined
using equation (1) given above, and the seledion
procedure for two parents is as described for Hinton
and Nowlan's gmulations.

Tournament (rank based) selection: In this
algorithm two candidates are seleded at random from
the parent population, and the individua with the
higher fitness becomes a parent. The probability of
being seleded as a parent for the next generation
therefore depends on the relative rank of an
individual within the population, rather than its
propartional fitness Under tournament seledion, the
reduced fitnessdifferential later in evolution does not
change the ranking of individuals and seledion
presarre is maintained as long as there ae different
fitnesses within the population.

Set 2: Modified algorithms

Roulette with ranking: In order to produce aseledion
strategy that should bah begin and end rapidly,
ranking was added to roulette whed seledion. This
algorithm has also been cdled stochastic tournament
(attributed to Wetzd by Goldberg, 1989. Continued
presarre dter the initial fast start means that seledion
will force the population to converge, rather than
simply drifting to homogeneity.

To seled eadh parent, two candidates are chosen
using roulette whed seledion. The fittest of these
two individuals becmes one parent, as in tournament



selection. A second parent is selected in the same
way. The fitness-proportional selection of candidates
enables very successful individuals to have many
offspring, in a similar manner to roulette wheel
selection. The addition of a tournament between two
candidates ensures that as fitness differentials
decrease later in trials, the selection pressures
continue. The strategy is identical in al other ways
to the others that have been used previoudly.

Probabilistic tournament: The second variation is a
strategy that is designed to start slowly and end
dowly. For this strategy, tournament selection was
modified to include the proportional elements of
roulette wheel strategy.

For each parent, two candidates are chosen
randomly from the parent population. The one that
will become a parent is chosen using proportional
selection based on the fithess of these two
individuals. That is, the one that isfitter will be more
likely to be chosen than the less fit individual, but
both still have a chance of being a parent. The
selection of candidates with equal probability means
that each individual, even the fittest one, can expect
on average to contribute genes to a maximum of four
offspring. The second parent is chosen in the same
way, and reproduction continues as in the other
selection strategies.

Set 3: Optimized algorithms

Sgma Scaled Roulette:  Amongst the known
problems with roulette wheel selection is the variable
selection pressure between early and late stages in a
trial and the premature convergence of populations
with inadequate exploration of the search space
(Mitchell, 1996). A variety of modifications of
roulette wheel selection have been proposed. One
such mechanism is to balance the selection pressures
evenly throughout a trial. Sigma scaled roulette is a
renormalized version of roulette wheel. We use the
description given by Mitchell (1986, who credits an
early unpublished manuscript of Forrest from 1985).
The expected number of offspring, E, is calculated
from the mean and standard deviation of the fitnesses
of the population:

Eoqy fO-m
20
=1 ifo=0
where f(i) is the fitness of individual i, misthe mean
fitness of the population and ¢ is the standard
deviation. This means that an individua with a
fitness equal to the mean will gain a dice of the
roulette wheel proportional to one unit. An individual
with fitness one standard deviation above the mean

will (on average) gain a dice proportional to 1.5
units, and one with fitness one standard deviation

ifo 0

below will gain a dice proportional to 0.5 units. If the
expected value for an individual is less than 0.1, then
the dliceis set to 0.1. The total size of the wheel isthe
sum of the dlices of al individuals in the population.
The expected number of offspring is proportional to
the size of the dice, with corrections for the very
small dlices. For each pair of parents selected, two
offspring are produced. Using the standard deviation
of the fitness maintains a constant selection pressure
in the population throughout atrial.

Elite tournament: The slow initial period of al
trials during tournament selection is a known
problem. Even when a good solution is found,
recombination of parents results in disruption of the
solution and drift (rather than selection) can lead to
homogeneity in one or more of the genes. Many
researchers use elitism to preserve good solutions
(first introduced in the 1970s by de Jong, according to
Mitchell, 1996). In this strategy, one or more
individuals with the highest fitnesses are copied to the
next generation unchanged. In our implementation,
elite tournament is identical to tournament selection,
except that the individuals with the two highest
fithesses are copied to the next generation.

Results and Discussion

The results from all three sets of simulations have
been collated in Table 1, which shows the
performance of each selection technique, the average
number of residual question marks, and the number
of generations to convergence (i.e., al genes become
homogeneous) over 100 trials. Figures 1-3 show the
selection pressures during early and late stages over
10 trials. Stage 1 is the average number of
generations taken to reach a fitness value of 10 (i.e,,
50% of the maximum fitness), the point at which
fitness increases most rapidly in this task. Low
values (few generations) indicate high initial selection
pressure and high values indicate low selection
pressure. Stage 2 is the average number of
generations from this level of fitness to convergence
of the population and indicates the selection pressure
after the initial increase in fitness. The mean
population fitness when the first allele becomes
homogeneous generaly indicates how good the
solution will be. If an alele is homogeneous before
the population is very fit, the solution tends to be
poor.

The simulations in Set 1 (roulette wheel and
tournament) provide a benchmark for the later
studies. Performance in these simulations was
consistent with our previous results (Wiles et a. in
press). Using roulette wheel selection, al trias
eliminated zeros from the population, and at
convergence, individuals had an average of 1.4
residual question marks (stdev. 0.9). The change in



selection pressure is revealed by the average number
of generations spent in Stage 1 (10) versus Stage 2
(1437). See Table 1 for the means and standard
deviations of al results.

Using tournament selection, 85/100 trials
eliminated all zeros. In the successful trias,
individuals retained an average of 1.2 residud
question marks, with a much higher variance (stdev.
2.2). The average time spent in Stages 1 and 2 is
reversed in this case, with 185 generations in Stage 1
and 23 generations in Stage 2. The interaction
between Stages 1 and 2 for roulette wheel and
tournament selectionis clear in Figure 1.

Set 1: Original Algorithms
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Figure 1. Timeto convergencein Set 1, the original roulette
wheel and tournament selection algorithms. Note that the
y-axis is logarithmic. The agorithms show clear
differences in behaviour, with roulette wheel faster in Stage
1, and tournament faster in Stage 2.

Set 2: Modified Algorithms
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Figure 2. Time to convergence in Set 2, the modified
algorithms. The Stages 1 and 2 components from Set 1
(see Fig 1), have been recombined as intended, to produce
one algorithm in which both Stages 1 and 2 are fast
(roulette with ranking), and the other algorithm in which
both Stages 1 and 2 are slow (probabilistic tournament).
Note that neither of these algorithms eiminate residua
question marks.

In Set 2, the number of successful trials and residual
guestion marks are similar to those from Set 1, but
the time spent in Stages 1 and 2 differed markedly, as
expected. Roulette wheel with ranking was fast in
both stages (averages 7.6 and 33 generations
respectively), and stochastic tournament was slow in

both stages (average 249 and 1624 generations
respectively, see Figure 2).

In Set 3, the origina roulette and tournament
selection procedures were modified to address their
major known weaknesses, and both showed
considerable  improvement  in  optimization
performance (as evidenced by the number of residua
question marks). All trials eliminated zeros from the
population, the time to convergence was short and
very few residual question marks remained (an
average of 0.02 in sigma scaled roulette and 0.06 in
elite tournament).

Set 3: Optimized Algorithms
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Figure 3. Time to convergence in Set 3, the optimized
algorithms. Both sigma scaled roulette and elite
tournament eliminate virtualy all residual question marks
and are much faster than the algorithms in Sets 1 and 2 (cf.
Figs1and 2).

The average time spent in Stage 1 and Stage 2 was
also much more balanced (16 and 42 generations
respectively in sigma scaled roulette and 56 and 19
generations respectively in elite tournament, see
Figure 3).

Premature convergence is a known problem for
these evolutionary algorithms. Tracking progress
towards homogeneity can therefore provide valuable
information. The average fitness at which the first
gene becomes homogeneous provides a quantifiable
measure of diversity at a significant point in a
simulation. This fithess value was recorded for each
selection regime (see Table 1, column 5). Higher
values (maximum is 20) indicate that higher levels of
diversity are maintained in the population. For
problems in which hitchhiking genes (sub-optimal
genes that are carried by pseudo-founders in a
population) are liable to cause problems such as in
the haystack problem, this measure is a good
indicator of potential problems with premature
convergence. The tournament-based algorithms that
have trials that do not eliminate al zeros show the
lowest values with average population fitnesses at the
first homogeneous alleles of 9.1 and 6.0 for Sets 1
and 2 respectively. Values for the corresponding
roulette wheel-based algorithms are higher (16.7 and
13.6 respectively), but are not optimal. The best



agorithms, those in Set 3 have the highest values
(19.3 for sigmascded roulette and 199 for elite
tournament) indicating that none of the trials suffered
from premature @mnvergence

The mbination of relatively balanced fitness
presares in Stages 1 and 2 short times to
convergence, and high fitness before diversity is
reduced indicate that both seledion agorithms in Set
3 are well-adapted to the haystac task.

Conclusions

One spedfic conclusion from these experiments is
that residual leaning is not an inherent asped of the
Baldwin effed. Rather, it is a mnsegquence of the way
the fitnesslandscape is eached, and the gplicaion
of seledion presares at different stages. The
methoddogicd studies presented in this paper are
one way to explore such issues. Further work is
needed to tie these results to hiologicdly-plausible
leaning scenarios, but that is beyond the scope of this
study.

At a more general level, the simulations $ow that
the haystadk task is one for which tailoring of the
agorithm mekes a qualitative difference to the
behaviors ohserved. Spedfic issues addressed in this
study concern the daraderistics of the dgorithms
and the nature of the landscape.

The simulations of the original agorithms ill ustrate
properties sich as premature cnvergence in roulette
whed and the dangers of ealy homogeneity in one or
more genes due to drift in tournament seledion. With
appropriate modificdions, the optimized agorithms
achieve a baance between exploration and
exploitation, resulting in convergence to good
solutions. Residual learning can be dmost eliminated,
and performance on the haystadk problem can be nea
optimal.

These results illustrate the need for a
charaderization of task types in cognitive science,
and a charaderization of evolutionary algorithms and
their performance on these tasks. Such a dassgfication
would fadlitate the tailoring of agorithms to
particular problems, and has the potential to
significantly reduce atifads due to implementation
detail s.
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