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1.1 Introduction

Genetic algorithms (GAs) are probabilistic search and optimisation techniques, which operate on a population of chromosomes, representing potential
solutions of the given problem [1.10]. In a standard GA, binary strings of ones
and zeros represent the chromosomes. Each chromosome is assigned a tness
value that expresses its quality considering the given objective function. Such
a population is evolved by means of reproduction and recombination operators in order to breed the optimal solution's chromosome. The evolution is
running until some termination-condition is ful lled. The best chromosome
encountered so far is then considered as the found solution.
The basic analysis of GA's behaviour is based on a notion of a schema
[1.15] as a template, which matches certain class of chromosomes. As the
population evolves some good schemata are represented by increasing number
of chromosomes whilst bad schemata disappear. The xed positions of those
good schemata constitute so-called building blocks (BBs), which represent
important components of the nal solution. The optimum solution emerges
when these building blocks are mixed together in an optimal way in some
chromosome.
GAs simultaneously carry out exploitation of the promising regions found
so far and exploration of other areas for potentially better solution. The weak
point of a GA is that it often su ers from so-called premature convergence,
which is caused by an early homogenisation of genetic material in the population. This means that no more exploration can be performed. There are
many factors a ecting the convergence of a GA - the used population size,
type and rate of application of crossover and mutation operators, encoding
used and many others. Inadequate population size can not provide the GA
with suÆcient amount of genetic material to evolve the optimal chromosome.
Improperly designed and set genetic operators can not maintain an optimal
balance between exploitation and exploration of the GA.
This paper introduces a novel approach to protect GAs from getting stuck
in local optima and so extending the search power of GAs. To achieve this
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we have proposed a GA where only limited convergence of the population
genotype can take place.
The paper starts with an overview of some recent approaches to the problems related somehow to prevent premature convergence, preserving the population diversity (or better the multimodal diversity), and improving the
performance of GAs in general. The next section introduces the proposed
genetic algorithm with limited convergence and discusses its aspects. Section
1.4 brie y describes the test problems used for experimental evaluation of the
proposed algorithm. Empirical results presented in section 1.5 show that the
algorithm performs very well across the representative set of search problems.
Especially its explorative power and the ability to keep useful diversity of the
population is demonstrated there. Section 1.6 summarises and concludes the
paper and mentions interesting topics to be studied in future in this area.
1.2 Related Work

There are many factors that a ect the convergence of a GA. The most in uencing and the most frequently studied are the used reproduction strategy,
the size of the evolved population, the representation, i.e. the mapping of
the problem parameters on a binary string in conventional GAs and last but
not least the used recombination operators and the frequency with which
they are applied and other problem dependent parameters. Let us brie y
list some of the approaches that have been recently proposed to tackle the
aspects mentioned above.
Dual GAs [1.3], [1.4] represent one possible way to introduce some kind of
redundancy into the evolved genetic material. The Dual GAs use a standard
binary representation extended with just one bit, called the head bit or meta
bit, which is added to every individual in the population. This bit does not
code any information of the represented solution. Instead this extra bit is
used to determine the way the informative part of the chromosome will be
interpreted. If the value of the head bit is 0 then the rest of the chromosome
is taken as it is. Otherwise if the head bit is 1 the string is interpreted as
its binary complement. This means that two binary complementary strings
represent the same solution. In other words the population may contain individuals with completely di erent genotype but with the same phenotype
and so the same tness values.
It has been obvious from the very beginning of the GA's use that the
population size plays a crucial role in determining the convergence quality of
GAs. The population should be large enough to provide an adequate initial
supply of BBs. Another aspect of population sizing involves the decision
making between competing BBs. De Jong [1.5] recognised that the decision
making for a particular BB is strongly a ected by contributions of other
BBs. There are several studies that try to estimate an adequate population
size [1.8], [1.12], [1.14]. However, a user should know quite much information
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about the problem at hand like the size of the considered BBs, the number of
BBs in the problem, the average tness variance of the considered BB, and
some other conservative assumptions in order to be able to use the theoretical
estimates.
Another factor that a ects the convergence of GA is the selection scheme.
Generally the selection should work so that the chromosomes representing
better solutions are given bigger chance to take part in the process of generating a new and hopefully better population. The extent to which the better
chromosomes are favoured is measured by so-called selection pressure. However, if the selection pressure is too low then the convergence to the optimal
solution is too slow. In the opposite case, i.e. if the selection pressure is too
high, the population is prone to converge very fast towards some sub-optimal
solution. So a commensurate a ords have been spend to analyse various selection schemes and to develop the convergence models of GAs under those
selection schemes [1.1], [1.11], [1.13], [1.23]. In order to keep the desired distribution of tness values in the population during the whole run a proper
scaling technique [1.22] might be engaged in GA as well.
GAs are very often engaged in solving multimodal optimisation problems.
This implies that the ability of the GA to keep just the "raw" diversity is
not good enough. Instead the multimodal diversity covering many niches of
the search space is required. One early approach to maintain many niches
in the GA was based on utilisation of so-called shared tness values that
were calculated using a sharing function [1.9]. The general concept of tness
sharing is based on the idea that each individual's tness is divided by the
number of neighbours within the niche to which the given individual belongs.
Thus the goal desired state is such that the population is distributed over
a number of di erent peaks in the search space, with each peak receiving a
fraction of the population in proportion to the height of that peak. It results
in a situation that the convergence occurs within a niche, but convergence of
the full population is avoided.
Other works dealing with maintenance of the population diversity date
back to the seventies. Cavicchio [1.2] and De Jong [1.5] came up with techniques called preselection and crowding, respectively. Both are inspired by
an ecological phenomenon that similar individuals in the natural population
compete against each other for limited resources. Dissimilar individuals tend
to occupy di erent niches, so they typically do not compete. As a result, the
number of members of a particular niche does not change during the evolution of the whole population of xed size. In preselection and crowding this is
achieved so that the newly created individuals, which are to be inserted into
the population replace the most similar individuals in the current population.
The two methods di er in that how the individuals to be replaced are found.
In crowding the replacement is found among randomly chosen CF individuals. Preselection assumes that a parent is one of the closest individuals to the
generated o spring so the parent is replaced if the competing child is bet-
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ter. Mahfoud studied several strategies of crowding and preselection in [1.20]
and proposed a variation of preselection called deterministic crowding that
processes two parents and two o spring at a time, and uses phenotypic similarity measure to determine which o spring competes against which parent.
He shows that his method is better in clustering solutions about all peaks of
the tested problems.
Mengshoel and Goldberg [1.21] proposed a niching algorithm called probabilistic crowding which is a successor of the deterministic crowding. The
two core ideas in probabilistic crowding are (i) to hold tournaments between
similar individuals and (ii) to let tournaments be probabilistic. Theoretical
analysis and empirical results showed that probabilistic crowding is a simple,
stable, predictable and fast niching algorithm.
A search performance of the GA can be also measured in terms of the size
of the search space explored during the run. To eÆciently sample the whole
search space is the task for recombination operators i.e. crossover and mutation operators. In standard genetic algorithms the crossover is considered to
be of the primary role in an exploration process whilst the mutation is used to
preserve the diversity in the population and to preserve a loss of information
[1.10], [1.22]. However, the utility of crossover and mutation changes with
a population size. A mutation can be more useful than crossover when the
population size is small whilst a crossover is more useful when the population
is large.
A proper use of recombination operators is even harder since there are
many di erent variants of crossover. The implementations di er between each
other in many aspects. The disruption e ect of crossover, rst analysed for
1-point crossover in [1.15], is the probability that the crossover will disrupt
long schemata. This is important to predict how the promising schemata will
be propagated to subsequent populations. De Jong and Spears [1.6] characterised recombination in terms of productivity and exploration power. Those
characteristics describe the ability of crossover to generate new sample points
in the search space. De Jong and Spears also derived a heuristics that the
more disruptive crossovers (which are also more productive and explorative)
are better when the population is small and less disruptive operators are better when the population is large relative to the problem size. For more recent
work on the role of recombination operators see [1.26].
Another approach is to dynamically adapt the rates of the utilisation
of multiple operators during the run. Spears [1.25] used an extra tag-bit
attached to every individual to store the information about which crossover
(1 is 2-point and 0 is uniform crossover) should be preferred when crossing two
parental chromosomes. So if the parents both have 1 at the tag-bit position
then the 2-point crossover is used. Similarly if both have 0 then uniform
is used. Otherwise one of the two operators is chosen with a probability
0.5. Spears found that this adaptive approach always had a performance
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intermediate between the best and worst of the two single recombination
operators.
Srinivas and Patnaik [1.27] used adaptive probabilities of crossover and
mutation to achieve the twin goals of maintaining diversity in the population
and sustaining convergence capacity of the GA. They increased the probability of crossover and mutation when the population was stuck at local optima
and decreased the probabilities when the population was scattered in the
solution space. They also considered the need to preserve "good" solutions.
This was attempted by having low probabilities for highly t individuals while
poor solutions will encounter high probability of crossover and mutation rate.
Kubalk and Lazansky proposed so-called partially randomised crossover
operators (PRX) as an enhancement of the traditional crossover operators
used for binary representation [1.16], [1.17], [1.18]. The enhancement of the
crossover functionality is in a modi ed treatment of a common schema of the
parents, which are the bits common to both parental chromosomes. Standard
operators work so that both o spring inherit unchanged all the bits of the
common schema. As the population converges, the common schema occupies
a growing portion of the parent chromosomes and so the crossover can produce only little new. The PRX operators do not strictly preserve the common
schema of the parents, since in one of the two generated o spring, a portion
of the common schema is changed with the probability that evolves during
the run. Thus, the population is not saturated with superior building blocks
but also with their randomly chosen binary complements. The diversity of
the population is permanently maintained, which helps to preserve the SGA
from getting stuck in a local optimum and enhance the exploration of the
search space beyond the limits imposed by the pure evolution.
The PRX operators were engaged in genetic algorithms with permanent
re-initialisation of parental common schemata proposed in [1.19]. The algorithm forks the search into two directions when creating a new population
from the old one. To do so the main generational cycle consists of two steps.
First, the primary population is evolved for M generations with the use of the
PRX crossover in order to produce both the direct and randomised o spring.
The randomised o spring are stored in the secondary population. Since it is
derived from the primary population, it still has much in common with the
"main stream" evolution so it does not represent quite random samples of
the search space. As such the secondary population represents a source of
hopefully useful diverse genetic material. Then the secondary population is
re ned through a short evolution running for N generations. Finally these two
populations are merged together into one new primary population and the
new main iteration can be launched. The empirical results show that in such
a way a diversity of the population can easily be maintained while converging
faster and to better solutions than with the standard GA.
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1.3 Genetic Algorithms with Limited Convergence

This section describes a novel approach to improve the performance of GAs.
The main goal of the proposed algorithm called the genetic algorithm with
limited convergence (GALCO) is to maintain the fruitful diversity of the
evolved population during the whole run and so to preserve a GA from getting
stuck in local optima. To achieve this a concept of imposing limits on the
convergence of the population is adopted.
The algorithm inherits most of the features from the standard GA working on a binary representation. In fact it is a type of the incremental GA
where only one crossover operation is performed in each generation cycle
(the step from the old to the new population). As such it uses a standard selection strategy to choose the parents, a classical crossover operator (2-point
crossover is used here, as commented further) for generating new chromosomes, and special rule for inserting of the o spring chromosomes into the
population. What makes the GALCO unique is just the way the convergence
of the population is maintained within speci ed boundaries.
There is a limit imposed on the maximum convergence of every position of
the representation. Let us denote the vector of genes at the i-th position of the
chromosome over the whole population as the i-th column of the population.
Then the limit is expressed as a symmetric integer interval [P opSize=2 C ,
P opSize=2 + C ], where PopSize is the population size. The parameter C
denotes the convergence rate. Its value is the input parameter to the algorithm
and can be chosen from the range 0 to P opSize=2. Strictly speaking 2  C
de nes the maximal allowed di erence of the frequency of ones and zeros in
every column of the population. So the ratio of ones and zeros must be 1 : 1
during the whole run in the case of C = 0 or the ratio can change up to
0 : P opSize in favour of either ones or zeros for C = P opSize=2. This is
a principal condition of the algorithm. To keep the condition valid during
the whole run a special insertion rule for incorporating o spring into the
population has been used.
The functional scheme of the GALCO is shown in Fig.1.3. First an initial
population of chromosomes is generated. It is made sure that the distribution
of ones and zeros does not violates the convergence constraint at any position
of the chromosome. In our case the evolution starts from maximally diverse
population i.e. every column of the population consist of an equal number
P opSize=2 of ones and zeros regardless of the chosen convergence range. The
body of the algorithm is through the steps 2-5, which realizes the generational
cycle of the incremental GA. In the step 2 a pair of parental chromosomes
is chosen according to the used selection strategy (a tournament selection is
used here). Then the parents are crossed over using the 2-point crossover to
yield two new chromosomes. Note that there is no parameter specifying the
rate of application of the crossover needed since the parents always undergo
this operation. The 2-point crossover was chosen intentionally since it is the
least disruptive recombination operator among the standard operators. So
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Generate initial population of size PopSize
Choose parents
Create offspring using the 2-point crossover
Insert the offspring into the population according
to the following rule
if (max(child1,child2) > max(parent1,parent2))
then replace both parents with the children
else{
find(current_worst)
replace_with_mask(child1, current_worst)
find(current_worst)
replace_with_mask(child2, current_worst)
}
if (not finished) then go to Step 2

A functional schema of the GALCO algorithm

it is best suited for preserving the promising building blocks when mixing
genes of two parental chromosomes. It is supposed to be a good counterpart
to the arti cially maintained rather high diversity in the population (as it
will be shown in section 1.5 the best performance of the algorithm is achieved
with the convergence rate C << P opSize=2). There is no explicit mutation
operator used in the algorithm.
The most important action of the algorithm comes in step 4. Here the
o spring is inserted to the population according to the insertion rule, which
follows two main objectives: (i) to use as much of the genetic material of the
newly generated individuals as possible and (ii) not to violate the maximal
allowed convergence rate. In practice this is implemented so that both children replace their parents i at least one of the children has better tness
than both parents. Otherwise the children replace the worst individuals of
the current population using the replace with mask operator described below.
The e ect of replacing the parents with both o spring in the "then part
of the rule" is such that the distributions of ones and zeros do not change in
any column of the population. This is obvious since the genetic material of
parents and their children is invariant through the application of the crossover
operation. Thus it is ensured that if the old population does comply with
the desired convergence range the new population must comply with the
convergence range as well.
Slightly more complicated situation arises when the children are both of
rather poor quality. Replacing the parents with their o spring irrespectively
of the o spring quality would cause problems with a slow convergence to the
optimal solution. Note that the case the parents produce tter o spring is
much less frequent than the opposite case i.e. that both o spring are worse
than the better parent. So the breeding phase (crossover plus replacement
of parents) would be in most cases counterproductive. Moreover the elitism
i.e. preserving of the best individual in the population could not be ensured.
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for(i=0;i<chrom_length;i++){
change = child.genes[i]-current_worst.genes[i]
if(PopSize/2 - C < conv[i] + change < PopSize/2 + C) then{
convergence[i] = convergence[i] + change
current_worst.genes[i] = child.genes[i]
}
}

Fig. 1.2.

A functional schema of the replace with mask operator

Apparently if the best individual in the population was selected as a parent
and did not succeed to generate at least the same t o spring the best so far
solution would disappear from the population when replaced by the o spring.
On the other hand the evolution should not be restricted only to those rather
singular moments when the parents breed something better than they are.
Some reasonable way to use the newly generated chromosomes whatever good
they are might be very useful since it would considerably increase the rate of
sampling of the search space.
The trade-o between exploration power and exploitation ability of the
algorithm is accomplished by placing the generated o spring into the population using the replace with mask operator. Generally any chromosome of
the population can be replaced. Here, the chromosomes representing the least
t solutions are chosen in order to reduce the loss of quality due to the operation performed on the replaced individual. Note that it is necessary to
start seeking for the worst individual from a randomly chosen position in the
population in order to ensure that any out of the multiple worst individuals
can be chosen with an equal probability. If one did not take care of it the rst
or the last (depending on the implementation of the search routine) worst
individual in the population would be chosen all the time that would restrict
the sampling e ect of the operator.
The operator works so that it traverses the chromosome of the worst
individual and replaces its i-th gene with a corresponding gene of the child's
chromosome if and only if such a change is legal. So the bit is replaced
if this does not make the frequency of ones and zeros of the corresponding
column of the population to exceed the allowed convergence range. Otherwise
the original gene of the worst chromosome retains in the population. It is
apparent that the role of the replace with mask operator is two-fold, it enables
the pair of o spring, which do not improve the parents' best as well as the
worst individual in the population to contribute to the population genotype.
Note that usually neither the inserted nor the replaced chromosome remains
unchanged when the operator is applied. Instead the genetic material of the
two chromosomes is mixed in the resultant chromosome. So the operation
should be seen as a merging of two chromosomes rather than an inserting
of a new one in the population. One should expect that at the beginning of
the run the genes of the new o spring would dominate in the so-composed
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chromosome while in the later stages of the run more and more genes of
the old chromosome would be retained. Particular characteristics depend on
many factors such as the used value of the parameter C, the character of the
solved problem etc. Apparently the greater the C is the more of the o spring's
genes are used in the early phase of the run and vice versa. An example of how
the bias can change during the run will be shown in section with experiments.
Also the impact of the use of the operator on the performance of the whole
algorithm will be empirically tested there.
From this point of view such an operation of merging of two chromosomes
can be considered as a kind of biased uniform crossover as well, where the
bias is either in favour of the old or of the new chromosome. In this sense
the whole algorithm belongs to the class of approaches, which try to pro t
from simultaneous utilisation of the most and the least explorative crossover
operators uniform and 2-point [1.25]. Here the 2-point crossover is used as
let say primary or explicit recombination operator whilst the form of uniform
crossover appears as a side e ect of preventing the population from becoming too homogenous. Last but not least an implicit elitism embodied in the
algorithm should be mentioned. Any worse individual can replace the best
individual of the current population neither by replacing the parents with
their o spring (since it happens only if the o spring is better) nor by application of the replace with mask operator. So the best-so-far tness value can
only improve during the evolution.
To implement those decision makings performed within the operator replace with mask an integer vector convergence[] is used to store the gene distribution statistics of all columns of the population. The i-th vector element
is updated whenever a corresponding gene changes its value. Note that all
vector elements must be from [P opSize=2 C , P opSize=2 + C ] during the
whole run. The vector of convergence statistics can be considered as a mask
(this is where the name of the operator is derived from), specifying for each
position of the replaced chromosome whether it can be changed or not.
1.4 Test Problems

This section brie y describes the test problems that were used in the experiments described in the next section. The presented selection of the problems
was made with intention to cover non-linear function optimisations, deceptive, royal road, hierarchically decomposable, and multiple-optima problems.
First test problem is based on function F101(x,y) taken from [1.31]. The
function is de ned as follows:

pjx

F 101(x; y ) = x  sin(

y

47j)

(y + 47)  sin(

pjy + 47 + x=2j) ;

where the parameters x and y are coded on 10 bits and converted to
integer values from the interval (-512, 511).
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The function is used as basic building block of the problem. It is non-linear
non-separable and highly multimodal function of two variables. This means
that the optimal value of one variable can not be determined independently
of the other parameter. Here the whole problem is constructed in such a way
that it consists of 7 triples x1 y x2 , where each one contributes to the
overall tness with the value F101(x1 , y) + F101(x2 , y). So the parameter
y is nonlinearly bound with two other parameters x1 and x2 , which makes
the problem even more diÆcult. The total length of the chromosome is 210
bits. The tness of the whole chromosome is calculated as the average value
of those 7 function contributions. The global minimum value of the problem
composed of F101(x, y) is -955.96.
The next test problem is a representative of the deceptive problems, i.e.
problems that are intentionally designed to make GAs converge towards some
local deceptive optimum. Here, the problem is composed of the deceptive
function DF3 taken from [1.30], which is 4-bit fully deceptive function with
one global optimum in the string 1110 of the tness 30. The function has
a deceptive attractor 0000 of tness 10, which is surrounded, in the search
space, by four strings containing just one 1 with quite high tness values 28,
27, 26, and 25. The problem is formed as concatenation of 50 DF3 functions
resulting in a 200-bit long chromosome. Thus the global optimum of the
problem is 1500. The de nition of the search space of the DF3 function is
shown in Fig. 1.4.
The used Royal Road problem (RR) is a 16-bit version of the RR1 singlelevel royal road problem described in [1.7]. The problem is de ned by enumerating the schemata, where each schema si has assigned its contribution
coeÆcient ci . The evaluation of an arbitrary chromosome is given as a sum
of all contributions of those schemata that are covered by the chromosome.
The used RR problem is de ned as a concatenation of ten 16-bit schemata of
all ones. All building blocks have the equal contribution 16. Only the combination of all ones on the bits pertinent to a given schema contributes to
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the tness with the nonzero value, any other combination has value 0. So the
optimal solution is the string of all ones with its tness 160.
Another test problem used in our experiments is a representative of hierarchically decomposable problems, namely the hierarchical-if-and-only-if
function (H-IFF) proposed in [1.29]. The hierarchical block structure of the
function is a balanced binary tree. Each block, consisting of two sub-blocks
(a pair of its children), contributes to the overall tness by the value, which
depends on its interpretation (meaning) and its level in the tree. Each leaf
node, corresponding to a single gene, contributes to the tness by 1. Each
inner node x is interpreted as 1 if and only if its children are both 1's, as 0 i
they are both 0's. In such a case the node contributes to the tness by value
2height(x) , where height(x) is the distance from the node x to its antecedent
leaves. Otherwise the node is interpreted as null and its contribution is 0. It
follows from its de nition that the function has two global optima - one consists of all 1's and one of all 0's. For our purposes the 256-bit H-IFF function
with the global optima of value 2304 was used.
The last test function is the function F1 taken from [1.20] that was used
to analyse the ability of the GALCO algorithm to maintain multiple optimal
solutions in the population. The function is de ned in the interval (0.0, 1.0)
as follows:
F 1(x) = sin6 (5x);
where the parameter x is coded on 30 bits so that the string of all zeros
represents 0.0 and the string of all ones represent 1.0. The function is periodic
with 5 equally-spaced maxima of equal height, see Fig. 1.5.
1.5 Experiments

This section presents an empirical analysis of the GALCO algorithm and
shows some interesting aspects of this approach. The series of experiments
were carried out to reveal how the factors such as the convergence rate C,
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the population size PopSize, and the utilisation of the replace with mask operator a ect the performance of the algorithm. GALCO is also compared to
the standard form of the incremental genetic algorithm (SIGA). Here, SIGA
always replaces the worst individuals of the population by the generated o spring. Contrary to the GALCO, SIGA employs a simple mutation operator.
The comparisons are based upon the quality of the achieved solutions as well
as the convergence characteristics of the algorithms. Both algorithms run for
the same number of tness function evaluations, which is a commonly used
condition when di erent evolutionary algorithms are compared. Each experiment were replicated 20 times and the average best-of-run values and average
convergence courses are presented in tables and graphs.
Let us rst focus on how the performance of the algorithm depends on
the chosen convergence rate C. Results achieved with various values of C are
in Tab. 1.1. We can observe that small values of C (means that rather low
convergence is allowed) give better results than the bigger ones in general.
This con rms our assumption that the less the population can get homogenous the higher the chance that better results will be generated is. However
this assertion holds just when rather extreme values of C are considered. The
trend across the whole interval of C is such that starting from big C the
performance improves as the C decreases until some optimum value of C is
reached (results written in bold). Further when the C decreases the quality
of the obtained solutions does not improve any more whilst the time needed
to nd the optimal solution increases.
Apparently this is caused by the fact that the more diverse the population
is kept (an extreme case C = 0 is discussed further) the more the convergence
towards the optimal solution slows down. Thus we can see that the average
best-of-run value achieved with C = 1 is worse than that achieved with the
optimal C = 20 in the case of F101. In the case of DF3 and H-IFF problems
the optimal average best-of-run values were achieved even with C = 1 but it
Table 1.1.

An e ect of varying convergence range on a performance of the GALCO

C

F101

DF3

H-IFF

RR

225
200
100
50
20
10
5
1

-918
-920
-930
-941

1480
1490
1496
1500

1344
1675
2304
2304

26
37
56
140
150
152
154

0

-927



-943

-942
-942
-941

1500

1500
1500
1500

1498.5

2304

2304
2304
2304
1453

160

86

The population size 500 was used.
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convergence curves obtained with the optimal convergence rate
C, convergence rate C=1 and C=0 on the problem F101 (a), DF3 (b), H-IFF (c)
and RR (d). The population size 500 was used

took considerably longer time to nd them. See Fig. 1.6, where the average
convergence curves with the optimal C and C = 1 are shown.
Let us have a look at the results on RR problem now. This is the problem
that requires the least convergence rate to get the best results. This results
from the nature of the benchmark. There are no smaller building blocks
available besides those prede ned 16-bits ones, which would guide the algorithm towards the complete optimal solution. So the algorithm can only rely
on maximal diversity of individuals that would maximise a chance that all
building blocks will be generated and combined in one optimal chromosome.
It is also interesting to see the e ect of the replace with mask operator.
The results of experiments carried out with disabled replacement operator are
in the last row of Tab. 1.1 where C = 0. It is evident that the operator greatly
improves the performance of GALCO if used with a reasonable frequency.
There are considerable di erences in average best-of-run values obtained on
problems F101, H-IFF and especially on RR. In the case of the deceptive
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utilisation of the offspring genes

0.75

0.5

C=1
C=100

0.25
0

Demonstration of a utilisation
of the genetic material of the o spring
undergoing the replace with mask operation. Graphs show an evolution of the
ratio of genes taken from the o spring to
the total number of genes, in which the
chromosomes that are merged by the replace with mask operator (the o spring
and the worst individual in the population), mutually di er. The used population size was 250. The view of the
rst 200.000 iterations of the algorithm
is provided
Fig. 1.7.

1

50

100

iterations (x1000)

150

200

problem the best-of-run solutions achieved without replace with mask operator are quite close to the optimum. However, the two variants of GALCO
algorithm, the one that employs the replace with mask operator and the other
one that does not, di ers in the number of function evaluations needed to
come to the optimum solution. This is shown in Fig. 1.6.
These results con rm our intuition that not only a crossover operator
applied explicitely to promising parents enables the good building blocks
to combine. Also a mixing of the genetic information of two rather poor
chromosomes by the replacement operator is very fruitful. One should see
that in this way the worst individual in the population is given a high chance
that its genes or complete building blocks will be combined with other genetic
material. Note that without the replacement operator such a chance would
be very small since the worst individual is almost unlikely to be chosen as a
parent.
Fig. 1.7 shows an evolution of a utilisation of genes taken from the o spring chromosome. We can see that the characteristics di er from each other
in a way one would expect. When a small convergence rate is used (i.e. C = 1)
the proportion of genes taken from the o spring is stable (around the value
2/3) during the whole run. The bigger C is used (situation for C = 100 is
shown here) the more of the o spring genes can be used in the early stages of
the run. At the beginning of the run the o spring chromosome completely replaces the worst chromosome of the population. As the population converges
i.e. the distribution of ones and zeros in the population columns reaches the
boundary values (either P opSize C or P opSize + C ) the utilisation of the
o spring genes drops down and then stabilises around the value 2/3 as in the
former case. Note, that the proportion of the worst individual genes is the
complement to 1.0. So a considerable number of genes of the worst individual
are used as well.
Another factor, which strongly a ects a performance of GAs, is the size
of the population. General trend in standard GAs is that the bigger the used
population is the better results can be achieved. This is because the big population provides better supply of necessary fundamental building blocks when
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Table 1.2.

An e ect of varying population size on a performance of the GALCO

PopSize

F101

DF3

H-IFF

RR

20
50
100
150
200
250
500
1000

-928
-937
-943

1500
1500
1500

2304
2304

68
147
154
159
160
160
160



15

-949

-946
-945
-941
-928

1500

1500
1500
1500
1500

2304

2304
2304
2304
2304
2304

160

The convergence range C = 1 was used in these experiments.

it is initialised and is less subject to premature convergence. On the other
hand, the evolution of large population towards high-quality solutions may be
too slow and at the expense of more computations performed (measured for
instance by a number of performed tness function evaluations or crossover
operations).
The results of experiments carried out in order to investigate a sensitivity
of the GALCO to population size are presented in Tab. 1.2.
There are two important observations. First, the performance of the algorithm depends on the population size in a similar way as other GAs. As the
population size increases the quality of the obtained results improves until
an optimal population size is reached (the results written in bold). Further
increasing of the size slows down the convergence to the optimal solution.
In the case of F101 much worse solutions were found with population size
1000 than with the population size 150. Similarly much slower convergence
to optimal solutions were observed when large populations (P opSize > 200)
were used on DF3 and H-IFF problems. Again when solving the RR problem the best results were achieved with the biggest tested population size.
A strange phenomenon can be observed on the DF3 problem. There, the
optimal solution was found even with a small population of 20 individuals.
Such an unusual success of the algorithm on this benchmark could be easily
Table 1.3.

Results of the SIGA algorithm with varying population sizes

PopSize

F101

DF3

H-IFF

RR

500
1000
1500
2000

-877
-907
-909

1449
1464
1473

1234
1348
1382

149
150
144
147



-912

1476

1501

Other parameters of the SIGA were Pcross = 1:0,
of tness function evaluations was 500.000.

Pmut

= 0:01, and the number
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−750

1500

GALCO
SIGA

1450
fitness

fitness

−800

−850

1400

−900

1350

−950
0

1300
0

GALCO
SIGA

100
200
300
400
fitness evaluations (x1000)

500

2304

100
200
300
400
fitness evaluations (x1000)

500

160
144

2000

128

1500

fitness

fitness

112
96
80
64
48

1000

32
GALCO
SIGA

500

0

100
200
300
400
fitness evaluations (x1000)

GALCO
SIGA

16

500

0

0

200
400
600
800
fitness evaluations (x1000)

1000

Fig. 1.8a{d.Comparison of the convergence characteristics of GALCO and SIGA
on the problem F101 (a), DF3 (b), H-IFF (c) and RR (d). It shows the conver-

gence characteristics corresponding to the experiments marked bold in Tab. 1.2 and
Tab. 1.3, respectively.

explained. Recall that the DF3 function is a fully deceptive function with the
deceptive attractor in the string, which is a binary complement of the global
desired optimum. This means that the deceptive building blocks (those with
all 0's or at most one 1) tend to gradually proliferate in the population. However the saturation of the population with those building blocks is limited
due to the C = 1. So in reaction to the increased number of deceptive building blocks the number of building blocks composed of all 1's grows as well
in order to keep the balance of 1's and 0's in the population. Obviously such
a mechanism should work whenever a string representing a local optimum is
close to the binary complement of the global optimum string.
The second observation is that the algorithm does not require very large
populations to be able to solve the problems. In fact rather small populations
(100-200 for our test problems, except the RR problem) can be used with
GALCO to e ectively search a complex solution space. This becomes evident
when compared to the results obtained with the standard incremental GA
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Fig. 1.9a{b.The

nal distribution of 100 solutions after 50000 (a) and 500000 (b)
tness function evaluations. Proportions of the population after 50000 and 500000
evaluations are 24-18-19-19-20 and 26-16-22-17-19, respectively

(SIGA), see Tab. 1.3. Whilst the SIGA needs a large population to come
up with good solutions the GALCO pro ts from its inherent explorative
power described above. A comparison of the GALCO and SIGA in terms
of the average convergence characteristics is shown in the Fig. 1.8. We can
see that the GALCO outperforms the SIGA on all test problems. Especially
remarkable di erence between the two algorithms can be observed on F101,
DF3 and H-IFF problems, where SIGA did not give any comparably good
result even with population size 2000.
As we mentioned in the previous section some experiments were performed
to test the GALCO algorithm on its ability to discover many di erent global
optima. The plots in Fig. 1.9 show how the population samples the solution
space of the F1 function after 50000 and 500000 performed tness function
evaluations. It turned out that the algorithm is able to maintain a number of
samples for each peak of the function. As the evolution goes on the individuals
in the population become better and better. An important observation is that
the proportions of the population are almost stable during this process.
1.6 Summary and Conclusions

We have introduced a novel approach for preserving population diversity. It
is based on an idea that the population is explicitly prevented from becoming
too homogenous by simply imposing limits on its convergence. This is done
by specifying the maximum di erence between frequency of ones and zeros
at any position of the chromosome calculated over the whole population. The
algorithm is of a type of the incremental GA where only one crossover operation is performed in each generation cycle and the newly created individuals
replace some individuals of the current population.
A speci c replacement strategy is used to keep the desired distribution of
ones and zeros during the whole run. The pair of newly generated chromo-
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somes replace the parents if the best- t chromosome out of those four ones
is the child. Under such an replacement operation the population genotype
stays invariant. Apparently the evolution of the population would be too limited if we relied on accepting only those new chromosomes, which improve
the tness of their parents. To further boost up the exploration power of the
algorithm a special replacement operator was introduced, which is used to insert as much of the o spring genetic material as possible into the population.
Actually the currently worst- t chromosome of the population is merged with
the new one. In fact this is just another recombination operation providing a
means for better exploiting of genetic material of the poorly t individuals.
The proposed algorithm was experimentally tested on a representative set
of test problems. The results revealed several interesting aspects of the algorithm's behaviour. First, the best performance of the algorithm was achieved
with rather low convergence rate (C << P opSize=2). This means that the
distribution of ones and zeros is almost half-to-half in every column of the
population. This is in agreement with the intuition that the more equal the
distribution of ones and zeros is used the less the algorithm is prone to prematurely converge so the better results can be achieved. Due to its replacementrecombinative component the algorithm is able to go on to generate new
sample points of the search space even after the global optimum has been
found. It was also shown that the algorithm is capable of maintaining multimodal diversity of the population. So representatives of various optima can
co-exist in the population during the whole evolution.
An interesting aspect of the proposed algorithm is that it does not require any tuning of the mutation or crossover probabilities. Apparently any
probability of crossover less than 1.0 does not make any sense because once
a pair of parents is chosen they should be crossed over otherwise the whole
action does not have any e ect. There is no explicit mutation operator used
in the algorithm. The variability of the population genotype is maintained
by preservation of the gene distribution combined with the high generative
ability of the recombination crossover and replace with mask operators. For
the same reason the algorithm work eÆciently with rather small populations
in comparison with standard GA. It was shown that from some value of the
population size its further increasing is counterproductive and the process of
nding the optimum solution slows down.
Concluding this paper we can say that the GALCO algorithm exhibits
many nice features. However they were presented and con rmed only in an
empirical way. Future research in this area should focus on theoretical analysis of the algorithm that would help us to better understand its behaviour
and to estimate its convergence characteristics. Note that for our evaluation
purposes we have used test problems composed of tightly linked building
blocks. The applicability of the algorithm to the problems with low linkage,
i.e. the problems with building blocks spread across the chromosome, should
be studied as well.
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