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Abstract. Genetic Algorithms have been successful in several practical appli-
ances and obtained great prominence among the techniques of Evolutionary 
Computation. A large portion of methods and parameters adopted in its use are 
heuristic or random choices, which remain unchanged throughout the execution 
once they are set. This can lead to a certain lack of exploration of the search 
surface and also compromise the variability of the population. For that matter, 
this work introduces the implementation of an intelligent agent based on fuzzy 
logic, enabling dynamic monitoring and regulation of six GA parameters. The 
results obtained surpass the GA traditional implementation in many aspects, and 
open a wide new space for research and study. 

1   Introduction 

Evolutionary Computation is an area inspired by the optimization process that hap-
pens in the Nature, the Evolution. This is based on the principle that if some organic 
molecular chains enabled the Nature to create such complex beings, capable of con-
trolling their own existence, then simulating this process and adapting it to problem 
solving and optimization would produce good results [4].  

In the area of Evolutionary Computation, the Genetic Algorithms (GA) are a high-
light. They are based on the concepts of Genetics and Charles Darwin’s Natural  
Selection, modeling the biological operators of selection, crossover and mutation to 
optimize functions, solve problems and find solutions with better fitness, e. g. better 
performance [6].  

Despite the fact of their high applicability in many areas, with plenty of successful 
cases, the GAs hold some aspects still to be studied and optimized. Some of these ex-
pose the GAs to a high degree of randomness and a considerable lack of control of its 
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parameters, which is against the principles of Evolution itself. One of these issues, as 
stated in [6] and other authors, refers to choosing the right parameters for the execu-
tions, which is a very difficult and critical task regarding the success of the applica-
tion. These parameters, as presented by several authors, are countless, and can be:  
explicit, as the criteria for ending the execution, mutation and crossover rates, number 
of individuals in a population, elitism or fixed state rate; or implicit, such as variabil-
ity of individuals, excess of convergence, or the main search space within the whole 
search surface.  

In spite of this, many researchers try to find a better generic set of parameters that 
can be applied to any kind of problem. However, as mentioned in [8], they are far 
from finding an optimal set, given the fact that the parameters are usually pretty much 
linked to the problem and moreover, they do not seem to possess any visible straight 
relationship of values among them. 

An alternative and more advanced approach to this issue is to search mechanisms 
to dynamically modify the parameters as the execution runs, adapting them “intelli-
gently”, or by following changes dictated by previously established mathematical 
functions, always referring to the current generation. 

One of these proposals is presented in this work, by means of the development of 
an “intelligent” agent based on fuzzy logic combined with a rule base built upon the 
authors’ own experiences, reflecting some of the best policies for the adopted parame-
ters, mainly based on the literature. 

In the following sections, the GA structure is introduced, along with the hybrid 
model used in [2], followed by a discussion about GAs with dynamic parameteriza-
tion, the project and implementation of the fuzzy agent G.A.I.A. (Genetic Algorithm 
Inference Agent). Finally, there is an analysis and description of the tests run and 
presentation of the final conclusions. 

2   Genetic Algorithms and Hybrid Approach 

Holland (1975) in [8] defines a GA as a method of optimization that implements the 
movement of a population of solutions to another, using some kind of “Natural Selec-
tion” in conjunction with other genetic operators. Despite the fact that recently the 
GA concept has absorbed other areas and become even closer to biological simula-
tion, the structure proposed by Holland is still valid and defended by many authors. It 
is called canonic GA, and consists in: generate a population (chromosomes) modeled 
according to the problem; evaluate the fitness of each individual, what can be inter-
preted as the probability of a solution to generate new descendants with its genetic 
material; apply the operators of selection, crossover and mutation on the solutions, re-
peating the process until a satisfactory result is reached [6]. 

So, as mentioned, new variables, whether biological or not, are being recently 
added to the canonical structure of GAs, generating what is known as the hybrid ap-
proaches, or Hybrid Genetic Algorithms. Many of these approaches can achieve better 
results in more efficient executions, probably because they are capable of simulating 
the natural environments where the evolution happens in a more realistic manner [1]. 

A successful approach in this area refers to the inclusion of phenotypical interac-
tion in the population’s genes through the Evolutionary Games [10], as a macro-step 
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of the GAs prior to the Selection Operator. This hybrid approach was firstly proposed 
by [7] as a modification of the roulette selection method, to regulate the high selective 
pressure it imposes, giving birth to the Hawk-Dove Roulette selection method – 
where Hawk-Dove is an evolutionary game presented in [10], and Roulette is the tra-
ditional implementation of this method. 

In [1] this approach was followed and the Hawk-Dove Tournament method was 
proposed. Based on genetic studies of behavior, it added a new chromosome to indi-
viduals, representing the behavior (strategy) they adopt in the games. This originates 
what is known as Genetic Coding and Transmission of Behavior. The new chromo-
some also could suffer the crossover and mutation operations, causing the strategies to 
proliferate during the GA’s generations. 

This approach is formalized in [2] as a new macro-step of the GA, making it inde-
pendent from any selection method that is adopted, opening the doors to countless 
combinations of games vs. selection methods. The inclusion of the intelligent agent to 
regulate the GA’s parameters presented in this work is made upon this approach, 
minding to better the already good results obtained in the works formerly mentioned. 

3   Selection of Parameters for Genetic Algorithms and Dynamic 
Parameterization 

The aforementioned choice of parameters for GAs, such as crossover and mutation 
rates and size of population is a rather hard task, due to the enormous possibilities of 
variations in the modeling of the problem and the cost (fitness) function.  Traditional 
GAs base themselves upon the generation of several random factors in the creation of 
the initial population, crossover and mutation. Therefore, two executions with the 
same initial parameters of execution can produce significantly different results [6]. 

According to [8], this matter should lead to the conclusion that there are several 
methods of crossover and mutation, as much as hybrid and generic possibilities. 
Comparing all these possibilities and generating an optimal parameter set is an ex-
tremely hard task, as the results may well be intrinsically linked to the problem in 
question. The works of [6] and [8] try to find this optimal set of parameters, or at least 
point to sets of problems on which the best results may be obtained. 

One of the first to study this area was [13]. He was able, through the definition of a 
wide set of tests to a few simple problems, to establish some parameters considered as 
optimal. These parameters began to be largely used by the community, such as: popu-
lation size between 50 and 100 individuals, crossover rate higher than 60% and muta-
tion rate equal to 0.1% for each gene of the population. 

Despite the high degree of adoption of these parameters in the literature, there is no 
evidence that they are the best and ought to be applied to each and every problem, yet 
there are other works that ratify their use [8]. Grefenstette (1986) in [6] proposes a 
genetic meta-algorithm that should be used to find the set of parameters for the prob-
lem. In this definition, each execution with different parameters represents an individ-
ual of a “macro-GA”, whose evaluation function is inferred on the performance of a 
whole execution. Despite the high computational cost involved in this approach, it is 
good in the sense of a meta-optimization, and also avoids the excess of heuristics in 
the selection of parameters. 
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Both the mentioned approaches, as well as most of the others, take into considera-
tion finding a set of parameters that will be defined before the start of execution and 
persist until the end of it. However, this set does not necessarily reflect the real needs 
for values of the parameters according to the current state of the population in a given 
generation. 

This work also consists in a dynamic approach of parametric variation, allowing a 
detailed adjustment, according to the state of the population. Nevertheless, the ap-
proach utilized is of an external fuzzy intelligent regulator to the GA, which because 
of its similarity in perceiving the environment and taking action is called “agent”.  

This ability to externally control the environment inspired the selection of the name 
“GAIA” to be the agent’s name. In the Greek Mythology, Gaia is the goddess of fer-
tility, representing the personification of the Earth as a goddess. 

Taking this as a base, this entity would intercede in a population aiming to guide its 
evolution, ensuring an acceptable degree of genetic variability and regulating aspects 
that were kept random up to then. This control is possible through Fuzzy reasoning, 
and the respective project to implement its idea is described in the next section. 

4   Project and Implementation of the GA Fuzzy Regulator 

The prime intention of the dynamic parameter regulator for genetic algorithms was to 
build an “intelligent” agent that, with the aid of Fuzzy Logic, would be able to peri-
odically evaluate certain variables, considered indicators of evolution (good coverage 
of the search space). Then, based on these indicators, it would act in order to regulate 
the values of some parameters of execution, as well as operate directly on the popula-
tion, altering its individuals or replacing them if necessary. 

Fig. 1 shows the structure of the GA, highlighting the moment of the execution in 
which the fuzzy agent performs the tasks of supervision and intervention in the  
population. 

The first step to build the agent consisted of an analysis of the candidate output 
variables, representing what the agent should control. The following candidate vari-
ables were evaluated: crossover rate, mutation rate, percentage of surviving individu-
als (the ones that go through to the next generation), and the number of generations of 
the execution (halt controlled by the agent). 

Due to the high subjectivity related to the fuzzification of the latter, the following 
were adopted as output variables: crossover rate, mutation rate, percentage of surviv-
ing individuals. 

After defining the output variables, the candidate input variables were named, 
meaning the ones which have a great significance for the chosen parameters of con-
trol: mean value of the population, standard deviation of the population, optimal 
value/best fitness of the generation, frequency of the best value in the last generations, 
percentage of duplicate individuals in the current generation, distance from a sup-
posed optimal value. 

So, after considerations the applicability and capability of fuzzification of each 
candidate variable, taking into account the main objectives of optimization and evolu-
tion and minding to maintain the variability, the following variables remained: opti-
mal value in the current generation, frequency of best value in the past n generations, 
and the rate of duplicate individuals in the current generation. 
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Fig. 1. Proposed structure for the GA after the insertion of the step when the fuzzy agent inter-
venes, at the end of each iteration 

 

Fig. 2. Mapping and membership functions for the G.A.I.A. input and output variables 

For each variable selected, either input or output, its domain was defined and parti-
tioned in three fuzzy linguistic values, defined as “low”, “average” and “high” for 
most of the variables. 

The trapezoid and triangular membership functions were used to model the values 
of the input variables. The output variable for surviving individuals also used the 
trapezoid and triangular functions. For their turn, the variables for mutation and 
crossover rates were modeled using Gaussian membership functions, as these permit a 
smoother transition [9].  Fig. 2 displays graphically the mapping of both the input and 
output variables. 

The singleton fuzzifier was used, along with the weighted average defuzzifier, and 
minimum inference operator and Mamdani composition (MaxMin) [12]. 
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A heuristic approach was chosen to build the rule base, essentially founded on em-
pirical knowledge, as well as some indications available in the literature. The full rule 
base is displayed in Table 1. 

Table 1. Fuzzy Rule Base – G.A.I.A 

Input Variables Output Variables 
Optimal 

Value 
Frequency of Best 

Value 
Duplicate Individuals 

Rate 
Mutation 

Rate 
Crossover Rate 

Surviving Indi-
viduals Rate 

Good Low Low Low High High 
Good Low Average Average High High 
Good Low High High High Average 
Good Average Low High Average High 
Good Average Average High Average Average 
Good Average High High Average Low 
Good High Low High Average Average 
Good High Average High Average Low 
Good High High High Low Low 

Average Low Low Low High High 
Average Low Average Average High High 
Average Low High High High Average 
Average Average Low Average High High 
Average Average Average Average Average Average 
Average Average High High Average Average 
Average High Low Average Average Average 
Average High Average High Average Low 
Average High High High Low Low 

Poor Low Low Low High High 
Poor Low Average Average High High 
Poor Low High High High Average 
Poor Average Low Low High Average 
Poor Average Average Average High Average 
Poor Average High High High Low 
Poor High Low Average High Low 
Poor High Average High High Low 
Poor High High High High Low 

The first group of nine rules (“good” optimal value) represent the convergence to 
an acceptable optimum, what is normally reached after a reasonable amount of gen-
erations has been executed. As a result of this, the agent should increase the mutation 
rate for most cases, in order to permit a better coverage of the search area, and pro-
mote a survival rate inversely proportional to the combination between the frequency 
of best value and the duplicate individuals rate. 

As for the second group of rules (“average” optimal value), typically they indicate 
cases of “half-life” of an execution, meaning the GA is exploring the search surface 
aiming to get the best values. The rules state that the mutation rate varies to a certain 
extent proportionally to the duplicate individuals and the amount of times the best 
value appears, thus trying to conduct the search away from possible local optima, and 
try to explore other areas where the global optimum could be. 

Finally, the third group (“poor” optimal value) refers typically to rules activated at 
the beginning of an execution. Thereby, the crossover rate should be kept high, the 
mutation rate follows the proportion of duplicate individuals, and the surviving indi-
viduals rate decreases as the frequency of the best value increases. Needless to say, 
near the beginning of an execution, the expected optimal value is poor.  

Generally, the agent (G.A.I.A.) receives the population as an input, after the cross-
over and mutation operations, and calculates the numeric values for the parameters. 
These are then converted in fuzzy values, and activate one of the rules in the base. 
The fuzzy values for the output variables are then defuzzified and these converted 
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numeric values are used to alter the population, eventually generating new individuals 
according to the rate for surviving individuals. Also, the crossover and mutation rates 
may vary, and the new values are applied in the next generation. 

The test platform was built upon the Java language, with the aid of the FuzzyJ API 
[5] for the implementation of the intelligent agent’s fuzzy inference engine. The tools 
supplied by the API guaranteed a significant gain in the programming productivity. 

The use of the regulator has its own function modes that can be set by the user at 
the beginning of each execution. These are related to the frequency it should execute: 
at each generation (“permanent”), or at fixed intervals (“periodic”), or establishing a 
probability that the agent could be executed at each generation (“stochastic”). These 
options are important in the sense of evaluating and comparing the real need of dy-
namic control of the parameters at a fixed period (periodic/permanent), or exposing 
the environment to a “simulation of natural disasters” (stochastic). 

5   Simulation and Evaluation of the Purpose 

In order to evaluate the purposes properly, a platform for running the tests had to be 
built. It would provide a mean of comparing the performance of the different configu-
rations of parameters that ought to be tested, for the same initial population. 

The symmetric traveling salesman problem was selected for implementation, ap-
plied to the road distances among 26 cities, representing the Brazilian state capitals 
[3], formulated in such a way similar to [7], for comparison purposes. 

Table 2. Comparative Evaluation of the Main Results 

Execution Type Best (km) Generation Found (1st) 
GAIA Periodic-100, HDR(20,30) 20586 1364 

GAIA Stochastic-25%, HDR(20,30) 21069 833 

GAIA Periodic-10, HDT(30,20) 21181 723 

GAIA Stochastic-50%, HDT(30,20) 21254 357 

GAIA Stochastic-25%, HDR(20,30) 21324 4641 

GAIA Periodic-100, HDR(20,30) 21528 1212 

GAIA Stochastic-75%, HDR(20,30) 21946 1883 

GAIA Periodic-10, HDR(20,30) 21957 2843 

GAIA Periodic-20, Tournament 22061 4793 

GAIA Stochastic-25%, HDR(20,30) 22185 1577 

GAIA Periodic-50, HDR(20,30) 22242 2534 

GAIA Periodic-20, HDR(20,30) 23764 312 

GAIA Stochastic-50, HDR(20,30) 24079 4394 

GAIA Permanent, HDR(20,30) 24260 2256 

GAIA Periodic-10, Roulette 24487 790 

GAIA Permanent, HDR(20,30) 24487 3960 

GAIA Periodic-10, HDR(20,30) 24782 4680 

GAIA Permanent, HDR(20,30) 25440 1776 

The G.A.I.A. was used in addition to following selection methods: Roulette; Tour-
nament; Hawk-Dove Roulette C=20,V=30 and C=30,V=20; and Hawk-Dove Tour-
nament C=20,V=30 and C=30,V=20. Therefore, several tests were run (the most  
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significant are presented in Table 2), considering the same parameters at the start of 
the execution:  

• Same initial population; 
• Number of individuals: 100 for all generations; 
• Number of generations: 5000; 
• Initial crossover rate: 100%; 
• Initial mutation rate: 0%; 
• Number of matches (for the methods involving hybrid evolutionary games [2]): 

100 per generation. 

 

Fig. 3. Execution Hawk-Dove Roulette, C=20, V=30 

If one analyses in detail the results that were obtained, especially if placed under 
the light of the desired objectives, there is noticeable evidence that the agent leads to 
an increase of the variability of the population, as it forces the elimination of some in-
dividuals, given the degree of duplication in the population. It also avoids the stagna-
tion of the optimal value, regulating it accordingly through the tuning of the crossover 
and mutation parameters. 

Fig. 3, extracted from [2], shows an execution with the same parameters applied in 
the G.A.I.A. tests, except the crossover and mutation rates, which are static through-
out the whole execution. It reveals a quick evolution and a somewhat premature con-
vergence, as in a generation close to number 500 a “best fitness value” is found and 
persists virtually until the end of the execution (generation 5000), when a mutation 
leads to the best optimum. 

When G.A.I.A. is applied, as illustrated in Fig. 4, the evolution is considerably dif-
ferent. This particular graphic is from the execution that produced the best overall re-
sult, when the agent intervened each 100 generations. It is noticeable that there are 
significant changes (leaps) each time the agent is activated, trying to escape from 
stagnation, whether for the best value or the average. The population evolves to a 
supposed local optimum and starts to stagnate until a new intervention from the agent 
renews the parameters and replaces some individuals for new ones, possibly reintro-
ducing lost routes in the population, and enabling it to produce individuals with a bet-
ter fitness value. 
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Fig. 4 also shows that the execution could well be run without a limit for its maxi-
mum number of generations. This threshold for ending the execution, e.g. a target ac-
ceptable optimal value, could be defined by the user, so as this value is reached the 
execution would be halted. 

 

Fig. 4. Execution Hawk-Dove Roulette, C=20, V=30, G.A.I.A. Periodic-100 

6   Final Remarks 

The results obtained were mostly very satisfactory, as the main purpose was to obtain 
an optimal value, minding to preserve the variability of the population. 

In the tests run using the problem of [7] as a model, the best values found were al-
ways close to the best ever found (20093 km in [11]). Besides that, from a qualitative 
point of view, the majority of results were superior from other works on this same 
problem, as it was guaranteed a broader and more diversified exploration of the 
search surface, noticeable by the analysis of the variability of the individuals through-
out the executions. 

The main difficulties in modeling and building the agent had to do with the relative 
subjectivity of mapping real values to fuzzy values, especially because these are not 
firmly supported by the literature. Instead, the construction of the rule base had to sit 
essentially upon empirical knowledge. 

The introduction of the role of an “agent” that regulates the evolution of a popula-
tion according to its own rules opens new possibilities of search in the area. New val-
ues for the parameters on the case of study can be tried, including new techniques to 
control the rate of surviving individuals. There is also room for definition of new in-
put and output variables, as presented in section 4. 

It was noticed that different adjustments in the configurations, such as changes in 
the numeric values correspondent to the fuzzy variables, can favor one or another 
mode of execution of the regulating agent, periodic or stochastic. 

Among the modes of G.A.I.A., the permanent one tended to present the worst re-
sults, which may lead to the conclusion that its influence in the evolutionary process 
may be too forceful, which somehow affects the process, covering it up. 
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The success achieved in the implementation of an intelligent agent controlling the 
evolutionary process is somewhat similar to the controversial approach of the Intelli-
gent Design Theory [14], which is defended by many scientists as an answer to sev-
eral aspects that are not well explained by the Neodarwinist Theory.  

The present work is not assuming as truth either of the aforementioned theories. In-
stead, it proposes a combination of aspects from both points of view and, in terms of 
optimization techniques, obtains results with such relevance that they should receive a 
special attention for further study and future works. 
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