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Abstract— The purpose of this paper is to implement and test a parallel adaptive genetic algorithm that
chooses between four different types of crossover (simple, arithmetical, non-uniform arithmetical, and linear) and
three mutations (uniform, non-uniform, and creep) operators. The operator selection is performed stochastically,
i.e., as generations go on, the probability of choosing an operator increases if a better solution is created. The
parallel computation is done by using OpenMP. The algorithm is tested using multimodal benchmark functions
well known in the literature, which are very similar to those used for solving engineer problems. An ANOVA test
associated along with a Tukey test proved that the adaptive algorithm works better than choose the operators
randomly. Furthermore, the parallel version decreases significantly the time required to solve the problem reaching
a speedup of 3.23 using eight threads.
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1 Introduction

Genetic algorithms are based on the natural se-
lection process to discover a solution to a par-
ticular problem. It uses inheritance, selection,
crossover and mutation to filter a huge set of pos-
sible answers into a minor group of best candi-
dates. To accomplish this task, the genetic algo-
rithms use a set of parameters such as crossover
and mutation probabilities, population size, and
the number of individuals used in the selection by
the tournament, among others. Moreover, pro-
grammers must select between several types of
crossover and mutation operators available to im-
plementation. Thus, finding the best set of oper-
ators is a challenge because they differ regarding
exploration and exploitation capabilities of the al-
gorithm. Usually, the choice is done manually and
requires a considerable effort.

In this context, our work aims to adapt and
select the proper operators in execution time, i.e.,
the selection process occurs as the generations
carry on. As a consequence, the programmer must
not test all possible combinations of the opera-
tors. Furthermore, an adaptive algorithm is able
to adapt the operators according to the problem
being solved. In other words, an adaptive algo-
rithm is capable of solving a variability of prob-
lems. Either, we purpose to perform the search as
fast as possible; therefore, we use as many threads
as the architecture allows with no loss of perfor-
mance using OpenMP.

A multithread adaptive genetic algorithm is
a subject not too much explored. For example,
Lu et al. (2015), Xiao et al. (2015),Mahmood-
abadi and Nemati (2016), Carvalho et al. (2016),
and Miranda et al. (2015) developed adaptive or
self-adaptive genetic algorithms; however, those
algorithms are not multi-threaded. Also, Pessini
(2003) and da Silva et al. (2013) studied multi-
thread genetic algorithms; nonetheless, they are
not adaptive.

This work is divided as follows: Section 2
overviews the concepts of genetic algorithms and
selection mechanisms. Section 2 discusses the op-
erators used in this work, how the adjustment is
done, and presents our proposal (Subsection 2.4);
Section 3 describes the multimodal benchmark
functions used in our tests; Section 4 shows the
results using the set of described functions; finally,
Section 5 presents the conclusions of this paper.

2 The Adaptive Genetic Algorithms

Proposed for the first time in 1975 by John Hol-
land from Michigan University, genetic algorithms
(GA) mimic the species evolution process. Ac-
cording to this process some individuals, among
many others, have a higher chance to survive be-
cause of some specific characteristics (most fit).
These individuals will have consequently a higher
chance to reproduce themselves and pass their
genes to further generations. This will tend to
increase the fitness of the entire population. How-
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ever, during the reproduction some defects might
occur, also known as mutations. The phenomena
of mutation can bring a desirable new feature to
the population enhancing the entire fitness of a
population.

The starting point of a GA is the generation
of an initial population, usually, devised by ran-
dom values within a domain. Every individual of
this population represents a solution. Each gene
means a variable of the solution. Thus, the algo-
rithm can compute a fitness value to every solu-
tion. Then, the evolution process is repeated un-
til a stop criterion is reached. Unlike traditional
GAs, in which the operators are previously cho-
sen, in the adaptive GA, the crossover and mu-
tation operators are selected in execution time.
Consequently, the algorithm can adapt itself to a
variate of search spaces. Figure 2 illustrates how
de adaptive GA works.

Pop ← InitialPopulation();
fit ← Eval(Pop)
for (i←1 to #Generations) do

for (p←1 to #PopSize) do
NewPop← tournamentSelection(Pop);

end for
for (p←1 to #PopSize) do

Cross ← decideCrossover(NewPop);
Mut ← decideMutation(NewPop);
applyCrossover(NewPop, Cross);
applyMutation(NewPop, Mut);
Elitism();

end for
Pop ← NewPop;
fit ← Eval(Pop)

end for

Figure 1: Adaptive GA pseudo code

It is important to notice that in our imple-
mentation the selection mechanism is the tour-
nament with a tournament size randomly chosen
between three and seven individuals. In the next
sections we describe the crossover operators and
the stochastic adaptation.

2.1 Crossover operators

Crossover operators generate descendants from se-
lected parents based in a parameter called prob-
ability of crossover (Pc). After selection, all el-
ements whose a random number is less than Pc
will undergo crossover. In this work, we uses
the following four operators: simple, arithmeti-
cal, non-uniform arithmetical and linear (Herrera
et al., 1998). The first one is the traditional 1
point crossover, in which two offspring are created
combining parts of each parent.

In the arithmetical crossover, the genes of the
offspring will be created according to Equations 1

and 2, in which gki is the gene i from the parent
k and r is a random number between 0 and 1.

s1i = r × g1i + (1− r)g2i (1)

s2i = (1− r)× g1i + (r)g2i (2)

The difference in the non-uniform arithmeti-
cal crossover relies on the fact that the variable r
is not random anymore but computed by dividing
the current generation t by the maximum number
of generations (Tmax) as shown in Equation 3 .

r =
t

Tmax
(3)

Regarding the linear crossover, the number
of offspring is three being created as depicted in
Equations 4, 5 and 6. Then, the best two offspring
are chosen to the next population.

s1i = 0.5 ∗ s1i + 0.5 ∗ s2i (4)

s2i = 1.5 ∗ s1i − 0.5 ∗ s2i (5)

s3i = −0.5 ∗ s1i + 1.5 ∗ s2i (6)

2.2 Mutation Operators

After the crossover, the mutation operator is used
to change one or more genes of the new individ-
uals based on a parameter called probability of
mutation Pm. All genes in the population receive
a random number. Afterward, all genes whose the
random number is less than Pm will be mutated.
This operation tries to search in different regions
of the solution’s space avoiding the premature con-
vergence to a local optimum. In this work we used
the following mutation operators: uniform, non-
uniform and creep (Herrera et al., 1998).

In the uniform mutation, the gene is replaced
by a random number within the variable’s do-
main. Concerning the non-uniform mutation, the
selected genes are mutated according to Equa-
tions 7 and 8, in which si is the gene being mu-
tated, t represents the current generation, LB and
UB are the lower and the upper bound of the vari-
able i, respectively, r is a random number between
0 and 1, T is the maximal number of generations,
and b is the degree of dependency (usually b = 5).

s
′

i =

{
si + ∆(t, UBi − si), if θ = 0

si + ∆(t, si − LBi), if θ = 1
(7)

∆(t, y) = y × (1− r(1− t
T )b) (8)

The creep mutation adds or subtracts a small
disturbance to the chosen gene based on a random
number theta as presented in Equation 9, in which
the perturbation is a small value around 0.01.
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s1i =

{
s1i + perturbation, if θ = 0

s1i − perturbation, if θ = 1
(9)

It is important to notice that in this work we
use elitism, which aims to keep in the population
the fittest individual. In other words, we always
keep the best solution in the next population re-
placing the worst one if necessary.

2.3 The Stochastic Adjustment

In the first generation, the algorithm chooses be-
tween the four crossovers and three mutations
techniques with the same probability, i.e., con-
sidering a uniform distribution of probabilities.
Then, if the set of operators (crossover and mu-
tation) generates an improvement in the best so-
lution, it increases their probabilities according to
the Equation 10, which means that the enhance-
ment of the probabilities is smaller at the begin-
ning of the algorithm and larger at the end. The
idea is to maintain the possibility of changing the
operators avoiding a premature convergence to a
specific combination of crossover and mutation..

step =
t

Tmax
(10)

This version of the adaptive algorithm repre-
sents an enhancement on that one present in (?),
in which a fixed step is added to the probabilities
in the case of improvement of the best solution

2.4 The Parallel Adaptive GA

OpenMP (OpenMP, n.d.) is an application pro-
gram interface (API) for multithreading program-
ming. The API has compiler directives, library
routines and environment variables to change the
software’s behavior and is used in C, C++ and
Fortran languages. The software gains the ability
of running at the same time using a variable num-
ber of threads. Every thread is a set of program
instructions grouped by the compiler directives.

Even though OpenMP allows to use direc-
tives, the relative ease of expressing irregular and
nested parallelism using tasks does not simplify
solving performance problems in OpenMP. Expos-
ing enough task parallelism to maximize memory
hierarchy utilization while simultaneously mini-
mizing parallelization overheads is crucial for per-
formance (Muddukrishna et al., 2015). Figure 2.4
shows where the directive was placed to achieve a
better speedup factor.

Pop ← InitialPopulation();
fit ← Eval(Pop)
for (i←1 to #Generations) do

for (p←1 to #PopSize) do
NewPop← tournamentSelection(Pop);

end for
OMP Parallel For Directive
for (p←1 to #PopSize) do

Cross ← decideCrossover(NewPop);
Mut ← decideMutation(NewPop);
applyCrossover(NewPop, Cross);
applyMutation(NewPop, Mut);
Elitism();

end for
End OMP Parallel For Directive
Pop ← NewPop;
fit ← Eval(Pop)

end for

Figure 2: Parallel Adaptive GA

The first thing to do when using OpenMP is
to add the library using #include < omp.h >.
Then the number of threads is set using the
instruction set OMP NUM THREADS =
number of threads in the shell. Al-
ternatively, we can use the instruction
omp set num threads(number of threads)
in the code. The parallel directive that we have
used is #pragma omp parallel for that says
to the compiler that all operations in the for
loop have to be distributed between the available
threads. The parallel block has the delimitation
expressed by “{ }” as any other block in C
language.

3 Benchmark Functions

Benchmark functions are commonly used to seek
a global optimal point, usually, a minimal point.
Monomodal functions have only one global op-
tima, whereas multimodal functions have many
local optima making the optimization problem
harder to solve. These function have also an im-
portant characteristics (Cortes and Silva, 2010):
separability. If a function is separable, it can be
rewrite as a sum of several functions of one vari-
able. Therefore, discovering the global optimum
point in non separable functions is much more
harder because the solution will depend on more
than one variable.

Tables 1 and 2 present the multimodal func-
tions used in this work, their domain, optimal,
and equations, respectively. Thus, considering
the multimodality and separability, Schwefel, Ras-
tringin, and Shifted Rastringin are multimodal
and separable functions; Griewank, Rosenbrock,
and Shifted Rosenbrock are multimodal and non-
separable Both shifted functions come from the
CEC Congress of 2005 and tend to be harder to
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solve than the non-shifted ones.

Code Name Domain Min.
SCW Schwefel [-500,500] 0
RAS Rastringin [-5.12,5.12] 0
ROS Rosenbrock [-5,10] 0
GRI Griewank [-600,600] 0
SROS Shifted Rosenbrock [-100,100] o
SRAS Shifted Rastringin [-5.0,5.0] o

Table 1: Benchmark functions, domain and opti-
mal

Code Formula
SCW f(x) = 418.9829n −

∑n
i=1 xi ∗

sin(
√

(|xi|))
RAS f(x) = 10n +

∑n
i=1[x2i −

10 cos(2πxi)]

ROS f(x) =
∑n−1

i=1 [100(xi+1 − x2i )2 +
(xi−1)2]

GRI f(x) =
∑n

i=1(x(i)2

4000 ) −∏n
i=1( x(i)√

(i)
) + 1;

SROS f(x) =
∑n−1

i=1 [100(zi+1 − z2i )2 +
(zi−1)2] + fbias6, z = x− o+ 1

SRAS f(x) = 10n +
∑n

i=1[z2i −
10 cos(2πzi)] + fbias9, z = x− o

Table 2: Benchmark functions - Equations

4 Results

The algorithm was executed in a Core i7 2.8GHZ
computer, 8Gb of Ram, Windows 7 - 64 bits, and
a hard drive of 1TB. The processor has 4 physical
cores and handles up to 8 simultaneous threads
per core. Functions were executed for 1000 and
2000 generations, using 50 trials, allowing para-
metric tests such as ANOVA and Tukey test. In
fact, according to the central limit theory, 30 trials
are enough to make normal the distribution of the
samples, allowing to perform parametric tests. In
this context, ANOVA says whether the differences
between the means are meaningful for two or more
groups of observations (Barbetta et al., 2004).
Further, the Tukey test confirms the difference be-
tween experiments. The H0 hypothesis says the
averages are the same. The acceptance region in
the F table for the H0 hypothesis goes until 2.605.

The comparison was done between the Adap-
tative GA (MOD1) and an approach where the op-
erators are randomly chosen (MOD2). The prob-
ability of crossover and mutation were set to 75
and 65 percent, a dimension of 30 genes, and re-
spectively with a population size of 50. Two, four
and eight threads were used in the parallel ver-
sion. The speedup is computed by Sp = Ts

Tp , in

which Ts is the time for the execution using one
thread and Tp is the time using multithreads.

Table 3 present the results in terms of quality
of solutions for the parallel adaptive GA and the
random chose of the operators using 1000 itera-
tions in all benchmarks functions. As we can see,
in all cases the adaptive GA showed better results
than the random approach.

Table 3: Results for Rastringin’s Funcion

Rastrigin
Value MOD1 MOD2
Best fit 6.676999 13.133025
Worst fit 37.107364 42.884608
Mean 17.10907896 24.8612825
Std. Dev. 6.461764572 5.587098274

Rosenbrock
Value MOD1 MOD2
Best fit 15.084529 34.157242
Worse fit 112.643595 149.948183
Mean 57.5610454 85.90950134
Std. Dev. 27.96267279 32.44117836

Griewank
Value MOD1 MOD2
Best fit 1.009687 1.068352
Worse fit 1.09127 1.276867
Mean 1.04639718 1.15523088
Std.Dev 0.015031315 0.046800471

Schwefel
Value MOD1 MOD2
Best fit 10.399041 17.773914
Worse fit 439.506364 449.562921
Mean 64.34573696 110.274682
Std Dev 86.90974755 106.3459295

Shifted Rastrigin
Value MOD1 MOD2
Best fit -323.957013 -316.490983
Worse fit -290.963359 -289.87358
Mean -310.6635982 -303.6000184
Std Dev 6.869066983 5.966953662

Shifted Rosenbrock
Value MOD1 MOD2
Best fit 2180.71895 53798725.97
Worse fit 15402.10554 425738859
Mean 6905.20439 203667426.5
Std Dev 3146.002054 70525588.6

Figure 3 presents how MOD1 and MOD2
evolve as the generations increase up to 1000 iter-
ations. In general, the random approach evolves
faster; however its ability of exploring and exploit-
ing the search space gets lost, while MOD1 tends
to discover better results.

Table 4 shows the difference between means
after 2000 generations. The minus signal depicts
that MOD1 presented better results. Further-
more, in the meaning column, we can see that the
differences between the results are meaningful in
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(a) Rastringin’s (b) Rosenbrock’s

(c) Griewank’s (d) Schwefel’s

(e) Shifted Rosenbrock’s (f) Shifted Rastringin’s

Figure 3: Benchmark functions evolution

all benchmarks functions.

Table 4: Tukey Test Comparing Functions MOD1
and MOD2 for 2000 generations

Funct. Mean Dif. SSD Meaning
RAS -6.12546042 3.023116137 Yes
ROS -3.42683464 8.087196892 Yes
GRI -0.07241568 0.011464159 Yes
SCW -16.81376672 5.907459354 Yes
SRAS -4.52237968 2.770728509 Yes
SROS -167503409.7 20287498.88 Yes

4.1 Speedup

In this section, a comparison between the parallel
adaptive GA and the parallel random selections is
done in terms of speedup. The time is measured
milliseconds and represents one execution of 2000

iterations and a population size of 200 using 2,
4 and 8 threads, respectively. Table 5 shows the
speedup as we increase the thread count.

Table 5: Speedup obtained for MOD1 as we in-
crease the thread count

Function 2T 4T 8T
ROS 1.696 2.446 3.228
GRI 1.587 2.368 2.857
RAS 1.575 2.108 2.644
SROS 1.718 2.528 3.137
SRAS 1.642 2.199 2.614
SCW 1.532 2.067 2.243

Figure 4 shows a graph with the obtained
speedups, in which we can see the same results
than Table 5.

Tables 6 compare the averages between the
single, the 2 , 4 and 8 threads solution with the
2000 experiment with a 200 population. The
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Figure 4: Speedup for MOD1 with 2,4 and 8
threads

ANOVA method and the Tukey test were used to
test if the average difference was significant. The
difference between all averages was not significant,
so there is no difference between the results of 1,
2, 4 and 8 threads. Table 7 shows the SSD in all
functions and the average difference between the
1, 2, 4, and 8 threads.

Table 6: Comparison between Single and Multi-
thread Algorithm - Quality of Solution

Func 1T 2T 4T 8T
GRI 0.714 0.709 0.722 0.726
RAS 0.568 0.758 0.631 0.790
ROS 7.009 6.653 10.0009 7.294
SCW 12.973 14.997 5.140 11.353
SRAS -329.19 -329.39 -328.86 -328.77
SROS 2098.39 2736.257 1646.59 1961.87

Table 7: SSD and Avg comparison between Single
and Multithread Algorithm

Func SSD 1T/ 2T 1T/4T 1T/8T
RAS 0.451 0.190 0.062 0.221
ROS 4.130 0.355 2.991 0.285
SCW 19.705 2.024 7.832 1.619
GRI 0.041 0.005 0.008 0.011
SROS 1072.748 637.87 451.8 136.52
SRAS 0.816 0.198 0.331 0.424

5 Conclusion

This paper presented a parallel adaptive GA
for unconstrained multimodal numerical optimiza-
tion. Results indicated that the adaptive GA
can discover better solutions than a random selec-
tion of the genetic operators. The parallel version
achieved speedups close the ideal one, especially
in the functions Shifted Rosembrock and Shifted
Rastrigins, which are the hardest to solve.

The parallel version achieves an important ob-
jective: there was no loss of efficiency. This means
that more processors can be added if the solution
needs to be faster with a small loss in the quality
of solutions.

Future work includes to solve real-world appli-
cations such as the Dynamic Economic Dispatch
Problem and parallelization of the adaptive GA
using General Purpose GPU, also known as GPG-
PUs.
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haria e Informática, 1st edn, Editora Atlas,
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