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A fast genetic algorithm model for shared

memory parallel computing

Banafsheh Zahraie! Fariborz Nematizadeh?, Ximing Cai®

Abstract

Parallel computing has been used in different scientific fields for high performance computing
(HPC), but interest in it has been growing rapidly due to physical constraints that prevent the
increase in clock frequency of Central Processing Units (CPUS). In the past, parallel computing
was only possible through the use of multiple CPUs but the vast availability of multi-core CPUs
in PCs that are widely used today makes parallel computing a promising way of harnessing this
additional computational power to shorten execution time of algorithms. In this study, an
innovative approach has been developed for paralel implementation of the Genetic Algorithm
(GA) optimization technique. In the Parallel GA (PGA) Model, a pipeline has been designed in
which atask-based parallelization of evolution operators (selection, mutation, and crossover) and
evaluation of chromosomes has been implemented. In this model, the total parallelization of the
GA'’s computational burden has been implemented and near-linear scalability with the number of
cores has been achieved. Another problem addressed in this study is the inability of some of

pseudo-random number generators (RNGs) to produce true uniformly distributed random
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numbers. Non-uniformly distributed random numbers are a major problem in GA models
because truly uniform distributions are required to keep the diversity in the population. A
uniform distributor (UD) implemented in the PGA model for use with a thread-safe set of
Mersenne Twister RNGs provides dramatic convergence improvements compared with simple
random initialization. Multiple tests were conducted on double- and quad-core computer
systems. The issue of scalability with the number of cores is discussed and the effects of

proposed UD on the convergence speed of the model are evaluated.

Keywords: Multi-core systems, Parallel Genetic Algorithms, uniform random numbers, parallel

computing, genetic algorithms

1. Introduction

Historically, designers and manufacturers of Central Processing Units (CPUs) have
increased processing power of their products mainly through increasing processor frequency but
recently they have not been able to elapse the 4-5 GHz barrier due to heat dissipation and other
limitations imposed by laws of physics. Instead, they have decided to increase processing
performance by incorporating more than one independent Execution Unit (Core) inside a single
physical CPU. Through this approach, they have been able to reach near-linear scalability of
processing power while keeping the CPU frequency below the aforementioned margin.
However, the idea of using more than one processing unit to conduct complex computations is
not new. High-end Motherboards for servers and workstations have been constructed with
multiple (usually 2 or 4) sockets that accepted multiple physical CPUs on the same board.

Graphic Processing Units (GPUs) are another well-known example of parallel processing units.
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The problem with parallel processing is that software has to be specifically written to run
in multiple threads, as it does not offer an immediate increase in performance in the same
manner that increased clock speeds do. A single-threaded application can only make use of one
core. Multi-core computers give the opportunity to solve high-performance applications more
efficiently by using parallel computing (multi-threaded applications). Genetic Algorithms (GA)
and other evolutionary optimization techniques need a lot of computing power to solve a
problem, especially when they have a large number of decision variables. Before the
development of multi-core CPUs, the most practical way to speed up the process of finding the
optimal solution was to use very expensive multi-CPU computers or multicomputers (e.g.
cluster) [1]. Cha et al. [2] show some of the advantages of multi-core architecture while
Dongarraet a. [3] present several applications of parallel computing. The only previous study on
the development of parallel GA for multi-core systems of which the authors are aware is a study
inwhich Serrano et al. [4] employed the Distributed Computing Toolbox of MATLAB 7.4a.

The vast availability of multi-core CPUs in today’s commonly available PCs makes
parallel computation a promising way of harnessing this additional computational power to
shorten the execution time of many numerical models, including GAs. This paper examines the
benefits that the Parallel Genetic Algorithm (PGA) model can provide in terms of reduction in
execution time The performance of the proposed PGA model is assessed with tests on 12
arbitrarily chosen benchmark functions of low to relatively high dimensions (up to 100). The
tests were made on double- and quad-core computers and a comparison of the reduction in
execution time in relation to the number of coresis shown.

Another issue addressed in this paper is the non-uniformity of pseudo random numbers that

RNGs produce. For over 40 years, stochastic modelers have been using computerized random
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number generators (RNGs) that are expected to produce random numeric sequences that fit a
specified statistical distribution [5]. RNGs are needed for many computer applications, such as
simulation of stochastic systems, probabilistic algorithms, and evolutionary optimization
algorithms to name a few. These so-called random numbers may come from a physical device
but are more often produced with a deterministic function (hence they are called pseudo-random
number generators) or algorithmic RNGs. Since they have a deterministic and periodic output, it
is clear that they do not produce independent random variables and, consequently, cannot pass all
statistical tests of uniformity and independence [6]. In fact, several popular RNGs, some of
which are available in commercial software, fail very simple tests[6, 7]. The scientific literature
is also filled with examples of inappropriate RNGs. A bad RNG can completely ruin a
researcher’s analysis [8]. Coddington [9, 10] and Meyer et a. [5] discuss the impacts of this
weakness in the fields of physics and hydroclimatology, respectively.

The convergence speed of GAs is highly dependent on their initialization. Usually, GAs
are initialized randomly. When a perfect RNG (produces a truly uniform distribution) is used,
this promotes maximum diversity in the initial population, which can help counter suboptimal
convergence to local optima, as discussed in [11]. However, due to weaknesses of RNGs that
are used for random initialization of initial population in GAs, different adjusted, biased
initialization techniques have been suggested in previous studies [12, 13, 14, 15]. In [14], the
diversity of the initial population was maximized by ensuring that the initial population was
uniformly distributed across the search space. Chou and Chen [14] suggested splitting the search
gpace into sub-spaces for one-dimensional problems, but for multi-dimensional cases, the
diagonal linear subspaces of the search space that appeared to contain important information

were considered for biased initialization. Multiple processors were used to implement the
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optimization in [15], in which the search space was divided into regions assigned to each
processor, and each set of individuals in the initial population was biased to search the
corresponding region.

In this study, we have used Mersenne Twister RNG developed by Matsumoto and
Nishimura [16], which is a highly regarded RNG for achieving better randomness. We also
employed a biased initialization scheme and assessed its effects on the convergence of the PGA
model. For this purpose, we have proposed a Uniform Distributor (UD) suitable for high-
dimensional problems to be used along with the Mersenne Twister RNG to improve the diversity
of the initial population produced in GA in a way that it covers the whole search space
uniformly.

The rest of this paper is organized as follows. First, the PGA model algorithm is
discussed in Section 2.1. The uniform distributor (UD) which has been proposed for biased
initialization and experiments used to evaluate model performance are presented in Sections 2.2
and 2.3, respectively. Finally, the results of testing the model to find the optimal solutions for 12

benchmark functions are discussed in Section 3.

2. Methodology
2.1. PGA Mode

First, a hierarchy of classes for the objects in the evolutionary PGA model was designed
for thread-safety operation and concurrent access and execution of properties and methods. The
parallelism of the PGA model was achieved with concurrent execution of evolutionary operators
including selection, crossover, and mutation, as well as the evaluation of chromosomes

throughout the evolving population.
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A task-based pipeline was designed based on Intel Threading Building Blocks (TBB).
Each step of the evolutionary algorithm in GA was mapped into a set of parallel tasks and the
sequence of these steps was incorporated into the pipeline. A master thread executing the pipe-
line creates a thread pool based on the number of available cores and dynamically allocates a
subset of tasks to each thread for execution.

The application is designed as a standard ANSI C++ template-based hierarchy of classes
with portability and ease of extendibility in mind. The class model was developed using
Microsoft Windows Vista SP1 32 bit using Intel C++ compiler v10.1 for Windows. We also used
the following libraries. Boog library v1.38 [17], TBB v2.1, [18], STLport v5.21. [19] and
SFMT [20]. All of these libraries are open source and are available across platforms. The main
challenges that we tried to address were: 1) Generation of true random numbers with concurrent
calling of random number generator function (the standard C++ rand() command is not thread
safe), and 2) Concurrent accessto data.

The first challenge can be a magjor issue in a GA model because aimost al different types
of selection, crossover and mutation operators are highly dependent on random numbers
generated in the model. If the same random number generator is called concurrently by different
threads, then the results are unpredictable. Usually, the same number is returned to all threads,
which hinders the evolution process significantly. The second challenge concerns issues with
racing conditions in which the separate threads of execution depend on a shared state or
sequence of events initiated by other threads, mutual access to shared resources, validity of
concurrently modified data, and avoiding deadlocks and thread collision. To overcome the
aforementioned obstacles, the following design was chosen:

A set of mutually synchronized Mersenne Twister RNGs, each with the period of 2'%%%"-1
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Stateless class design with synchronization on currently accessed members

2.2. Uniform Distributor (UD)

Since GAs became popular through the work of John Holland [21] and Davis Goldberg
[22], modelers have used computerized RNGs to produce uniform random numeric sequences
for different GA operators. As explained earlier in the paper, most of these RNGs do not
satisfactorily produce independent and uniformly distributed random numbers. Non-uniformly
distributed short sequences of random numbers are a major problem in GA models because truly
uniform distributions are required to preserve the diversity in the population. RNGs are used in
the first step of the evolution process in generation of initial population to make sure that all
different parts of the search space are uniformly covered by the randomly generated solutions. If
the randomly generated population does not follow a uniform distribution in each dimension,
then some parts of the search space might remain untouched and it may take a long time for the
model to reach those regions with crossover and mutation operators. In that case, a modeler’s
choice of mutation and crossover operators among different available techniques might become
very influential, making the whole modeling procedure highly dependent on the modeler’s
experience.

In this study, Mersenne Twister RNG is used because it combines speed with good
statistical properties and an extremely long periodicity It is used in Goose, SPSS, EViews, GNU
R, VSL and in many other software packages [7]. Along with using Mersenne Twister RNG, a
UD is also proposed for biased initialization to ensure enough diversity in the initial population
to cover all different parts of the search space in every dimension. The main idea behind the

proposed approach is to make sure that the initial population is produced in a way that the whole
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search domain is covered as much as possible and as quickly as possible through the
evolutionary process.

To understand this concept, consider a search space with n dimensions. The following
eguation has been used in this study for estimation of population size (adopted from Yu et al.
[23]):

PS=30n" In(n) (1)

The search domain for each decision variable is discretized into m equal non-overlapping

classes. A random number is generated for each dimension in each class. In order to have all

different combinations of the discretized values in the initial population (having one solution in

each sub-region of the search space as also discussed in [14]), m" chromosomes should be

generated. Assume a sample case of 100 decision variables withm=10. The number of

chromosomes in the initial population for this case will be10'® , which requires a huge number
of fitness function evaluations for the GA model to find the optimal/near-optimal solutions. This
population size can make the GA model as inefficient as dynamic programming techniques when
it faces the curse of dimensionality. On the contrary, it is not necessary to consider all of the
combinations of the discretized values in GAs because applying crossover operators over
selected individualsyields different combinations of discretized values during the evolution
process if simple one point, two point, or uniform crossover operators are chosen.

Fig. 1 shows a simple example of a two-dimensional problem in which the search domain
in each dimension is only discretized to two classes. As it is shown in this figure, to have one
chromosome in each sub-region of the search space, 2° chromosomes should be generated in the
initial population. However, in the figure, it is shown that by generating only two chromosomes,

the two other combinations can be generated by applying a single point crossover operator.
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Therefore, in the proposed biased initialization, it is only necessary to ensure that, a
random number is generated in the initial population for each dimension and each class. For the

aforementioned case, m" n random numbers should be generated. Based on Eq. (1), m can be

©CoO~NOUTA,WNPE

1 estimated as follows:

15 m’ n=30n"In(n) P m=30In(n) 2

For example, if the number of decision variables or dimensions is equal to 100, 138 classes can
23 be considered for random population initiation. It should be mentioned that, when using the
25 mutation operator, the search will be expanded to different values in each class. The pseudo code

28 for the biased initial population generation is as follows:

32 Begin Initialization;
34 Read number of decision variables (genes);
36 Estimate popul ation size using Eq. (1);

38 Estimate number of classes using Eq. (2);

For each decision variable (xi ) do
Read search domain (ximi”,ximax) :

46 Classify search domain to m non-overlapping classes;

48 For each class do

50 Generate a random number;

52 Assign the random number to thei™ gene of a chromosome in theinitial population;
54 End for;

56 End for;

: 9 :
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End Initialization;

The results from tests of the proposed PGA model with and without using UD on 12

benchmark functions is presented in Section 3 of the paper.

2.3. Experimentsto Evaluate PGA Performance
The PGA model was tested on two computer systems with the following configurations:
(1) Quad-Core System: CPU Intel Q6600 2.4 GHz FSB 1066 MHz— 8 MB cache memory - 3
GB DDR2 of main memory running Microsoft Windows XP Professional SP3 32 bit
(2) Dual-Core System: CPU Intel P9500 2.53 GHz FSB 1066 MHz— 6 MB cache memory - 4

GB DDR2 of main memory running Microsoft Windows Visa Business SP1 32-bit

Numerical experiments were conducted to test the effectiveness and efficiency of the
PGA. Twelve benchmark functions from two categories [17] were selected, covering a broad
range for the purpose of demonstrating the robustness and reliability of this algorithm. Table 1
lists the 12 test functions and their key properties. These functions can be divided into two
categories based upon their complexity. f, - f, are unimodal functions, which are relatively easy
to optimize, but the difficulty increases as the problem dimension becomes higher.
Meanwhile, f, - f, are multimodal functions with many local optima, which represent the most
difficult class of problems for many optimization algorithms. As an example, Fig. 2 shows the

surface landscape of f; when the dimension is set to two. Some functions possess rather unique

features. For example, fsis a discontinuous step function with a single optimum.
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Usually, convergence rates are the main of attribute of interest for unimodal functions,
since optimizing these functions to a satisfactory accuracy is not a major issue. For multimodal
functions, however, the quality of the final results is more crucial since it reflects the PGA’s

ability to escape from deceptive local optima and locate the desired near-global solution.

3. Results

The PGA model developed in this study is a real-coded GA with uniform crossover,
uniform mutation, and deterministic tournament selection with a tournament size of three. The
convergence criteria which have been used in the model are (1) no improvement of more than 10°
* and (2) no worsening of the best fitness value in 50 consecutive generations. Test results of the
PGA model on the benchmark functions are presented in the next two subsections of the paper.
These two subsections are aimed to show the performance of the model and how it correlates

with the number of cores on the system and UD effects on the convergence speed.

3.1. Scalability with number of cores

To test the scalability of the PGA model, execution times per 100 generations were
compared for 10 runs of the model on a quad-core and a dual-core computer. The hardware and
software specifications of these computers were presented in the previous section of the paper. It
is well-known that the number of generations needed for GA models to reach optimal/near-
optimal solutions varies from run to run. Therefore, in this study, the execution time per 100
generations has been chosen for the purpose of comparison.

Fig. 3 shows the comparison between execution time of the model on the dual-core

computer with single and double-core configurations. As it can be seen in Fig. 3-a, when using

: 1 :
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two cores instead of one core, a 39% reduction in the average execution time of the PGA model
for the 12 benchmark functions was achieved. Fig. 3-b shows that the percent of decrease in
execution time is different for the benchmark functions, as more mathematically complex
functions require larger numbers of CPU cycles. For example, functions 1 and 6 need very few
execution cycles to reach the optimum so the overhead of creating and managing threads is
evident. On the contrary, Function 11 needs lots of CPU cycles and the parallel overhead p is -
overcame. Function 7, despite a simple definition, uses the random number generator, which is
mathematically intensive. Therefore, PGA will be more advantageous for problems with
mathematically complex fitnhess functions.

The same test was carried out on the quad-core computer, the results of which are shown
in Fig. 4. The utilization of four cores instead of two resulted in more than a 38% reduction in

the average execution time of the PGA model for the 12 benchmark functions.

3.2. UD effects on convergence speed

To evaluate the effectiveness of the proposed UD, the PGA model was run 10 times for
each of the benchmark functions with and without biased initialization using UD. The Mersenne
Twister RNG was used in both sets of runs. Table 2 shows a comparison between execution time
and the number of generations required for the PGA model to converge with and without using
uniform distributor (UD). As it can be seen in this table, except for the function, f,, the decrease
in execution time of the model due to UD ranged from 86 to 95.7 percent with the lone exception
of function, f1. This shows a very significant improvement in PGA model efficiency in finding
the optimal/near-optimal solutions. Adding UD did not result in improved model performance

because the PGA model was already capable of finding the optimal solution of the function, f,,
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without using UD. The average improvement in execution time of the whole set of 12 benchmark
functions was 86%. The number of generations required to reach the optimal solution was also
reduced by 84.4% r (average for 12 benchmark functions) when UD was used in the model.
Figures 5 and 6 show a comparison between execution time and number of generations required
for convergence for different benchmark functions. As it can be seen in Figs. 5-b and 6-b, almost
the same level of improvement in convergence speed of the PGA model was seen across the
board except for function f;. The PGA model was able to find the optimal solution for this
function in less than 50 generations, which is lower than the minimum threshold of the number
generations that the convergence criteria require. Therefore, adding UD does not show an
improvement for this specific function.

It should be noted that using UD did not add any major computational burden to the PGA
model. Fig. 7 shows the 100-generation execution times of the PGA model with UD. The
average execution time of the PGA model when UD was employed was only 0.1% more than the

execution time when only Mersenne Twister RNG was used.

4. Conclusions

In this study, a Parallel GA (PGA) model featuring task-based parallelization of evolution
operators (selection, mutation, and crossover) and evaluation of chromosomes has been
implemented. In this model, the total parallelization of GA computational burden and near-
linear scalability with the number of cores has been achieved. Doubling the number of cores
reduced the execution time of the model by nearly 40 percent. The proposed biased initialization
has also resulted in the significant reduction of the number of generations needed for

convergence. | mprovements between 87 to 98 percent for twelve different benchmark functions
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that were tested with the model were observed. In addition, a dramatic reduction execution time
between 86 to 96 percent in the PGA model execution time was achieved.

The very high quality libraries which are available as open source contributed
significantly to the implementation of the PGA model. This experience also showed that recent
versions of compilers and libraries provide effective support for multi-core development. Future
development of engineering software can benefit from this well-established balance between
hardware and software in the field of parallel computing.

Finally, general purpose computation on graphics processing units (GPGPU) has received
alot of attention in the parallel computing community. GPUs have a parallel architecture with up
to hundreds of cores, with each core capable of running thousands of threads simultaneously.
They offer impressive performance benefits in certain parallel coded applications that are suited
for this architecture. We plan to adapt the PGA model for GPGPUs to benefit from their
massively parallel execution engines. Conditional and unconditional branching does not harm
parallel processing over CPUs, but on GPGPU, it might cause the execution grid to be run as
serial sequences. Therefore, the PGA model will need to be modified to benefit from GPGPU

parallelization.
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19 Figure 1. Example of random generation of initial population and biased initialization with a
20 one-point crossover (x;; shows the random number generated for the | class of the i decision
21 variable (gene))
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Figure 2. Graph of f, with adimension of 2.
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41 Figure 5. Comparison of the number of generations required for the PGA model to converge

42 when using (1) Mersenne Twister RNG and (2) Mersenne Twister RNG + UD
43 (Note: Scaling on the vertical accesses for the two sets of results is different)
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Table 1. Benchmark functions

(N = dimensions, SD = search domain,

f

min = minimum function value)

Test Function N D _
g 2 100 n 0
L(x)=ax [- 100,100]
g 100 n 0
L.()=alx/+Olx| [-10,10]
» m 100 | 1. n 0
L(x)=8cax - [- 100,100]
iz1@j=l @
f, (x) = max, (|)g|,1£i £ n) 100 [_ 100’100]n 0
B! 2 2¢ 100 n 0
f(x)=a §oo(x..- x*) +(x - 'y [-30,30]
g : 100 n 0
f,(x)=a (& +05¢) [- 100,100]
f,(x)= & - ix' + random(0.1) 1001 [-1.28,1.28]" 0
f,(x)= g_gx - 10c0s(2p % ) +10§ 100 | [-5.12,5.12]" 0
100 n 0
= 20€ng ¢ 02308 & expa?/?»Oa oospr- [-3232]
i=1 I} i=1
y 100 " 0
flO 3 COS [' 600, 600]
()= 4000 a='( <) O g\[@
B o, ‘ .0 | 100 ] n 0
f (%)= %iwsn (Py:)+a (¥ - 1 @+10sin (p)/Hl)H(yn-l)g [- 10,10]
Y, =1+z(>§ +1)
] 3! 100 " 0
f, (X) = O._']_i.'].OSin2 (33)(1)+a ( ) 8]_+3s|n (a))gﬂ)H [- 5,5]

i=1

+(x,- )7 grsin® (20%,)i}
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Table 2. Comparison between execution time and number of generations required for the PGA
model to converge with and without using uniform distributor (UD)

. No. of Generations Runtime % of reduction | .
Function ry— . ry— . in no. of %.of redgctlon
Number UD With UD UD With UD generations in runtime
969.2 73.3 64.3 8.4 92.4 86.9
1448.4 725 105.5 8.3 95.0 92.2
2339.2 131.0 405.1 17.3 94.4 95.7
2546.0 53.0 351.5 5.6 97.9 98.4
669.4 52.3 93.8 6.2 92.2 93.4
430.2 52.3 63.1 5.9 87.9 90.6
52.0 52.0 8.0 6.8 0.0 14.4
434.2 52.0 69.0 6.6 88.0 90.4
600.0 52.3 93.4 8.6 91.3 90.8
528.4 52.5 91.6 7.3 90.1 92.1
502.0 52.0 80.5 6.6 89.6 91.9
802.6 53.0 125.1 6.8 93.4 94.6
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