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Abstract— Genetic algorithms are metaheuristic algorithms, possible to use metaheuristic algorithms to find

which mean that it generates useful solutions to b@ NP-hard : : :
optimization problems in moderate execution timesHowever, approximate solutions for a given prOblem (a

Genetic algorithms usually require more computationpower g00d” solution).
than other heuristic approaches do. Due to the contgxity of Even with the use of one of the metaheuristic

problem such as TSP, finding a good solution with aditional
ways needs a huge computational power (in term ofrpcessing methods, a complex problem such as TSP needs

power and memory usage) as well as time to solvex this mater huge computational power as well as time to solve.
parallelism is an approach that not only reduce theresolution |t takes lots of time for a single processor toveol

time but also improve the quality of the provided slutions. The :
latter holds since parallel algorithms usually run a different such Iarge prObIemS Smgle handedly' To solve these

search model with respect to sequential ones. Inithpaper we type problems in real time some additional
have proposed a parallel implementation of Genetialgorithm on  mechanism must be taken into consideration to

NVidia GPUs. We have done comparison on different : : g
parameters of the GA, which directly or indirectly affect the Spe6d up the calculation time. Metaheuristic

result, parallel comparison of speedup between CPend GPU  algorithms can be implemented parallel with high

and best-known solution for both. efficiency by using multi processors, multi-cores,
Graphic Processing Units (GPUS).
Keywords— GPU, Parallel Genetic Algorithms, Sequential Graphical processing units (G PUS) are
Genetic algorithms, Travelling Salesman Problem, CUB. ST . .
specialized processors with dedicated memory that
l.  INTRODUCTION conventionally perform floating point operations

In the last two decades, the researcher from @fluired for rendering graphics. In response to
over the world has been searching for new waysc@mmercial demand for real-time graphics
optimize and improve the traditional techniques fgndering, the current generation of GPUs have
solve complex NP-hard problems like Tspvolved into many-core processors that are
(Traveling SalesMan Problem), who require &Pecifically designed to perform data-parallel
enormous computational time if we considered c@Mmputation. Due to the inherently parallel nature
real life size example, which make it impossible & Genetic Algorithm, it is relatively easy way to
solve it in an acceptable time. implement on GPUs. However, it also brings some

In this context, some metaheuristic methods hggnificant challenges due to its synchronization
been developed based on natural phenomem@ints and memory access patterns.
observation, for example Genetic Algorithm (AG) The aim of this paper is to propose efficient
that can be suitable to solve NP-hard optimizatirallelization of Genetic Algorithms on CUDA
problems in moderate execution times. Howev@lchitecture with Graphics Processing Units. The
yet none of these algorithms have been able epgperimental results showed that the GPU overpass
reach the optimal solution for large-scale problefile CPU for the large population size.
instances, and since there is no exact algorithm to Il PROBLEMS ADDRESSED

solve an optimization problem in polynomial time, :
b P POty To solve the traveling salesman problem,

the minimal expected time to obtain optimal ) .
. . ) - researchers have come up with several algorithms
solution is exponential. Therefore, it is only
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to achieve the best-known solution; still, those
methods always fail to find an acceptable solution Rahat
in a reasonable time. Which leaves us with two
options; either minimize the size of the problem or
give up and accept the poor results. Luckily, some g Eliadida
of the algorithm such as genetic algorithm can be
implemented in a parallel environment to improve

the performance. The popular method to parallelize
an algorithm is to have a cluster of computers each
with its own processor and memory, split the

problem into sub-problems, and then assign each #ecims
one to a computer. But then again, by adding

computational power into the cluster, we can face Fig. 1 Example of distances between cities

the problem of overloading the network connecting

the computers. Traveling Salesman Problem is one of the most
. TRAVELING SALESMAN PROBLEM studied combinatorial problems because it is simple

The Viennese mathematician Karl Menger mad ?o??rrlehe;dtbutt rt1ard t(f’ sol\_/e [2]. Thg pro?_? is
the first statement of the Traveling Salesmgl?h'n € shortest tour ot a given number oteat

Problem (TSP) as we know it today in 1930 E. ich visits each city exactly once and returns to

arose in connection with "A new definition of curv&'® startin'g city_ [3] -
length” that Menger proposed. As he defined theAt the .f'rSt. sight, TSP seems to be limited for a
few application areas; however, it can be used to

length of a curve as the least upper bound of ébe s Ive tremendous number of problems. Some of the

of all numbers that could be obtained by taki S o . :

each finite set of points of the curve an pllcqtlon areas are, prlnted_cwcwt mangfactynn

determining the length of the shortest polygon'gidusmal robotics, time and job scheduling of the
achines, logistic or holiday routing, specifying

raph joining all the points. "We call this thd" )
?neis)serjlger gproblem pbecause in practice ckage transfer route in computer networks, and
’ ort flight scheduling.

problem has to be solved by every postman, A ) .
also by many travellers: finding the shortest path ?i Travelll\llrI;ghSacllesm%rll Problerr]n r']S one of ttr?et
joining all of a finite set of points whose distasc 2c>F <NOWN -hard problems, which means tha
from each other are given. Of course, the problépr?re IS no exact algorithm to _solve itin p_olyna_rm

can be solved by a finite number of trials. Howevef"€: The minimal expected time to obtain optimal

there is no such a rule that would reduce t 8'“?“’?‘ s exponential. There_fore, we usually_use
number of trials to less than the number uristics to help us to obtain a “good” solution.

permutations of the given points. The rule any algorithms were applied to solve TSP with

proceeding from the origin to the nearest poir&nthmore. or Iess' SUCCESS. Thgre are various ways to
to the nearest point to that, and so on, does sify algorithms, each with its own merits. The

generally give the shortest path" [1]. asic characteristic is the ability to reach optima

The TSP is stated as, given a complete graph, Iur;tlon: exact al_gorlthms or hﬁurlst'ucs. ve TSP th
with a set of vertices, V, a set of edges, E, and a €re are various approaches to soive €

cost, Cij, associated with each edge in E. Theeyae@"’lssm"I approaches are dynamic . p_rogramming,
Cij is the cost incurred when traversing from vert ranch and bound \.Nh'Ch USES hew'St'C .and exact
i € V to vertex j € V. Given this information amethod and results into exact solution. Still, ISP

solution to the TSP must return the shorte%rt'] NP-hard problem so the time complexity of

Hamiltonian le of G (A Hamiltonian e i ese algorithms are exponential. Therefore, they
cyilel tﬁaltaviscit)g::agh no(de inaa Igroaplﬁ e;;gﬂey '(S)r%%m solve the small problem in optimal time but as
This is referred to as a tour in TSP terms). mpared to the large problem time taken by these
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algorithms are quite high. Unfortunately noandomly arranged cities. Note that the same cities
classical approach can solve this type of problemmust be used for each individual instance, ensuring
reasonable time as the size of the problem incseadmt the salesman travels through the same set of
complexity increases exponentially. cities, each time.

Many alternate approaches are used to solve T§P
which may not give the exact solution but an
optimal solution in a reasonable time. Methods miﬁ

nearest neighbour, spanning tree based on lation 141, In thi K th L functi hi
greedy approach are efficiently used to solve suppulation [4]. In IS WorK, the cost function whi
represents the fitness function is given by the

type of problems with small size. To overcome th . : o .
different other approaches based on natural i?ﬁﬁovylng equation, apd th? objective (.)f the geqetl
population techniques such as genetic algorithfidorthm is t:l)_rrilnlmlze this cost function.
stimulated annealing, bee colony optimization,

particle swarm optimization etc. are inspired from f(n‘) = Z dﬂmﬂﬁl) + dﬂn}n(l}
these techniques. s

Fitness Function

The fitness function determines the probability of
solution that individuals have inside the

1=1

IV. GENETIC ALGORITHMS Where d(i)n(i+1) is the distance between city i

Genetic Algorithms (GAs) are powerful searc@nd city i+1 and s(n)r(1) is the distance between
methods based on the biological concept of natuf§y n and the first city.
selection and genetics. They are being appliedssection

successfully to find acceptable solutions t0gaseq on the value of the fitness function, the
problems in business, engineering, and SCieNggyqrithm determines which individual will leave
GAs obeys the postulate of Charles Darwin's theoggksring for the next generation. There are vagiou

of Survival Of The Fittest as occurs in nature.sThigjaction methods used in GAs. such as roulette
algorithm starts with an initial population from @gjection, tournament selection, and fitness
random assemblag_e of individuals that eVO"’ﬁ?oportional, all having the basic goal of selegtin
from ~one generation to another, through thge ingividuals with the top fitness functions, aihi
creation of new individuals with better fitness,sists of three steps. In the first step, catinga
values and elimination of individuals with 1oWhe gym of the fitness function across all indiisu
fitness values. In GAs the populations evolves B¥e  second step, calculate the individual
applying genetic operators such as selectiohopapilities, which is simply the individual's
crossover and mutation, whose functionality aighass divided by the sum of the fitness of all

implementation depends on the problem to Solygqiyiquals in the same population. In the thirelst
One of the main features of the genetic algoritm,j,a select two parents.

its ease of parallelization, since they are based o

populations of independent individuals, thered3 Crossover

calculating the fitness function and the results fo After the two parents are selected, they are
an individual is not depend on the calculation ébmbined and the resulting individual has the
other individuals [4]. ability to replace one of the parents or the
individual with the worst fitness in the population

. . . _ This step is known as crossover, as traits fronm eac
By finding the minimum distance between fixef5ont are used to create one or more children.

cities, we can solve the stander Traveling Salesmgibre are several ways to apply the crossover
Problem; therefore, the distance function depend QPerator such as crossing a single point, multipoi
the order the cities in one tour. For this reasath .rqssover, uniform crossover, among others. In this
individual in the population will be an instance Qfqrk each individual in the population makes cross
vectors, where a vector consists of a list Qfith another individual chosen by the selection

A. Individual Representation
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operator in each iteration and cross-used by desing succession fashion, computation is modelled after
point. Only one child is created per set of parenggoblems with a chronological sequence of events.
copying all cities up through crossing point, from The program in such cases will execute a process
the first parent, into a new child, and then additigat will in turn wait for user input, then another
the rest of the elements from the secomuocess is executed that processes a return
parent(when cities are added from the second parm@tording to user input creating a series of
only cities that are not currently in the child Mde cascading events.

added). This process is illustrated below. To use the genetic algorithm in an iterative
manner, first we have to guess some initial
Crossover point solutions randomly and then combine the choosing
ones (the fittest) to create a new generation of
PLls & 2 1|3 4 7 solutions which theoretically should be better than
the previous generation. We also include a random
P2t 6 5 2|4 7 3 mutation in the genes with some probability like in
the real word. The genetic algorithm consists ef th

following steps:

Create initial Selection by
) oL -
population Pi fitness criteria

cls ¢ 2 1 a4 7 3 /

¥
. . . Criteria
Fig. 2 Example of single point crossover — satisfiod Stop

E. Mutation \l/

The mutation creates an individual performing a S

. Select any twc individuals

change in chromosomes, usually small, on an from population
individual of the population chosen randomly. The I
main objective of mutation is to give a chance to perforem Crone.ovor o
individuals with new genetic material. In this pape mutation
the process of mutation used is by inversion where |
two positions of chromosomes randomly selected Make oftspring
and two positions are inverted. popdlation

Fig. 4 Sequential Genetic algorithms

I—swap—‘ Usually, the first population of GA is created by
generating a group of individuals randomly. The
2 51118 7 43|16 | Before mutation sjze of the initial population is important becaitse
influences the way the algorithm work and if it can
find good solutions and the time need to do so. If
251318 7 4116 | Aftermutation  the population is too small, it may reduce search
space, and it will be difficult to identify good
Fig. 3 Example of swap mutation solutions [3]. If the population is too large, & i
even harder to find a solution among those
V. SEQUENTIAL GENETIC ALGORITHMS individual§ since the algorithm have to use a ot o
: g _computational resources and processing time. In
Sequential program.mlng involves a consecutl\é%Ch iteration of the GA a new population of
and ordered execution of processes one afigdividuals is created based on the previous
another. In other words with sequentigjeneration, having more chance to reproduce those
programming, processes are run one after anothejjth petter fitness function. GAs are usually afale
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find good solutions of combinatorial optimizatiomlgorithm is to divide the population into
problems in a reasonable time, but as applieddo Hubpopulations that evolve separately and exchange
biggest problems, the time needed to accomplisidividuals every few generations [6]. In this
the task increase significantly. Therefore, mamgsearch, the TSP case will be solved by using the
researcher have put so much efforts to implemé&enetic Algorithm on Graphical Processing Unit
faster GAs, and one of the most promisingPU).
alternatives is to use parallel implementations,
which can help in reducing the processing time. In .
recent years the development of powerful graphicd” its early emergence, the GPU is known as a

processors has had a major boost, as a result9i@Phics processor. But the numbers of processor
may have computing platforms with higtfOres in it attract the researchers to implement it
performance and low cost. data computing. A number of studies have been

carried are related to GPU utilization in numeric
data computing. Lefonn et al. developed a library t
VI. PARALLEL GENETIC ALGORITHMS access the GPU data structures in generic and
There are two main possible methods fficient way [7]. Mendez-Lojo et al. use GPU to
parallelism. The first of which is data parallelisnrun irregular algorithms that operate on pointer-
where the same instruction will be executed drased data structures as graphs[8], resulting an
numerous data simultaneously. The second oneaverage speed up of 7x compared to a sequential
control parallelism, which involves execution o€PU implementation and outperforms a parallel
various instructions concurrently [5]. implementation of the same algorithm running on
Data parallelism is sequential by its nature 46 CPU cores. The TSP case is frequently studied
only the data manipulation is paralysed while thmy the researchers of Yang and Nygard to observe
algorithm will be executed as the sequential ottee impact of genetic algorithm initial population
instruction in certain time. Thus, the majority abrder to solve the TSP case by using the approach
parallel genetic algorithms were data based time windows by using regular CPU [9]. Some
parallelism. researchers also investigate the TSP case in
Parallel genetic algorithms arise from the need mfathematical pint of view. Bartal et al. shown the
computation required for extremely complealgorithmic tractability of metric TSP depends on
problems whose running time using sequentille dimensionality of the space and not on its
genetic algorithms is a limitation [6]. The use dpecific geometry [10]. In another TSP study,
parallel genetic algorithms aims to break a probldrekete et al. can solve the Fermat-Weber-Problem
into several sub problems, solve therfFfWP) with high accuracy in order to find a good
simultaneously on multiple processors, whidmeuristic solution for the MWMP [11].
improves the performance of search, and increase
the probability of finding the best solution. In VI EXPERIMENT AND RESULT
general, parallel algorithms behave in the same wa%_ ' ) .
as in the sequential algorithms, but with small TO test our algorithm we used some particular
different. In theory, parallel genetic algorithmanc Problems from TSPLIB[12] to mimic real word
be divided into subtasks to maintain some balart@€narios and have an idea on how the proposed
in the distribution of activities, then; each preger algorithm may work, This parallel algorithm is
can handle one of the sub-populations derived fréfplemented by using both standard C++ for the
the initial population of the genetic algorithmSeral version and CUDA C++ for the parallel
There are several methods to parallelize a gendgEsion of the algorithm. The parallel version is
algorithm. The first and most intuitive is the giop cOmpiled via CUDA compiler. The test libraries
which is basically to parallelize the evaluation dclude 47, 50 and 279 cities. Each problem is
the fitness function of individuals holding a siegiSelved with 10, 100, 1000, 10000 and 100000

stock. A better option for parallelization of genetPOPUlations by applying 10, 100 and 1000

VII. RELATED WORK
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generations respectively. The GPU in this study
the NVIDIA GeForce GTX 1060. The serial 1000
version is run on an Intel Intel Xeon CPU E3-1220

V2 3.10 GHz CPU. The operating system for thisoooo
experiment is windows 8. The compiler for the
parallel version is CUDA SDK 8.0. Table | shows

the details of the underlying system.

TABLE |
DETAILS OF THE UNDERLYING SYSTEM
CPU GPU
Manufacturer Intel NVIDIA
Model XeonVEZ3-1220 GTX 1060
Architecture x86-64 Pascal
Clock Frequency 3.10 GHz 1544 MHz
Cores 4 1280
DRAM Memory 8 GB 6 GB

The solution quality as well as the execution time
of the GA mainly depends on the paramet
decisions. The parameters of the algorithm cho%p

in this study are as shown in Table II.

TABLE Il
PARAMETERS OF THE ALGORITHM

Parameter

Value

Number of cities

48, 51 and 280

Population size

100000

10, 100, 1000, 10000 and

Crossover

2 Points

Mutation rate

15%

Generations

10, 100 and 1000

A. Results

The table below shows the average results of : :

tries on every line for the CPU and GPU
problem a280_xy with 280 cities:

TABLE IVVVI
RESULTSFORTHE A280_XY

Population Generations Time CPU Time GPU
(ms) (ms)
10 89.5 1234.666667
10 100 742.6666667 9559
1000 7094.666667 92032.33333
10 203.1666667 1675.666667
100 100 1859.5 13400.66667
1000 18527.5 121213.6667
1000 10 1310.166667 2787.833337
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is 100 12454.33333 22796.33333
123513 207465
10 14605 7266
100 140356 36558
1000 1412560 343638
10 *kk *kk
100000 100 ok ook
1000 *kk *k%k

Form the two tables we can make a comparison
on both CPU and GPU:

For every population below 1800 individuals we

can clearly see that the CPU deliver better
performance over the GPU, which take a little
longer to return the results. However, by incregsin
the population size, we notice that the CPU is
struggling to run the algorithm and sometimes it
cannot start the program due to huge work needed
to initialize the massive data.
In the other side, the GPU has no problem
ﬁfnning the algorithm. In addition, the time needed
the GPU to complete the process did not growth
badly as the CPU.

e GPU

14000

7000 4 _—.

Times (ms)

T T
0 5000 10000

on

Population size

Fig. 5 Graph showing the time needed to completd@AO generations

The graph shows that for larger population the
GPU can produce the same results for less amount
of time.
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140000 -

—=— CPU
GPU

A. eil51 xy (51 cities):

TABLE VIIV
RESULTSFORTHEEIL51_XxY

g | . . AVG Time | AVG Time
2 70000 Population | Generations CPU (ms) | GPU (ms)
£
10 51.6666667 218.333333
/ 10 100 396.333333  1084.66667
° 1000 3812 9480
i oo po"o" 10 66.6666667 276.333333
Population size 100 100 498.5 1347.1666]
_ _ _ _ 1000 4914.33333  11787.6667
Fig. 6 Graph showing the time needed to completd@A00 generations
_ ) _ 10 200.666667 666.833333
Increasing the nu'mber of time the GA is executgd 1000 100 172116061 218833333
(number of generations) the CPU take longer period
) 1000 16937.5 172315
to return any results (almost linear graph).
10 3633 4451
—a=— CPU
10000 100 35056 8777
1000 349076 53940
1o 10 266834 56513
100000 100 1639040 229967
@ 1000 *kk *k%
E’ 700000
£
£
B. att48 xy (48 cities):
04
[ . . TABLE V
0 5000 10000 RESULTSFORTHE EIL51_XY
Population size - -
Population | Generations AVG Time | AVG Time
) ) ) ) CPU (ms) | GPU (ms)
Fig. 7 Graph showing the time needed to complet@A000 generations 10 48 250
10 100 408 1134.66661
1000 4021 9886.33333
IX. CONCLUSIONS 100 igo ggo 333333 2391 16667
Apparently, the GPU made a better work in 1000 25915 108898338
solving the TSP in all variations and with all 10 191.666667| 654.66666]7
parameters than the CPU if we considered a big| 1000 1880 122;251667 211598941 -
population size as initial data, which take a long 10 3504 2468
time to calculate. For the small size populatioB, W | 10000 100 34169 8733
can say that the CPU overpass the GPU in term of 1000 340358 53625
time. This phenomenon caused by the delay of 10 267858 59638
. : ; 100000 100 1656540 223404
write/read from the Graphic memory, every time 1000

we want to write or read from the GPU memory we

have to have an eqUivalent amount Of Space iﬂ**: hardware cannot run the a'gorithm_

RAM.
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