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Abstract

The Multi Objective Genetic Algorithm is the process of simultaneously optimizing

two or more conflicting objectives subject to certain constraints.

Compute Unified Device Architecture (CUDA) is a general purpose parallel
computing architecture, with a new parallel programming model and instruction
set architecture, which uses the parallel compute engine in NVIDIA GPUs to solve
many complex computational problems in a more efficient way than on a CPU

This thesis considers the development of an Enhanced Multi Objective Genetic
Algorithm (E-MOGA) platform that runs on Compute Unified Device Architecture
(CUDA) hardware as a general purpose tool that can solve conflict optimization
problems. This tool demonstrates significant speed gains using affordable, scalable
and commercially available hardware.

The objectives of the research are: to enhance the general purpose Multi Objec-
tive Genetic Algorithm (MOGA) to be ready for execution on CUDA by parallelizing
the time consuming parts, to test the performance of the enhanced MOGA on many

testing cases, to test the quality of the result of the enhanced MOGA and to study

i



the effect of the number of objectives on performance.

The implemented system works under MATLAB environment. It was tested on
GPU GeForce GTX 9500 in CUDA platform. The experiment results showed an
average Speedup with more than 28X. The quality measured, using the error with

respect to optimal solution, outperform the sequential MOGA.
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Chapter 1

Introduction

Before 2005 Graphical Processing Unites (GPUs) were used only in the video cards
for 3D rendering. Their main applications are in personal computers, mobile phones,
workstations and embedded systems. The architecture of the GPU differs from CPU;
the GPU is designed and specialized for intensive and highly parallel computation
involved in graphics rendering [17]. Tens or hundreds of cores (processors), found in
the single card devoted to data processing, are related to graphical operations such

as rendering, shading... etc, rather than data caching and flow control [17].

With the trends of exploitation, all the available resources found inside computer
cases, and since the GPU offers both high computing power and memory bandwidth
for a reasonable price, many researchers start thinking to use the Graphical Process-
ing Unit (GPU) for not only displaying videos or gaming but also for using them as
parallel processors [27].

The GPUs manufacturers open the way for developers to use their cargo for

il




General-Purpose Computation on Graphical Processing Units (GPGPU) by differ-

ent programming language levels. Compute Unified Device Architecture (CUDA)
is one of the most powerful programming tools introduced by Nvidia corporation
in 2006 and was first publicly released in the end of 2007 [17]. Before that, pro-
gramming platform such as DirectX, OpenGL, HLSL, GLSL had already been in-
troduced [30].(see Chapter 2).

Multi-objective optimization is the process of simultaneously optimizing two or
more conflicting objectives subject to certain constraints [18] such as finding the
tradeoff between the weight and the speed of a car. The Genetic Algorithm is
one of the most popular heuristic techniques and Evolutionary Algorithms to solve
Multi-Objective Design and Optimization problems [21].

The Genetic Algorithm (GA) is a subfield of artificial intelligence that involves
combinatorial optimization problems by exploring all the possible solutions to get
the optimal one. In many cases, it is a time consuming to get the optimal solution,
so, the computational time can be reduced by modifying the algorithm to explore

the solution search space in parallel [6].

1.1 Background

Multi-objective formulations are realistic models for many complex engineering op-
timization problems. In many real-life problems, objectives under consideration
conflict with each other, and optimizing a particular solution with respect to a sin-

gle objective can result in unacceptable results regarding to the other objectives [25].
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A reasonable solution to a multi-objective problem is to investigate a set of solutions,

each of which satisfies the objectives at an acceptable level without being dominated
by any other solution [23]. In other words, the Multi-objective optimization can be
applied in many fields and to many cases, wherever optimal decisions need to be
taken in the presence of trade-offs between two or more conflicting objectives, such

as maximizing profit and minimizing the cost of a product [13].

Genetic Algorithms (GAs) are powerful, domain-independent search techniques
that can be modified to work in parallel computational environments [43]. GAs
employ selection, mutation, and crossover to generate new search points in the state
space [44]. A genetic algorithm starts with a set of individuals that forms the
population of the algorithm, for each iteration, each individual is evaluated by using
the fitness function while the termination function is invoked to determine whether

the termination criteria have been satisfied [45].

Although GAs are very effective in solving many practical problems, the ex-
ecution time can become a limiting factor for some huge problems since a lot of
candidate solutions must be evaluated. Fortunately, the most time consuming part
is for fitness evaluation, and this can be performed independently for each individual
in the population using various types of parallelization [44].

GPUs are massively multi threaded multi core chips [14] with a separate memory.
GPUs have a different architecture than CPU, they contain hundreds of cores, and
can handle thousands of threads at the same time. That is called massively-parallel

programs and this type of programming is expected to improve all the complex



algorithm performance in many fields.

The performance enhancement by parallelization shows great results, but not
any more; due to multi cores technologies, ”Massively parallel computing lost mo-
mentum to the inexorable advance of commodity technology” [14], the enhancement
achieved by parallelization is not cheap therefor, so it is not the best solution for
low budget research [53]. Compute Unified Device Architecture (CUDA) is a par-
allel computing architecture developed by Nvidia and it is the computing engine in
Nvidia graphics processing units (GPUs) that is accessible to software developers

through many of standard programming languages like C/C++.

1.2 Scope

With the increase of developing powerful computer systems, we are still facing a
higher increase in the complexity of the software. Many applications may need to
solve complex operations and algorithm in reasonable time. The Multi-objective
Genetic Algorithm (MOGA) is one of the most commonly used techniques in many
important fields, such as engineering [38], chemistry [31], scheduling [41] ...etc, that

needs to be solved as fast as possible.

As mentioned before, GPUs are capable of manipulating and calculating paral-
lel structure operations such as matrix and vector operations faster than CPU [17].
Hence, our scope is to help the researchers and engineers in their work fields by
designing a general purpose tool to find the best trade off between conflict objec-

tives through implementing Enhanced MOGA (E-MOGA). E-MOGA will execute
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on CPU and GPU to speedup the system.

1.3 Literature Review

Many researchers attempt to improve the performance of many complex and time
consuming algorithm by using the power of GPU in the CUDA device. The Genetic
Algorithm is one of the most important algorithm in the artificial inelegance field
that considered as time consuming algorithm. The researchers try to modify the ge-
netic algorithm to be involved in the parallel form and they got a better performance
than the old style. When they execute the algorithm in parallel or distributed pro-
cessors environment, a serious step to increase the performance and speedup with

less cost is taken to modify the algorithm and test it on CUDA device.

Returning to many implementations using CUDA with genetic algorithm, one
can see different successful applications for this idea in different areas such as: solving
theoretical computer science problems including the SATisability application (37].
Biological application such as Autodock (a Drug Discovery Tool) [22], or algorithmic

problems such as parallel 0/1 knapsack [45].

The results show a clear improvement in decreasing the running time in many
applications by speeding up the system. When we refer to the Autodock imple-
mentations, we can get up to 50x on the fitness function evaluation and 10x-47x
speedup on the core genetic algorithm [51]. Also, an average Speedup around 462x
can be achieved in the parallel genetic 0/1 Knapsack problem for 4-bit to 40-bit

instance [45]. Another example of improvement is the SATisfiability which is con-




sidered as NP-hard problem with a Speedup around 25x.

Many researchers working in the multi-objective optimization field try to im-
prove the performance of the system by using the genetAic algorithm in order to
speedup the systems. As we can see in [5]; the authors proposed an interactive
approach based method for solving multi-objective optimization problems modeled
in fuzzy environment. The experiments were done by using the proposed algorithm
for solving five test examples and they showed that the performance of the proposed

method is quite satisfactory.

Further more, a good application can be found in [51], in the field of informa-
tion retrieval systems, where the keyphrases have been used extensively to make
information exchange operation easier and to organize information as well as as-
sisting information retrieval. In their implementation, they proposed an automated
keyphrase extraction algorithm using a non-dominated sorting multi-objective ge-
netic algorithm. The objective of such approach is to find the smallest phrase set
that has the best precision, and the result shows that 90% of the generated phrases
are considered appropriate for use in a thesaurus engineering design.

Moreover, a good implementation that were used to map the parallel island
genetic algorithm to the CUDA software model. The proposed mapping is tested
using Rosenbrock, Griewank and Michalewicz benchmark functions. The obtained
results indicate that the new approach leads to a good speedups with reasonable
results quality [44].

Another research found in [40], the researchers implemented and mapped GAs




to the CUDA environment. The major characteristic point of this study is that the

parallel processing is adopted not only for individuals but also for the genes in an
individual. The proposed implementation is evaluated through eight test functions.
The reported results using the proposed implementation method yields 7, 6-18 and

4 times faster results than those of a CPU implementation.

A very related work can be found in [20]. They introduce a Multi Objective Par-
allel Genetic Algorithm (MOPGA) using the Compute Unified Device Architecture
(CUDA). This work tries to highlight the power of GPU to implement the parallel
MOGA in document search problem. The algorithm demonstrates significant speed

gains vary from 2X to 55X.

1.4 Reseach Methodologies

In order to make a good and successful research we have to follow the scientific
research process and steps which describe the methodologies that were used during
our research. The used methodologies should be valid before and during the research

process. Many steps or guide lines should be considered as follow:

1. Formulating the research problem; to make an efficient tool considered as a
general purpose tool that will be used for solving the multi objective optimiza-
tion problem. In order to avoid starting from the scratch, we will work on a
previous implementation of sequential execution MOGA and enhance it. The

enhancement will affect the performance and the error in results of MOGA.




The enhancement in performance will be implemented by parallelizing some
parts of code and execute it locally (on the same computer) on the parallel

architecture found in GPU.

. Extensive literature review; to search and read what other researcher do, and
figure out the used technology and the resulted output. We found many related

work, but, up to our knowledge, there is no similer work with ours.

. Developing the objectives; the objectives of the research should be cleared and

abstracted as mentioned previously(see next section).

. Collecting the data and select the suitable benchmarks; depending on the
literature review, we will select the data and benchmarks from related problems
used by other researchers in their works for experimental purpose as will show

later.

. Experiments; making many experiments on our implementation in order to

test the objectives and hypothesis using the selected benchmarks.

. Analysis of results; analyzing the results and drawing the needed graphs and

tables:

. Preparation of the report and presentation,formal write of conclusions reached.




1.5 Research Objectives

In our research, we will make a set of modifications on MOGA to make it ready to run
on CUDA, we call the new platform Enhanced Multi Objective optimization using
Genetic Algorithm (E-MOGA). The objectives of our research can be summarized

as follow:

e Enhance the performance of the sequential execution multi objective optimiza-
tion using Genetic Algorithm (MOGA) to produce the new platform that we
call E-MOGA by re-designing MOGA to be ready for execution on CUDA.

e Propose a criteria for measuring the quality of the solutions and demonstrate

the quality enhancement in E-MOGA over MOGA.

e Test the performance and the quality of EEMOGA, using different problems

with different properties.

e Study the effect of the number of objectives on performance.




Chapter 2

Theoritecal Background

This chapter is concerned with the main theoretical background needed for the
reader to understand the next chapters, the theoretical background will divide into
three main categories that should cover all topics as follow: Evolutionary Algorithm,

General Purpose computation on GPU and speedup.

2.1 Evolutionary Algorithm

Evolutionary Algorithms (EAs) are population-based meta-heuristic optimization
algorithms that use biology-inspired mechanisms like mutation, crossover, natural
selection, and survival of the fittest in order to refine a set of solution candidates
iteratively [49)].

In computer science and engineering, one is often faced with a problem where

the possible set of solutions is exceptionally big. It is impossible to go through the
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solutions set by a simple brute force algorithm, and a deterministic algorithm that

would be fast enough to get the solution, or it may be a complex problem that is hard
to define. So, different techniques were used to find a good enough solution in these
cases, one of the best methods is EA, and one of most well known algorithm used as
searching technique is the Genetic Algorithm (GA). The good solution characteristic
means that we do not look for optimality and there is no need to go through all the

possible solutions.

The neighborhood of a solution is the set of all available solutions that can
be reached with one technique moving from the current solution. The concept of
neighborhood is especially used in local search algorithms, such as hill-climbing
(is a mathematical optimization technique, It is an iterative algorithm that starts
with an arbitrary solution to a problem, then attempts to find a better solution by
incrementally changing a single element of the solution. If the change produces a
better solution, an incremental change is made to the new solution, repeating until
no further improvements can be found) [28], tabu search ( take a potential solution
to a problem and check its immediate neighbors in the hope of finding an improved
solution) [24] and simulated annealing( is a generic probabilistic met heuristic for the
global optimization problem of locating a good approximation to the global optimum
of a given function in a large search space. It is often used when the search space
is discrete) [3]. The fitness of a solution indicates how good the solution is. In rare
cases, when the optimum is known, one tries to get the fitness value as close to the

optimum as possible. So, it is usually attempted to maximize or minimize a fitness

function [35].

11




2.1.1 Genetic Algorithms

Genetic algorithms were invented by John Holland in the 1960s. Holland’s original
goal was not to design application specific algorithms, but to study the ways of evo-
lution and adaptation in nature and develop ways to import them into computer sci-
ence [35]. Holland’s 1975 book ” Adaptation in Natural and Artificial Systems” [12]
presents the genetic algorithm as an abstraction of biological evolution and gives

the theoretical framework of adaptation under the genetic algorithm [34].

GA Architecture

We have to clarify some biological terminology in order to make the genetic algo-
rithm easier. All living organisms consist of cells, and every cell contains a set of
chromosomes, which are strings of DNA and give the basic information of the par-
ticular organism. A chromosome can be further divided into genes, which in turn
are functional blocks of DNA, each gene represents some particular property of the
organism. The different possibilities for each property, is located at a particular
locus of the chromosome. When reproducing, crossover occurs: genes are exchanged
between the pair of parent chromosomes. The offspring is subject to mutation,
where single bits of DNA are changed. The fitness of an organism is the probability
that the organism will live to reproduce and carry on to the next generation [50, 49].

The set of chromosomes at hand at a given time is called a population.

In computer sciences, the genetic algorithms are applied in many fields as a

searching tool to find a good solution from a very big solution set, and obviously,
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the goal is to find a solution as good as possible. Since the computer problem is

different from the fields where the genetic algorithm exists, we have to re-form the
problem into a form of genetic, so one needs encoding of the solution, to represent
the solution in a form that can be interpreted as a chromosome,such as, initial
population, mutation, crossover operators, fitness function and a selection operator

for choosing the survivors for the next generation [g].

The big advantage of genetic algorithms is that you do not have to specify all
the details of a problem in advance. Potential solutions are evaluated by a fitness
function representing the problem we want to solve [8]. Then we define an evolution
procedure to produce new candidate solutions. The idea is that combining good
solutions (solutions with highest fitness scale) should lead to better solutions. By

adding some natural noise (mutating), we hope to find better solutions [8].

GA Pseudo-code

The GA is a popular algorithm and used in many application, the GA pseudo code

can be as in Algorithm 1: The GA stops when certain criteria are met: optimal

Algorithm 1 Genetic Algorithm pseudo code
Begin
Draw a random population of n candidates. This is the first population
Generate an intermediate population of n-number of candidates by using genetic

operations. '
Compare and rank the 2n candidates by using the fitness function.

Choose the n highest scoring candidates as the new population.
Go to second step.
End
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solution found, number of cycles reached, time passed or good score reached...etc.

Encoding

The most common and traditional way of encoding is to use a bit vector (string
of ones and zeros) [49]. Thus every bit in the chromosome represents a gene in
that position. This has the advantage of being very easy to interpret. Usually such

encoding is used for combinatorial problems [8].

Another common way of forming a chromosome is to have a string of natural
numbers [49]. Such solutions are good for permutation problems for example, the
traveling salesman problem (TSP) [49]. The nodes in the graph are numbered and

the travel route will be the order of the nodes in the chromosome.

Initial Population

As we know, GA is a type of meta-heuristic algorithms and some processes are
executed on a probabilistic basis. Since the GA is a diverse algorithm (always
become closer to the solution), the first generation that will start the GA operation

always created randomly and no matter what are the starting values [40].

Fitness Function

In order to evaluate how good the different individuals in the population are, a

fitness function needs to be defined. A fitness function assigns each chromosome a
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value that indicates how well that chromosome solves the given problem. [34, 49,

so the fitness function is a subject of the problem.

A common application of genetic algorithms is optimizing a function. Unfortu-
nately, optimizing problems are rarely straightforward. In fact, genetic algorithms
are usually used in an attempt to optimize complex multi variable functions or non-
numerical data [49]. So, the more complex the problem is, the more complex the
fitness function usually becomes. So, the developer must find the metrics or ways

to find a numerical evaluation of the problem.

Selection Operator

Since the number of individuals in a population is always increasing with the result
of crossovers and mutation, a selection operator is needed to manage the size of the
population. The selection operator will determine the individuals who will survive to
the next generation, and should be defined so the ones with the best fitness are more
likely to survive in order to increase the average fitness of the population [47, 49].
The simplest way of defining a selection operator is to use a purely elitist (the
best of the best) selection. This selects only the "elites”, i.e., the individuals with
the highest fitness. Elitist selection is easy to understand and simple to implement;
one can simply discard the weakest individuals in the population. However, elitist

selection is not the best choice, as it may result in getting stuck to a local optimum.

Another common way of defining the selection operator is to use a "roulette

wheel” sampling [47]). Each individual is given a slice of the "wheel” in proportion
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of the area that its fitness has in the overall fitness of the population. In this way,
the individuals with higher fitnesses have a larger area in the wheel, and so have a

higher probability of getting selected. The wheel, spun as many times as there are

individuals needed for the population.

A common selection operator is a crossing of the two methods presented above;
the survival of the fittest is guaranteed by choosing the best individual with elitist
methods, while the rest of the population is selected with the roulette wheel in order

to ensure variety within the population [47]

Crossover

The crossover operator is applied to two chromosomes; the parents to create two new
chromosomes and their offspring, which combine the properties of their parents. Like
mutation, the crossover operator is applied to a certain randomly selected position
in the chromosome. The crossover operator will then exchange the subsequences
before and after the selected genes to create the offspring [34, 49].

As an example, we can see in Figure 4.14, suppose we have two chro-
mosomes on the left side of the arrows; the first 10101010100101001101 and
00110100000010101010, and the selected position is in position k, k < n, where
n is the chromosome length. The offspring resulted after the crossover operation
are on the right side of the arrows. It is also possible to execute a multi-point

crossover [34], where the crossover operator is applied to several positions in the

parent chromosomes.
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parent 1:10101010100, 101001101 | — 10101010100010181010 e

Parent2: 001101000000 10161610 — 00110100000 101001101 ]  chidz

Figure 2.1: Crossover in binary vector

Like mutation, the crossover operator also has a crossover probability, which
determines how likely the crossover operator applied to a chromosome, the crossover
probability is related to the fitness of the chromosome. The fitter the individual is;
the more likely it will survive to the next population, the bigger the chance that
the offspring will also have a high fitness-value [8]. Whether the offspring will
actually have a higher fitness value depends on how well the crossover-operation is
defined. Unfortunately, this can not always be guaranteed. Thus, the probability of a

crossover increases in some correlation with the fitness-value of the chromosome [35].

Where and how the crossover operator is used it varies based on the application
and the developer. Many researchers consider that the selection operator always
selects parents, and thus all chromosomes selected to the next generation are subject
to the crossover operator.

Mutation operation is very important specially for local minima problem where

far away solution is needed to jump from the portion where the algorithm stuck.

Mutation

Mutation are a way of creating new individuals from the population by administering
a minor change to some of the existing individuals by changing a gene in a random

position. When the chromosome is represented by a bit vector, a basic mutation is
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to change one bit from 0 to 1 or vice versa [8]. For example, we could have a bit
string 10101010100101001101. By mutating this string in its ninth gene the result
would be 10101010100001001101 as seen in Figure 2.2.

101010101001 1001201 — 101010101000 1001101

Figure 2.2: Mutation in binary vector

When the string contains natural numbers, a mutation will switch the places of
two numbers, and we have to remember that the more complex the encoding of the
chromosome is, the more there are possible mutation that can be applied and the

mutation may become more complex.

The result (new chromosome) should always still be a legitimate individual, i.e.,
it should solve the defined problem. So it is possible to have a separate ”mutation
correction” that will check the chromosome after a mutation to see that it still solve
the problem that it is supposed to. If the mutation causes the chromosome to be

unnatural, i.e., it does not belong to the solution space anymore, corrective actions

will take place [35].
For every mutation there is always a defined probability that the mutation in
question would be applied to an individual, this is called the mutation probability

or mutation rate [49]. As in nature, mutation are unwanted in most cases, thus the

mutation probabilities are usually quite low.
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2.1.2 MOGA

The multi-objective optimization also known as multi-criteria or multi-attribute
optimization, are realistic models for many complex engineering optimization prob-
lems. In many real-life problems, objectives under consideration conflict with each
other, and optimizing a particular solution relating to a single objective can result
in unacceptable results with respect to the other objectives. A reasonable solution
to a multi-objective problem is to investigate a set of solutions, each of which sat-
isfies the objectives at an acceptable level without being dominated by any other

solution. [13]

Another definition of multi-objective optimization is the process of simul-
taneously optimizing two or more conflicting objectives subject to certain con-
straints [18]. The GA are the most popular heuristic search technique to solve

multi-objective and optimization problems [21].

Multi-objective optimization problems can be found in various fields: product
and process design [41], finance, aircraft design [46], the oil and gas industry [38],
automobile design [26], or wherever optimal decisions need to be taken in the pres-
ence of trade-offs between two or more conflicting objectives. Maximizing profit
and minimizing the cost of a product; maximizing performance and minimizing fuel
consumption of a vehicle; and minimizing weight while maximizing the strength of

a particular component are examples of multi-objective optimization problems [13].

For nontrivial multi-objective problems, one cannot identify a single solution

that simultaneously optimizes each objective. While searching for solutions, one
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reaches points such that, when attempting to improve an objective further, other
objectives suffer as a result. A tentative solution is called non-dominated, Pareto
optimal, or Pareto efficient [25] if it cannot be eliminated from consideration by
replacing it with another solution which improves an objective without worsening
another one. Finding such non-dominated solutions, and quantifying the trade-
offs in satisfying the different objectives, is the goal when setting up and solving a

multi-objective optimization problem.

Multiobjective Optimization

When the optimization process is applied on a single objective, the result will show
one optimal or sub-optimal solution by comparing the solution space and selecting
the best solution. In the case of multi objective problems, the evaluation function
f will take a vector of values that represent the objectives and returns a vector
of results. Assuming we have k > 1 where k indicate number of objectives, the
evaluation function f will return a vector Y € R*. This make the comparison
between two solutions z; and z, very difficult [55].

In this case the Pareto dominance can be used to find the optimal solution that
is called Pareto front.

Definition. Pareto dominance: an objective vector y; is said to dominate
another objective vectors y2(y1 > %2) if no component of y; is smaller than the
corresponding component of 3, and at least one component is greater [55].

Accordingly, we can say that a solution z; is better to another solution z,, i.e.,
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) dominates z, (21 > ), if f(z,) dominates f(z2). Here, optimal solutions, i.e.,
solutions that are not dominated by any other solution, may be mapped to different
objective vectors. In other words: several optimal objective vectors may exist to

representing different trade-offs between the objectives [55).

Assume that we have k objectives, all to be maximized without priority. The
solution of this problem can be described in terms of a decision vector (@135, <45 Tn)
in the decision space X. A function f: (X — Y), evaluates the quality of a specific
solution by assigning it to an objective vector (y1,¥s,...,yx) in the objective space

Y [31, 55](see Figure 2.3 [31]).

The set of optimal solutions in the decision space X is in general denoted as
the Pareto set X* C X, and we denote its image in objective space as Pareto front
8 ey

Paretoset @  Pareto front
Pareto set approximation @  Pareto front approximation

%z decision y2 objective
} space 3 space
c j T,
o - "?
Q- a _ ,@p
= e il :
o - oy o
—> X1 = A
(61, %, <. Xn) = B )
search = evaluation

Figure 2.3: Multi-objective optimization problem [31]
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Multi Objectives and Evolutionary Algorithm

Generating the Pareto set by exploring all solutions can be computationally expen-
sive and is often infeasible due to time and resources, because the complexity of
the underlying application prevents exact methods from being applicable. For this
reason, a number of stochastic search strategies such as evolutionary algorithms,
tabu search [24], simulated annealing [3] and ant colony optimization [29] have been
developed, these method do not usually guaranteed to identify optimal trade-offs
but to find a good approximation, i.e., a set of solutions whose objective vectors are

(hopefully) not too far away from the optimal objective vectors [31].

MOGA Design Issues

Since the MOGA generates many candidate solutions in each iteration and a trade
off between objectives will take place to ensure that no objective dominates an
other objective, the distance of the generated solutions to the Pareto set should be
minimized and the diversity of the achieved Pareto set approximation should be

maximized. The two fundamental goals in MOGA design are:

1. Guiding the search towards the Pareto set related to mating selection.

2. Keeping a diverse set of non-dominated solutions related to selection operation.
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Diversity Preservation

Most MOEAsS try to maintain diversity within the current Pareto set approximation
by incorporating density information into the selection process [31]: An individuals
chance of being selected is decreased the greater the density of individuals in its
neighborhood. The methods used in MOEAs can be classified into kernel, nearest
neighbor and histogram, Each of the three approaches is visualized in Figure 2.4

[55).

a) Kernel b) Nearest neighbor c) Histogram
[>] j Q
L_oo
e )° eof ©
& (e :

Figure 2.4: Diversity preservation techniques [55]

Kernel methods define the neighborhood of a point in terms of a Kernel function
K which takes the distance to another point as an argument; for each individual
the distances di to all other individuals i are calculated and after applying K the
resulting values K (di) are summed up. The sum of the K function values represents
the density estimate for the individual. This method is popular in MOGA, and in

the implementation it is called crowding distance and it is shown in Figure 2.4.a.

Nearest neighbor techniques take the distance of a given point to its k** nearest
neighbor in order to estimate the density in its neighborhood and it is shown in
Figure 2.4.b.
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Histograms use a hyper grid to define neighborhoods within the space. The

density around an individual is simply estimated by the number of individuals in

the same box of the grid and it is shown in Figure 2.4.c.

Elitism

Elitism is the way to solve the problem of losing good solutions during the opti-
mization process due to random effects. The first method is to combine the old
population with the offspring, i.e., the mating pool after variation, and to apply
a deterministic selection procedure-instead of replacing the old population by the
modified mating pool. Alternatively, a secondary population, called archive, can
be maintained to promising solutions in the population which are copied at each

generation [39, 55]. These two general approaches are illustrated in Figure 2.5 [55].

Variant 1:without archive Variant 2:with archive
old population offspring| | old population offspring archive
D
new (o new
population population

Figure 2.5: Two possible ways to implement elitism [55]

Fitness assignment

Pareto ranking is the technique that used for fitness assignment in MOGA.. Pareto-

ranking approaches explicitly utilize the concept of Pareto dominance in evaluating
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fitness or assigning selection probability to solutions. The population is ranked
according to a dominance rule, and then each solution is assigned a fitness value
based on its rank in the population, not its actual objective function value [25]. The

whole operation shown in the following pseudocode [25]:

Algorithm 2 Pareto Ranking
Begin
Seti=1 and TP = P.
Identify non-dominated solutions in TP and assigned them set to Fj.
Set TP=TP=xF;,. If TP = ¢ go to Step 4, else set i =4 + 1 and go to Step 2.
For every solution z € P at generation t, assign rank nizt) =11 reE.
End
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MOGA Pseudo Code

MOGA is one of the hardest algorithm to implement and it’s contains many steps

that could be summarized referring to our implementation as in Algorithm 3.

Algorithm 3 MOGA psuedo code
Begin
STEP 1: Random initial population.
STEP 2: Perform GA operations.
STEP 3: Fitness assignments (Pareto Rank).
STEP 4: Diversity (Kernel).
STEP 5: Elitism (Archive).
STEP 6: Selection
STEP 7: If stopping criteria met then go to step 8, else go to step 2.
STEP 8: Return Pareto Front.
End

2.2 GPGPU

GPGPU stands for General-Purpose computation on Graphics Processing Units,
and also known as GPU Computing. And as a result of the insatiable market de-
mand for real-time, high-definition 3D graphics, the programmable Graphic Proces-
sor Unit (GPU) has evolved into highly parallel, multi threaded, high-performance
many-core processors capable of very high computation and data throughput. It is
specially designed for computer graphics and it is difficult to program, as illustrated
by Figure 2.6 [17], this figure shows that,the GPU performance is much better than
CPU measured by the number of floating point operation per second, the G92 GPU

which is present on famous 9800 GTX graphics card can give a massive performance
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when compared to a Core 2 Duo processor. The memory bandwidth for GPUs is

also higher than CPUs as shown in Figure 2.7 [17]

which is measured by the Giga

bytes transfer per second. todays GPUs are general-purpose parallel processors with

support for accessible programming interfaces and industry-standard languages such

as C [17].
1600 GT200
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GT200 = GeForce GTX 280
G92 = GeForce 9800 GTX
G80 = GeForce 8800 GTX

G71 = GeForce 7900 GTX
G70 = Geforce 7800 GTX
NV40 = Geforce 63X Ultia

NV3S = GeForce FX 5950 Ultra
NV30 = Geforce FX 5800

Figure 2.6: Floating-point operations per second for the CPU and GPU [17]

2.2.1 CUDA

In order to get the benefit from the power of GPU for general purpose computation,

many companies developed an interfacing language to access the complex structure

of the GPU card, and resulted in many programming interface and IDEs for GPU
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Figure 2.7: Memory bandwidth for the CPU and GPU [17]

such as HLSL, GLSL, Cg or brookGPU [30], however, the most commonly used and
advanced is CUDA (Compute Unified Device Architecture).

In November 2006, NVIDIA introduced CUDA [48], a general purpose parallel
computing architecture, with a new parallel programming model and instruction
set architecture, which uses the parallel compute engine in NVIDIA GPUs to solve
many complex computational problems in a more efficient way than on a CPU.
CUDA comes with a software environment that allows developers to use C as a
high-level programming language [17].

However CUDA works only within environments that contain NVIDIA graphic

cards [16). By programming in CUDA the operations can be addressed to either
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GPU or CPU. The advantages of CUDA are as follow 48]:

1. The syntax consists of minimal extensions of the C-language. For a developer
of scientific tools not acquainted with GPGPU, it provides a smooth transition

from known programming languages to CUDA.

2. Flexibility in data structures. GPGPU interfaces strongly rely on the texture,
the two-dimensional native memory layout of the GPU, which imposes severe
limitations on data accessing policies. CUDA, instead, keeps the possibility
of formulating the code in terms of textures, and it adds the option of using

pointers, mimicking the general data storage and manipulation schemes of C,

FORTRAN, etc.

3. Latency times for data transfer between the CPU and the GPU have been

dramatically improved.

4. Explicit access on the different physical memory levels of the GPU is allowed.

This enables the fine-tuning of the codes data patterns to optimize the perfor-

mance.

5. A complete, well documented development platform, including a compiler,

scientific libraries, debugger and profiler utilities is provided.

The new concept that programmers are familiar with C needs to know is: the
thread. This concept takes a place in the GPU as a SIMD (Single Instruction,

Multiple Data) technique of vector computers, SIMD Architecture are shown in
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Figure 2.8 [17). A thread is simply a sequence of instructions (functions in C)

that can be executed on different data units in parallel; these threads are explicitly

grouped and managed in blocks.

SIMD Instruction Pool j
PU |+
E PU |+
=
<
= PU |+
PU |

Figure 2.8: SIMD Architecture [17]

Threads in a block (up to a hardware delimited maximum of 512 threads) are

processed by the same processing unit in the GPU and share a small amount of 16

kb fast on- chip memory [17].

2.2.2 The CUDA Architecture

The CUDA-enabled GPU (so-called device) is exposed to the CPU (so-called host) as
a co-processor. This means that each GPU is considered to have its own memory and
processing elements that are separate from the host computer [17]. To perform useful
between the memory space of the host computer and

work, data must be transferred

CUDA device(s). For this reason, performance results must include input and output
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(I/O) time to be informative.The CUDA architecture could be cleared in Figure 2.9
[15].

Devu:evlelel APIs Language Integration

Applications Applications Applications Applicati
) ] ; plications
Using DirectX Using OpenCL Using the Using C, C++, Fortran,
CUDA Driver API Java, Python, ...
: HLSL i [ Topenclc T i cforcuDA ||| "Clorcupa
i Compute Shaders i Compule Kernels i||i Compute Xernels , i Compute Functions
DirectX OpenCL C Runtime
Compute Driver for CUDA
it A i N ®
CUDA Driver PTX (ISA) 4)i
‘CUDA Support in 0S Kernl : .@l
CUDA_-Parallal‘-‘Cpmpula Engines @
inside NVIDIA GPUs

Figure 2.9: CUDA Architecture [17]

2.2.3 CUDA Development Environment

The CUDA software development environment supports two different programming

interfaces:

1. A device-level programming interface, where the application uses DirectX
Compute, OpenCL or the CUDA Driver API directly to configure the GPU,

launch compute kernels (functions that will be executed on GPU), and read

back results [15].
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2. A language integration programming interface, where an application uses the
C Runtime for CUDA and developers use a small set of extensions to indicate

which compute functions should be performed on the GPU instead of the

CPU [15).

When using the device-level programming interface, developers write kernels

in separate files using the kernel language supported by their API of choice. The

CUDA Driver API accepts kernels written in C or PTX assembly.

When using the language integration programming interface, developers write
functions in C and the C Runtime for CUDA automatically handles setting up
the GPU and executing the functions [16]. This programming interface enables
developers to take advantage of native support for high-level languages such as C,
C++, Fortran, Java, Python, and more, reducing code complexity and development

costs [16].

The performance of applications developed on CUDA is varied and depends on
programmers to get better performance. The programmers have to keep thousands
of threads busy. The current generation of NVIDIA GPUs can efficiently support a
very large number of threads, and as a result they can deliver one to two orders of

magnitude performance increase in application performance [17].

2.2.4 CUDA Programming Structure

C for CUDA extends C that allows the programmer to define C functions, in parallel

format that is called Kernel, and when called, is executed N times in parallel by N
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different CUDA threads. A kernel is defined using the __global__ declaration specifier

and the number of CUDA threads for each call is specified using a new <<< ... >>>

syntax.

Each of the threads that execute a kernel is given a unique thread ID that is
accessible within the kernel through the built-in thread Idx variable. For example,
the following simple code shown in Figure 2.10 adds two vectors A and B of size N

and stores the result into vector C.

_global  wvoid vecRdd(float* 2, float* B, float* C)
{
int i = threadldx.x;
Eilii=ni]l + Bli):
}
inz main ()

{

// Kernel invocation

veckdd<<<l, N>>>(2, 3, C);

Figure 2.10: CUDA example

2.2.5 Kernel

A kernel is a function callable from the host and executed on the CUDA device
simultaneously by many threads in parallel. In fact CUDA executes a function

in the Single Program Multiple Data (SPMD) model, which means that a user-

configured number of threads run the same program on different data. Each thread

will execute the same kernel function and will operate on a single data element.

Each thread is distinguished from all the others by block ID (BID) and thread ID

(TID) indicates that it can be used to determine the data element the thread will
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access. CUDA organizes a parallel computation using the abstractions of threads,

blocks and grids [17, 16], and the simple definitions are as follows:

o Thread is an execution of a kernel with a given index. Each thread uses its

index to access data elements [52].

e Block is a group of threads. Threads within a block can execute concurrently
or serially and in no particular order. They can be coordinated using the
synchronization function that makes a thread stop at a certain point in the

kernel until all the other threads in its block reach the same point [52].

e Grid is a group of blocks. There is no synchronization at all between the

blocks [52].

These multiple blocks are organized into a one-dimensional or two-dimensional grid
of thread blocks [17] as illustrated in Figure 2.11 [17]. On the other hand, the

computation of threads, blocks and grids are distributed as follows:

The execution on GPU can be summarized as follow:

1. Delivering the code to the processor [52]:

o Crid — GPU: An entire grid is handled by a single GPU chip.

e Block —s MP: The GPU chip is organized as a collection of multipro-

cessors (MPs), with each multiprocessor responsible for handling one or

more blocks in a grid. A block is never divided across multiple MPs.
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Figure 2.11: Grid of threads Blocks [17]

e Thread — SP: Each MP is further divided into a number of stream

processors (SPs), with each SP handling one or more threads in a block.

2. Executing the code From the host point of view, kernel invocations are asyn-

chronous function calls. Synchronization is done explicitly by calling a syn-

chronization function, or implicitly when the host tries to access memory on

the device. In both cases, synchronization takes the form of a barrier that

blocks the calling host thread until all previously called kernels have been

finished [1].

When the CUDA device is idle, the kernel immediately starts running based
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on the execution configuration and according to the function arguments. At
this moment and after the kernel launched, the host continues to the next line
of code. So we can say that the CUDA device and the host are simultaneously
running their separate programs. If another kernel is called by the host imme-
diately, it waits until all threads have finished on the device [17]. Each block
is split into SIMD (Single Instruction Multiple Data) groups of threads called
warps. Each warp contains the same number of threads, called the warp size,

which are executed by the multiprocessor in a SIMD fashion.

A programming example to show the different styles of programming [7] could
be found in Figure 2.12, it shows some basic features of straightforward implementa-
tions (sequential) and parallel programming with CUDA for computing y = a*z+y.
in both sequential and parallel [7]. Given vectors x and y containing n floating point
numbers, it performs the update y = a*z+y. The serial implementation is a simple
loop that computes one element of y in each iteration. The parallel kernel effectively

executes each of these independent iterations in parallel, assigning a separate thread

to compute each element of y [7].
The _global__ modifier indicates that the procedure is a CUDA kernel, and

the extended function call syntax saxpy <<< B; T >>> (...) is used to launch

the kernel saxpy( ) in parallel across B blocks of T threads each. Each thread of

the kernel determines which element it should process from its integer thread block

index (blockIdx:x), its index within its block (threadldx:x), and the total number

of threads per block (b]ockDim:x). The other parameters between parenthesis are
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considered to be an extra parameter and we can ignore it [17].

void saxpy(uint r, flcat a,

_9lobal _ void saxpy (uint n, float a,
float rx, float wy)

{ float =x, float *y)
{
for (uint i & 0; i<n; sei) uint 1 « blockldx.x*blockdim.x
yII = a*xii) « yli); ¢ threadidy.x;
)
ifl Zen ) yli) = a*xli) + yli);
void serial_sample () void parallel samplef)
{ {
// Call serial SAXPY Zunction // Launch paralleil SAXPY kernel
saxpy (n, 2.0, x,y); // using [n/256] biocks of 256
} /] threads cach

saxpyccaceil (n/256),25655>(n, 2, %, y);

(a) (b)

Figure 2.12: Serial (a) and Parallel (b) kernels for computing y = a *xz +y

2.2.6 Memory Hierarchy

As mentioned before, the CUDA-enabled GPU has its own memory, and the CUDA-
enabled GPU memory has a different hierarchy from the usually computer have.

The CUDA-enabled GPU memory hierarchy is described in Figure 2.13 [17] and

summarized in the following points [17, 16]:

e Global memory: This memory is built from a bank of SDRAM chips connected

to the GPU chip. Any thread in any MP can read or write to any location in
o the :

the global memory. Sometimes it is called device memory. Potentially 150x
e glo .

slower than register or shared memory.
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o Texture cache: It is a memory within each MP that can be filled with data
from the global memory so it acts like a cache. Threads running in the MP

are restricted to read-only access of this memory.
o Constant cache: It is a read-only memory within each MP.

o Shared memory: It is a small memory within each MP that can be read/written
by any thread in a block assigned to that MP, and can be as fast as a register

when there are no bank conflicts or when reading from the same address.

o Registers: Each MP has a number of registers that are shared between its SPs,

and it is the fastest form of memory on the multi-processor.

e Local memory: It implies "local in the scope of each thread”. It is a memory
abstraction, not an actual hardware component of the multi-processor. In
actuality, local memory gets allocated in global memory by the compiler and
delivers the same performance as any other global memory region. Local
memory is basically used by the compiler to keep anything the programmer

considers local to the thread but does not fit in faster memory for some reason.

2.2.7 Programming in CUDA

With the CUDA architecture and tools, developers are achieving speedups in many

fields such as medical imaging, natural resource exploration, and cryptography. One

of the major benefits of CUDA as compared to other GPU programming systems

is its use of a C dialect, such that, original C function for the CPU can often be
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i Thread (a, 6)

Figure 2.13: CUDA memory [17]

transformed into a CUDA kernel with only slight modifications. CUDA provides
developers with C libraries that expose all device functionalities needed to integrate
CUDA into a C program. Furthermore, CUDA enables this unprecedented perfor-
mance via standard APIs as OpenCL, DirectX Compute, and high level program-

ming languages such as C/C++, Fortran, Java, Python, and the Microsoft. NET
Framework.
In order to write a CUDA program, the programmer, normally begins from a

sequential version and proceeds through the following steps 1Ll ¢

1. Identify a kernel, and package it as & separate function.

2. Specify the grid of GPU threads that execute it, and partition the kernel

computation among these threads, by using blockIdx and threadIdx inside the
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kernel function.

3. Manage data transfer between the host memory and the GPU memories

(global, constant and texture), before and after the kernel invocation. This

includes redirecting variable accesses in the kernel to the corresponding copies

allocated in the GPU memories.

4. Perform memory optimizations in the kernel, such as utilizing the shared mem-

ory and coalescing accesses to the global memory.

5. Perform other optimizations in the kernel in order to achieve an optimal bal-

ance between single-thread performance and the level of parallelism.

In addition a CUDA program may include multiple kernels, thus the above men-

tioned procedure needs to be applied to each of them.

2.3 Speedup

Make the common case faster; dont spend time on improving a piece of code that is
only used once. It is not here you will gain any great performance improvements, on
the other hand if a loop is being used a 100 times or a 1000 times in the program,

then we improve that piece of code to gain a optimal amount of performance. Two

reasons for making the common case fast

e It helps performance.
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e It is simpler and faster to do.

Amdahls law can be used for this principle. Amdahl’s law states that the per-
formance improvement to be gained from using some faster mode of execution is
limited by the fraction of the time the faster mode can be used. Also known as
speedup, which can be defined as the maximum expected improvement to an overall

system when only part of the system, is improved [10].

o £ Ezecutiontime fortaskwithoutenhancement
g Ezecutiontime fortaskwithenhancement

(2.1)

There exist many cases with different speedup equations to calculate the
speedup. In our cases, only a few parts will be executed on parallel so we will
use the simple formula of speedup to apply it. Speedup is defined by the following

formula:

Tcpru
= 3 2.2
5 Tcpru e

where:
Topy is the execution time of the sequential algorithm.
Tepu is the execution time of the algorithm runs on CPU and GPU (sequantial

and parallel).
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use the simple formula of speedup to apply it. Speedup is defined by the following

formula:

_ Toru %)
o Tepu e

where:
Topy is the execution time of the sequential algorithm.
Tepu is the execution time of the algorithm runs on CPU and GPU (sequantial

and parallel).
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Chapter 3

E-MOGA

In this chapter, implementation details of the proposed platform to solve the Multi
Objective optimization using Genetic Algorithm running on CUDA are described.
The chapter is organized as follows: Section 3.1 describes the used methodologies
during the implementation process. Section 3.2 highlights the used tools and soft-
ware development kits. Section 3.3 overviews the structure of E-EMOGA platform.
Section 3.4 overviews the implementation works. Section 3.5 describes the analysis
work to guarantee that we achieved and solved the main objectives. Section 3.6
highlights the benchmarks that used to validate the results.

new design for MOGA architecture
d on CUDA.

The outcomes of this chapter are: creating 2

that depends on the given criteria to make MOGA ready to be execute

Proposing different techniques to enhance the performance of MOGA, developing

the new design by using MATLAB IDE and proposing a way to enhance the quality

of the result.
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3.1 E-MOGA Design

To realize the objective of our research, we propose the structure shown in Figure 3.1

the design shows the relation between system components as layers. In this ﬁgu;e:
E-MOGA will split the execution between CPU and GPU. MATLAB will host the
E-MOGA execution. Since MATLAB is not designed to be executed on GPU,
additional layers were used to make the MATLAB be able to execute on GPU. The
additional layer consists of two SDKs, C for CUDA and GPUmat. GPUmat is a

software development kite that allows standard MATLAB code to run on GPU.

[ E-MOGA )
Matlab J

(o= Torome) L

oA | CPU

( GPU

Figure 3.1: System structure

3.2 Tools and SDK

As shown if Figure 3.1, many tools were used in our implementation to achieved the

proposed design; all used tools are considered as open source software development

kit. They are summarized as follow:

43




3.2.3 GPUmat

GPUmat is a framework that enables MATLAB code to run on the Graphical Pro-
a0 (CT) direcily, The following is a summary of GPUmat most impor-

tant features [9]:

o GPU computational power can be easily be accessed from MATLAB without
any GPU knowledge.

o GPUmat speeds up MATLAB functions by using the GPU multi-processor

architecture.

e GPU operations can be easily recorded into new functions using the GPUmat

compiler.

3.3 E-MOGA Platform

The designed platform can work on any computing environment containing the
CUDA enabled device and a pre-installed software as explained previously.

As stated previously, CUDA is NVIDIA parallel computing architecture, but it

differs from the other parallel platform because it runs on GPU that was developed

as SIMD (see Chapter 2). This architecture is designed to execute an arithmetic or

logic operation on huge amount of data. On the other hand, this architecture is not

designed for looping, branching or if-statement instructions.
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Since the Multi-Objective Genetic Algorithm is designed and based on many

loops, branching, sorting and computation; the implementation phases will split the

program into two parts of sub-programs:

1. Sub-program that runs on GPU; high computation without the looping or
branching style.

2. Sub-program that runs on <CPU; the main subprogram, all the branching,

looping and conditional (the main part).

The implementation was started by preparing, analyzing, enhancing and testing
for MOGA to get the E-MOGA. Analyzing MOGA is a very important step, in order
to figure out how to split it into many parts as stated before, a lot of modifications

on these parts were done.

To convert MOGA into E-MOGA, many modification should take place. The

modifications that related to performance enhancement can be summarized as follow:

1. Transferring the huge mathematical computations to the GPU instead of CPU.
2. Exploring the loops as vectors; parallelizing loops.

3. Mixed implementation; C/C++ and MATLAB script.

4. Converting from MATLAB script to compiled files.

ification steps will be explained in details in the next section.
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Lhe modifications that summearized in the previous points, aim to increase the
BRI c ot itio Eystem,; first, it transer the huge computation after parallelizing
its operation to be executed on GPU instead of CPU. Second, to parallelizing the
loops and the conditional statements by replacing it with parallel exploration. Third,
using a mixed implementation between different languages to get integrity between

performance and ease of use. Finally, converting the MATLAB script to a compiled

file; this will reduce the execution time.

The parallelizations almost affect the whole components in MOGA implemen-
tation, Most of the parts were partially parallelized, and a few of them were fully
parallelized. Since the MOGA applied single operation on the whole population
each time, so, it can easily converted to become in Single Instruction Multiple Data

(SIMD) form. The psuedo code of parallelized MOGA is shown in Algorithm 4:

Algorithm 4 MOGA psuedo code

Begin

STEP 1: Random initial population.
Start parallelization (perform any operation on the whole population in parallel
form)

STEP 2: Perform GA operations.

STEP 3: Fitness assignments (Pareto Rank).

STEP 4: Diversity (Kernel).

STEP 5: Elitism (Archive).

Stop parallelization

STEP 6: Selection

STEP 7: If stopping criteria met then go to step 8, else go to step 2.

STEP 8: Return Pareto Front.
End
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3.4 Implementation Phages

We choose to work on a previous implemented version of MOGA, which is available
and commonly used by researchers and developers. Many implementations founds
for the multi objective genetic algorithm as an open source or closed source. After
reading many researches and implementation we found that the most popular and

common used MOGA tools are: NSGA-II, evMOGA and gamultiobj.

A well-coded sequential version found in MATLAB optimization toolbox, that
used as graphical user interface for gamultiobj, makes a good challenge to start from,
the selected MOGA can be found in Optimization Tool (optimtool) in MATLAB,
as shown in Figure 3.2, the tool implements all the configurations and properties

that can be found in MOGA techniques.
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Problem Setup and Results Options
sie: R v |- =
A ; | Selection |
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Run solver and view resuts ;I — )
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Figure 3.2: Optimization tool interface

3.5 Analysis

The first and most important step is to analyze MO
], called Profiler was used in analyzing MOGA, it

nning a MATLAB statement

to parallelize. A MATLAB too
he performance of MOGA. When ru

a report of where the time is being spent as

helps to improve t

or an M-file in the Profiler, it produces

in Figure 3.3.
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Figure 3.3: Profile Tool

In our case we analyze each function used in MOGA. After the analysis, we

know which parts we should work on. These parts are considered to be the most

time consuming in MOGA, and are located in many functions and subroutines of
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MOGA.

3.5.1 Performance Enhancement

The modification techniques that were manually applied to enhance MOGA to gen-
erate the E-MOGA can be discussed as follow:

1. Transferring the huge mathematical computations to the GPU instead of CPU;
after analyzing the algorithm and finding out the parts, which requires the huge
computation on mathematical operations. These operations are considered as
time consuming parts. So, these parts will be executed by fhe GPU instead of
CPU to reduce the required time for execution. Before the developer decide
to execute on GPU, the data, that will be used in instructions execution,
should be transferred to the GPU memory. The pseudo code of transferring

the execution to be handled by GPU is illustrated in Algorithm 5.

Algorithm 5 Execution using GPU algorithm

Begin

Ensure: the GPUmat support the desired operation
start GPUmat
Data — GPUMemory

execute operation on GPU
result <+ HostMemory

Continue execution sequentially on CPU
End

An example on how to execute on GPU using MATLAB and GPUmat is
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illustrated here:

GPUstart;

Ah = single(rand(100,100)); % Ah in on CPU memory

Il

A = GPUsingle(Ah); % A is on GPU memory

C

exp(A); % exp(A) performed on GPU

Ch = single(C); % convert C (GPU) to Ch (CPU)

2. Exploring the loops as vectors; the GPU as discussed before, is not well op-
timized to work with loops and branching, so the loops and branching in the
parts executed on the GPU should be converted to the form that the GPU can
handle without slowing the system. By converting the loops into vectors of
operations and converting the branching to a simple mathematical operations,

they can be easily handled by the GPU. The pseudo code for vectorizing the

loop is shown in Algorithm 6

Algorithm 6 Loop vectorization process
Begin
Ensure: the loop contain a possible vectored operation
select loop to vectorized
for each instruction in the loop do
if the instruction can be vectorized then
convert it to a vector operation
end if
Ensure: validate the loop execution
end for
End
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An example for vectorizing a loop as shown next, the first is the s ventil

loop:

FOR{i=0 to 10}

i

Datal[il= Datal[i] * i
Data2[i]=Datal[i] * 5
J;

ENDFOR

Will be converted to become in the following form:

=2 l)
Datal= Data * i

Data2=Datal * 5

. Mixed implementation; the different programming languages differ in specifi-

cation, the easiest programming language may not be able to deliver the best

performance, the MATLAB is the easiest development tool that enables the

programmer to develop, modify, test and implement a complex algorithm very
fast, but the MATLAB performance is not the best. Using the scientific pro-
gramming languages such as C/C++ can deliver a better performance. So,
/C++ are generated by develop-

hybrid systems between the MATLAB and C
LAB.

i AT
ing some functions on @G and calling it from M
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By default MATLAB can executes it is code on CPU and can not transf
ansier

the execution to GPU. The GPUmat which acts as an intermediary between

MATLAB and CUDA, is used to provide the developer with the ability to
select where the instructions will be executed. The GPUmat is a limited

implementation and can not map all the instructions to be executed on GPU.

This option is related to the first point, since the GPUmat can not map all
desired operation, the developer can write his own operation and execute it
directly on GPU using C. This step can be divided into two operations as

follow:

(a) Developing the code in C and compiling it using MATLAB as in the

following Algorithm 7:

Algorithm 7 developing the code in C and compiling it using MATLAB
Begin
write the operation in C
select the desired compiler from MATLAB (such as VC++)
compile the source code
generate the .MEX (executable) file
End

(b) Call the operation from MATLAB as shown in Algorithm &

4. Converting from MATLAB script to compiled files; the e

; B.
usually written by using the script language that are interpreted by MATLA

| i ' ter,
| Since the performance of the compiled files is much better R e

; i tions.
the final version of the tool contains many compiled functio
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Algorithm 8 call MEX file form MATLAR
Begin
start GPUmat
Data — GPUMemory
call the MEX and send the parameters
result < HostMemory
End

These four options may partially be implemented on each sub-program. After
implementing each option, a test on the system should take place to ensure that a

good change was made. Then the changes integrated to make the new sub-program.

After each modification, the enhanced system should be examined to ensure that
there is no side effect (slowing down the system) on both the performance and the
result quality, in this respect, mathematical benchmarks which is considered as real

life problems were used.

3.5.2 Quality Enhancement

MOGA always returns a Pareto front (solution set) with constant dimensionality

equal to the number of individuals in the population (population size) on each

iteration. The algorithm will decide which solutions _considered as non promising

solutions- to be replaced with a better solutions (see Chapter 2):

: . . i
To improve the quality of solution, we use the idea in the GA which states: 1
‘h the optimal
you explore more solutions you can find a better one, unless you reach the op

re more solutions than MOGA by eliminating

one. The tool (E-MOGA) will explo

] n each iteration.
more none promising solution from Pareto front o
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? : :
What to change? as mentioned Previously, Any individuals chance of bei
€ oI being

selected is decreased the greater the density of individuals in its neighborhood, so
we modified the selection probability value by ignoring the crowded solutions f,rorr;
the getting value and by this we increase the eliminated solutions from population
and we have to explore more solutions. The fitness assignment algorithm will be

modified than Algorithm 2 to become in the following form as in Algorithm 9:

Algorithm 9 Pareto Ranking-modified
Begin
SIMEPIESetic = 1Nand PP = P.

STEP2: Identify non-dominated solutions in TP and assigned them set to F.
STEP3: Calculate the crowding distance Cy for all solutions in P

STEP4: If Cy > T'hreshold set i =i+ 1 and go to Step 2, else Set TP = TP« F..
If TP = ¢ go to Step 4, else set 7 =1+ 1 and go to Step 2.

STEP5: For every solution z € P at generation t, assign rank ri(z,t) = @ if
TIE Fi-

End

So, we will explore more solutions each time by increasing the number of elimi-

nated solutions from Pareto front. An easy way to do it by modifying the threshold

in Algorithm 9 each time and we the following formula to calculate the Threshold

by selecting a partial value from summation of crowded distance each time. The

value of z = 3 is selected by examination.

z

Threshold = Y, Cai — g5 * > Cai

=1 =1
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3.6 Benchmarks

To test the enhanced version of MOGA, different benchmarks with different specifi-
cations were selected in order to compare the result with the existing MOGA. The
benchmarks reflect mathematical model for real life problems. The benchmarks were
taken from many previous implementation for MOGA [42, 19] are summarized as

followed.

3.6.1 Griewank

The Griewank function is a function widely used to test the convergence of global
optimization functions and to test the ability of different solution procedures to find

local optima [42]. The Griewank function [2] of order n is defined by:

n n
m.
2 i
F (@182, s Ta) = 1+ (0.00025) x Y af —[J cos( =) (32)
f(x) ‘."‘
. b i
? Hll {
fi i A
: ah R
'h" ""~ ]III{"II el:ll | e
: y v ;‘,. H ;, |l!'|‘| I! .'Il
o R
.f'|q'.l,‘|)i.i'||l]|._l,‘,“°
‘ll\'l“"!l‘v'il'.‘”‘.‘o
R S
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‘ ‘3.3.'«2 L 0 o %0 100

Figure 3.4: Griewank function n=1 [42]
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Where n indicates the dimensions of the problem ang in our ca;e th ber of
€ number o

objectives. Figure 3.4 [42] shows the function [ plotted for z, ¢ [0,100] and 1
) 3 (=

36.2 Schaffer F6

This parametric optimization problem is multi modal. It is difficult to solve by most

usual methods due to circular local maxima, [36].

Schaffers 16 Function
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Figure 3.5: Schaffer function n=1 [36]

It has the expression

sin?(v/D_ic1 f?))2 . (3.3)
f(xla 2, .--,mn) =0.5+ 1+ 0.001 X (Zi_—;l xi)
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Where n indicates the dimensions of the problem and in our case t} b
e the number

of objectives. Figure 3.5 [36] shows the functiop f plotted for z; € [-100 100] and
i € [~100,100] an

o= 1.

3.6.3 Zitzler-Deb-Thiele (ZDT) Test Problems

The ZDT test problems are two objective problems framed by Zitzler [32). ZDT

test problems are unconstrained problems, as followed [54].
f1(z). (3.4)

2(z) = g(z)h(f1(z), 9(x)). (3:5)

The Pareto region corresponds to 0 < z* <1 and z7 = Ofort = 2,8} ..M

ZDT1 Problem

Problem ZDT1 has a convex Pareto optimal front and is defined as shown in the

following equations:

fi(z) = z1.

i (3.7)
ol

= 1=2
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h’(fl)g)zl— ﬁ

7DT2 Problem

problem ZDT2 has a concave Pareto optimal front. The problem is presented in in

the following equations:

fi(z) =z,
(A g) =1- (L2

ZDT3 Problem

Problem ZDT3 has a number of disconnected Pareto fronts. The problem is pre-

sented in in the following equations:

fi(z) = 1.

60

(3.12)

(3.13)




hfr,g)=1-,/81

7DT2 Problem

Problem 7ZDT2 has a concave Pareto optimal front. The problem is presented in in

the following equations:

f1($) =T
h(fi,g)=1- (%)2

ZDT3 Problem

Problem ZDT3 has a number of disconnected Pareto fronts. The problem is pre-

sented in in the following equations:

fi(z) = 21

60

(3.12)

(3.13)




R e LR
” X sin(10m f,).

g
(3.14)

61




Chapter 4

Experimental Results and Analysis

This chapter presents the experiments that used to validate the new platform and
the analysis of the results of the study. The chapter is organized as follows: Section
11 describes the hardware and software configuration that the platform tested on
i Section 4.2 describes the experiments on each benchmark using MOGA and
EMOGA separately. Section 4.3 shows the analysis of the achieved performance.

Section 4.4 shows the analysis of the solutions quality.

41 Experimental Environment

s a special type of hard-

Since our research is a special type of software that requiré

Jopment Were made

5 : . 3 nd deve
Vare; certain requirements must be available. Testing &

o the following environment specifications:
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ersonal compute
& puter (no matter what are tj
€ specificat;
tlons of j
1t

for testing is Pentium 4 wit

o Operating system Windows xp or high
1gher.
o MATLAB version 2008.

o Tools and SDK.

42 Experimental Results

The obtained r
esult
s of the enhanced version of MOGA were analyzed, t
compared to the pe yzed, tested and
rfo
T performance of the old system to ensure the quality of the result
s as described i : =
ed in the implementation steps are done on selected benchmarks

Table 4.1 sh
ows the selected benchmarks with the used constrains.

The exper
periment
ath of which s performed done on the selected benchmarks as separated cases
Ich will : ;
be executed ten times to find the results in average. In each exper-

iment) we
selected : :
the optimal solution, constrains, number of objective, stopping
testing process easy

Criteriy and
W : y
e specified a suitable fitness function. To make the
mensionality and the opt

n in Table 4,

and fajy
) the S .
eleCted reg10ns<constrains), dl lmal SOlution

Vector v
ere
set the same for all benchmarks s show
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Table 4.1: The mathematical formulation for benchmarks

benchmark

mathematical formula
fi (x) =T

ZDT1

g(z) =1+ 530,
h(f1, )—1—\/Z

ZDT2

) e
9()—1+ 91212221
R(f1,0) =1 — (£)?

ZDT3

fi(z) =z,
gle) =1+ 52,
h(f1,9)=1- \/_f;: — & x sin(107f3)

ZDT4

fiz) =z
g(z)=1+10x%x (n—1)+ i nde =l X cos(4mz;))]

R(79) = 90 [1 = /o Jussin(101,)]

ZDT6

fiz) =1 — ezp(— 4$)Osg? (67z1)
g(z) = 1+9[E7- oy

hfarg) = 9(@) [1 = (427

Schaffer F6 | f(z1, 2, -+ Tn) = 05 + Tro001x(mr, 22

smz(\/zi:‘_1 z2))

o G e s (0.00025) X Y i1 22 — | I cos(%)

ez o=

Table 4.2: Benchmarks properties
property

100 < z; < 100

10,90,30, 40,50

optimal solution
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Stopping criteria determines what causes the algorithm to terminate. MOGA

can be implemented using one or more stopping criteria from the following [4):

1. Generations specifies the maximum number of iterations the genetic algorithm

performs.

2. Time limit specifies the maximum time in seconds the genetic algorithm runs

before stopping.

3. Fitness limit; If the best fitness value is less than or equal to the value of

Fitness limit, the algorithm stops.

4. Stall generations; if the weighted average change in the fitness function value

over Stall generations is less than function tolerance, the algorithm stops.

5. Stall time limit; if there is no improvement in the best fitness value for an

interval of time in seconds specified by Stall time limit, the algorithm stops.

6. Function tolerance; if the cumulative change in the fitness function value over

Stall generations is less than function tolerance, the algorithm stops.

In testing process, the stopping criteria selected as follow:

1. Since the complexity of the problem will increase if the number of objectives
] be selected will be in

. 'l
increased, the maximum number of generation that wi

y of the problem, O, by examination,

a variable form to reflect the complexit

*
lect the maximum number of generation to be equal to 400 number of
we select the m

objectives .
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2. Function tolerance and we select a sma]] value ¢ = 10¢ — 3
S leg

The experiments are summarized as follow:

Experiment 1:

In this experiment, the performance and the quality of ZDT1 problem will be tested
on MOGA and on E-MOGA using the same conditions and properties to compare
the results.

Regarding the performance, the results in Table 4.3 shows a significant speedup
between 3X and 19X, the results in Figure 4.1 shows the relation between number

of objectives and the resulted speedup gain for this experiment.

Table 4.3: Execution time for ZDT1 benchmark on the MOGA and E-MOGA
Dimension | CPU-time (s) | GPU-time (s) | Speedup
10 o i 3
20 785 178 5
30 3218 224 15
40 4233 269 16
50 6281 340 19

Regarding the quality, the results in Table 4.4 shows better solutions closer to

the optimal solution.

T1 benchmark on the MOGA and E-MOGA

: : lity for ZD —

Teble 4.4 Solution e L P atity | GPU-Quality | Quality derenee
[ CPU-Quality |
o s 28.5 ?';g 0
20 112.9 34.9 13'2 -
30 202.3 ggg 043
164.2 - '
ég 186.0 L"l’f/@ﬁ'g/
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Figure 4.1: Performance enhanced on ZDT1

Experiment 2:

In this experiment, the performance and the quality of ZDT2 problem will be tested

and compared as ZDT1 using the same conditions and properties.

Regarding the performance, the results in Table 4.5 shows a significant speedup

between 7X and 26X, the results in Figure 4.9 shows the relation between number

of objectives and the resulted speedup gain for this experiment.

; on the MOGA and E-MOGA
Tabl 4.5 Beution e or EDTH ARG ) [ Spesdu |
10 379 56 L
20 548 69 £
30 3177 210 =
40 4216 239 -
-L/ﬂf/,//tﬂ///
P s =2
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Figure 4.2: Performance enhanced on ZDT2

Regarding the quality, the results in Table 4.6 shows better solutions closer to

the optimal solution.

Table 4.6: Solution quality for ZDT2 benchmark on the MOGA and E-MOGA

Dimension | CPU-Quality GPU-Quality | Quality difference
10 408 L7 390.4

20 390.4 115.8 274.7

30 573.9 54.7 519.1

40 613.3 74.8 538.5

50 152.9 Lo I

Experiment 3:

i ill be tested
In this experiment, the performance and the quality of ZDT3 problem Wi

s erties.
and compared as 7DT1 using the same conditions and prop

ce, the results 11

Table 4.7 shows 2 significant speedup

Regarding the performan
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petween 4X and 54X, the re in Fi
sults in Figure 4.3 shows the relat
elation between numb
er

of objectives and the resulted speedup gain for thi
1S experiment.

Table 4.7: Txe_cution time for ZDT
Dimension | CPU-ti 3 benchmark on t
10 504U e ) 1G3P5U'time (}:)e MS?DSe%u%n Sk LG
20 1085 144 :
30 3129 188 ;
40 4238 214 .
50 14035 260 §2

60
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Figure 4.3: Performance enhanced on ZDT3

n Table 4.8 shows better solutions closer to

Regarding the quality, the results i

the optimal solution.

Experiment 4:
he quality o ZDIA problem will be tested

In this experiment, the performance and t
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Table 4.8: Solution quality for ZDT3 benchmark

Dimension | CPU-Qualit k on the MOGA and E-MOGA
10 0T Egngmw R e

20 69.1 41.3 27.9

30 299.1 58.5 240.7

40 337.5 04.2 R

50 167.6 102.7 64.9

and compared as ZDT1 using the same conditions and properties.
Regarding the performance, the results in Table 4.9 shows a significant speedup
between 3X and 37X, the results in Figure 4.4 shows the relation between number

of objectives and the resulted speedup gain for this experiment.

Table 4.9: Execution time for ZDT4 benchmark on the MOGA and E-MOGA
Dimension | CPU-time (s) | GPU-time (s) | Speedup
10 133 46 3
20 970 133 8
30 1190 150 9
40 2318 182 13
50 8263 227 37

Regarding the quality, the results in Table 4.10 shows better solutions closer to

the optimal solution.

4 benchmark on the MOGA and E-MOGA

Table 4.10: Solution quality for ZDT

Dimension
10
20
30
40
50

121.8
81.0
53.5
98.6

e

Experiment 5:

[
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GPU-Quality Quality difference

16.2 105.6

30.3 50.7

49.4 4.1

74.2 24.3
L8_3—'—8—f/ 15.0



Speedup gain

In this experiment, the performance and the q

40

354 -
30) |1
25.... .

2D Graph 5

T T 7
10 20 30

T T
40 50

Dimensionality

60
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uality of ZDT6 problem will be tested

and compared as ZDT1 using the same conditions and properties.

Regarding the perfo
between 4X and 46X, the results i

of objectives and the resulted speedup gain for

Table 4.11: Execution time for Z_DT6 be
CPU-time (s)
EImEensIOnAE- - ——

Regarding the quality, th

Dimension

10 123
20 382
30 1010
40 2118

s

e results in Table 4.12 s

32
68
113
159
214

9820 |l S
/
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rmance, the results in Table 4.11 shows a significant speedup
n Figure 4.5 shows the relation between number

this experiment.
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Figure 4.5: Performance enhanced on ZDT6

the optimal solution.

Table 4.12: Solution quality for ZDT 6 benchmark on the MOGA and E-MOGA

Dimension | CPU-Quality GPU-Quality | Quality difference
10 22 D1 4.5

20 11222 45.0 el

30 224.5 64.3 160.2

40 105.5 86.6 18.8

50 489.9 108.9 381.0

Experiment 6:

: ill b
In this experiment, the performance and the quality of Schaffer F6 problem will be

1t ties.
tested and compared as 7DT1 using the same conditions and proper

- snificant speedu
Regarding the performance the results in Table 4.13 shows 2 significant speedup
gure 4.6 shows the relation between number

between 4X and 11X, the results in Fi
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of objectives and the resulted speedup gain for this experiment
ment.

Table 4.13: Execution time for Schaffer F

: : 6 benchmark
Dimension | CPU-t; ark on the MOGA and EMOGA
= - time (s) g?rzPU-tlme (s) | Speedup
4
20 197 60 5
! 572 100 6
40 1331 167 8
50 1413 162 11
10
94 » : ,
e 74 - ‘—O—SchaﬁerFGi_ 3 T
g
0 5
4 -
3
: ) 10 20 30 40 £ &
Dimensionality
Figure 4.6: Performance enhanced on Schaffer F6

j t
Regarding the quality, the results in Table 4.14 shows better solutions closer to

the optimal solution.

Experiment 7:

i rink problem will be
In this experiment, the performance and the quality of Grew
’ .1+ o1s and properties.
tested and compared as 7DT1 using the same conditions
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Table 4.14: Solution quality for Schaffer F6 benchmar

Dimension | CPU- i : k on the MOGA and

10 TR Quality 4GPU"Quahty Quality difference e
20 58.4 50 P

30 81.6 8.0 é‘é

40 83.6 7.0 o

50 129.7 11.0 118.7

Regarding the performance, the results in Table 4.15 shows a significant speedup

between 4X and 46X, the results in Figure 4.7 shows the relation between number

of objectives and the resulted speedup gain for this experiment.

Table 4.15: Execution tim

Regarding the quality, t

the optimal solution.

T 6 ] .ty for Grewink benchmar= . ——
e 410 Solation g GPU-Guaty [ Qually e
Do PR N,
20 36.0 5.0 e
30 64.4 6.0 .
40 86.0 8.0 83. 0
e

e for Grewink benchmark on the MOGA and E-MOGA

Dimension | CPU-time (s) | GPU-time (s) | Speedup
10 i 28 S

20 363 61 6

30 874 97 9

40 1600 158 il

50 9820 214 46

enchmark

he results in Table 4.16 shows better solutions closer to

on the MOGA and E-MOGA

T4
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Figure 4.7: Performance enhanced on Grewink

4.3 Performance Analysis

Depending on the stopping criteria, and, since MOGA starts the population ran-

domly, the tool does not reach the Pareto front in a fixed time for any benchmark

each run time, the average time should be taken for (10) executions in order to have

reasonable results.

MOGA and E-MOGA with different

The tests were taken for both systems;
chmark as shown in the previous section. The

number of objectives on each ben

tests results are summarized in Table 4.17:

i E-MOGA and
The statistical analysis was applied for the results achieved from
he results of the same dimensionality

MOGA for the different benchmarks, and t

. The st
for each benchmark was compared together

atistical analysis showed in the
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Table 4.17: Execution time for benchmarks on

76

= - the existing and d
k[Dimension|CP U-t;i ﬁ g proposed systems
Benchmax ime (s)|GPU-time (s)[Speedup|OPU Std. deviationlGPT Std deviation
I 10 217 77
yAY] 3 36 10
20 785 178 5 103 9
30 3218 224 15 201 12
40 4233 269 16 752 24
58 gggl 340 19 615 28
7D 56 T 196 7
20 548 69 g} 190 5
30 3177 210 16 267 14
40 4216 239 18 304 65
50 4979 197 26 188 13
ZDT3 10 504 135 4 35 8
20 1085 144 8 202 18
30 3129 188 17 707 8
40 4238 214 20 448 31
50 14035 260 54 1467 19
EDTA D 133 46 3 38 7
20 970 133 8 84 r
30 1190 150 9 51T 15
13 352 21
40 2318 182
37 1170 40
50 8263 227 : 5 3
ZDT6 10 123 32 = 1
20 382 68 ¢
13 9 396 3
30 1010 1 4 196 2
40 2118 159 : e 6
50 9820 214 jii__ = )
Schaffer ¥6|10 100 - 5 30 ¢
20 197 60 6 122 2
30 572 uag S g 3
40 1331 167 20 12
50 1413 Liee S e o 2
Grewink [10 i 2? 6 0 ?,
20 363 = 9 96 8
4
<0 o 158 e 5
40 1600 @/6
50 9820 a
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Figure 4.14: Statistical analysis for Grewink Benchmark

From the previous charts that shows the error bars for the experiments means
with +/- standard error (shown as intervals on the head of the bar) that known

as confidence interval and since there are no overlap between the results for each

experiment of the same dimensionality of each experiment, we become sure that the

difference between the two means is statistically significant.
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4.4 Solutions Quality i

The quality is defined as
the error measured in the results, and it i
factor that should no i , LB AR D ontoint
t be ignored. To check the quality of the 1
results, we can

graphically compare between the o
utputs of the two
systems by drawin
g the results

of any two variables (2-D
(2-D) and make a comparison between the points positions. I
10nS. In

Figure 4.16 it is show the output result for MOGA after solving a probl ith
5 : em with two
conflict objects, on the other hand, in Figure 4.15 it is show the output result £
or

E-MOGA after solving the same problem.

3| o et oo B S e RPN ...... :
= 20 _ ..............................................
v f
3 P PR RIT TO TP s :
'§ :.-...,....‘
810 e B PR T e e e S
5._.. ..... ’...,
¢® ® 9
0b—s—s (I | i ! i ] ]

5 10 15 20 25 30 35

Objective 1

Figure 4.15: The Pareto front after the final iteration on E-MOGA

It is clear that both Figures almost contains the same number of points, but a

ult, the result distribution is very cl

he other hand, the CPU solution take a

ose to the optimal

deep look at the E-MOGA res
solution which is (0,0) in this case, on t

larger range of distribution.
The graphical comparison is not & sufficient indicator of the results quality, so,

a new idea was implemented in Equation 4.1
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Figure 4.16: The Pareto front after the final iteration on MOGA

n

Q= > -x). (4.1)

1=1

The quality can be measured by taking the summation of distances between the
Pareto front and the optimal solution; the smallest value indicates that the Pareto

front includes more feasible solutions. Table 4.18 shows a scalar values that indicate

the results quality:
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Table 4.18: Quality for the benchmarks op

Benchmark|Dimension Tl the exiting and pro
D1 G gf;} Quality 2GPU-Quality Qualitypdifgazzicclesysmms
8.5
20 112.9 34.9 %
30 202.3 69.6 o=
40 164.2 69.9 el
: 94.3
50 186.0 978
IO 408.0 77 22‘02 5
20 390.4 115.8 274.7
30 573.9 54.7 519.1
40 613.3 74.8 538.5
50 152.9 93.0 59.9
ZDT3 10 201.2 119.2 82.0
20 69.1 41.3 27.9
30 299.1 58.5 240.7
40 337.5 94.2 243.3
50 167.6 102.7 64.9
ZDT4 10 121.8 16.2 105.6
20 81.0 30.3 50.7
30 53.5 49.4 4.1
40 98.6 74.2 24.3
50 98.8 83.8 15.0
ZDT6 10 27.2 22.7 4.5
20 122.2 45.0 !
30 224.5 64.3 160.2
40 105.5 86.6 18.8
50 ﬂg_%___’lo&g 381.0
Schaffer F6(10 24.1 4.0 20.1
20 58.4 5.0 53.4
30 81.6 8.0 73.6
40 83.6 7.0 76.6
50 E?_,L___‘n.o 118.7
Grewink |10 17.0 3.0 14.0
20 36.0 5.0 31.0
30 64.4 6.0 58.4
40 86.0 8.0 e
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4.5 Analysis of the Results

From Table 4.17 it is clearly shown that the new enhanced MOGA is faster th
r than
the old MOGA in all cases and when the dimensionality (number of variables)

increases, the power of the GPU rises to handle the complex computation on its

parallel architecture.

The Speedup varies due to the complexity of the problem; as the number of
objectives increase, the system becomes more complex to be solved and needs more
time. The GPU performance can beat the CPU performance all the time. The
minimum Speedup can not be less than 2.7X and the Speedup can increase to

become more than 53X in some cases. Figure 4.17 shows the relation between the
number of objectives and Speedup.

Again, it is clear in Table4.18 that the new system does not only beat the old

one when comparing the execution time,but also the quality of the result is better

in all cases; that we get a closer solutions to the optimal one with less time.

As stated previously, the performance results from paralyzing the time consum-

ing parts that founds within the Multl Objective Genetic Algorithm. The paral-

lelization by itself can’t lead to a better performance but we have o fBeusion e

main polices during our work with parallelization process as follow:

Utilize GPU as possible: As many local threads as possible should work in an
o Utilize -

e instructions are applied on multiple data.

SIMD fashion where the sam

B m.
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Figure 4.17: The relation between number of objective and the speedup

four computer with CUDA enabled device

The tests were performed on Pentium

that work as a co-processor with CPU, and the performance of such computer is
these days, 50, W€ made an extra test using a high

not considered to be high in
n Intel i7 and we got al

most the same results

performance computer that work ©

ges in the resulted

performance- So, we prove the idea that

with ignorable chan
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we mentioned before that the researchers may have their own supercomputer with
Jow price when they using CUDA; since the supercomputer contains hundreds of
CPUs that work in parallel to achieve a higher performance than other computers,
we can get a hundreds of cores (processing elements) that works in parallel as a
co-processors for the CPU to achieve a better performance after re-designing the

problem to become in SIMD form and make it ready to run on CUDA.
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Chapter 5

Conclusion and Future Work

The purpose of this master thesis was to enhance the performance of MOGA by using
CUDA, propose criteria for measuring the error in the results, enhance the results
quality and test the new platform on many benchmarks. During these operations

we faced many problems and after finish the work we have many conclusions. T

this chapter we will show the problems that we faced during the work on thesis, the

conclusions that we reached and the future works.

5.1 Limitations

Multi Objective Genetic Algorithm

The work on previous implementation of

k: to analyze and understand what actually happened

MOGA) is not an easy WoI .
( | uring our work. Reading

oblem. CUDA as

dd
within the program is one of the obstacles that We face

s of lines of code help us t0 solve the pr

and analyzing thousand
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stated previously can be accessed direct]
Y by using the CUDA-C
-C language that is

very similar to the standard ANSI C, we did
s S Converting 4 not found any problem to learn it
ey . es from ANSI C to become ready to
execute on CUDA it is a simple operation that required re-designing the code to get
the best performance, the codes that should be executed on CUDA called kernel.
Re-designing the code is the most important operation that may lead to a bad per-
formance if the code designed in wrong way. The data that is required by the kernels
should be transferred to CUDA device before kernel execution, and after execution
we should transfer the result back. This operation can lead to a bad performance
since the memory access can add extra time for the whole execution time. The good

design try to reduce the number of memory access can solve the problem.

5.2 Conclusions

The main question that we may ask, which better, CUDA or parallelization?

The parallelization is the process t0 perform many tasks simultaneously and

processors that may found within the same

this technique requires many physical
arated computers. The use of parallelization to solve problems

computer or in sep
at solved by using CUD

A, such as, cost, size, watt

may lead to some problems th

per process and less implementation complexity-

] computers 0 do their research, and since the

owerfu
The researchers need P well. So the trend to

CO ”t Ll . .

explore all the resources that ar
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: vay for each w
is the way ch researcher to own g Supercomputer within the 1
11N the lowest cost.

The Multi Objective Genetic Algorithm optimizati
i | ptimization problem is one of the im-
portant algorithm used in many field for finding the tradeoff betw flict ob
i . ‘ een conilict ob-
jectives, MOGA in many applications needs to be finished in reasonable time with
ime wi
accurate result that is closer to the optimal solution, many implementations of
MOGA was done by making a tradeoff between finding the optimal solution and

finding the solution in a reasonable amount of time.

The Enhanced Multi Objective Genetic Algorithm (E-MOGA) and Multi Objec-
tive Cenetic Algorithm (MOGA) have been implemented and tested in two versions;
we used MOGA implementation found in MATLAB optimization toolbox that exe-
cute by CPU, on the other hand, EEMOGA is an enhanced version of MOGA, it use
serial and parallel execution methods. The enhanced version demonstrates both the

modern CPU processing power and CUDA enable device capabilities. As two ver-

sions of implementation follow the same Jogical steps, the results of the study purely

demonstrates the improvement in performance and less error rate maintained by

this new version that we called it E-MOGA.

d show the efficiency of our E-MOGA as compared to a

n MATLAB optimization

t speed gains using affordable, scalable and commercially

All the results reporte
toolbox. The tool

well-coded sequential version found 1

demonstrates significan

n with a generic MOGA library work in sequential,

available hardware. A compariso
we define as the sum

p. The error rate that
E-MOGA too

would result in much greater speedu

om the optimal solution was improved in

of distances of the results fr
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and we show that E-MOGA have a high degree of acey
racy.

Even for variable number of ob Jectives, the E-MOGA can work 11 with
| well with simple
changes in parameters. The results show that, the more the complexity of th
| ) plexity of the
problem is, the more speedup gain will introduce, this will highlight the power

computation of GPU in highly computation and complex problems

Referring to the research objectives we can say that we reach our objectives and

we can summarize the results and contributions as followed:

o The research outcome with a new tool that used to solve Multi Objective
Genetic Algorithm optimization problem that developed in serial and parallel
form; the serially executed parts will handled by CPU and the parallel executed
parts will handled by the parallel architecture founds in GPU (CUDA enabled

device) and we state the specialized operations of each.

o The new tool (E-MOGA) shows a speedup gains when compared with a will

coded version founds in MATLAB optimization toolbox. The speedup gained

was vary from 3X-54X refer to the change of the problem and number of

objectives defined.

o E-MOGA can run only on systems contains CUDA enabled device.

e Not only the performance of MOGA was improved, but also the quality of

he idea for replacing more solutions in each

the results was improved also; i

iteration leads us to @ great results.
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o The E-MOGA was t i
ested using many benchmarks with different number of
bjectives; th e
obj ; the results shows that our too] Is general enough to handl
andle any

only.

e By comparing our work with similar work found in [20] they used CUDA for
solving Multi Objective Parallel Genetic Algorithm (MOPGA) in dedicated
problem that is documents searching problems and they achieved a speedup
gain up to 53X, we can see that we got almost the same result for solving
general purpose multi objective optimization problem and we guarantee that

we will have the better solutions quality.

At the end of the study it is shown that GPU processing capabilities are more
than the classical CPU especially when an algorithm can be parallelized. CUDA
offers ease of usage and some other optimizations for GPU programming. Although

limited to a specific kind of hardware and programming languages, CUDA has im-

portant potential that can be utilized in solving complex computational problems.

Finally, we want to highlight that our system is versatile and modular and, even

imize a vast classes of
in its present version, can be general enough to be used to optimize

blems, and the user has to provide a proper fitness s
)

conflict optimization pro

kernel when changing the problem.
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5.3 Future Works

In future work we wish to investigate and examine the b i i

cluster containing more capable GPUs. We think a few e;i::‘:::zl:’::;m:n a
can take place in E-MOGA to make it run on multiple GPUs. We can also try :: vico)rrllS{
on parallel MOGA and test it on GPU in order to enhance it. Other researchers
could find the way to use the power of GPU in their application; performance

enhancement, low cost computing architecture, real time application....etc.

Many applications and algorithms could be re-designed to become ready to
execute on CUDA if the parallelization is possible such as security algorithms, image

processing, medical application, and robotics.

One of the great ideas that may found the space in the next few years is the
mobile phone application; NVIDIA developed a new parallel architecture for mobile
phones called TEGRA that contains up to 8 cores and we can find the way to develop
y on mobiles by using such

a real-time and complex application to be executed easil

architecture.
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