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ABSTRACT

This research will be focusing on developing a Parallel Metaheuristic Algorithm for
Route Planning using CUDA to improve the efficiency and performance of route
planning. The increasing demand for more efficient route planning approaches, which
includes several factors such as cost savings, timely deliveries and reduced carbon
emissions, has led to a surge in demand for more advanced route planning algorithms

in search of more efficient solutions.

The problem that this research will be tackling is the Travelling Salesman Problem
(TSP), which is a specific type of route planning problem where the main objective of
it is to find out the optimal set of routes for a given number of vehicles to transport
goods to a defined set of destinations. TSPs are known to be NP-hard problems|1]
where an increase in the number of vehicles and destinations will significantly increase
the computational time required to obtain an optimal solution. Existing works that
utilized metaheuristic algorithms have shown their flexibility in solving multiple TSP
variants and their capabilities in obtaining near-optimal solutions within a reasonable
amount of time. However, due to the limitations of CPUs in terms of parallelization,

these algorithms do not perform well as they are highly iterative.

The proposed approach will be utilizing the Compute Unified Device Architecture
(CUDA) to enhance the performance and efficiency of metaheuristic algorithms in
finding optimal solutions for the TSP by leveraging the parallel processing capabilities
of Nvidia Graphics Processing Units (GPUs). This research aims to significantly speed
up solution searching for the TSP by using GPUs compared to CPUs. Besides, this
research strives to provide a foundation for future research on parallel metaheuristic
algorithms, and to further encourage their implementations in real-world instances of

route planning.
Area of Study: Massively Parallel Computing, Combinatorial Optimization

Keywords: Parallel Metaheuristic Algorithm, Travelling Salesman Problem, CUDA,
GPU, Genetic Algorithm
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CHAPTER 1 Introduction

CHAPTER 1

Introduction

In this chapter, we will present the background, problem and motivation of our

research, our contributions to the field, and the outline of the thesis.

The research will be further introduced in this chapter, where the problem
definition, research objectives, scope and directions, and contributions to the fields of
computational optimization, parallel metaheuristic algorithms, and logistics will be

described in the following parts.

1.1 Problem Statement and Motivation

The Travelling Salesman Problem (TSP) is a well-known problem that falls
under the combinatorial optimization category, whereby the objective is to search for
the most efficient routes, which is the minimal total distance for a traveler to visit each
node exactly once. However, TSPs are infamous NP-hard problems[1], where
computational demands such as time and power are substantially increased as the
number of vehicles and destinations increase, to find an optimal solution for the given
scenario. Due to the complex nature of these problems, they require more advanced and
sophisticated optimization techniques that are highly efficient to obtain optimal
solutions within a reasonable timeframe. Therefore, it is necessary to tackle these
challenges to optimally handle an extensive amount of data and complex constraints

that are generated from the problems.

The motivation of this research stems from the vital need to develop route
planning solutions that are efficient, well-performing and scalable. These solutions
must be able to meet the demands of the world today. With the development of logistics
networks each day and the growth of the e-commerce sector [2], route planning will get
more tedious and complex, and we cannot simply rely only on humans to plan routes
as humans tend to have biases and are not efficient enough to obtain solutions that are
near-optimal all the time. Additionally, as businesses, organizations and even in a larger
scale, countries, take the initiative to transition towards being carbon-neutral [3],

efficient route planning becomes even more crucial because it is a step forward towards
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CHAPTER 1 Introduction

less carbon emission. Not only that, but it is also possible for a significant room for

cost, time and fuel savings.

Furthermore, acknowledging the fact that the GPU architecture is designed for
parallel processing [4], it has given us much motivation for the implementation of our
proposed method. GPUs offer thousands of cores that work in parallel, which provides
them with the capability to handle a large number of tasks simultaneously. Furthermore,
GPUs also have higher memory bandwidth compared to CPUs, which paves way for
quicker data transfer and access. This offers several advantages over CPUs when it
comes to parallel computing as GPUs are able to perform parallel computations much
quicker compared to CPUs with a limited number of cores. Besides, these strengths also
improve their capability in handling complex calculations and high-throughput
computations. This allows GPUs to have a high efficiency in performing metaheuristic
algorithms as their design is well-suited for the parallelizable components of the
algorithms. The existence of CUDA which allows the use of Nvidia GPUs for general-
purpose computing provides developers like us with more accessibility in utilizing

GPUs effectively and efficiently.

Therefore, we see that leveraging CUDA to utilize GPUs for the implementation
of parallel metaheuristic algorithms is another big step forward towards a significant
improvement of the efficiency of metaheuristic algorithms on solving the TSP, as there
is much potential to improve computational speed and scalability of the algorithms,
which can also lead to improvements in solution quality. This research seeks to develop
a robust framework that has the capabilities to solve complex route planning problems,

ultimately contributing to the improvement of logistics and transportation systems.

1.2 Research Objectives

The primary objective of this research is to demonstrate the capability of
parallelized metaheuristic algorithms in significantly increasing the efficiency and
performance of these algorithms in solving the TSP. This research aims to obtain
significant improvements in efficiency, computation time, scalability and solution
quality for the TSP by leveraging CUDA. The specific objectives of the project will be

further discussed below.
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CHAPTER 1 Introduction

Throughout this research, we aim to design and implement a massively parallel
GA that is highly efficient. The design and implementation of the proposed algorithm
will be focused on parallelizing the key components of GA to maximize GPU utilization
and performance. By this, we strive not to waste any available resources and to reduce
time efficiencies. We will be looking deeper into the components of the GA and the
architecture of the GPU to ensure maximum and efficient parallelization of the GA
components wherever possible. This is also important to reduce overhead caused by
communication and synchronization of information between the GPU and the CPU,

and also between threads.

This research also aims to achieve a significant speedup in solving TSP
instances using the parallelized GA strategies, as we look forward to reducing the
overall computation time compared to CPU-based implementations. As multiple
components of the GA are highly parallelizable, it becomes less efficient to run the GA
sequentially as the number of loops will significantly increase as the TSP instance gets

larger due to its iterative nature.

Furthermore, we would also like to ensure substantial improvements in terms
of the scalability of the developed algorithm to improve its capability in handling large-
scale TSP instances. As demands in real-life scenarios continue to increase, it is crucial
for the algorithm to have the ability to perform optimization for large instances of the
TSP, as it better reflects the scale of demands in real-life applications. The
improvements in terms of scalability will help us to demonstrate the practical

applicability of the algorithm in real-world logistics and transportation systems.

Another objective of this research is to present a detailed comparison between
single-threaded CPU, multi-threaded CPU and GPU-based implementations of the GA
to highlight the effectiveness of our proposed algorithm that is achieved through GPU
acceleration. Comprehensive benchmarking and performance analysis will be
conducted to assess the different implementations in terms of efficiency, scalability and

solution quality to properly evaluate the algorithm’s effectiveness.

One more objective of this research is to be able to contribute towards a
massively parallel implementation of metaheuristic algorithm on GPUs to solve the TSP.

This field of research is very much underexplored; therefore, we look forward to
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CHAPTER 1 Introduction

providing more examples and demonstrations of this implementation to further

encourage research in this field and the application of it in real-life scenarios.

1.3 Research Scope and Direction

The aim of this research is to develop and evaluate a parallelized metaheuristic
algorithm to solve the TSP by using CUDA. The scope of this project encompasses a

few key areas which are stated below.

This research will encompass algorithm design and development. We will be
implementing GAs with multiple approaches, including a sequential and parallel GA
on the CPU, and two parallel GAs on the GPU. The main focus of this research will be
on the parallel algorithm, as we would like to demonstrate the effectiveness of
parallelism in enhancing the performance of GAs in solving the TSP. For the proposed
algorithms, parallel strategies will be designed to leverage CUDA to accelerate the GA
using GPU, which include components of the GA such as fitness evaluation, elitism,
crossover and mutation operations. Not only that, as every generation of the GA has
multiple instances, these instances will also be parallelized instead of being processed
sequentially. Then, the parallel GAs will be developed using CUDA C++ and kernel
functions will be optimized to maximize GPU utilization and performance.
Furthermore, we will also be optimizing the parallelization strategy to reduce
communication and information synchronization overhead between parallel threads,

and also between CPU and GPU memory.

Furthermore, our research will also be benchmarking the performance of the
proposed algorithms against CPU implementations of GA. Multiple performance
metrics such as computation time, speedup, scalability and solution quality will be
defined to assess the effectiveness, efficiency and performance of our proposed
algorithm. A comparative analysis will be conducted between the proposed algorithms
and the CPU-based implementations to identify the improvements in terms of efficiency,

performance and scalability.
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CHAPTER 1 Introduction

1.4 Significance and Contributions

This research titled “Parallel Metaheuristic Algorithm for Route Planning using
CUDA” aims to make several substantial contributions to the field of computational
optimization, parallel metaheuristic algorithms and logistics. Our experiments and
analysis have confirmed the feasibility of our proposed method in improving the
efficiency and performance of route planning. The primary significance and

contributions of this study will be explained below.

We hope that our research could help and impact the development of parallel
metaheuristic frameworks for solving route planning problems so that this field of
research could be utilized optimally in the future. In this research, we will design and
implement GAs that run in parallel on a GPU to solve the TSP by using CUDA. This
framework is expected to significantly reduce computation time while also improving
the scalability of metaheuristic algorithms. We aim to optimize the process of the
metaheuristic algorithms running on the GPU to reduce inefficiencies such as overhead
due to communication and information synchronization between parallel threads, and
between CPU and GPU memory. With proper optimization, the program will be able to
run efficiently, which will ensure its performance, showing a greater potential in real-

world applications.

This research will also bring forward a thorough benchmarking and
performance analysis in order to compare the proposed implementation of parallel
metaheuristic algorithms using GPU against traditional CPU-based implementations.
This research will be providing insights into the improvements in computing time,
scalability and solution quality accomplished through GPU acceleration. From the
benchmarks, we also aim to assess the practical applicability of the proposed
implementation to bridge the gap between theoretical research and real-world

implementation in logistics and transportation systems.

Last but not least, this research aims to develop a foundation for future research
on the field of computational optimization, parallel metaheuristic algorithms and
logistics. Our research will address the computational challenges and difficulties related
to TSPs and demonstrate the effectiveness of leveraging CUDA to enhance
metaheuristic algorithms. We aim for this research to lay the groundwork for future

studies on this topic. We believe that our research will open new avenues for exploring
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CHAPTER 1 Introduction

parallel computing techniques that utilize CUDA in optimization problems other than

route planning.

We expect to advance the latest developments and improvements in route
planning by proposing our research on this topic to further contribute to the related
fields. The outcomes of this research have immense potential in developing and
transforming logistics and transportation systems, which could provide various benefits

that are practical in terms of cost and time efficiency and environmental sustainability.

1.5 Report Organization

This report is organized into 6 chapters: Chapter 1 Introduction, Chapter 2
Literature Review, Chapter 3 System Model, Chapter 4 Experiment, Chapter 5 System
Evaluation and Discussion, and Chapter 6 Conclusion. The first chapter is the
introduction of this research which includes the problem statement, objectives, scope,
direction, significance and contributions, and also report organization. The second
chapter covers the literature review carried out on past works on solving routing
problems to evaluate the strengths and weaknesses of each approach, and also regarding
genetic algorithm and the CUDA architecture. In the third chapter, we will discuss about
the system models in this research. The fourth chapter will cover the experiment setup.
The fifth chapter reports the results obtained from the experiment, and discussions
about the results obtained. The sixth chapter will be our conclusion and

recommendations for further research.
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CHAPTER 2 Literature Review

CHAPTER 2

Literature Review

2.1 An efficient parallel genetic algorithm solution for vehicle routing problem in

cloud implementation of the intelligent transportation systems [5]

This paper presents a parallelization method for GAs to accelerate the algorithm
in finding solutions for the VRP [5]. The authors experimented the parallel GA on the
Travelling Salesman Problem (TSP) to showcase how effective the proposed method is
in solving equivalent problems such as the TSP. The authors have done the experiments
on multi-core and many-core systems [5]. Furthermore, the authors also proposed to
integrate the system with vehicular cloud computing, where participating vehicles
communicate with the cloud service to provide vehicle position and obtain routing

information and optimum routes for the vehicles.

The authors utilized CUDA to parallelize the GA on a GPU. They organized
three different kernels to parallelize three different components of GA. The three
kernels will calculate the primary population’s fitness, perform crossover, mutation and
fitness functions, and the selection process, respectively. Since the computation results
are stored in the GPU’s global memory, there is no data switching between the host and
the device while the kernel is switched. Therefore, there is very little overhead in terms

of kernel-switching time.

The proposed method is tested with 3 sets of data that is derived from VLSI data
for TSP implementation, each having 380, 737 and 984 cities, and is compared against
sequential CPU implementation and Threading Building Blocks (TBB) multi-core CPU
implementations. It is found that the CUDA implementation yielded the best results
when the population size is large due to CUDA enabling many threads to be defined
but falls short to the TBB implementations in smaller populations. Therefore, this
showed that the CUDA implementation can significantly speedup GA operations for
medium to large instances of the TSP, provided that a maximum number of threads and

a large population size is defined.

The effectiveness of the implementation and its improvements of the parallel
GA does not necessarily reflect the exact scale of improvements when it comes to the

VRP, as the TSP and VRP have their differences. However, since the paper discussed
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the effectiveness of a parallel GA on the TSP using CUDA, it serves as another

confirmation towards our direction of research.

2.2 Parallel Implementation of Ant Colony Optimization for Travelling Salesman

Problem [6]

This paper presents a parallel ant colony optimization (ACO) algorithm for the
TSP. The authors leveraged a Message Passing Interface (MPI) framework to

parallelize the algorithm.

The authors noted multiple characteristics of sequential algorithms that can be
effectively parallelized with MPI, including the ability of the algorithms to run in cycles,
and that the work should be able to be divided between several processing units.
Furthermore, the architecture of the machine is also crucial as it determines how

efficient the parallel implementation can be.

The way this MPI works follows a master-slave architecture, where the master
obtains the problem instance and broadcasts it to all slaves, and then passes control to
the slaves for them to work on the algorithm. Then the master waits for them to update
the data. Every individual slave will be working on an independent instance of the

sequential algorithm.

To implement the MPI framework with the ACO, the authors decided that it is
necessary for each slave or ant to have a local copy of pheromone matrix that is
synchronised with the master’s global pheromone matrix after every ant cycle

completes.

The parallel implementation is successful that the authors were able to achieve
a linear speedup for up to 26 processors, and there is degrading beyond this number of
processes which the authors believe that it is due to communication overhead and idle

time of the processors.

This work shows that there is significant room for metaheuristic algorithms to
be parallelized, as many metaheuristic algorithms work for many cycles, and at most
times, each instance is independent from the other instances, where most of the

communications occur only after each iteration is completed.
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2.3 CUDA-Based Genetic Algorithm on Traveling Salesman Problem [7]

In this piece of work, the authors designed a genetic algorithm that can run on
CUDA to leverage the many processing units offered by GPUs. The authors parallelized
the crossover and mutation processes as each thread’s process does not interfere with
other threads. However, they noted that the population cannot be directly replaced by
the new population as it will overwrite the information of the old population that were
being used to generate the new population. Therefore, the authors have to make another

temporary copy of the target chromosome to work on.

The authors also noted other challenges of a parallel implementation of GA like
this. At the time of this implementation, CUDA does not provide random number
generation methods yet, therefore the authors have to simulate a pseudo random number
generator for the use of GA. They generated random seeds from the CPU for every
thread of the GPU so that each thread can have a local random number generator

function that does not interfere with each other.

Furthermore, due to the limits of shared memory, the authors also did not use a
distance table but instead used coordinate arrays as they are small enough to fit in the

shared memory of the GPU.

The authors ran the experiment on only one streaming multiprocessor (SM) by
generating only one block, which they noted that they only used about 1/16 of the
computing resource on their GPU as their GPU has 16 SMs. From this experiment, they
are still able to obtain around 50% of speed up compared to CPU.

As we can see that with only one SM active, the GPU can already beat CPU in
terms of speed, this poses a big opportunity to further speed up GAs when the whole
GPU is being utilized.

2.4 A Genetic Algorithm for the Split Delivery Vehicle Routing Problem [§]

The authors of this paper propose two hybrid genetic algorithms to solve the
split delivery vehicle routing problem (SDVRP) [8], where in this variant of VRP,
customers are able to be visited more than once. The authors propose the hybrid genetic
algorithms to allow genetic global search procedure and guarantees feasibility because

a pure genetic algorithm implementation is unable to guarantee feasible solutions.
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The two hybrid GAs each utilize a different fitness approach. The first fitness
approach is based on the shortest route. The feasible routes are sorted based on travel
distance, from the shortest to the longest, and each route has a fixed probability of being
added to the current solution. The shorter routes that meet a certain capacity threshold
has a higher chance to be selected compared to longer routes. If no other routes are
feasible, the solution is completed with a construction heuristic to ensure feasibility. On
the other hand, the second approach is quite similar to the first approach but is based
on the ratio of demand unit versus distance unit. The larger the ratio, the route will be

sorted in front, therefore having a larger probability of being selected.

From the results, it is shown that both hybrid GAs have significantly reduced
computation times compared to Chen et al’s two-phase method. and Jin et al’s column
generation method in most instances, but the solution quality does not always match
the two compared methods. The authors found that neither approach is faster than the

other, but the second approach yields better improvement in most cases.

This paper has shown the effectiveness of implementing a hybrid GA to solve
the SDVRP as it has achieved significant speedup in obtaining near-optimal solutions,
and in larger instances of the problem, the algorithm is also able to find better solutions.
Therefore, this paper showcased that GA is versatile enough to handle route
optimization problems other than the TSP and is able to combine with other heuristics

to form hybrid metaheuristics that could potentially perform better.

2.5 Genetic Algorithm [9]

In this paper, the author goes in depth about the genetic algorithm (GA). The
author mentions that GAs have been applied to solve a broad range of problems. GAs
follow the concept of natural selection as the algorithm evolves into more successful
chromosomes. The fitness function determines the fitness of each chromosome, which
guides the search process by determining the quality of solutions. Chromosomes with

better fitness will have a higher chance of being selected for reproduction.

The three main genetic operators are reproduction, crossover and mutation,
where these genetic operators help to create new solution vectors from current solution
vectors through selection, combination or alteration. This helps in exploitation and

exploration of the search space.
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Compared with traditional optimization methods, GAs are quite different. The
nature of GA which uses a string-coding of variables can effectively discretize the
search space. Furthermore, due to the fact that GAs work with multiple solutions, good
information from previous generations can be passed down to later generations, which

helps the algorithm to reach optimal solutions.

Therefore, this paper tells us that GAs are versatile as they can be used to
optimize various types of problems. It is even more powerful when the problem’s search
space is large and complex, which route optimization problems such as the TSP also

falls into this category.

2.6 GPGPU Processing in CUDA Architecture [10]

This article highlights the strengths of GPUs in data parallelism when compared
against CPUs [10] and describes in detail about CUDA, the parallel computing
architecture developed by Nvidia.

It is highlighted that CPUs and GPUs both excel in different kinds of tasks.
CPUs are optimised for better performance on sequential tasks, while GPUs are
optimised for parallelizing a greater number of arithmetic operations, especially
floating point operations. This is due to the different architectures between the CPU and

the GPU.

CPUs typically have high performance on a single thread, and have immensely
high-speed caches, which are good for data reuse [10]. This allows CPUs to handle
multiple different processes or threads at a single time, making them more efficient in

tackling operating system tasks including memory management and job scheduling.

GPUs consist of a large number of math units [10], which gave GPUs the ability
to have high throughput when it comes to performing operations in parallel. The GPU
architecture allows low access times to onboard memory, and programs were run
independently on each compute unit within the GPU. Therefore, the GPU has been used
to parallelize complex mathematical operations, and this use of GPU for non-graphical
workloads is known as General Purpose GPU (GPGPU). This can be done by using
CUDA, which is Nvidia’s GPU architecture for general purpose computing using GPUs.

The CUDA architecture splits the GPU into grids, blocks and threads
hierarchically [10]. Grids are made up of blocks, and blocks are made up of threads.
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Not only that, but there are also different memory types for different purposes and with
different memory access times, such as global, shared, local, texture and constant

memory.

The author highlighted that application development for CUDA can be done
easily by using programming languages such as C, C++, Java, Python and more [10].
This allows developers to harness the computing capabilities of the GPU. The compiled
code can be run directly on the device. There are also fully GPU accelerated libraries
that are currently available for developers to use, and one can easily analyze the GPU’s
performance with CUDA’s visual profiler [11]. Therefore, CUDA programming is not
complex to perform. However, there are also limitations on CUDA, such as the latency
of communication between the CPU and GPU, and CUDA support is only limited for
Nvidia GPUs.

2.7 Parallelizing a Genetic Operator for GPUs [12]

The authors proposed a method to parallelize a genetic operator, which is the
order crossover (OX) operator on the GPU. In the proposed method, the authors want
to parallelize the process of OX operator by allowing one whole thread block to process
one individual. This is done by randomly selecting a segment from one parent and
copying the elements to the child in parallel. Then, the generalized prefix-sums were
computed in parallel. This result is converted to the destination indices in parallel, and
according to the indices, segments from the other parent are copied into the child in

parallel. In this model, only one child is generated from two parents.

The proposed method is able to achieve significant speedup compared to
sequential CPU implementation when implemented in GA. Initially, when the process
is directly ported onto the GPU, it fails to run faster in certain cases. However, the
parallelized OX operator turned things around, making the GA faster on GPU than the
CPU by more than an order of magnitude. Therefore, this approach has proven to be
effective on CUDA architecture. This shows that there is room of optimization for

genetic operators within the GA itself.
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CHAPTER 3
System Model

3.1 Equations

The TSP seeks to determine the most efficient route for a single traveller visiting
a set of cities before returning to the starting point. The TSP is focused on a single tour

that covers all cities with minimal costs (distance).
The related equations are as follows:
Let:
N be the number of cities (or locations to be visited),
X be the set of N cities, where X = {x; |i= 1,.., N}
[; be the location of city x;,
d;; be the cost (distance) of going from city x; to x;, and,

x;; be a binary decision variable, where its value is 1 if travel occurs from city

x; to x;, and 0 otherwise.

The objective of solving the TSP is to minimize the total cost, which in this case,
the total travelling distance, while ensuring that every city is visited once and only once
before returning to the origin city, which is the starting city. This objective can be

denoted by the equation below:

N N
n1h1:E: zg: Chjxu

i=1j=1,j#i

There are a few constraints to solving the TSP, which are shown below:

(a) Each city must be visited exactly once:

N
szﬁjzzl

j=2

This ensures that each city is visited once and only once, preventing duplicate visits.
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(b) The route starts with the first city:

x1j=1

R

-
1l
[\S]

This ensures that travel initiates from the first city.

(c) The route must return to the first city:

k _
x;7 =1

N
=2

This ensures that the final city visited will be linked back to the starting city.

(d) If a city is entered, it must be exited:

N

N
zxij =Zx]l = 1,VL= 1,...,N

i=1 j=1
This ensures that the tour is a valid closed loop.

We will be working on the Symmetric TSP, so d;; = d;.

Therefore, the process of solution searching for the TSP must minimize the total

distance travelled while adhering to the constraints listed above.

3.2 System Architecture and Design
The research will consider three distinct approaches for implementing the GA:
(a) A sequential, single-threaded implementation on CPU,

(b) A parallel, multi-threaded implementation on CPU, and

(c) A massively parallel, many-core implementation on the GPU.

This allows us to benchmark and compare the implementations in terms of

scalability and overall computational performance.
3.2.1 Sequential Single-threaded CPU Implementation
The sequential, single-threaded CPU implementation of the GA will be used to

reflect the operations of GA without parallelization, as it is the most fundamental and
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straightforward approach. In the sequential implementation, all operations within a
single iteration are repeated on every single chromosome in the population. This forms
two nested loops that are repeated, which is highly inefficient and redundant, especially
for large population sizes. Due to sequential execution, the runtime is heavily

constrained by the processor's clock speed and instruction execution efficiency.

This sequential approach serves as a baseline for comparison and provides a
clear understanding of how GA functions at its fundamental level before leveraging

parallel computing techniques.
3.2.2 Parallel Multi-threaded CPU Implementation

The parallel, multi-threaded implementation on CPU will show the utilization
of hardware based on today’s specifications, as CPUs these days are designed with
multi-core architectures, it is proper to demonstrate the GA implementation which fully

utilizes CPUs available today to better reflect the performance of GAs on the CPU.
3.2.3 Parallel Multi-threaded GPU Implementation

On the other hand, the GPU implementations of the GA will be massively
parallel implementations across thousands of cores within the GPU, where
parallelization happens on a large scale, and it is to demonstrate the effectiveness and
efficiency of an implementation like this on today’s GPUs. Furthermore, GPUs are
optimized for high-throughput parallel computation, making them ideal for handling

large-scale optimization problems.

In the parallel implementations, multiple threads perform repeated operations
on different chromosomes within the population, as the tasks are being spread out to
multiple different processing units. This approach ensures better utilisation of available
computational resources. Therefore, this reduces the number of loops to go through
each chromosome, which theoretically will significantly reduce the amount of

computation time.

We will be implementing two different approaches for the GPU implementation.
These two approaches differ in the sorting and elitism approach. This will be discussed

later in section 3.5.2 (¢).
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3.3 Nvidia GPU Architecture

To fully leverage the massive parallelism offered by GPUs, components of the

GA were restructured for more efficient execution on the GPUs. It is important to

understand the GPU architecture to properly optimize algorithms for the GPU.

An Nvidia GPU is typically composed of multiple streaming multiprocessors

(SM). The following is a diagram from [13] that describes Nvidia’s Ampere SM

architecture, which is the architecture our GPU, the RTX 3080 is built on:
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Figure 3.1: Nvidia’s Ampere SM Architecture
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As we see from the diagram above, each SM consists of multiple CUDA cores.
These cores execute Single Instruction, Multiple Data (SIMD) operations, meaning
multiple cores process the same instruction simultaneously. Within each SM, there are
4 warp schedulers, which manages 32 threads each. All 32 threads managed by the warp
scheduler will process the same instruction. For every block spawned, it will be

distributed to one SM, where the threads in the block will be scheduled by the warps.

Nvidia GPUs also have a memory hierarchy as described in [14] which is shown

in the figure below:

SM-0 SM-1 SM-(N-1)

L2 Cache (40 MB in A100)

Global Memory (DRAM, 40 GB in A100)

Figure 3.2: Memory Hierarchy in Nvidia GPUs
The following is a breakdown of the memory hierarchy shown above:

(a) Registers
The fastest memory available to a GPU thread with instantaneous access, where
they store temporary variables used during computation.

(b) L1 Cache/Shared Memory (SMEM)
This is a fast, small on-chip memory located inside a SM, where it is shared
within the same block with all threads.

(c) Read-only Memory
Consists of multiple components such as constant memory, texture memory,
instruction cache and read-only cache, and these are read-only to kernel code.

(d) L2 Cache
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Slower than L1 cache, but faster than global memory. Every SM can access it,

which means that all threads across different blocks can access the data in it.
(e) Global Memory

The largest memory available, which is the VRAM of the GPU. Has the slowest

memory access speeds due to access requiring going off-chip.

When a GPU kernel is launched, each kernel is executed as an array of threads
[15] A grid consists of multiple blocks, and each block is made up of multiple threads
that are guaranteed to execute instructions simultaneously. Below is a diagram of the

CUDA thread architecture described in [15].

Figure 3.3: Nvidia CUDA Thread Architecture [15]
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3.4 Genetic Algorithm Design

The proposed system implements the GA to solve the TSP. The following

diagram presents the general flow of our GA, which is similar to [16]:

Initial Population
Generation

v

Fitness Evaluation

v

Elitism b

v

Selection

v

Crossover

v

Mutation

v

Fitness Evaluation

Termination
Criteria met?

Figure 3.4: General Flow of Genetic Algorithm [16]
The details of the operations across the population are described below.
3.4.1 Chromosome Representation

Each individual in the population, known as a chromosome, represents a
possible TSP tour. The chromosome is implemented as a permutation of city indices
stored in an array. The order of these indices represents the path taken to visit each city

once and only once, and then return to the origin. Additionally, a fitness value is
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associated with each chromosome which corresponds to the total tour distance

computed during the evaluation phase.
3.4.2 Evolution

Evolution refers to the process of generating the next generation of the
population. There will be a predefined number of chromosomes in the population. In
our GA, each individual evolution process will generate one new chromosome for the
next generation based on genetic operations. For the evolution process, the population
will be divided into several groups to perform different roles. The roles are described

as follows:

(a) Elitism
In this group, 12.5% of the population with the best fitness will be directly
selected to be placed in the new population. This ensures that the best solutions
are retained across generations.

(b) Elitism with Swap Mutation
In this group, chromosome from the elite subset is selected, and swap mutation
is performed on each chromosome. This makes up another 12.5% of the new
population.

(c) Elitism with 2-opt Mutation
In this group, chromosome from the elite subset is selected, and 2-opt mutation
is performed on each chromosome. This makes up another 12.5% of the new
population.

(d) Order Crossover (OX) with Chance of Swap Mutation or 2-opt Mutation
This section implements the OX which generates one new child. After crossover,
a mutation, either swap or 2-opt mutation, is applied to each offspring based on

a predefined mutation rate.
3.4.3 Elitism

The whole population will be sorted in ascending order based on their fitness.
12.5% of the population with the best fitness, which has the lowest cost, will be the

elite population.

The sorting process will be done globally on the CPU implementations,

however on the GPU side, we defined two approaches to the sorting and elitism process,
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which is the block-level sorting and elitism, and sorting with Thrust library. These two
approaches on the GPU will be further discussed in section 3.4.2 later.

3.4.4 Selection

The selection process is very straightforward, where two parents are randomly

selected from the elite population.

In the GPU implementations however, since there are two strategies for sorting
and elitism, the locations of the elite population will be different in the global memory,
which requires a slightly more sophisticated selection clause. This will be further

discussed in section 3.5.2 (c).
3.4.5 Crossover

The crossover method used is Order Crossover (OX). This crossover works as

described below:

1. Two parents are randomly selected from the elite population.
2. Random subsequence from one parent is preserved in its original position.
3. The remaining genes are filled from the second parent in order, skipping

already used cities to ensure a valid permutation.

This maintains the relative order and precedence of genes, which is beneficial
for TSP problems. This enables the exploitation of good sub paths from one parent, and

at the same time explores alternative city orders from the other parent.
3.4.6 Mutation
Two types of mutation are employed to diversify the search:

(a) Swap Mutation: Randomly selects 2 positions and swaps the cities.
(b) 2-opt Mutation: Chooses a random segment and reverses it to create a

shorter route.

By incorporating two different mutations strategies in the algorithm, we can
balance out exploration and exploitation because swap mutation is a simple, random
change that makes small changes, while 2-opt mutation is a structured local search,
which could potentially greatly optimize existing routes. This not only allows us to

discover new areas of the search space, but also fine tune existing good solutions.
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3.4.7 Fitness Evaluation

The fitness of each chromosome is evaluated after the initialization of each
chromosome and also after each iteration of genetic operations. Starting from the first
customer, the distances between each successive city are computed. After reaching the
final city the return distance to the starting note is added to complete the tour. Then, the

total distance is stored in the fitness field of the chromosome.

3.5 Parallel Optimizations for the Genetic Algorithm

This subsection outlines the parallelization strategies applied to both multi-

threaded CPU and GPU implementations of the GA.
3.5.1 CPU-side Optimizations

To accelerate preprocessing and CPU bound tasks, OpenMP is used for
lightweight multi-threading on the CPU. Listed below are a few key areas of the GA

that is being optimized:

(a) Genetic Operations: Since the whole chain of genetic operations (selection,
crossover, mutation) is embarrassingly parallel, the tasks are divided equally
to each logical thread of the CPU to be processed in parallel.

(b) Fitness Evaluation: The process of evaluating chromosome fitness is the

same for every chromosome. Therefore, this process is also parallelized.
3.5.2 GPU-side Optimizations

Certain components of the GA were restructured for more efficient execution on the
GPUs. Multiple strategies were employed to ensure that the GPU could effectively
handle the large population and chromosome sizes while minimizing latency and

maximizing throughput.

(a) Genetic Operations:
The whole chain of genetic operations is contained within a kernel. In this kernel,
each thread will be handling the operations of generating a new child. This
kernel will fully populate all cores of the GPU to prevent underutilization.
As we described before that different groups of threads will perform different
operations to generate the new population, the processes are grouped in a way
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such that all threads within a warp perform the same set of instructions. This is
why we set our block size to 256 and the groups to be 1/8 or 12.5% in size, as
12.5% of 256 is 32, which is exactly the number of threads a warp scheduler
manages. This prevents warp divergence where threads within a warp perform
different instructions, causing certain threads to wait for divergent paths to
complete.

(b) Fitness Evaluation:
The process of fitness evaluation is contained within another kernel, where
every thread spawned will be calculating the fitness for one chromosome.
Instead of computing the distances between each node to form a distance matrix,
we decided to compute the distances every single iteration. This is mainly due
to the limited amount of shared memory, which is not enough to store large
distance matrices. Therefore, instead of storing the distance matrix, the kernel
only stores the coordinates of each city in the shared memory, which could at
least help to reduce global memory traffic and latency.

(¢) Sorting and Elitism:
We implemented two approaches for sorting and elitism to test out their
feasibility and effectiveness:
(1) Per-block sorting and elitism
Sorting a huge population is an extremely time-consuming task, as the time
taken to sort scales with the number of items to sort. Therefore, instead of
sorting the whole population, this approach only sorts the chromosomes within
each block. This process is done by obtaining the fitness values of each
chromosome in the block and putting them into a new temporary array,
generating another array of indices, and then sort the indices according to how
the fitness values are sorted. This is done primarily to minimize global memory
accesses, as moving around chromosomes can be very memory intensive due to
the size of the chromosome structure. Then, the whole block of chromosomes
is rearranged according to the order of the indices.
Therefore, in this approach, the elite population will be located at the first 12.5%
of chromosomes for every block of chromosomes, which is then replicated
across the whole population. This is to make the selection process slightly more
efficient as parents can be randomly selected across the global population

without the need for conditional operators to limit the selection scope.
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(11) Sorting using the Thrust library and obtain the best 12.5% of population
for elitism

The Thrust library provides a high-level interface for parallel algorithms such
as sorting, reducing and copying, and data structures such as host vectors and
device vectors. These implementations are highly optimized for the GPU as they
can be very tricky to implement and optimized for GPU usage.

By leveraging thrust, we will be using device vectors to store our chromosomes.
For sorting, we utilize the thrust: :sort_by key function as it is expensive
to directly move large chromosomes around, which means that we will be
creating a list of indices, and then sort the fitness values obtained together with
the indices. After the sorting process is done, the chromosomes will then be
arranged according to the arrangement of the indices by using
thrust: :gather. Then, the best 12.5% of the population is chosen for elitism.
Therefore, in this approach, the global elites will be placed at the first 12.5% of
the global population. Then, during the selection process, the parents will be

randomly selected from this group only.
These two approaches have their own benefits and shortcomings:

(1) Per-block sorting and elitism:

This greatly reduces the number of chromosomes to be sorted in one whole
operation by perform parallel sorting within each block. This approach will
theoretically be faster than global sorting.

However, the quality of the elite population might be compromised, as it is
uncertain that the best 12.5% of the chromosomes in each block are among the
best 12.5% of chromosomes globally. This could potentially affect the
convergence quality of the algorithm.

(11) Sorting using the Thrust library and obtain the best 12.5% of population

for elitism

This approach will fare better in terms of the quality of the elite population as it
can ensure that the global best 12.5% of chromosomes are chosen as the elites.
However, due to global sorting, this approach will be slower than the block-
level sorting approach but can still perform better than custom kernels for

sorting due to the amount of optimizations done in the Thrust library.
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CHAPTER 4

Experiment

4.1 Hardware Setup

The hardware involved in this research is a personal computer. This computer
will have an NVIDIA GPU installed for the implementation of GA for TSP using
CUDA. Specifications of the computer is listed below:

Description Specifications
Processor Intel ® Core ™ {7-13700K CPU @ 5.40GHz, 16 Cores,
30MB Cache

Operating System Windows® 11

Graphics NVIDIA® GeForce RTX 3080 10GB GDDR6X
Memory 64GB 6400MT/s DDR5 RAM
Storage 3x 2TB PCle NVMe M.2 SSD

Table 4.1: Specifications of Personal Computer

An Nvidia GPU is required for this research as only Nvidia GPUs are CUDA -enabled.

4.2 Software Setup

The following software components were installed:

1. Visual Studio 2022 Enterprise Edition v17.12.3

2. Nvidia Graphics Driver version 566.36 (Required to install and run CUDA
Toolkit)

3. CUDA Toolkit 12.6

In Visual Studio, the option for OpenMP support is turned on to allow the use

of OpenMP 2.0 language extensions.

4.3 Settings and Configurations

There are four different approaches to the implementation of the GA for the

multi-vehicle TSP, which are single-threaded CPU, multi-threaded CPU and two GPU
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implementations. We will be implementing all four approaches to study the feasibility

and effectiveness of using parallel methods to speed up the GA processes.
4.3.1 Parameters for Genetic Algorithm
For all three implementations, the parameters of the program are set as follows:

e Population size: 34816
e Mutation rate: 0.10

e The algorithm ends after 500 iterations without solution improvement.
For the GPU implementation, there exists block size and grid size.

e Block size (Threads per block): 256
e Grid size: Population size/Block size = 34816/256 = 136

The grid size is set to 136, which is double the number of SMs of the GPU,
where the Nvidia GeForce RTX 3080 has 68 SMs. This way, we allow overlapping
execution to occur, which can ensure that each SM in the GPU is utilized, and the
workload is evenly balanced across each block. Furthermore, this allows the GPU to
execute other warps when some are stalled due to memory access or synchronization

points, which helps to maximize GPU usage by preventing cores from being idle.

By setting a block size that is a multiple of 32 (size of a warp), it ensures optimal
computing efficiency as it prevents under-populated warps which can waste
computation [11]. And in this case, we set a block size of 256, where each of the 128

cores in a SM will be handling 2 