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Abstract

Software engineers have been utilising Parallel Computing on General Purpose Graphics Pro-
cessing Units (GPGPUSs) in order to distribute the computing load on multiple processing units
to meet increasing demand of processing powers. In order to get maximum performance from
GPUs, researchers need to understand the architecture on the modern GPUs, how to optimise
their programs to maximise the GPU utilisation, and how to measure the performance of GPU
programs by using performance profiling tools.

The effectiveness of several GPU optimisation techniques is measured in this research through
experimentations on the Data Acquisition (DAQ) system used by the Compact Muon Solenoid
(CMS) experiment. Those techniques target memory access, control flow, and algorithmic op-
timisations. Multiple performance benchmarks are used in this research to compare the differ-
ent GPU programs, such as the throughput and speedup. The benchmarking is done by using
different performance profiling tools.

The results show that using the GPU shared memory decreases the number of executed instruc-
tions and clock cycles by more than 4% and 12% respectively. Using coalesced memory access
pattern reduced the number of executed instructions and clock cycles by more than 71% and
44% respectively. However, using the Structure of Arrays (SoA) increased the number of exe-
cuted instructions and clock cycles by less than 6% and 4% respectively. Furthermore, opti-
mising the control flow by reducing the number of diverged threads in the GPU reduced the
number of executed instructions and clock cycles by more than 57% and 68% respectively. As
an algorithmic optimisation a grid data structure is developed. The grid data structure reduced
the number of executed instructions and clock cycles by more than 98% and 95% respectively.
All the results are in comparison to the previous optimisation iteration. All the optimisations
combined resulted in more than 13 times speedup of the selected program compared to the

CPU performance.
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Chapter One

Introduction

1.1. Overview

Around the year 2004 the number of transistors in a single Central Process-
ing Unit (CPU) reached its limit due to thermal limitations (Holt 2016).
Therefore, the clock speed of CPUs stopped increasing. CPU manufactur-
ers overcame this limitation by increasing the number of Processing Units
(PUs) in the CPU. This did not increase the clock speeds, but it allowed

the developers to utilise parallel computing in their programs.

Parallel computing can be achieved by multi-core CPUs or co-processors
such as Graphics Processing Units (GPUs) (Mittal and Vetter 2015). Soft-
ware engineers have to design and implement software systems that can
fully utilise the computing resources available for their software in order

to reach the best possible performance.

By using performance profiling techniques and tools, software engineers
are able to achieve the best possible performance and ensure maximum
utilisation of the available hardware. Profiling tools can be used to measure
the performance of parallel programs to find performance bottlenecks to

optimise them (Shen et al. 2018).

Many scientific computing fields that require high processing powers
resorted to GPUs in order to meet their computing needs. The filed of
High Energy Physics (HEP) is one of them. In the HEP field, physicists

study the behaviour of particles in high energies. It is a demanding field



when it comes to processing large amounts of data in limited time (Collins

2009).

This research aims at studying the use of performance profiling tools to
optimise parallel programs on GPUs in the field of HEP. A program used
by the HEP field is selected as a subject for the study. The program is
ported, profiled, and optimised to take full advantage of parallel computing
on GPUs. Each performance bottleneck is studied and an optimisation
strategy is selected. The effect of the optimisations is reported. Different

versions of the GPU program are compared and discussed.
1.2. Background

The Compact Muon Solenoid (CMS) is a particles detector in the Large
Hadron Collider (LHC). It records the data of the generated particles
from the collisions. Due to the large amount of data generated, the CMS
detector software utilises parallel computing to process the data in the

time limit.

Parallel computing is the field that studies how to utilise multiple proces-
sors to accelerate a single task (Blelloch 1996). GPUs are key enablers
for parallel computing (Mittal and Vetter 2015). Hence, GPUs are used in

the CMS detector software in order to utilise parallel computing.

GPUs have different architectures than CPUs. The GPUs are designed to
maximise the throughput (Kirk 2007), which is the amount of data that
can be processed in a unit of time. Therefore, to compare between a CPU
and a GPU program that do the same task, throughput is used. Speedup is

the measurement used to measure the improvement in the execution time

2



between two programs (Lee et al. 2010).

Throughput and speedup are computed with the help of programs called
performance profilers. Profilers are tools used to compute metrics about a
program, theses metrics can be general such as throughput, speedup, or
specific such as instructions count and clock cycles. The profilers can be
used to compare between the performance of different programs, and to

locate performance bottlenecks.

In this project, a program from the CMS software is ported to the GPU.
Porting the program is not simply rewriting it using a GPU framework.
Porting involves optimising the program to fully utilise the GPU. The
optimisation techniques are studied, their effect on the performance is
measured and reported. The goal is to produce a program on the GPU

with higher throughput than the CPU.
1.3. Problem

Currently the CMS detector has 40 million collisions per second. In the
future, the events rate will increase by more than 7 times the current rate
(Hegeman 2018). To keep up with the increasing data rate, the CMS
is considering the use of parallel computing by utilising GPUs in the

computing farm.

However, using the GPUs to process the experiment data requires re-
engineering the current systems to be optimised for the GPU architecture.
Before optimising the program, it is required to find a performance model
that can be used to correctly measure the performance of the program and

to identify the performance bottlenecks. Researchers provided different

3



performance models for GPUs that take different aspects in considera-
tion. These performance models are then implemented by profiling tools

(Malony et al. 2011; Stephenson et al. 2015).

In this project, the performance models are applied on the created GPU
program using the profiling tools to find the performance bottlenecks.
Optimisation techniques are used to overcome the performance limiters.

The effect of the optimisations are measured and reported.

1.4. Objectives

The objectives of this research are:

1. Re-engineer parts of the CMS Data Acquisition (DAQ) and recon-
struction systems to run on General Purpose Graphics Processing

Units (GPGPUs).

* Identify the software modules that can be transformed from

sequential execution to parallel execution.
e Identify suitable parallel algorithms to improve the modules.

* Find strategies for data segmentation and synchronisation to

deal with memory management issues.

2. Use parallel programming profiling techniques to enhance the mod-

ified modules.

* Identify a suitable performance profiling model for parallel

programs on GPGPUs.



 Profile the developed software modules.

 Use the produced metrics to look for optimisation opportuni-

ties.

3. Evaluate the produced modules and compare them to the baseline

programs.

1.5. Research Questions
The research answers the following questions:

Main question: How to utilise parallel programming profiling techniques
to re-engineer CMS DAQ and Reconstruction systems to achieve better

performance?

Minor question (1): How to re-engineer the CMS DAQ and Reconstruc-

tion systems to use parallel computing?

Minor question (2): How to evaluate the performance of a parallel pro-

gram on GPGPUs?

Minor question (3): What is a suitable model to profile the performance

of parallel programs on GPGPUs?

Minor question (4): How to use the metrics obtained from the profiler to

detect optimisation opportunities in parallel programs on GPGPUs?

Minor question (5): How to optimise parallel programs on GPGPUs to

reduce the effect of bottlenecks?



1.6. Study Model

The model of the study is as follows:

1. Literature Review: The first stage is to survey the current literature
to find the latest trends in parallel computing on GPUs and the use
of performance profilers to optimise them.

2. Dataset: There are two main data sources for this study. The
first one is the physics experiment data which is taken form the
CMS experiment 2018 open data (CMS Collaboration 2019). The
second source of data is the data extracted from profiling the parallel
programs that are created.

3. Dataset Cleaning: The physics data is not altered. The parallel
program profiling data is generated by the experiments, thus they
are tailored to the needs of the research.

4. Module Selection: From a periodical benchmark exercise done to
the CMS software, the FastJet software module was selected as a
subject for this project (Benelli et al. 2011).

5. Experiments: The following points cover the process that governs
the experimentation process:

e The experimentation environment is described

* The selected module is benchmarked using the selected dataset
to see if the reported performance by the module developers
can be reproduced.

* A baseline parallel implementation is developed.

» Using NVIDIA profiling tools, an experiment studies the effect

of different bottlenecks and what optimisations can be done to



limit their effects.

» A profiling tool is developed based on call graph profiling tech-
niques to help with algorithmic optimisations of the selected
module.

* The experiments are repeated on different GPUs to see if the
optimisations are effective on different architectures.

6. Development Life Cycle: A life cycle suggested by NVIDIA in
their toolkit documentation (NVIDIA 2019a) is used to develop the
parallel module. The life cycle consists of four iterative activities:
Assess, parallelise, optimise, and deploy.

7. Analysis and Discussion:

1. The results of profiling are presented, analysed, and discussed.

2. The effect of parallel computing is analysed and discussed in
terms of different performance models.

3. The effect of different bottlenecks is studied.

4. The effectiveness of algorithmic optimisation is analysed in
light of the developed profiling tool.

5. After each experiment, the parallel program is assessed, op-
timised, and compared with previous parallel and sequential

implementations.

1.7. Significance

This project is significant because the need for parallelisation of data
processing is a common desire for HEP experiments (Gohn 2015). Fur-
thermore, there are several successful particle physics experiments using

GPGPUs such as



* Online tracking of charged particle tracks in PANDA at FAIR
(Bianchi et al. 2015).

* Reconstructing ring-shaped hit patterns in a Cerenkov detector in

NAG62 at CERN (Ammendola, Biagioni, et al. 2017).
* Track and vertex reconstruction for Mu3e at PSI (vom Bruch 2015).
 Track pattern recognition in LHCb (Gallorini 2015).

In addition, a speedup between 5-35 times have been achieved in dif-
ferent tasks in addition to reducing power consumption (Pantaleo 2017;

Washbrook et al. 2011).
1.8. Scope
The following are the limitations of the project:
* One module of the CMS software is used only to experiment with.

e The testing and benchmarking is done on Monte Carlo generated

data.

* The LHC was in a long shut down phase during the project, therefore

the program was not tested in a production environment.

1.9. Structure

The thesis is structured into five chapters. The first chapter is an introduc-
tion to the thesis. The introduction provides a background to the problem
addressed by the thesis, the objectives, and the research questions. The

second chapter is a literature review. The literature review provides a com-



prehensive look to the use of performance profiling tools to optimise GPU
programs in HEP. The third chapter presents the research methodology
followed in the research. The fourth chapter presents the experiments
conducted, the results of the experiments, and the analysis of the results.

The fifth chapter concludes the thesis.

1.10. Conclusion

This chapter introduced the research by starting with the background of

the study. After that, the background of the problem was stated.

A number of objectives were introduced as the main objectives of the
project. The objective revolves around re-engineering software modules

used in the CMS software in order to port them to GPUs.

Following the objectives, a list of research questions is listed to be an-
swered by the researcher. After that, a study model is presented to be used

to answer the research questions.

The significance of the study was shown by citing other projects which
used parallel computing in the field of HEP successfully. Then the scope

of the research is defined followed by the structure of the thesis.

The next chapter is a literature review of the use of parallel computing in
HEP, and the use of performance profiling to optimise parallel programs

on GPUs.



Chapter Two
Parallel Computing using GPGPUs in HEP, and

Performance Profiling: A Literature Review

2.1. Introduction

This chapter introduces the background concepts of this study. Starting
from HEP and how it introduces new computing challenges. Then moving
towards how these challenges are being addressed in the field of High

Performance Computing (HPC).

The chapter focuses on one concept from HPC, which is Parallel Com-
puting. After that, GPGPUs are discussed as a key enabler for parallel
computing. The discussion of GPGPUs takes this chapter through several
HEP experiments that utilises GPGPUs in order to meet their computing

needs.

The literature provides a resource for the main performance challenges
the Parallel Computing on GPGPUs imposes. In addition, the literature
guides the chapter to one of the solutions to the performance challenge

which is Parallel Computing Performance Profiling.

2.2. High Energy Physics

HEP is the study of physics phenomena in particles that have been ac-
celerated to high velocity using high level of energies. At this state, the
particles are accelerated to speeds close to the speed of light in order to put
them in an environment similar - as much as possible - to that of particles

in the beginning of the universe (Collins 2009).
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2.2.1. The Large Hadron Collider

The Large LHC is the largest physics experiment in the world. It is used
to accelerate particles in high energies and collides theme to study new
physics phenomena (Apollinari et al. 2015). This acceleration pushes the
particles to speeds close to the speed of light. The LHC consists of a 27
kilometre ring of super conducting magnets used to boost the energy of

the particles in tunnels buried 100 meter underground.

The particles are accelerated in two beams in opposite directions in the
ring. Then in specific parts of this ring, these two beams are allowed to
cross each other creating collision points. In these collision points, four
detectors take place to take measurements which represent a snapshots
of these collisions to study if there are any unknown physics phenomena
in each collision. These four detectors are CMS, ATLAS, ALICE, and
LHCb.

These detectors act like cameras that take snapshots of the collisions in
the form of data measured using different sensors. The particles generated
from the collisions interact with different types of sensors that convert
these interactions to digital signals. Those signals are stored for later

analysis by physicists.
2.2.2. The Compact Muon Solenoid

The CMS is one of the detectors that sits at one of the collision points along
the LHC. Its objective is to observe new physics phenomena. Therefore it

is referred to as a general purpose detector.
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CMS is designed to work as a high speed camera that snaps three dimen-
sional snapshots from each collisions. Each second, around forty million
collisions happens inside the CMS. Most of these collisions generate an

unstable particles that becomes stable in a fast transition.

After they are stabilised, the CMS is able to snap these snapshots of the
collisions. Since all these collisions happen almost at the same time, the
detector is required to measure the momenta and energies of each collision
in different pieces and later put the pieces together to create on image for a
collision to be saved for later analysis (Denegri 1995). The detector takes

the shape of a cylinder with several layers of components (see Figure

@2.1)).

Figure (2.1): A drawing that shows the cylindrical multi layer
design of the CMS detector (Collaboration 2012).

Each layer of the CMS detector is constructed by different types of sensors

12



that react to different types of particles. Other layers are there also to con-
trol the passing of particles through the detector layers. These layers have
specific roles that can be summarised in these four points (Collaboration

1997):

i. Bending Particles

This role is carried by the solenoid magnet which this detector takes its

name from. There are two benefits from bending the particles:

1. Identifying the particle charge: Positively charged particles bend
in the opposite direction of the negative charged particles in the
same magnetic field.

2. Measuring the momentum of the particles: Particles with higher
momentum bend less than particles with low momentum in the

same magnetic field.

Thus, the main functionality of the solenoid is to separate the particles
generated in the collision based on their charge and momentum. These
characteristics help during the analysis in determining the different types

of the generated particles.

ii. Identifying Tracks

After bending the particles, the detector needs to record the paths that
these particles took while they bent. This is done using a pixel-like sensors
which are made of silicone. There are around 75 million electronic sensors
that interact with the particles while they traverse from the innermost part

of the detector to the outer most part of the detector. These silicone
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sensors interact electromagnetically with the particles while they traverse
through them. In each point of interaction, the sensors record a hit which
1s basically a dot in the 3D plane that represent the detector. Each hit is
then connected with the next one creating a track for each particle that

passes through the detector (see Figure (2.2)). The measurements of these

tracks are used in the physics analysis to determine the particles types and

their characteristics.

AN
Nao

Tracker

Electromagnetic

Calorimeter
Hadron
Calorimeter Superconducting .
Solenoid Iren return yolke fnterspersed
with muon chambers
Muon Electron Charged hadron (e.g. pion)
= ==-Neutral hadron (e.g. neutron) ----. Photon

Figure (2.2): Slice showing CMS sub-detectors and how particles
interact with them (Barney 2016).

ili. Measuring Energy

Calorimeters are used to stop different types of particles in the detector
from escaping the detector chamber to the outside world. The particles
are stopped by losing their energies while they transverse through the

Calorimeter. There are two Calorimeters in CMS:

1. Electromagnetic Calorimeter (ECAL): It is the first Calorimeter
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that interacts with the particles. It consists of crystals that interact
with lighter particles with less energy such as photons and electrons.
While passing through, the crystals generate fast bursts of light that
allows precise measurements of the energy of the passing particles
(Bloch et al. 2002).

2. Hadron Calorimeter (HCAL): Heavier particles with more en-
ergy such as hadrons get stopped and measured by the HCAL.
Other particles that do not interact with the detector like neutrinos

can be measured indirectly by the HCAL (Mans et al. 2012).

iv. Detecting Muons

Muons are particles that come from the same family of particles as the
electrons, however they are 200 times heavier. Therefore, they pass
through the detector without being absorbed. Thus, CMS is equipped with

a sub-detector used to measure these particles” momentum.

2.2.3. Trigger and Data Acquisition

As stated in the previous section, the CMS detector works by reacting
to the particles generated during collisions through different sensors that
convert the reactions into digital data. These data represent an image of
the collision. The system that is responsible of recording and performing
data readouts from the detector electronics to the computing farm is called
the Trigger and DAQ system. Unlike other triggering systems in similar
physics experiments, which adopt the common three levels triggering
architecture, the CMS Triggering and DAQ System adopt a two-levels
triggering architecture (Andre et al. 2017).
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i. Level One Trigger (1)

This trigger mostly consists of Application Specific Integrated Circuits
(ASICs), and Field Programmable Gate Arrays (FPGAs). L1 is the trig-
gering level connected directly to the detector electronics. Therefore
it performs readouts from three main components, ECAL, HCAL, and

Muon detectors.

The main purpose of this trigger level is to adhere to the constraints
imposed by the detector and the LHC experiment. As stated before, there
are around 40 million collisions per seconds in the detector. This fact
means that not all the data generated from the detector is worth keeping or
can be kept due to computing and storage limitations. Another restriction
is that the L1 trigger has around 4 microseconds to take a decision weather
to keep the collision data or to discard it, otherwise it will not be able to

keep up with the 40 MHz LHC clock (Bayatyan et al. 2000).

The L1 trigger hardware is programmed to perform specific physics tests
to determine weather to keep or discard an event. Putting the 40 MHz
events and the ~4 microseconds decision constraint results in 100 kHz

maximum events output rate by the L1 trigger.

ii. High Level Trigger (HLT)

The HLT consists of computing nodes in a server farm. The server farm
contains more than 30 thousand CPU cores. The main objective of the
HLT is to provide an on-demand reconstructions and event selections. The

computing nodes runs Scientific Linux operating system, and they do two
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main jobs (Andre et al. 2017):

1. Building Events: It builds individual events from event fragments
upon the request from filter units.

2. Filtering Events: The filter operation loads the raw data from the
events into detector-specific data structures and performs the event

filtering.

The HLT performs under two constraints. The first one is that it has to
take a decision in an average time of 300 milliseconds. And it has an
average output rate of 1 kHz. This means that out of 100 events passed

from the L1 trigger to the HLT, only one is selected.

iii. CMS Software (CMSSW)

CMSSW is a modular C++ event reconstruction software package. It
has more than 4000 modules written by hundreds of developers through
the years. The package is configured using a standalone python library.
The current running version of the software package uses multi-threading
techniques to run multiple modules and to reconstruct multiple events

concurrently.

iv. High Luminosity - LHC Phase 2

The LHC is upgraded and maintained in a periodical manner. These
upgrades range from normal maintenance tasks to full upgrades that
allows more powerful experiments to be carried. The next significant
upgrade to the LHC will happen during what is known as the Long Shut
Down 3 (LS3). The LS3 will take place from the end of 2022 to the end
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of third quarter of 2025.

During LS3 the LHC will be upgraded to work with High Luminosity
which means more energy to boost the particles. This implies that the
detectors will have more collisions per second than before. As shown in
Table (2.1) (Hegeman 2018), the events rate will be more than 7 times
the current rate. This will generate around 5.3 PB of data each day. The

current computing capacity is 0.2 PB per day.

Table (2.1): The CMS Phase-2 DAQ System captured in numbers,
and compared to the current Run-2 DAQ System.

CMS detector LHC Run-2 | HL-LHC Phase-2
Event size 2.0 MB 7.4 MB
Event network throughput 1.6 Thit/s 44 Thbit/s
Event network buffer (60 seconds) | 12 TB 333TB
HLT accept rate 1 kHz 7.5 kHz
Storage network throughput 2.5 GB/s 61 GB/s
Storage capacity needed (1 day) 0.2 PB 5.3 PB

2.3. High Performance Computing

The field where researchers work on technology, architecture, program-
ming methods, algorithms, and system software to achieve the most out

of the available computing capabilities is called HPC (Hager 2010).

The advancements of technology allowed us to fit powerful computing
devices in small form factor to be portable and affordable. However,
the demand for large computing farms still exist due to new and old
application domains such as climate modeling, oil and gas exploration,
quantum mechanics, and other fields that require substantial processing

powers. The technology advancements allows more problems that were
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not possible with old technologies to be approachable with new ones.
Therefore, the need for HPC will always be valid no matter how small

and how fast computing technology becomes.
2.3.1. Heterogeneous Computing

The ability of computing nodes to host more than one processor of dif-
ferent architectures is called Heterogeneous Computing, It required
scientists and engineers to develop new methods to utilise all the available
processors in order to achieve a single task. In addition, it is one of the

main enablers of HPC (Mittal and Vetter 2015).

The different processors can be available on the same computing node
such as the availability of multiple CPUs and GPUs. Moreover, due to
the advancements in networking solutions between computing nodes, it is
possible to harness more performance by orchestrating all the available
computing nodes to work on the same computing task. This requires new
methods and technologies to allow all the available computing resources

to work together in order to achieve HPC.
2.3.2. Parallel Computing

Parallel Computing or Parallel Programming is the field where re-
searchers study how to utilise multiple processors to accelerate a single
task (Blelloch 1996). The availability of multiple processing units that
can be utilised to achieve higher performance in computing tasks is one
of the reasons why researchers study parallel computing. Gordon Moore
predicted that the transistors count per microprocessor will double every

two years. This is known as the Moore’s law. This prediction still holds to
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these days. However, in 2004 due to thermal limitations the clock speed
of new processor plateaued (Holt 2016). The only reason Moore’s law
still hold is because microprocessor manufactures moved towards fitting
more processing units on the same chip instead of increasing the clock

speed.

Parallelisation can be done either on homogeneous or heterogeneous
computing farm. In addition, it can be done task wise, which means
breaking the task into smaller tasks that can run in parallel, or, breaking
the problem set into pieces that can be processed in parallel. Michael J.
Flynn proposed a classification for computer architecture which is known
as Flynn’s taxonomy (1972). The taxonomy classifies parallel computing

into four main models:

1. Single Instruction Stream, Single Data Stream (SISD): Is the
model used by sequential processors, thus not exploiting any paral-
lelism.

2. Single Instruction Stream, Multiple Data Streams (SIMD): A
single instructions can be pipe-lined or distributed on multiple units
in order to operate on different data streams.

3. Multiple Instructions Streams, Single Data Stream (MISD):
This model is usually used in fault tolerance. Homogeneous or
Heterogeneous processing units can process the same data stream
using different implementations, this can be used to check for faults
in critical systems.

4. Multiple Instructions Streams, Multiple Data Streams

(MIMD): This model represents the multi-processor system that
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can be used to execute multiple tasks simultaneously on different

data.

Modern computing solutions implement parallel architectures mentioned
above in order to maximise the performance of the computing resources.

This implementation happens on different levels:

1. CPU Level: Producing multi core CPUs that can run parallel in-
structions on parallel threads.

2. Computing Farm Level: Implementing network solutions and
message passing standards that can be used to facilitate communi-
cations between processes on different computing nodes.

3. Co-Processors: Attaching a co-processor to the computing node.
It can be used as an accelerator that communicate with the CPU to
offload some of the tasks from the CPU to the accelerator. GPUs

are an example of this implementation.

i. Multi-Threading

Modern computers implement the above classifications by using het-
erogeneous architectures or parallel computing programming models.
For example, a multi-threading library such as Intel Threading Building
Blocks (TBB) can be used to implement an SIMD program by using data
vectorisation. Hence, each thread processes one vector of data. The same
library can be used with multi-thread CPUs to implement MISD or MIMD
models by using task parallelism (Reinders 2007).

ii. Cluster Computing
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Another example of how parallel computing is implemented is the Mes-
sage Passing Interface (MPI) (Gropp et al. 1996). It is a message passing
standard implemented in different programming languages such as C++
and Fortran. The standard provides a mechanism of communication be-
tween different computing nodes which allows computer farms with many
nodes to be utilised in implementing SIMD, MISD, and MIMD. Hence, it
is widely used in cluster computing as communication standard between

different processes in different computing nodes.

iii. Co-Processors

Co-Processors have been used as accelerators in computing nodes for
HPC applications. The main processor, also known as the host, offloads
part of the computations tasks to these accelerators in order to achieve
better performance. The co-processor usually provides an architecture
optimised for a certain task such as floating-point computations or graphics
applications. Researchers in the early 2000 (Zhe Fan et al. 2004) have
used GPUs as accelerators due to their parallel computing capabilities.
In the past decade, GPU manufacturers produced programming models
that allow the use of GPUs for general purpose applications (Kirk 2007;
Munshi 2009).

2.3.3. Parallel Computing Using GPUs

Originally GPUs were meant as an application specific co-processors.
They were used to offload the calculations needed for graphics appli-
cations such as rendering from the CPU. The GPU architecture was

optimised for throughput of operations, unlike CPUs which are optimised
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for faster clock cycles. In early 2000s researchers realised that the GPU
architecture can be used by exploiting rendering libraries to accelerate
scientific applications. They found that scientific applications can benefit

from such parallel architecture (Zhe Fan et al. 2004).

2.3.4. GPUs Architecture

Since CPUs are designed to maximise the clock cycle, their architecture
provides large cache memory in order to minimise the number of times the
Arithmetic Logic Units (ALUs) needs to fetch data from slower memory
types like the RAM. However, the GPUs provide more ALUs with smaller
cache memory. This design allows for more data processed per unit of
time instead of instructions processed per unit of time, and that is why
GPUs are considered massively parallel processors. Figure (2.3) shows

an illustration of CPU and GPU architectures.

v
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(a) CPU (b) GPU

Figure (2.3): A comparison between the architecture of a GPU and
a CPU.

The key difference between a CPU and a GPU is the processing capability
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of a single ALU. Modern CPUs in general have more powerful (faster
clock cycles) ALUs than those available in GPU cores. In addition, the
size of fast access memory such as the L1 cache is larger in CPUs than
in GPUs. Therefore, GPUs do not outperform CPUs in the speed of
processing data but in the throughput (Ramroach et al. 2019).

Throughput is the amount of data processed in a unit of cost (Lee et
al. 2010). The cost can be time, wattage, money, or any other unit of
cost. Since GPUs do not outperform CPUs in clock cycle, they need to
outperform them in the amount of data they process. Hence, the amount
of data transferred from host memory (CPU RAM) to device memory
(GPU DRAM) and the resulting data measures the effectiveness of GPUs
against CPUs.

2.3.5. GPUs Programming Frameworks

After realising the potential of GPUs as general purpose processors, re-
searchers started creating programming frameworks that allow writing
programs that can be executed on GPUs without the need for using render-
ing libraries. Generally, these programming frameworks treat the GPU as
a co-processor for the CPU. Therefore, they treat the CPU as a host that
the main program is written for. Inside the main program some functions
can be called to be executed in the GPU which is usually called the device.
These parts are called device functions. The programming models rely on
a run time that manages the memory allocation and transferring between
the host and the device. Here are the most used programming frameworks

to write programs for GPUs.
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1. Open Accelerators (OpenACC): It is a variation of the Open
Multi-Processing (OpenMP) application programming interface
(API) (Wienke et al. 2012). While OpenMP targeted CPUs only
in a homogeneous computing setup, OpenACC is a standard that
expanded OpenMP to provide a simplified model to program het-
erogeneous CPU/GPU systems. OpenACC provides compiler au-
tomation and programming language extensions to allow parallel
programming for heterogeneous processors.

» Advantages: OpenACC abstracts most of the details of par-

allelising a program. This abstraction moves the burden of
writing the details of the parallel program from the developer
to the compiler. This also allows OpenACC to be portable
between different architectures from different vendors. This
property is referred to as Performance Portability. In addition
it is an open standard that can be implemented by any vendor.
Code listeing (2.1) shows a sample OpenACC program.

 Disadvantage: Being general and abstract gives the developer

little space of flexibility to exploit parallel computing to its

most potential.
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main ()

{

/* serial code */
#pragma acc kernels
// automatically runs on GPU
{
/* parallel code */

2.
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Listing (2.1): OpenACC code example.

Open Computing Language (OpenCL): It is a framework that al-
lows programmers to target massively parallel processors through a
model that defines a set of run time APIs and language extensions as
shown in code listing (2.2) (Munshi 2009). It targets heterogeneous
computing nodes the have a CPU as a host and other accelerators
as devices. The devices can be GPUs, FPGAs, or other types of

accelerators.

kernel ()
{
/* parallel code
to be ezecutd on the GPU */

main ()
{
/% call to OpenCL or CUDA API

to lunch the kernel on the GPU */

Listing (2.2): CUDA / OpenCL code example.
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» Advantages: It depends more on the APIs rather than depend-

ing on the programming extensions. This makes it more
portable and it makes providing support for it from differ-
ent vendors an easier task. In addition, it is an open standard
that can be implemented by any vendor.

* Disadvantage: While it is portable, it does not provide the

same performance across different devices and architectures.
Developers have to spend significant amount of time tuning
their device functions to reach high performance on each

Pprocessor.

3. Compute Unified Device Architecture (CUDA): It is a parallel
computing platform developed by NVIDIA as a general purpose par-
allel programming interface to allow developers to write programs
that run on GPU manufactured by NVIDIA (Kirk 2007). It provides
language extensions to the C and C++ programming languages and
several APIs to control the GPUs. It shares the same code layout
with OpenCL (see code listing (2.2)), however CUDA relies more

on the programming exertions rather than relying on the APIs.

» Advantages: CUDA allows programmers direct access to spe-

cific hardware features, which allow the programmers to ex-
ploit the full potential of the GPU. Since it allows direct access
to different memory levels on the GPU and specific GPU cores,
CUDA is suitable to study parallel computing on GPUs. It
gives the developer an in-depth understanding of the GPU

architecture.
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* Disadvantage: CUDA is not portable, it is a proprietary frame-

work owned by NVIDIA, therefore it can only work on GPUs
manufactured by NVIDIA. CUDA programs might even break
moving between old and new NVDIA GPUs.

2.3.6. GPUs Memory Hierarchy

Each GPU programming framework has its own abstraction for the GPU
hardware components starting from threads, cores, and memory types.
This study focuses on the CUDA framework, hence this is a description
of how the CUDA framework abstracts the GPU memory. In CUDA
framework, the device consists of three types of memory (NVIDIA 2019a)
(see Figure (2.4)):

1. Global Memory: The memory that is exposed to the host and can
be accessed by all processing units. It is the slowest memory in
terms of access time, but it is the largest in-terms of size (10s of
GBs).

2. Shared Memory: The memory available for each block of threads.
It is faster than the global memory, but it is significantly smaller
than the global memory (1000s of KBs).

3. Local Memory: The memory available per-thread. It is the fastest
memory in-terms of access time, but it is the smallest in size (10s

of KBs).

2.3.7. GPUs Parallel Execution Model

Another difference between the CPU and GPU architectures is how the

parallelism is handled. CPUs provide more flexibility in terms of parallel
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Figure (2.4): GPU memory hierarchy.

29



programming models. A CPU can be used for all the parallel models
described earlier. However GPUs architecture is optimised for SIMD or

Single Instruction Stream, Multiple Threads (SIMT) models.

SIMT is a parallel computing model that is used by GPUs generally. It is
an extension of the the SIMD. From NVIDIA GPUs point of view, each
parallel program consists of several instructions. These instructions are
executed by threads in parallel using a streaming multi-processor (GPU
processing core). The threads are grouped in warps of fixed size. The
warp size differs between each generation of GPUs. Each warp has one
program counter. Therefore, each group of threads can only advance in

execution simultaneously (Kirk 2007).

2.3.8. GPUs in HEP

HEP is a demanding field when it comes to data processing. As mentioned
before, the CMS experiment generates around 40 Terabytes of events data
per second. The number is going to increase more than seven times in
the next upgrade of the experiment. Therefore, researchers have been
studying and proving that the use of parallel computing in HEP can be
effective in dealing with such high data rates (Gohn 2015).

GPUs are key enablers for parallel computing. Hence, the use of GPUs in
HEP has been increasing in the past few years. Both CMS and ATLAS
have proven use cases for GPUs. Developers managed to gain speedups
up to 35 times in some experiments (Pantaleo 2017; Washbrook et al.
2011). In addition, GPUs proved to be more efficient in terms of cost and

energy consumption (Pantaleo 2017; Washbrook et al. 2011).
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2.3.9. Parallel Computing Performance Challenges on GPUs

Writing parallel programs or converting sequential programs into parallel
programs is not a straightforward task. There are many challenges that
could make the end result not performing as expected. Therefore, devel-
opers need to spend a substantial amount of time to optimise the parallel

program to fully utilise the GPUs potential.

This part of the literature review surveys the latest literature to identify
the challenges in developing parallel programs for GPUs. From the
CUDA toolkit documentation (NVIDIA 2019a) and the experiments that
were surveyed, it is found that there are four main reasons behind the
performance challenges for parallel programs on GPUs. These are the
memory, instructions, execution configuration, and control flow. While
these reasons are mostly related to GPUs manufactured by NVIDIA, they
are applicable to other GPUs from other vendors due to the similarities in

the overall architecture of the GPUs (Jang et al. 2011).

i. Memory

From a memory point of view, getting the best performance out of GPUs
means optimising the memory access patterns to each of the memory
types mentioned. The global memory needs to be accessed the least. In a
perfect situation as in an embarrassingly parallel problem, the program
accesses the global memory only to transfer data back and forth between
the host and the device. The data need to be almost always in the local
memory of the thread unless inter-thread communication is needed, then

the shared memory can be used. This is known as the data locality (Jang
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et al. 2011).

In addition, NVIDIA GPUs access the memory in terms of cache lines
similar to CPUs. However, these cache lines can be used by a group of
threads called warps. Each warp can use the same cache line in a single
memory access. This memory access pattern is called a coalesced memory
access (Xinxin Mei and Xiaowen Chu 2017). To ensure the GPU memory
access is efficient, the developers need to make sure that their programs

are accessing the memory using an optimal pattern.

ii. Instructions

Another reason for performance challenges in GPUs that might not be
present or as effective in CPUs, is the type of instructions used. Some
mathematical operations can be very slow on GPUs compared to other
types of instructions. As an example is the division and the square root
operations. While they are slow also on CPUs, since GPUs have signifi-
cantly slower ALUs, these instructions can cause a performance bottleneck

(Nickolls and Dally 2010).

Another issue can be the floating point operations. Some calculations need
a certain level of precision used. Historically, GPUs were not designed
to perform accurate floating point operations. However, this changed
with increasing use of GPUs in general purpose programming. Single
precision floating point operations are well supported in newer GPUs (Jia,
Maggioni, Staiger, et al. 2018). However, it is not the case for double
precision floating point operations. Double precision operations on GPUs

are significantly slower. Some top tier modern GPUs have special double
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precision processors to limit this problem (Nickolls and Dally 2010). In
the most cases, developers have to use lower precision to maximise the
performance if possible. Otherwise double precision operations can be a

major bottleneck.

ili. Execution Configuration

Different parallel computing programming frameworks provide differ-
ent capabilities and approaches towards parallelisation. On one hand,
frameworks such as OpenACC provide an easier approach to parallel
computing. However, the developers have to sacrifice the flexibility and
the ability to fully utilise the massively parallel processors. On the other
hand, frameworks such as CUDA and OpenCL provide the developers
with more control over the massively parallel processor. However, this
level of control comes with a price. The developers have to come up
with new algorithms and data structures that are optimised for massively

parallel processors such as GPUs.

Granularity is the property in a parallel problem that describes how big
each parallel task is compared to the whole size of the problem. Any
computing problem can be categorised into one of three categories when
it comes to their tendency to parallelise and take the most advantage of a

massively parallel processor (Lustig and Martonosi 2013).

1. Fine-grained: When the processing units spend more time on
communication than on executing the work assigned to them.
2. Coarse-grained: When processing units communication time is

insignificant compared to the time they spend executing the task.
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3. Embarrassingly Parallel: Those problems that can be broken

down into tasks that does not need or rarely communicate.

In frameworks such as CUDA and OpenCL, it is the developer’s duty to
express the problem in Coarse-grained or Embarrassingly Parallel manner

to take the most advantage of massively parallel processors.

iv. Control Flow

Due to the SIMT parallel model used by NVIDIA GPUs, each thread in
a warp shares the same program counter. Therefore, if the code contains
branches, such as loops or conditional statements, and threads in the same
warp have to take a different branch, the GPU serialises the execution of
the instructions. This means the execution time of the branched code is

the sum of execution times of all branches. This problem is called branch

divergence (Han and Abdelrahman 2011).
2.3.10. Counter Measures

The literature contains many examples of using GPUs to utilise parallel
computing in HPC. Each project usually faces one or more of the chal-
lenges mentioned above. Table (2.2) presents some of the literature that
were surveyed, the challenges they faced, and the counter measures that

were take to overcome these problems.
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Table (2.2): GPUs challenges surveyed from different experiments.

Experiment

Challenges

Counter Measures

(Ammendola, Bauce,

et al. 2013)

Memory: Current data struc-
tures are inherited from the se-
quential program. Most of the
time is spent in preparing data
to work with the parallel algo-

rithm.

Algorithmic Optimisations: Develop
new data structures and algorithms that

are optimised for parallel programs.

(Bozza et al. 2015)

Control Flow: The code is
highly divergent, hence the
more cores the GPU have the

slower the algorithm becomes.

Micro Bench-marking: By fine tuning
the code the researchers managed to gain
some wasted performance back, however
they are questioning if the performance

gain is worth the effort.

(Lopes et al. 2015)

Control Flow: The algorithm
requires atomic transactions
which causes the parallel code
to serialise, and the code is

highly divergent.

Algorithmic Optimisations: The re-
searchers combined different parallel com-
puting techniques to overcome the need

for atomic transactions.

(Adinetz et al. 2015)

Execution Configuration:
Comparing different execution
configurations such as dynamic
parallelism, joined kernel, and
host streams.
Control Flow: The code
requires branch management in
some cases.

Instructions: The algorithm re-

quires trigonometric functions

and square roots.

Algorithmic Optimisations: Managed to
reach higher GPU occupancy by splitting
the data into bunches.

Trade-offs: Implemented a work around

to stop using expensive instructions.

(vom Bruch 2015)

Control Flow: 87% of the cre-

ated threads were idle.

Micro Bench-marking Optimisations:
Different launch parameters were tested

with multiple launch configurations.
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(Grasseau et al.

2015)

Execution

The

Configuration:
algorithm  produced
varying performance results
using different hardware and

configurations.

Algorithmic Optimisations: Targeting
optimal kernel sizes allowed for more con-

sistent performance results.

(Schouten et al.

2015)

Execution Configuration:

GPU utilisation is only 20%.

Micro Bench-marking Optimisations:
The researchers suggested that perfor-
mance tuning allows better GPU utilisa-
tion, however their study didn not contain

any results that support this claim.

(Vogt and Schrock
2015)

Memory: Access patterns to
memory locations were not op-
timal, the algorithm exhausted

the local memory registers.

Algorithmic Optimisations: New algo-
rithm was developed to distribute the load
of local memory on several threads. In
addition using coalesced memory access

pattern helped enhance the performance.

(Spera 2015)

Memory: The data needs to be
accessed frequently for the cal-
culations which resulted in high
amount of memory hits.

Instructions: The algorithm re-
quire double precision instruc-
tions to meet its accuracy re-

quirements.

Algorithmic Optimisations: The algo-
rithm was written to use the shared mem-
ory as much as possible which reduces the
memory access latency.

Trade-offs: Some double precision in-
structions can be changed to single pre-
cision while maintaining the required final

accuracy.

(Di Domenico 2015)

Memory: The access pattern
enforced by the dataset is not
optimal for GPUs, and the algo-
rithm requires high number of

memory access.

Algorithmic Optimisations: The algo-
rithm was written to distribute the memory
access operations to optimise the memory
access pattern. In addition, it was opti-
mised to use local memory as much as

possible.

(Jun et al. 2019)

Memory: The needed to make
multiple copies of the data was
slowing data transfer to the

GPU.

Algorithmic Optimisations: Use multi-
ple data structure in order to limit the data

transfers between the CPU and GPU.

(Yeo et al. 2019)

Control Flow: The perfor-
mance degraded due to a highly

diverged code.

Algorithmic Optimisations: The diver-
gence was reduced by dividing the parallel

kernels into multiple sub-kernels.
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(Bi et al. 2020) Instructions: The dependence | Trade-offs: The use of double precision
on double precision instructions | calculations is not important to the re-
in the computations was a bot- | searchers, therefore they chose to change

tleneck on GPUs. it to single precision calculations.

(Rovere et al. 2020) | Control Flow: The algorithms | Algorithmic Optimisations: Transform-
in the literature depends on | ing the hierarchical clustering method to a
hierarchical execution method | parallel clustering method.

which is not optimal for GPUs.

The counter measures in the literature can be summarised in three points:

1. Algorithmic Optimisations: The most effective optimisations that
were found in the surveyed literature were due to optimising the
algorithms to be more parallel or developing new algorithms that
solve the problem in a parallel manner. This type of optimisa-
tion proved to be effective and portable between different parallel
platforms.

2. Micro Bench-marking Optimisations: As a counter measure, the
developers run micro benchmark tools to make sure that they are
utilising the GPU to its full potentials. This requires focusing on the
architecture low level optimisations. These optimisations provide
significant performance gains. However, it is a hardware specific
in most cases and is not be useful on different configurations other
than the original configurations developers used.

3. Trade-offs: In some cases the developers have to sacrifice precision
or relaxed some constraints in order to get the most out of the GPU.
This might be acceptable in some cases, however in other cases

there are constraints that can’t be relaxed.
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2.3.11. Performance Profiling

Profiling is a form of dynamic software analysis that measures time and
memory complexity, or the usage frequency of instructions, components,
or any other resources. It is usually used to optimise programs to achieve
better performance results. Graham et. al. the authors of the previous
definition (1982) classified performance profilers into two types based on

the output they generated:

1. Counters: The profiling produces data about the frequency of
instructions or function calls. It gives insight on how the algorithm
behaves.

2. Timers: The profiling produces data about how long it takes a
certain segment of the code to finish execution. It gives an insight

on where the execution time is mostly spent.
They also classify them by the method they generate data:

1. Sampling: Collecting the data from call stack or from hardware
counters by issuing operating system interrupts during the execution
of the program.

2. Instrumentation: Manually or automatically inserted instructions

to collect information about the program execution.

In terms of data presentation, generated data profiles can be classified into

tow classes:

1. Flat Profile: When the profiled components are shown independent

of each other in such a way that the effect of one component on the
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others is not presented, this is called a flat profile.
2. Call Graph Profile: When the profile data is presented in a way
that shows the relationship between the components and how they

are affected by each other, this is called a call graph profile.

Profiling tools usually use a mix of the listed methods of profiling and

presentation in order to provide the intended profiling functionality.

Parallel Computing Profiling: To overcome the performance challenges
imposed by developing parallel programs, developers have been using
standard and specialised profiling techniques to be able to achieve most
of the performance capabilities of GPUs. This part of the literature review
surveys several profiling models, tools, and techniques used on GPU

programs.

e TAU: The Tuning and Performance Analysis (TAU) system is a
collection of profiling tools that work with different languages. It is
portable between different devices and architectures. In addition,
it provides visualisation tools for performance metrics in single
device, across multiple devices, or computing nodes. Through the
CUDA Profiling Tools Interface (CUPTI), TAU has been extended
to work on NVIDIA GPUs using CUDA (Malony et al. 2011).

* G-HPCToolkit: The GPU HPC Toolkit (G-HPCToolkit) is an ex-
tension to the HPCToolkit that is focused on GPU powered super-
computers. It uses CUPTI to support CUDA powered GPUs. The
tool uses different sampling techniques asynchronously to collect

data from different computing nodes then aggregate them using a
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profiling engine. The main target of this tool is supercomputers or

computing clusters (Chabbi et al. 2013).

SASSI: The Streaming Assembler Instrumenter (SASSI) is devel-
oped by NVIDA research lab as an instrumentation tool for the code
generated by the CUDA assembler. SASSI dose not depend on the
interface provided by CUPTI. Hence, it instruments on a lower level
providing access to the underlying assembly code. Since it is tied to

the assembly code, it works only on CUDA programs and therefore

supports NVIDIA GPUs only (Stephenson et al. 2015).

CUDAAdyvisor: CUDA Adpviser is a tool created to profile GPU
programs with a similar approach to SASSI. However, it is on a
higher level which makes it portable by design and supports differ-
ent GPUs and different programming languages and frameworks. It

is not developed by NVIDIA, hence it does not provide the same
profiling capabilities as SASSI (Shen et al. 2018).

2.3.12. Parallel Profiling Data Visualisation

Performance analysis is a key factor in finding bottlenecks in programs.

The reviewed tools provide different range of profiling capabilities that

ranges from profiling on single node to profiling computing clusters.

The generated metrics are key components in any performance analysis

endeavour. However, these metrics can be overwhelming and especially in

parallel programs where there are large number of concurrent processors,

processes, or thread.

To put the generated metrics in useful perspective, packages such TAU
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and G-HPCToolkit provide visualisation tools that show the behaviour of
the program across multiple machines. While this is useful in assessing
the scale-ability of the parallel program, it does not provide useful insight
about how the algorithm itself behaves. These tools do not provide an

effective way of targeting algorithmic optimisations.

The literature shows that algorithmic optimisations provide more perfor-
mance advantages than other types of optimisation (refer to Table (2.2)).
However, the surveyed tools do not provide sufficient capabilities in terms
of studying the behaviour of the algorithm. The tools are more focused
on the metrics sampled from the hardware counters and providing proper

explanation of these metrics.

Hatchet is a visualisation framework that takes the output of profilers
and feed it to data analysis library in order to provide insight about how
the parallel program behaves for different configurations or input data
(Bhatele et al. 2019). The framework provides programmable interface
for the developers to provide the needed visualisations (see Figure (2.5))
for their parallel programs. It is dependant on the data provided by the
profilers and does not provide any capabilities that allows producing more

data.

2.4. Conclusion

This chapter provided an introduction about the computing problem im-
posed by the requirements of HEP applications. It moves to describe how
the CMS detector as an HEP experiment provides a sizeable challenge

when it comes to computing. The chapter introduced HPC as the comput-
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Figure (2.5): Using a flame graph to visualise the behaviour of an

algorithm using the Hatchet visualiser (Bhatele et al. 2019). The

intensity of the color indicate the frequincy of exeucution of that

part of the program while the length of the bar shows the relative
duration.

ing paradigm that solves the large scale computing challenges imposed by

HEP.

New advancements in HEP requires more sophisticated computing chal-
lenges. Parallel computing is a prime candidate in taking these challenges.
The chapter discussed the different parallel computing models and their
applications such as multi threading, cluster computing, and co-processors

or accelerators.

The literature showed that HEP field has been experimenting with parallel
computing to accelerate their programs. One platform of choice for HEP
applications are GPUs. The chapter also reviewed a number of HEP
experiments in order to scout for different experiences and challenges. A
summery of the most occurring challenges was provided alongside the

proposed counter measures.

One important counter measure for parallel programs challenges is to
use performance profiling tools to identify and optimise parallel program
bottlenecks. Several parallel profiling tools were reviewed and compared.
The major feature that these tools does not provide is the ability to visualise

the behaviour of the parallel algorithm. Hatchet is a tool that provides this
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ability as a standalone solution, however it is dependant on the output of

profiling tools.

Based on this literature review, chapter three introduces the methodology

that is used to answer the research questions of this work.
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Chapter Three
Research Methodology

3.1. Introduction

In this chapter the research methodology that is followed throughout the
project is presented. First, a summary of how this research project is
provided, the following sections break this summary into details. The
third section in the chapter discusses the sources of data that are used
in the project. Then, section four goes through several benchmarks that
are used to measure the performance of the developed modules. Section
five introduces theoretical limits for parallel computing in light of the
benchmarks discussed in the benchmarks section. After that, the selected
module from CMSSW is explained. The development life cycle of the
parallel implementation of the selected module is illustrated in section
seven. The next section introduces the profiling tool that are used in this

project followed by the experimental framework.

3.2. Research Design

This research is designed to follow a quantitative research methodol-
ogy. The work seeks to collect data using defined tools and experiments.
Then the data is analysed and discussed. The following steps represent a

summary of the research stages that were followed:

1. Literature Review: The first stage is to survey the current litera-
ture to find the latest trends in parallel computing on GPUs. The

survey then looks for example experiments that applied parallel
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computing especially on GPUs. From those experiments a list of
common challenges are extracted alongside the solutions that were
implemented by the researchers. Then, the review lists several tools
that can be used to profile parallel programs on GPUs as a mean
to overcome the surveyed challenges. Finally, a potential research
area is selected as a bases for the study. The literature review was
presented in Chapter 2.

. Dataset: There are two main data sources for this study. The
first one is the physics experiment data which is used as an input
to the parallel computing problem that is studied. The physics
experiment data is taken form the CMS experiment 2018 open data.
The second source of data is the data extracted from profiling the
parallel programs that are created. This data is extracted using tools
available or built for this experiment. The data differs depending on
the experiment that is carried.

. Dataset Cleaning: The physics data is not altered, it is assumed
that the dataset is accurate from the physics point of view due to
the physics part being outside the scope of this study. The parallel
program profiling data is generated by the experiments, thus they
are tailored to the needs of the research.

. Module Selection: The CMSSW goes through periodical profiling
exercises to benchmark its performance. From this exercise, a list
of potential applications is extracted for possible improvements
(Benelli et al. 2011). One module that was selected as a potential
subject for improvements was the FastJet module. Hence, the

module was selected as a candidate for the study. The FastJet
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software package is discussed in detail later on in this chapter.

5. Experiments: The following points cover the process that governs

the experimentation process:

The experimentation environment is described

The selected module is benchmarked using the selected dataset
to see if the reported performance by the module developers
can be reproduced.

A baseline parallel implementation is developed.

Using NVIDIA profiling tools, an experiment studies the effect
of different bottlenecks and what optimisations can be done to
limit their effects.

A profiling tool is developed based on call graph profiling tech-
niques to help with algorithmic optimisations of the selected
module.

The experiments are repeated on different GPUs to see if the

optimisations are effective on different architectures.

6. Development Life Cycle: A life cycle suggested by NVIDIA in

their toolkit documentation (NVIDIA 2019a) is used to develop the

parallel module. The life cycle consists of four iterative activities:

assess, parallelise, optimise, and deploy.

7. Analysis and Discussion:

1.
2.

The results of profiling are presented, analysed, and discussed.
The effect of parallel computing is analysed and discussed in

terms of different performance models.

. The effect of different bottlenecks is studied.

The effectiveness of algorithmic optimisation is analysed in
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light of the developed profiling tool.
5. After each experiment, the parallel program is assessed, op-
timised, and compared with previous parallel and sequential

implementations.

3.3. Data

The purpose of this section is to describe the data sources that are used in
this study. As stated previously, the research depends on two main data
sources. The first is extracted from the CMS experiments 2018 data and it
is used as an input to the parallel program that is developed. The second
source of data is generated by existing profiling tools or profiling tools

created as a mean to conduct this study.

3.3.1. Physics Data

The physics dataset is generated using a Monte Carlo simulation that
corresponds with the data which is collected by the CMS experiment
during Phase 2 (CMS Collaboration 2019). It was released as part of the
2018 open data and it contains 20,000 events data that are 641 GB in size.
The dataset consists of files, each file represent one event. Each line in the
file represent one particle. Events are representations of collisions in the
detector. The events consist of several particles, which are described by
their x, y, z coordinates. In addition, each particle has its measured energy
deposit reported. Listing (3.1) shows a sample of an event data file. The
columns in the listing represent the data x, y, z coordinates, and the last

one 1s the Energy deposit (E).
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S

2.0746400356 1.0617550611 -0.1100711301 2.3331460953
0.7080608606 0.4309902787 -0.0106400996 0.8289849162
-0.2444184721 0.7751963735 -0.0353877954 0.8135859370
0.6506414413 1.0213022232 -0.0527213514 1.2120941877
-0.5917757750 0.6458099484 -0.0381360054 0.8767687678

Listing (3.1): Physics data sample.

The data represent proton-proton collisions, these events can be up to
2000 particles 1n size. The FastJet software package deals with events that
are more than 10,000 particles in size. To generate events with sizes larger
than 2000, a methodology of combining events with each other is used.
The methodology simply combines unique events of various sizes to gen-
erate larger events. This is used to make sure that the algorithm is profiled
properly under different work loads. The combination methodology is

taken from the FastJet package (Cacciari, Salam, and Soyez 2012).
3.3.2. Profiling Data

The second source of data for this project is generated from profiling tools.

Two main tools are used to profile the developed program:

1. Perfworks: The main tool used is the NVIDIA Perfworks C++ APIL.
The API provides many capabilities that can be used to benchmark
and monitor applications on NVIDIA GPUs. Since it is not publicly
available, it is used through some other wrapper applications such
as the NVIDIA Nsight Compute.

2. Call Graph Profiling: The NVIDIA profiler provides many met-
rics that can be used to benchmark a GPU program. However, it

does not provide call graph profiling capabilities (NVIDIA 2019b).
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Thus, a profiling tool has to be implemented based on the call graph
profiling technique. The purpose of this tool is to bridge the gap
and provide extra profiling capabilities that can be especially useful

for algorithmic optimisations.

3.4. Benchmarks

In order to measure the effectiveness of a parallel program a set of metrics
are needed. There are many metrics that can be used to benchmark
the performance of a parallel program. This project focuses on two

benchmarks: Speedup and Throughput.

Speedup: The improvement in execution speed between two programs
used to process the same data (Lee et al. 2010). It is a fraction or percent-

age that shows the relative improvement in performance.

Throughput: The number of units of data processed in a unit of time
(Lee et al. 2010). In this case, it is the number of events processed in a

unit of time which represents the rate of events processed.
3.5. Parallel Computing Limits

Throughput and Speedup can be predicted before the implementation of
the parallel program. Programmers can use Amdahl’s law and Gustafson’s
law to get a glimpse of the effectiveness of parallel computing on the
program. These two laws set up a theoretical limit to how much can a

program benefit by parallelisation.
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3.5.1. Amdahl’s Law

If a program consists of a sequential part (a part that can be only processed
sequentially) and a parallel part (a part that can be processed in parallel).
Assuming it is possible to throw an infinite number of processors on
the parallel part to reduce its execution time to almost O seconds. The
maximum speedup that a programmer can reach with infinite number of
processors is 1 divided by the fraction of the sequential part (Amdahl
1967).

Therefore, if a program consists of 50% sequential part, and a 50% parallel
part the maximum theoretical speed up is 1 /0.5 which is 2 times faster
execution. Figure (3.1) shows an illustration of Amdahl’s law.

Sequential  Parallel
Part Part

The program before using infinite number
of parallel processors.

Sequential
Part

The program atter using infinite number
-a— of parallel processors. the parallel part
have 0 execution time.

Timeline

Figure (3.1): An illustration of Amdahl’s law.

3.5.2. Gustafson’s Law

According to Amdahl’s law, the maximum benefit of using parallel com-

puting is bound by the sequential part of the program. Gustafson’s law
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is used to overcome this limit by assuming that the parallel part of the
program is not necessarily fixed in size and it can be changed dynamically

by redesigning the program or using larger datasets (Gustafson 1995).

Assuming it is possible to increase the size of the parallel part of the
program to be 75% of the execution time. A parallel program theoretically
can reach 4 times speedup in execution time according to Amdahl’s law.
Figure (3.2) shows an illustration of Gustafson’s law.

Sequential  Parallel
Part Part

The program betfore
-4— increasing the size
of the parallel part,

Sequential Parallel
Part Part

- The program after
| -—— increasing the size
of the parallel part.
»

Timeline

Figure (3.2): An illustration of Gustafson’s law.

In parallel computing, both Amdahl’s law and Gustafson’s laws play
major role in program design. The developers should aim to reduce the
parallel part execution time alongside increasing the size of the parallel
problem. This way, the theoretical limit imposed by Amdahl’s law can be

overcome, and maximum benefit of parallel computing can be realised.

Amdahl’s and Gustafson’s laws impose theoretical limits on parallel pro-

grams. In practice, the speedup that can be achieved might be more or
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less than the limits predicted if other aspects were taken into account.
For example, in the case of super linear speedup, higher speedup can be
reached due to the instructions being in the cache most of the time (Jiang

et al. 2019).

3.6. Fast]Jet Software Package

FastJet is an open source software package used to find jets in proton-
proton or electron-positron collisions (Cacciari, Salam, and Soyez 2012).
It provides highly optimised native implementations of several sequential
recombination and clustering algorithms.

CMS Experiment at'the LHC, CERN ,
' Data recorded: 2017-Oct-28 09:41:12.692992 GMT
Z /

Run / Event/ LS: 305814 / 971086788 / 610 =

.\
1 ™

\

Figure (3.3): Display of two pairs of jets from the CMS experiment
(Mc Cauley 2019).

Jets are collection of hadrons that travel in narrow cone structures in the
same direction as a result of particle collisions. The jets are measured
in particle detectors to determine the properties of original elementary
particles. Figure (3.3) shows an example of two pairs of jets from the

CMS experiment.
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FastJet provides an interface for physicists to use different clustering
algorithms. The physicists have to provide a set of meta data that specify
the algorithm, hyper parameters, and implementation. The program runs
the clustering algorithm and report back the jets found as x, y, z, and

Transverse Momentum (pT).

3.6.1. Clustering Algorithm

In addition to the input particles, the clustering algorithm requires two
main parameters. The first is the radius of the cluster (R in Equation
(1)). The second parameter is the minimum transverse momentum (p7).
The pT plays the role of a threshold, every jet that has pT less than the

threshold is discarded from the output.

The algorithm performs the following steps (refer to code listing (3.2) for

a pseudo code):

1. Calculate the distance (using a distance algorithm) between each
particle and the other particles, and between each particle and the
jet beam.

2. Find the minimum distance.

3. Recombine:

(a) If the minimum distance is between two particles:
1. combine the two particles into one particle (using a re-
combination scheme).
i1. Remove the two recombined particles from the list.
111. Add the new particle to the list.

(b) If the minimum distance is between a particle and the beam:
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1. Mark the particle as a jet.

1. Remove it from the list of particles.

4. Repeat the steps until the list is empty.

# Repeat wuntill all the particles are combined

for i = 0
min_d =
min_p_1i

min_p_j

to number_particles

# Find the minimum

for p_i

in particles

for p_j in particles

d =0
if p_i == p_j
d = compute_iB_distance(p_i)
else
d = compute_ij_distance(p_i, p_j)

if d < min_d

min_d = d
min_p_i = p_i
min_p_j = p_j

# Combine

if min_p_i == min_p_j

combine_iB(min_p_i)

else

combine_ij(min_p_i, min_p_j)

The distan

and Salam

Listing (3.2): Clustering algorithm pseudo code.

ce between particles i and j can be calculated using (Cacciari

2000):
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AR2.
. l
d;j = min(d;p,d; )R—zj (1)
Where:
d : (2)
iB— 5,
ktip
K= 24y 3)
2 _(n. )2 . )2
ARij—(nz_n]) +(¢z_¢]) (4)
~ 0.5xlog(dip +max(0, (E; +2z) * (E; —zi) — dip)) 5)
l (Ei+zi])?
(l),' = atan2(y,~,x,-) (6)

Note that some calculations details and special cases where left out for

simplicity.

The FastJet package provides many particles recombination schemes
and allow the users to implement their own schemes through plugins,
this project considers the basic default scheme only which is a simple
summation of the particles properties. Combining particles p; and p;

results in the following particle py:

X = Xi+Xj (7)
Yk =Yi+Yyj &)
=2tz 9)
E =E +E; (10)
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3.6.2. Sequential Clustering Implementation

The FastJet package provide’s multiple sequential implementations for
the clustering algorithm. All the algorithms share the same steps listed in
the previous subsection, they differ only in the second step, finding the
minimum distance. This project focuses on three main implementations

(Cacciari and Salam 2006):

1. N°*Dumb: This implementation searches for the nearest neighbour
for each particle using linear search algorithm (O(N)), applying it
for all the particles results in O(N?) time complexity. Looping on
all the list requires O(N). Hence, the total is O(N?).

2. N?Tiled: This method implements a tiling algorithm in order to find
the nearest neighbours. The tiling algorithm have a time complexity
of O(N). Looping on all the particles results in a total of O(N?)
time complexity.

3. NInN: This method uses triangulation techniques (Voronoi Dia-
grams) to find nearest neighbours. The diagram construction needs
O(NInN) time. The diagram construction is done once then used
O(N) times to find the nearest neighbours, therefore, the total time

required becomes O(NInN).

Where N is the number of particles in each event.

3.6.3. Parallel Clustering Algorithm

The sequential algorithm mentioned in sub-section 3.6.2 can be sum-

marised in the following steps:
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1. Calculate distances.
Find particles nearest neighbours.
Find minimum distance.

Recombine

A

Repeat.

Using an iterative development life cycle, each step in the algorithm can
be rewritten to utilise parallel computing. This project takes an inside-
out approach for the development of the parallel module. Therefore,
the first part that is experimented with is the inner most task which is
the distance calculation. Next, is finding a parallel implementation for
the nearest neighbour problem. The final part, is finding the minimum

distance between all the particle pairs.

The recombination step can also be parallelised. However, this requires
changing the algorithm fundamentally in a way that it is not testable
against the sequential implementation for correctness. This requires im-
plementation and proof of correctness which is out of the scope of this

project.

As mentioned in the previous chapter, parallel processors benefit from
increasing the throughput of the problem rather than increasing the pro-
cessing speed of one event. Therefore, this project works on implementing
a throughput-oriented implementation of the algorithm that makes it pos-

sible to process multiple events at the same time.
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3.7. Development Life Cycle

This project follows an iterative development life cycle proposed by
NVIDIA as a best practice (NVIDIA 2019a). The life cycle consists
of four main activities: assessment, parallelisation, optimisation, and

deployment (see Figure (3.4)).

4 DEPLOY 1 ASSESS

Analyse and Discuss the Locate bottlenecks

Results

CUDA
Development Life
Cycle

3 OPTIMISE 2 PARALLELISE

Identify Optimisation Write Parallel Programs

Opportunities

Figure (3.4): CUDA development life cycle.

3.7.1. Assess

In this activity, the developer assesses the application to locate the parts
that consume the majority of the execution time. Then investigate the
feasibility of GPU acceleration for the problem at hand. This part was
done in the previous subsection and is repeated after each iteration of the

development.
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3.7.2. Parallelise

After identifying the execution bottlenecks of the program, the developer
proceeds to writing the parallel program. This part consists of writing
CUDA kernels that produces the same results as the original program

while taking advantage of parallel computing.
3.7.3. Optimise

After writing the parallel programs, it is essential to make sure that they
take full advantage of the parallel processor. In this part, the developer
needs to identify optimisation opportunities. These opportunities can be
easy to implement as fixes to the current code or they might need further

assessment which is done in the next step.
3.7.4. Deploy

Since this is a research project, the developed modules are not deployed to
the production environment. Therefore, this step is re-purposed to analyse

and discuss the results of the built program.

3.8. Profiling Tools

The main objective of this research is to use profiling tools in order to
achieve better performance. Different methods and profiling tools were
discussed in chapter 2, this research focuses on two main profiling tools:
NVIDIA Nsight Compute and the call graph profiler developed for this
study.
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3.8.1. NVIDIA Nsight Compute

Based on Perfworks, NVIDIA implements the Nsight Compute profiling
tool. The tool is used to profile programs running on NVIDIA manufac-
tured GPUs. It can be used from the command line or from the Graphical

User Interface (GUI) applications provided by NVIDIA.

The following is a summary of the data that can be extracted using the
Nsight Compute program directly or using a GUI application that utilises

it:

1. Duration: The time the application or a single kernel took to finish
execution.

2. Utilisation: How much of the GPU hardware is used during the ex-
ecution. This gives information about utilisation of both Streaming
Multiprocessors (SM) (Computing Units) and Memory.

3. Stall Statistics: Statistics about the execution pauses (stalls) due to
memory operations, synchronisation, or other reasons.

4. Instructions Statistics: Instructions counters, how many times

each instruction 1s executed.
3.8.2. Parallel Call Graph Profiling Tool

Call graph profiling was introduced in the previous chapter as a program
that can be used to produce statistics about the execution of a program
functions or branches. Using some of the functions provided by the CUDA
framework such as clock() and printf () it is possible to build a call

graph profiling tool that can provide useful insight.
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These two functions can be used to implement a Data Generator that
generates profiling data during the execution of the parallel program.
Then it is possible to implement a visualiser for the data which takes the
profiling data as an input and helps in querying and reasoning about the
data. The data generator and the visualiser are independent of each other

in terms of implementation.

Data Generator: A C++ helper class is proposed as a profiling data gen-
erator. It is implemented as a wrapper for the clock and print functionality

provided by the CUDA framework.

1. clock(): The clock function allows the developer to find out how
many clock cycles it takes an instruction to complete. By calling
the function before the instruction or set of instructions that needs
to be inspected, it is possible to find out the elapsed clock cycles.

2. printf (): The ability to print messages from inside kernels while
they are being executed in the GPU helps in mapping the execution

paths that the program takes.

Visualiser: The visualiser can be any program that can receive a textual
data as input. Any data manipulation program such as database clients
and worksheets applications can be used to analyse the data produced by
the data generator. However, for larger programs it is more efficient to

write scripts that does the visualisation part.

Python along side some data manipulation and visualisation libraries, was
used to write visualisation scripts for this project. These visualisation

tools provide statistics about the branches and function calls in the parallel
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program. These visualisations provide an insight about the behaviour of

the kernel during run time.

3.9. Experimental Framework

This section defines the experimental framework followed in this project.
Starting with the physics data as the input of the parallel program. Then
the parallel program implementation framework is specified starting by the
development language and some assumptions regarding the development
process. After that, the profiling process is discussed in terms of timing
tools, data collection procedures, and assumptions. The bottleneck and
optimisation selection are listed after that followed by the definitions of
the used benchmarks. Finally the analysis and presentation of the results

are discussed.
3.9.1. Physics Dataset Selection

As mentioned in chapter 3, the physics data is from a Monte Carlo simula-
tion that represent how the data is going to be during Phase 2. The largest
event in the dataset contains ~2000 particles. Therefore, multiple events
were merged to generate larger events. The method of merging the events

was taken from the FastJet package itself.

The generated events start from 1000 particles in size. Then the event
size is increased by ~1000 particles for each larger event. For the GPU
experiments a set of 10 events was generated. Meaning the sizes of
the Events increases from ~1000 to ~10,000 particles. For the CPU
experiments, events up to 20,000 particles were generated. The FastJet

algorithms show different performance characteristics after the 10,000-
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particles mark while the GPU implementations does not show this change

in behaviour.

For the throughput experiments, a single event is used multiple times to

ensure proper comparison between the different algorithms.

3.9.2. Implementation

To develop the parallel program, CUDA framework was used through the
C++ programming language. The CUDA framework supports only the
C++14standard, hence all the C++ code that was written followed this

standard.

During the implementation, it was made sure that the parallel algorithms
generates the correct final output and the output could be traced with the
sequential implementation in every step of the algorithm. In addition,
all the data types and precision constraints imposed by the sequential
program were maintained in the implementation unless it was specified

for the sake of experimentation.

i. Variations of Parallel Algorithms

Two parallel algorithms were developed for this project. The algorithms
differ in the methods used to find the particles nearest neighbours and
finding the global minimum distance because they are the most intensive

computing tasks in the original algorithm.

1. Tri-Matrix Algorithm: This algorithm puts the distances between
the particles in a tri-matrix and then performs a reduction operation

in-order to find the minimum distance.
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2. Grid Algorithm: This algorithm models the trigger surface as a
grid and distributes the hits data on the grid by their coordinates.

Then it uses the grid to find the nearest neighbours of the particles.

iil. Optimisation

Optimising the algorithm is done during the implementation activity in
the experimental framework. After each development iteration, profiling
and benchmarking is done. A bottleneck is selected with the help of the
profiling data. The bottleneck is analysed and experiments to optimise it
are carried. These experiments are what is described and reported in this

project in the Experiments section (section 4.3).

iii. Code Compilation

The code is compiled multiple times, each time specifying different GPU
target architecture. This means that multiple versions of the program were
generated in-order to make sure that maximum compatibility with the
target hardware. The compilation details are listed in the Experimental

Environment section (see section 4.2).
3.9.3. Profiling

The profiling process consists of four parts:

i. Timing

This project compares a CPU version against a GPU version of the prob-
lem. Thus, different tools to record the time on the CPU and on the

GPU is used. On the CPU the Chrono class from the standard library
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for time taking as shown in Listing (3.3) is used. On the GPU the time
measurement API provided by the CUDA framework as shown in Listing

(3.4) is used.

// Record the starting time

auto start = std::chrono::high_resolution_clock::now();
// Run the clustring

cluster () ;

// Record the end time

auto end = std::chrono::high_resolution_clock::now();
// Compute the elapsed time

std::chrono::duration<double, std::milli> elapsed = end - start;

Listing (3.3): C++ timing example.

// Define and create events for the API to track
cudaEvent_t start, stop;

cudaEventCreate (&start) ;

cudaEventCreate (&stop) ;

// Record the starting time

cudaEventRecord (start) ;

// Launch the kernel

clustering_kernel <<<1,256>>>();

// Record the end time

cudaEventRecord (stop);

// Since the kernel launch s asynchronous by default
// Make sure that the kernel finished the job and returned
cudaEventSynchronize (stop) ;

// Compute the elapsed time

float milliseconds;

cudaEventElapsedTime (&milliseconds, start, stop);

Listing (3.4): CUDA timing example.
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ii. Data Collection

All the tools used in the project to collect data are specified in the Experi-
mental Environment section (section 4.2) along their version numbers. To
insure consistency in the collected data, no major process were running on
the same hardware during the data collection except the process needed
by the Operating System (OS). In addition, each experiment was repeated
10 times in-order to have an insight in the performance fluctuation. The

average of the runs is reported as the final result.

iii. Call Graph Profiling

Whenever more precise or detailed information about the behaviour of
the algorithm is needed, call graph profiling is used. Call graph profil-
ing includes inserting printf () and clock() statements which affects
the timing results. Therefore, call graph profiling is disabled during
timing. The printf () function is limited by the default output buffer
size. Thus, cudaDeviceSetLimit (cudalLimitPrintfFifoSize, 10

* 1024 * 1024) is used to increase the limit.

iv. Call Graph Profiling Aggregation and Visualisation

The call graph data in a multi-threaded setting can be overwhelming. To
make it useful, visualisation scripts are created to aggregate the data and
visualise it in a useful manner. All the scripts are written in the Python

programming language.

Figure (3.5) shows a summary of the dynamic profiling process used in

this project.
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Figure (3.5): An illustration of the dynamic profiling process used in
this project.

3.9.4. Benchmarks

To compare the CPU and GPU implementations of the algorithm and the
different GPU implementations, the run time of each program is measured
on the same input. The run time can be used to derive more representative

measurements. Such as:

1. Speedup: It is the fraction of speed gained or lost after a program
modification (Lee et al. 2010). If the run time of program 1 is T}
and the run time of program 2 is 7; and the programs run on the
same workload, the speedup is § = % If § > 1, then there is an §
times improvement in run time.

2. Throughput: The throughput is the rate of data processed in a unit
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of time (Lee et al. 2010). If N is the number of events processed by
the program and 7 is run time of the program. The throughput is
Th= 1% With the assumption that all the events are of uniform size.

This assumption is important to make this measurement meaningful.

In addition, different memory and computing resource utilisation bench-
marks are used. These benchmarks are taken by querying performance

counters through the Nsight Compute profile.
3.9.5. Analysis and Presentation

The different implementations are analysed and compared in terms of
speedup and throughput (Lee et al. 2010). By visualising the performance
metrics of the different implementations, it is possible to draw conclu-
sions about the effectiveness of each implementation or optimisation. In
addition, other results generated from the call graph profiler are presented

in order to better understand the performance.

Figure (3.6) shows a summary of the experimental framework described

earlier.
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Figure (3.6): The experimental framework summarised.

3.10. Conclusion

This chapter started by presenting the Methodology behind this study.

Section 3.2 presented the stages of the research design. Those stages are

selected as the bases of conducting this quantitative research.

After presenting the methodology stages, the chapter presents the stages

in details. Starting with the data used in the study, the sources of data are

listed and described. The data comes from the physics experiment as an

input to the parallel program, then the profiling data is generated from the

parallel programs in-order to study them.

The next part of the chapter lists different benchmarks used in this project

to measure the performance of the parallel programs created. The speedup

and throughput benchmarks were defined this part of the chapter.
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In-order to gain a better understanding of the parallel programs perfor-
mance, a methodology to predict parallel computing programs limits was
discussed in section 3.5. In practice those limits might not hold, however

they provide a useful insight about the behaviour of parallel programs.

Section 3.6 of the chapter presents the software module that is used as the
subject of this study. After that, the selected development life cycle for

this study is described.

Then, the Experimental Framework that was followed in-order to perform
the experiments is described. The framework consisted of data and imple-
mentations description. In addition, the performance metrics used in the

experiments and how they are compared and analysed was illustrated.

The next chapter presents the results of conducting this study alongside a

thorough discussion.
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Chapter Four
Results and Analysis

4.1. Introduction

This chapter presents the core of the experiments carried in this study
followed by the results and discussion. It starts by explaining the experi-
mental framework in terms of the hardware, software, and configurations
used followed by the definition of the experiments. This section describes
each experiment and lists the goals of performing the experiment. The
final section in the chapter presents and discusses the results from each

experiment.
4.2. Experimental Environment

This section presents the environment which is used to carry the exper-
iments. The environment consists of multiple hardware and software
components. All experiments are done under the specified hardware

specifications and software versions.

4.2.1. Hardware

Two computing nodes equipped with GPUs are used in the experiments.
Each computing node has different type of GPUs and CPUs. The first
node (NODE A) is used for the CPU version of the program and the GPU
versions. The second node (NODE B) is used only for the GPU versions

of the program.

Table (4.1) lists the specifications of the compute nodes A and B. It
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is worth noticing while each node contains multiple GPUs and CPUs,
the programs are tested by running them on a single GPU and CPU.

Distributing the work on multiple GPUs is not in the scope of the study.

Table (4.1): Computing nodes general hardware specifications.

Specificatioon NODE A NODE B

CPUs . 2x Intel Xeon 2x Intel Xeon
Silver 4114 2.20 GHz E5-2650 v4 2.20 GHz

RAM 92 GB 251 GB

Hard Disk 894.3 GB SSD 447.1 GB SSD

GPUs 1’;:%2;;’%20 8x GeForce GTX 1080 Ti

Table (4.2) lists all the GPUs that were used in this study. Each GPU is
intended for different type of tasks. The V100 is top of the tier scientific
computing GPU, therefore it has the most computing power. The T4 is
also a scientific GPU, however it is designed to be small in terms of form
factor and it consumes much less power (wattage) than the V100 (Jia,
Maggioni, Smith, et al. 2019). The GeForce GPU is a normal consumer
gaming GPUs. The intention of this mix is to have different variety of

GPUs to observe how our program behave under different GPU types.

Table (4.2): GPUs specifications comparison.

Specification Tesla V100 | Tesla T4 | GeForce GTX 1080 Ti
Multiprocessors (MP) 80 40 28

CUDA Cores / MP 64 64 128

Threads / MP 2048 1024 2048

Clock Speed 1.38 GHz | 1.59 GHz 1.58 GHz
VRAM 32.51GB | 15.11 GB 11.178 GB
Capability Number 7.0 7.5 6.1

Driver Version 10.1 10.1 10.1
Runtime Version 10.1 10.1 10.1
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Table (4.3) shows the different CPUs in the computing nodes A and
B. Only the “Intel Xeon Silver 4114” CPU from computing node A is
used to test the CPU version of FastJet. In addition, the FastJet software
package current implementation runs only on a single thread. Therefore

the multiple cores of the CPU are not used.

Table (4.3): CPUs specifications comparison.

Specification Intel Xeon Silver 4114 | Intel Xeon E5-2650
Cores 10 12
Hardware Threads / Core 2 2
Clock Speed 2.2 GHz 2.2 GHz
Architecture x86_64 x86_64

4.2.2. Software

Table (4.4) shows the software packages that are used in the experiments.
All the software packages were compiled and configured for the architec-

ture that they were used on.

Table (4.4): Software packages used in the experiment.

Package Version
FastJet 3.3.2
(O N) CentOS Linux release 7.7.1908
CUDA 10.1
GCC Compiler 8.3.1 20190225
Nvce Compiler 10.1.243
Nsight Compute 2019.4.0
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4.2.3. Compilation Configuration

For every version created of the parallel program, it is necessary to use
consistent and optimal compiler configurations. The NVIDIA compiler
(nvce) was used to compile all the programs created during the study. The
compiler provides a set of flags to target certain compile time optimisations
for different GPU architectures. To make sure the compiled programs
run smoothly as intended on all the GPUs, nvcc compiler flags were sat
to match each GPU architecture. For example, compiling for the Tesla
T4 GPU the arch=compute_75,code=sm_75 flags were used to tell the
compiler which architecture it is compiling for. This has to be done due
to some noticeable change in performance when the default flags are used.
In addition, the 02 compiler flag was used for other compilation time code
optimisations. This flag allows the compiler to change the code in order

to optimise the program performance (GCC Team 2020).

4.3. Experiments

This section provides a description of the multiple experiments carried
during this study. The previous section described the environment, while
this one lists configurations of the experiment itself. The goal is to make

the experiments as reproducible as possible.

The first thing that is mentioned is the input data: is it single or multiple
events and the characteristics of the chosen event. The FastJet algorithm
requires two hyper parameters: radius, and minimum p7. These param-
eters are fixed at 0.4 and 1.0 respectively throughout the experiments

unless otherwise specified. The parameters were selected to match the
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configurations used in the CMS experiment (CMS Collaboration 2019).

Furthermore, the main goals of each experiment is specified. This means
that each experiment is designed to address one or more of the research
questions mentioned earlier in chapter 1 as an experimental goal. The de-
scription acts only as a mapping between the experiments and the research
questions, however, the effectiveness of the experiment in answering the
question is discussed further in the Results and Discussion section and in

the Conclusion chapter (chapter 5).

The experiments are arranged into two parts. The first part holds the CPU
implementation related experiments. This part is used to set the baseline
for the main goal of the experiments which is the parallel computing
implementations. The second part is related to the GPU experiments. This
part focuses on comparing the baseline implementation with the parallel
implementation and improving the parallel implementation after each

optimisation iteration.
4.3.1. CPU Experiments

The following experiments are used as sanity check and to set the baseline

benchmarks for the CPU algorithm.

i. Reproducing the FastJet Paper Results

In the paper where the FastJet authors introduced their algorithm (Cacciari
and Salam 2006), they introduced some benchmarks results that shows
how the different algorithms variations (N3Dumb, N2Tiled, NInIN) scale

up as the events’ sizes increase. In this experiment, the current version of
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the FastJet implementation is tested to see if the software still reproduces

the same results.

* Experimental Goal: Sanity check and setting a baseline, by repro-
ducing the results of the FasJet software package.
* Related Research Questions: None. This is just to make sure that

the old results match with the current implementation and hardware.

ii. Benchmarking Using Amdahl’s Law and Gustafson’s Law

Amdahl’s and Gustafson’s Laws are used to predict the effectiveness of
parallelising part of a program (Amdahl 1967; Gustafson 1995). In this
experiment a methodology and a model are proposed to apply these laws.
A simple program that simulate the running of the parallel part of the
program on a GPU while assuming that the parallel part takes no time to

execute.

* Experimental Goal: Applying the predictive models introduced
by Amdahl and Gustafson.

e Related Research Questions: Question 1, and 3.
4.3.2. GPU Experiments

This part of the experiments uses the Tri-Matrix implementation on FastJet
in order to test different GPUs bottlenecks, how much they are effective,

and how to mitigate them.

i. GPU Baseline
This is used to set-up the baseline for the GPU implementations. The
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baseline is an attempt to create a correct implementation of the algorithm.

The performance is not the goal of this implementation.

* Experimental Goal: Creating a baseline program on the GPU and
identifying the first optimisation opportunity.

e Related Research Questions: Question 1, 2, 4, and 5.

ii. Global Memory vs Shared Memory

In an attempt to reduce the memory access latency, this experiment mea-

sures the effect of using shared memory vs global memory.

* Experimental Goal: Measure the clock cycles required to access
the global memory and the shared memory, and how they affect the
GPU implementation.

* Related Research Questions: Question 1, 2, 4, and 5.

iii. Interleaved vs Coalesced Memory Access Patterns

The pattern used to access the GPU memory can be a performance limiter.
This experiment is designed to compare the Interleaved and the Coalesced
memory access patterns. Both patterns are used and compared to measure

the performance advantages of memory access pattern optimisations.

* Experimental Goal: Compare the interleaved and coalesced mem-
ory access patterns and how they impact the performance.

* Related Research Questions: Question 1, 2, 4, and 5.
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iv. Array of Structures (AoS) vs Structure of Arrays (SoA)

This experiment compares two methods of storing data to the GPU mem-
ory. These two methods impact the performance of accessing the GPU

memory, therefore, this impact is measured.

* Experimental Goal: Compare the AoS and SoA memory storage
methods and how they impact the performance.

* Related Research Questions: Question 1, 2, 4, and 5.

v. Branch Divergence and Idle Threads

This experiment studies the problem of divergent branches. The diver-
gence of execution branches can lead to idle threads and sequential execu-

tion of code on the GPU.

» Experimental Goal: Measure the effect of branch divergence, and
implement a method to mitigate them.

e Related Research Questions: Question 1, 2, 4, and 5.

vi. Algorithmic Optimisation Using a Grid Data Structure

This experiment implements a grid data structure that can be used to store
and retrieve the particles’ nearest neighbours. The aim of creating such
structure is to limit the number of distance computations required to find

the nearest neighbours.

* Experimental Goal: Testing the effectiveness of a grid data struc-
ture in limiting the number of distance computations.

* Related Research Questions: Question 1, 2, and 5.
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4.4. Results and Discussions

The results and discussion of each experiment are presented in this section.
Each experiment is presented in details in a separate subsection. After
presenting the experiment in details, the output results of the experiment
is presented followed directly in the same sub-section by a discussion of

the results.
4.4.1. CPU Experiments

This subsection presents the experiments carried on the CPU version of the
FastJet program. Those are small experiments to baseline the work and to
make sure the reported results match the experimental results. In addition,
those experiments are used to predict the outcome of parallelising the

algorithm.

i. Reproducing the FastJet Paper Results

The FastJet software package provides different implementations for the
jet clustering algorithm. They all share the same steps as described in
Chapter 3. However they differ in the process of finding the particles’

nearest neighbours.

N3Dumb: In this implementation, the nearest neighbour is located by
exhaustive search. Therefore, taking each particle and searching the list

of particles for its nearest neighbour.

N2Tiled: This implementation creates a set of tiles around each particle.

The number of tiles by default is nine tiles. The list of tiles is filled for

79



each particle once, and then updated after each iteration of recombination.
Therefore, the program have to search only nine tiles for the nearest

neighbour of the particle.

NinN: This implementation generates the Voronoi diagram for the set of
particles. Then the diagram is used to query the nearest neighbour of each

particle. The diagram can be constructed in /nN time.

The FastJet algorithm paper (Cacciari and Salam 2006) shows that the
N/nN implementation is the best in terms of scaling to large event sizes
(see Figure (4.1)). However, for smaller ones, the N2Tiled is most optimal.
The paper was published in 2006. Many versions of the FastJet software
package has been released since then. In this experiment the FastJet

algorithm is benchmarked again to see if the same observations hold.

KtJdet

FastJet A
N1lnN

FastJet N°

102 10° 10* 10°
N

Figure (4.1): FastJet benchmark results (Cacciari and Salam 2006).

To benchmark the software, events were generated with sizes ranging
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from 1k to 20k particles. The generation process was described in section
3.9.1. Figure (4.2) shows that the software package still reproduces a
similar behaviour for the different implementations. It is worth noting that
the smallest event used in reproducing the data was of size 1k particles,

unlike the original benchmark which starts with events of size around 100

particles.
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Figure (4.2): Fast]Jet results reproduced.

It is clear that the N3Dumb implementation shots from the beginning to
more than Is run time. While the N2Tiled and the N/»nN keep the run time
well bellow the 1s mark. Furthermore, the N2Tiled implementation still
performs worse than the N/nN implementation after when the event size

1s approaches 10k.
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The only noticeable difference between the two figures (Figure (4.1) and
Figure (4.2)) is the improvement in processing time between the old and
the reproduced results. In the new benchmark, the events of size 10k get
processed in 0.1s. While in the old figure (4.2), it takes more than 0.5s to
process them. This might be due to the difference of hardware used, and

the general improvements in the implementations.

Table (4.5) shows the throughput of the different implementations and
Figure (4.3) shows a graphical comparison between them. The advantage
of the parallel program is showen when it comes to the amount of events
that can be processed in a unit of time. For this benchmark, an event of
size 1k particles is used for this and the next experiments. The reason an
event of fixed size is used is to simplify the computation and comparison
between the different implementations. The N2Tiled throughput is used as

the baseline to compare the performance of the parallel implementations.

Table (4.5): The throughput of processing an event of size 1k
particles using the CPU implementations.

Implemenation | Throughput (event / second)
N3Dumb 0.38

N2Tiled 283.43

NInN 64.31
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Figure (4.3): A comparison between the throughput of processing
an event of size 1k particles using the CPU implementations.

ii. Benchmarking Using Amdahl’s Law and Gustafson’s Law

This experiment is designed to predict the maximum theoretical speedup
that can be reached by applying Amdahl’s Law and Gustafson’s Law.
Since the parallel implementation of the jet clustering algorithm performs
the entire clustering operation on the GPU, the only sequential part re-
maining for the CPU to process is reading the events from the disk and
copying them to the GPU and copying the results back from the GPU to
the CPU memory.

The process of reading the events from the disk and reporting the results
after the clustering is done is timed. The time of reading and reporting

is considered the sequential part of the program. It is assumed that the
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clustering part is processed by infinite number of parallel processors which
makes the processing time go to zero, which is an application of Amdahl’s

Law.

The number of events submitted to the GPU is 1000 simultaneous events,
therefore increasing the size of the parallel problem which is an application
of Gustafson’s Law. Using this experiment, it is possible to predict the
maximum theoretical speedup possible by parallelising the problem. The
number of events is chosen so that all the events can fit on the GPU
memory at the same time. If the number of events exceeds the GPU RAM
size, then the GPU memory bandwith will be a variable that needs to be
accounted for. Profiling the GPU memory bandwith is outside the scope

of the study.

The experiments data presented in Table (4.6) and Figure (4.4) shows that
the theoretical speedup can reach 150 times. An important thing to note
is that in reality the speedup is much lower than the reported. For more
accurate predictions of the speedup, more factors needs to be considered.
One thing to consider is the parallel execution time. The GPUs at hand
can only processes a limited number of blocks (events in this case) in
parallel. Which means reducing the parallel time to zero is not a practical

assumption.

Table (4.6): The speedup of processing 1000 events in parallel
assuming the parallel part is processed in no time.

GPU Predicted Speedup | Predicted Throughput (event / second)
V100 150.26 42587.17
T4 136.69 38742.55
GTX1080 138.59 39280.03
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Figure (4.4): A comparison of the speedup of processing 1000 events
in parallel assuming the parallel part is processed in no time.

However, this experiment is useful to make sure that the time required
to copy the data from the host to the device is, by a comfortable margin,
less than the time of processing the set of events sequentially. If the time
required to get the data to the GPU is more than the time of sequentially
processing them or very close to it, then it might be useless to try to
parallelise the problem on the GPUs. Therefore, this exercise is important

to test the feasibility of attempting to parallelise the algorithm.
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4.4.2. GPU Experiments

This subsection presents the experiments carried on the GPU implementa-
tion. Each experiment represents a development cycle. As described in
the Research Methodology Chapter (see chapter 3), after each develop-
ment iteration, the implementations are profiled and compared against the
baseline implementation. The experiments are designed to identify per-
formance bottlenecks in parallel programs on GPUs, and how to mitigate

them.

i. GPU Baseline

The first implementation of the parallel program uses the parallel reduction
pattern (Schmidt et al. 2018) to find the particles nearest neighbours.
The distances between the particles is computed in N % (N + 1) /2 steps
representing a Tri-Matrix of distances, where N is the number of particles.
While computing the distances, an array of the smallest distances is
created. The minimum of the array is found using the reduction process

as illustrated in Figure (4.5).
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Figure (4.5): Parallel reduction to find the nearest neighbour.

While the distance computation and the nearest neighbour searching is
done in parallel on the GPU, Table (4.7) and Figure (4.6) shows that the
GPU baseline is not even close to the CPU throughput. This is expected
at this stage. The aim of the baseline is to create a correct program which

is profiled and optimised in the next development iterations.

Table (4.7): Throughput of the CPU and GPU implementations.

Implementation | Time (s) | Events /s | Speedup (vs CPU)
CPU N2Tiled 3.53 283.43 1.0
GPU V100 15.71 63.67 0.22
GPU T4 31.95 31.30 0.11
GPU GTX1080 42.81 23.36 0.08
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Figure (4.6): CPU vs GPU baseline throughput.

To select a bottleneck to optimise, the profilers were used. Table (4.8)
shows that the program executes more memory instructions than dou-
ble precision computing instructions (FP64). This information is not
enough to conclude that the bottleneck is memory operations, because
each instruction type takes different number of clock cycles. Hence, the
call graph profiler was used to pinpoint the average clock cycles each
instruction consumes. The global memory access requires around 70 to
85 clock cycles to be executed as shown in Table (4.8) across the different
GPU architectures. Following the methodology suggested by Wong et. al.
Wong et al. 2010 and later enhanced for new GPU architectures by Wu
et. al. Wu et al. 2019, it is possible to see that the memory operations are
responsible for most of the clock cycles in the program. Therefore, the

next experiments are used to optimise the memory access operations.
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Table (4.8): GPU baseline profiling information.

Metric Count
Memory Instructions Count 1.85E+08
FP64 Instructions Count 3.62E+07
Avg. Cycles / Global Memory Instruction (V100) 69
Avg. Cycles / Global Memory Instruction (T4) 78
Avg. Cycles / Global Memory Instruction (GTX1080) | 84.125
Avg. Cycles / FP64 instruction (V100) 259.75
Avg. Cycles / FP64 instruction (T4) 255.25
Avg. Cycles / FP64 instruction (GTX1080) 295.25

ii. Global Memory vs Shared Memory

The memory hierarchy in GPUs impose an important limitation on parallel
programs. Unlike CPUs, The ALUs of the GPU have access to signifi-
cantly smaller fast access memory caches (Serpa et al. 2019). Therefore,
making sure that the required data for processing is present in the caches

is mandatory to ensure the maximum performance on GPUs.

In a perfect situation, each thread has its required data in SM registers,
which are the fastest memory that can be accessed on a GPU. However,
the register sizes are small, therefore in a real world application, threads
almost always have to access the data from slower memory resources.
Also, in many occasions, GPU threads have to communicate data to other
threads, this communication can not be done using the local registers

because they can be accessed by the thread itself only.

To allow inter-block communication without paying high performance
cost, the shared memory can be used. The shared memory is a special

type of memory that can be accessed by the threads in the same GPU
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block. While the shared memory is not as fast as the registers’ memory,
it is much faster than accessing the global memory (X. Mei and X. Chu
2017). Therefore, using the shared memory as a mean of communication
between the threads in the same block can be effective in improving the

performance.

In this experiment, the effect of using the global memory and the shared
memory is studied. The reduction part of the algorithm is moved entirely
to the shared memory as shown in Figure (4.7). This should reduce the
latency of accessing the memory and it reduces the number of global
memory access instructions. As shown in Table (4.8), the global memory

access requires at least 69 clock cycles on average.

(0,0)
1,0) | (1,1)
2,0 | 21 | @2
v | NN
'
00 o |ay|eo e .. [ .. [(NN]
MIN | MIN | MIN | MIN |
Y ) Y L]
| (0,0) | | 1) | | 2.2) | |
MIN MIN
Y
(0,0) 2.2)
\ MIN
v
(0,0)
Shared Memory

Figure (4.7): Parallel reduction done in shared memory.

After the shared memory optimisation, the CPU version remains faster

than the GPU implementation as shown in Table (4.9) and Figure (4.8).
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However, the shared memory optimisation is proven effective compared
to the baseline GPU implementation as shown in Table (4.9) and Figure
(4.8). With almost half the run time on the V100 and the GTX1080. On
the other hand, the T4 did not benefit as much as the other GPUs from this
optimisation. This is partially because the T4 has a newer architecture than
the other cards, therefore it is more optimised to mitigate the problems
of the older GPUs architectures which makes the optimisations not as
effective as the older architectures (Shahneous Bari et al. 2018). Moreover,
the T4 has significantly slower shared memory access as shown Table

(4.10).

Table (4.9): Throughput of the GPU implementations after applying
the shared memory optimisation.

Implementation | Time (s) | Events/s | Speedup (vs GPU Baseline) | Speedup (vs CPU)
GPU V100 8.72 114.67 1.80 0.40
GPU T4 26.86 37.24 1.19 0.13
GPU GTX1080 26.91 37.16 1.59 0.13
%#283.43 ® CPU
(N2Tiled) GPU Baseline

V GPU Shared

v114.67

)]
~ 102
]
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Figure (4.8): GPU shared memory optimisation throughput.

In terms of the instructions, Figure (4.9) shows that the total number

of instructions needed to execute the program was reduced significantly.
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This is due to the fact that using better memory access patterns allows
the GPU to optimise the number of memory access instructions required
by the programs (Jia, Maggioni, Smith, et al. 2019; X. Mei and X. Chu
2017). In addition, The number of instructions is lower on the newer
GPU architectures. In this experiment, the T4 has the newest architecture,
followed by the V100, then the GTX1080. New architectures allow for
more compile time optimisations than older architectures (Jia, Maggioni,

Smith, et al. 2019).

2.4x10° 2.38x10°

2.3x10°
v 2.26x10°

2.2 x10°

9
2.1x10 GPU Baseline

V¥ GPU Shared

9
5 % 10° 2.01x10

Executed Instructions

9
1.8 x 10° v 1.92x10 1.91x10°

1.8 x 10° v 1.79x10°

V100 T4 GTX1080
Devices

Figure (4.9): GPU optimisations effect on the number of executed
instructions.

With the decrease of the global memory instructions, the total number of
elapsed clock cycles decreased as well (see Figure (4.10)). The decrease
in the total number of clock cycles can be explained by Table (4.10),
which shows that the single shared memory instruction is half the cost of
a single global memory instruction in the worst case (refer to Table (4.8)).
Note that the elapsed clock cycles reading for the GTX1080 baseline is
missing in Figure (4.10), because the profiler can not report back very high

numbers on older architectures and considers them as infinity (NVIDIA
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2019c¢)

The Volta (V100) and the Pascal (GTX1080) architectures have lower
shared memory latency by design than the Turing (T4) architecture which
explains the higher shared memory access latency in the T4 GPU (Jia,
Maggioni, Smith, et al. 2019).

The reduced number of instructions is due to the shared memory banks
implemented in the GPU architectures. The memory banks allow multiple
memory access requests to share the same memory access instruction,
therefore limiting the required number of memory access instructions.

The next experiment discusses the memory banks in more details.
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Figure (4.10): GPU optimisations effect on the number of elapsed
clock cycles.

Table (4.10): GPU shared memory profiling information.

Metric Count
Avg. Cycles / Shared Memory Instruction (V100) 17.125
Avg. Cycles / Shared Memory Instruction (T4) 48.625
Avg. Cycles / Shared Memory Instruction (GTX1080) 12
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ili. Interleaved vs Coalesced Memory Access Patterns

In each memory access operation, the data is be transferred between the
SM and the memory in chunks. Those chunks are called cache lines
(NVIDIA 2019a). The size of the cache line differs depending on the
GPU architecture. The GPUs used in this study have a cache line of size
128 Bytes. Therefore, if one memory operation requested a 32 double
precision values each of size 8 Bytes (total of 256 Bytes). The SM has to
hit the memory twice to fetch the whole requested piece of data. Figure
(4.11) shows how the memory is accessed using cache lines, where each
colour represents a cache line, which represents a single memory access

(X. Mei and X. Chu 2017).
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Figure (4.11): An illustration of how the memory is accessed in the
threads using cache lines and memory banks.

The NVIDIA GPUs that are used in this experiment organise the threads
when they execute them as warps (group of threads). The warp size
varies between different GPU architectures. The GPUs used in this ex-
periment have a warp size of 32 threads. This means that each SM issues

instructions for each 32 threads (warp) in parallel.
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Since the GPU fetches the data from the memory in cache lines and the
threads are organised in warps, if the threads in one warp requested data
that are adjacent to each other in the memory, the adjacent threads can
use the data fetched in a single memory cache hit. This means that if
each thread in a warp accessed the data adjacent to the data used by the
thread next to it, it reduces the number of memory accesses required to
execute an instruction (Schmidt et al. 2018). This memory access pattern
is called a Coalesced memory access pattern (Li et al. 2019). Figure (4.12)
illustrates the difference between the interleaved access pattern which has
been used in the previous experiments and the coalesced access patterns,

which is implemented in this experiment.
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Figure (4.12): An illustration of the difference between interleaved
and coalesced memory access patterns.

Another reason why coalesced memory access is effective is, it reduces
bank conflicts (Jia, Maggioni, Staiger, et al. 2018). The GPU shared
memory is divided into memory banks (see Figure (4.11)). Each word

of memory is contained in a bank. The word size and the number of
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banks differ from one architecture to the other, for example the Volta
architecture (V100) has a 8 Bytes word size and 32 memory banks / SM.
If two threads tried to access different words from the same bank, the
access to the bank is serialised. This is called a bank conflict. Therefore,
accessing the memory in a coalesced pattern ensures that each thread
reads a consecutive memory location, which also ensures that the memory

bank conflict is kept to a minimum.

To measure the effect of optimising the memory access pattern, the re-
duction part of the tri-matrix algorithm was re-implemented to use a
coalesced memory access pattern as shown in Figure (4.13). This was
done by modifying the indices which are used in the loop that accessed

the data in shared memory.
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Figure (4.13): The reduction process done using a coalesced
memory access pattern.

The throughput gap between the GPU version and the CPU version is
closing due to the coalesced memory optimisation as seen in Table (4.11)
and Figure (4.14). While the V100 and the GTX1080 doubled their

throughput, the T4 is not benefiting from the memory access optimisations

as much as the other two models.

97




Table (4.11): Throughput of the GPU implementations after
applying the coalesced memory optimisation.

Implementation | Time (s) | Events/s | Speedup (vs GPU Shared) | Speedup (vs CPU)
GPU V100 4.88 204.98 1.79 0.72
GPU T4 14.43 69.32 1.86 0.24
GPU GTX1080 12.40 80.64 2.17 0.28
%#283.43 # CPU
(N2Tiled) GPU Baseline
Y204.98 V¥V GPU Shared
Y GPU Coalesced
" v114.67
~ 102
‘2 64.32 +80.64
g s (NInN) 63.67 0932
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Figure (4.14): GPU coalesced memory optimisation throughput.

The increase in throughput can be explained by the profiling information
presented in Figure (4.15). The number of executed instructions is much
lower than what it used to be in the share memory version of the algorithm.
This is because the coalesced memory access pattern reduces the number

of memory instructions required to execute the program (Li et al. 2019).

Moreover, the significant reduction in the number of instructions caused a
significant reduction in the number of elapsed clock cycles as shown in

Figure (4.16).
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Figure (4.15): GPU optimisations effect on the number of executed

instructions.
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Figure (4.16): GPU optimisations effect on the number of elapsed
clock cycles.

Using the call graph profiler, it is possible to map the memory access
patterns of the Interleaved and Coalesced GPU implementations. Figure
(4.17) is a visualisation for the two versions generated using the call graph

profiler. The visualisation is done by getting the access indices for each
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iteration and plotting them against the thread that accessed them.

The visualisation shows that after the first iteration (iteration O in Figure
(4.17)) the coalesced version reduced its shared memory accesses by half.
However, the interleaved keeps almost the same number of shared memory

accesses until the third iteration.

Such visualisations are useful to make sure that the correct and expected
memory access pattern is used. And they can be generated by feeding the

execution data into a visualisation engine.
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Figure (4.17): Visualisation of two memory access patterns
produced by the call graph profiler. The sub-plot on the left shows
an interleaved access pattern visualised. The sub-plot on the right

shows a coalesced access pattern visualised.

iv. Array of Structures (AoS) vs Structure of Arrays (SoA)

In the previous experiments, different memory types and methods of ac-

cessing the data were benchmarked. In this experiment, the data structure

100



used to store the data is profiled.

On GPUgs, it is recommended to have the data stored in a way that supports
the efficient access pattern discussed earlier. Therefore the idea of Array
of Structures (AoS) vs Structure of Arrayes (SoA) rises (Kirk 2007). In
an AoS setting, the data is stored in structures that hold multiple scalars.
For each instance of the object needed, a new object of the structure is

created and added to an array of objects.

On the other hand, SoA is when one structure is used to hold multiple
arrays of different scalar values. Each time a new object needs to be
stored, an entry for each scalar is added to the arrays inside the original

structure instance. Code listing (4.1) shows an implementation example

for AoS and SoA.

The advantage that SOA has over AoS in GPU programs, is that SOA
implementations are by default coalesced. Instead of loading the whole
data structure every time it’s required, in a SoA setting, the GPU can load
only a single scalar, and because the scalars are located next to each other
in the memory, the GPU can fetch them for the entire warp in an optimal

number of memory instructions.
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// AoS exzample
struct AOSDistance {
double distance;
int index_i;
int index_j;

}s

// Creating the array

AOSDistance aos_distances[10];

// Accessing the data of the first element

aos_distance [0] .distance = compute_distance () ;

// SoA ezample

struct SO0ADistance {
double distance[10];
int index_i[10];

int index_j[10];

// Creating an instance of the structure

SOADistance soa_distances;

// Accessing the data of the first element

soa_distances.distance [0] = compute_distance();

Listing (4.1): AoS vs SoA example.

In order to apply the SoA optimisation on the problem at hand, the data
structure that holds the distances is redefined to be in a SOA setting (refer

to Figure (4.13) and Code listing (4.1)).

The results in Table (4.12) and Figure (4.18) looks contradicting to the
initial assumptions. The throughput of the SoA version of the program is

lower than the previous optimisation iteration. To explain these results,
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the profiling metrics have to be compared for both versions.

Table (4.12): Throughput of the GPU implementations after
applying the SoA data structure optimisation.

Implementation | Time (s) | Events/s | Speedup (vs GPU Coalesced) | Speedup (vs CPU)
GPU V100 5.45 183.57 0.90 0.65
GPU T4 14.07 71.07 1.03 0.25
GPU GTX1080 12.41 80.55 1.00 0.28
#283.43 # CPU
(N2Tiled) GPU Baseline
v204.98 V¥ GPU Shared
X183.57 ¥ GPU Coalesced
X GPU SoA
" v114.67
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2 80.64
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Figure (4.18): GPU SoA optimisation throughput.

Looking at the profiling metrics from Figure (4.19), it is clear that the SOA
optimisation is not doing what it is supposed to do. The number executed
instructions increased in comparison to the coalesced optimisation, which

increased the total number of clock cycles (see (4.20)).
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Figure (4.20): GPU optimisations effect on the number of elapsed
clock cycles.

This problem has been encountered by Mei and Tian (2016) in their work
about the impact of data layouts on the efficiency of GPU accelerated
programs. They suggested that if a AoS structure is aligned to the memory
bank word size, then the GPU run time can optimise the access to the

structure, and this optimisation is done better than the SoA optimisation.

Looking back at the distance structure used in this study shown in Code
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listing (4.1), the size of the structure in the AoS versions is 16 Bytes
(8-byte double + 2 4-byte integers). Which means that the AoS is in fact

aligned with the GPU bank word size, therefore it is optimised.

To test this hypothesis, a sub-experiment was conducted. In this experi-
ment, the size of the structure was changed to 12 Bytes by changing the
integers types to short type which has a size of 2 Bytes. This change broke
the alignment with the GPU bank size which should stop the GPU from

optimising the access to the structure.

The results in Figure (4.21) show that the structure size indeed affects
the performance of the SoA and AoS implementations. The SoA data
structures are better for non-aligned data structures. However, if the data
structure is aligned the GPU compiler and run time will probably optimise
it. Therefore using an AoS in this case is preferred. This result matches

the one from the results by Mei and Tian (2016).
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Figure (4.21): Comparison between the AoS and SoA
implementations with different structure sizes.

v. Branch Divergence and Idle Threads

Branch divergence can be a major performance limiter for a program
running on the GPU. When the threads in the same warp take different
execution paths due to a branching instruction (see Listing (4.2)), the
SM ends up executing both of the branches in a serial manner (Lin and
Wang 2020), which means that the run time is the sum of executing all
the branches instead of being the run time of the critical path (see Figure
(4.22)). The effect of branch divergence can be predicted by performing a

static analysis on the code or by dynamic analysis using profiling.
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// Get the thread ID

int tid = threadldx.x;

if (tid == 0) {
// execute thread 0 code
} else if (tid == 1) {

// execute thread 1 code

Listing (4.2): Branch divergence example.
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Figure (4.22): Diverged code flow chart vs execution flow chart.

In this experiment, the call graph profiler is used to visualise the branch
instructions and their effect on the execution time. The aim of the visu-
alisation is to give a visual representation of how much work is done by
every GPU thread in a block. Threads that are idle are a waste of resources

and need to be kept at minimum.

Figure (4.23) shows the call graph profiler output limited to three reduction

107



operations, each black square represent an active thread doing work, white
spaces are idle threads. It is clear that after the first reduction step in each

loop, half the threads are idle which is a waste of the GPU resources.
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Figure (4.23): Diverged code visualised.

Figure (4.24) shows the needed modification to the implementation to
limit divergent and idle threads. Instead of performing the reduction
of each 256 (number of threads / block) elements from the tri-matrix.
The algorithm keeps fetching the elements from the matrix, keeping the
element with minimum distance, and discarding other elements. After all
the elements of the matrix are processed, and 256 minimums have been

found, the reduction step happens.
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Figure (4.24): The reduction process done using minimum
divergent threads.

Figure (4.25) shows a visualisation of the work done by the threads in

the last iterations before the reduction. The total number of iterations is
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the same as the diverged code. However, the way the work is distributed

between the threads has changed.
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Figure (4.25): Minimum diverged code visualised.

After the divergent threads optimisation, still the CPU version is outper-

forming the GPU version as shown in Table (4.13)) and Figure (4.26).

After this optimisation, the number of instructions executed and the num-
ber of clock cycles elapsed is order of magnitudes lower than the baseline

as shown in Figure (4.27) and Figure (4.28).

The current implementation performs shared memory operations only on
the last step (see Figure (4.24)). The most executed loop dose double
precision operations. Therefore, the next optimisation aims at reducing

the number of double precision operations.
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Table (4.13): Throughput of the GPU implementations after
minimising the diverged threads.

Implementation | Time (s) | Events/s | Speedup (vs GPU Coalesced) | Speedup (vs CPU)
GPU V100 4.03 248.21 1.21 0.88
GPU T4 12.31 81.23 1.17 0.29
GPU GTX1080 8.41 118.94 1.47 0.42
%#283.43 # CPU
(N2Tiled) —248.21 GPU Baseline
Y¥204.98 V¥V GPU Shared
X183.57 y GPU Coalesced
X GPU SoA
— GPU Non-Diverge
" v114.67 —adoa
~ 102
42 _81.23 %8064
64.32 .
2 st (NInN) 63.67 X101
v37.24 v37.16
31.30
23.36
cPu V100 T4 GTX1080
Devices

Figure (4.26): Throughput of the GPU implementations after
minimising the diverged threads.
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Figure (4.27): GPU optimisations effect on the number of executed
instructions.
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Figure (4.28): GPU optimisations effect on the elapsed clock cycles.

vi. Algorithmic Optimisation Using a Grid Data Structure

The Tri-Matrix implementation searches for a particle nearest neighbour
by measuring the distance between the particle and all the particles before
it in the list. This results in a @ distance calculations for every
recombination step in the worst case. However, since the maximum
jet cone radius is predefined as an input to the clustering algorithm, it is
possible to exploit this information in order to limit the number of distance

calculations, which results in reducing the number of double precision

calculations.

It is possible to think of the internal cylinder of the detector as a grid (see
Figure (4.29)). The particles then can be distributed on the grid based on
their 1 and ¢ values that represent their position on the grid. The cell
size can be computed in a way to limit the particle from searching for
its nearest neighbour to 8 cells around the cell containing it (see Figure
(4.29)). Therefore, the grid can be used to limit the number of distance

calculations in the search for the particle nearest neighbour.
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[] Particle Cell [] Neighbouring Cell

Figure (4.29): A grid data structure to store minimum distances
between particles.

After finding the smallest distance and recombining particles, the main
advantage provided by the grid algorithm is in limiting the recalculation of
the distances between the newly generated particle and the other particles,
to the particles in the same cell and in the surrounding 8 cells, this can

lead to computing distances in 27 cells in the worst case.

The grid data structure reduced the number of instructions and clock cycles
significantly (see Figure (4.31)). This allowed the GPU implementation
to outperform the CPU best implementation by 13 times the throughput
in the worst case (see Table (4.14) and Figure (4.30)).

Since this 1s an algorithmic optimisation, the T4 is showing much more im-
provement in performance compared to the memory access optimisations.

The V100 being the GPU with the best 64bit floating point calculations
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capabilities is able to achieve up to 28 times the CPU throughput.

Figure (4.31) and Figure (4.32) shows the significant reduction in the

number of instructions and the elapsed clock cycles the grid optimisations

achieves.

Table (4.14): Throughput of the GPU implementations after using

the grid data structure.

Implementation | Time (s) | Events /s | Speedup (vs GPU Non-Diverge) | Speedup (vs CPU)
GPU V100 0.12 8198.00 33.03 28.92
GPU T4 0.23 4353.90 53.60 15.36
GPU GTX1080 0.26 3864.07 32.49 13.63
10 ey cru 8198.00
GPU Baseli
v GPU SEZ:SE 4353.90 3864.07
Y GPU Coalesced
X GPU SoA
— GPU Non-Diverge
n 10°4 GPU Grid
2
c
2 8(21\?23%2(1) _248.21
. Xt
2 yl14.67 _118.94
10% 4 64.32 _81.23 %80.64
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Figure (4.30): Throughput of the GPU implementations after using

the grid data structure.
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Figure (4.31): GPU optimisations effect on the number of
instructions executed.
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Figure (4.32): GPU optimisations effect on the elapsed clock cycles.

4.5. Conclusion

This chapter started by explaining the experimental environment. To
apply the experimental framework, an Experimental Environment was
introduced and described. The experimental environment consists of
different hardware and software, each hardware component was specified

along its specifications. Moreover, each software component used was
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specified alongside its corresponding versions and configurations.

After setting up the framework and the environment, the chapter proceeded
to list a description of all the experiments followed by their goals and the
research questions they tackle. The experiments start by exploring the
baseline implementations on CPU followed by a GPU baseline. The GPU
baseline is optimised through number of optimisations that allows the al-
gorithm to better utilise the GPU resources. Followed by experiments that

improve the algorithm itself by implementing algorithmic optimisations.

The chapter finally presents the results of the experiments and the ob-
servations gathered from conducting them. The experiments proved that
memory locality is crucial in decreasing the GPU memory latency. In
addition, better memory access methods such as coalesced memory access,

can reduce the memory latency.

Furthermore, by testing the SoA data structures, it is found that they are
useful for non-aligned data structures, however the AoS data structure

performers better with smaller aligned data structures.

Reducing the memory latency proved to be effective in optimising the
GPU program, however it was not enough to outperform the CPU im-
plementation. Therefore, algorithmic-oriented optimisations were used.
Reducing the divergent threads was useful, but the optimisation that made
the big difference was using a grid data structure to minimise the com-
putations required to reach a solution. All the optimisations put together
were enough to produce a program that has at least a throughput 13 times

more than the CPU best implementation.
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The optimisation process was guided by profiling metrics, the Nsight
profiler was used to get a feel of where the GPU is spending most of
its clock cycles. In addition, a call graph profiler was used to do more
detailed profiling and behavioural mapping of the GPU performance. The

data form both profilers used to achieve the final result.

Next chapter is a summary of the work done in this project, the questions

answerd, and the results acheived.
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Chapter Five

Conclusion

5.1. Introduction

This chapter summarises the work done in this project. The first section
summarises the steps followed to conduct this project. The second section
summarises the results obtained from conducting the experiments and how
they answer the research questions. The third section compares between
the results from this experiment and other experiments surveyed earlier
in Chapter 2. The contributions and the future work are mentioned in

sections 4 and 5 respectively.

5.2. Summary of the Project

The first part of the project is the literature review. In this step, problem
domain was surveyed. The need for parallel computing using GPUs in
the field of HEP was discussed with a focus on the CMS experiment.
Moreover, several experiments that utilised GPUs in the HEP field were
discussed to understand the challenges of this field. Different parallel
computing frameworks were surveyed to understand what they can deliver
to meet the computing needs of HEP. From the literature, it was found that
getting the best performance in parallel programs is a major challenge.
The different experiments that utilised GPUs used performance profilers
to overcome the performance challenges imposed by parallel computing
on GPUs. Therefore, the main focus area chosen for this research work 1s
how to utilise performance profiling to get better performance from GPU

programs.
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After identifying the research problem, a methodology was introduced
to describe the data that is used in the experiments, the CPU and GPU
programs used from the CMS experiment, and the performance models,
and the profilers that are used to benchmark the programs. The FastJet
program was the software module selected from the CMS experiment
to be parallelised. The NVIDIA Nsight Compute profiler was used as
the main profiler. In addition, a Call Graph profiler was implemented to
get better understating of the performance issues and the optimisation

techniques.

The next step was to generate the physics data using a Monte Carlo sim-
ulation. The generated data was the input for the implemented parallel
programs. After preparing the input data, the CPU version of the FastJet
program was benchmarked. Followed by a GPU baseline implemen-
tation to be used as a starting point for the profiling and optimisation

experiments.

After getting the CPU and GPU baselines, multiple experiments were
used to benchmark the effect of different GPU optimisations. The first
optimisation was done using the shared memory instead of global memory.
Then, interleaved and coalesced memory access patterns were compared.
Another experiment was used to measure the effect of using SOA data
structures instead of AOS data structures. Then, an optimisation to reduce
the number of diverged and idle threads was used followed by using a grid

data structure to limit the number of distance calculations in the program.

The final step was to compare the effect of each optimisation on the

performance of the parallel program. Each optimisation was added to
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the GPU version of the program incrementally until the GPU program
outperformed the CPU program. After adding each optimisation, the GPU
programs were profiled and the new iteration is compared to the previous
increments. Both, the Nsight Compute and the Call Graph profilers were

used to guide the optimisation process of the GPU program.

5.3. Summary of the Results

The main objective of this project, is to utilise GPU performance profiling
tools in order to enhance the performance of CMS software modules.
Using Amdahl’s and Gustafson’s Laws with performance profilers was
useful to measure how much it takes the data to be copied from the CPU
main memory to the GPU main memory. If the over head of copying the
data is more than the time it takes the CPU program to finish executing,
then the GPU program will never outperform the CPU program. In the
case of the FastJet program, it was found that copying the data from the
CPU to the GPU requires only a small fraction of time compared to the
CPU processing time. Therefore, it was a good candidate to be ported to

the GPU.

By using the profilers, it was found that the single global memory opera-
tion required from 69 to 85 clock cycles to be executed on the GPU. On
the other hand, a single FP64 operation required from 255 to 295 clock
cycles to be executed on the different GPU models. Using this profiling
information, and the fact that the memory operations count for most of
the instruction executed by the GPU, it was concluded that the memory

operations are a bottleneck.
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To optimise memory access time, the faster shared memory was used.
It was found by profiling that the average cycles required to execute a
shared memory access is between 12 and 48 clock cycles. Therefore,
using the shared memory whenever possible reduced the number of clock
cycles required by the GPU program. This increased the throughput of

the program.

In order to reduce the number of memory operations, a coalesced memory
access pattern was used. The coalesced access pattern provided better
utilisation for the memory cache lines and memory banks on the GPU.
This optimisation reduced the number of memory operations required
to run the GPU program and increased the throughput. In addition, a
capability of the Call Graph profiler was implemented to visualise the

memory access pattern on the GPU.

The GPU program was optimised using a SOA data structure. The optimi-
sation was not useful. Upon further inspection, it was found that the SOA
optimisation is useful only for unaligned data structures. For example, a
data structure with size 12 bytes was profiled against a data structure of
size 16 bytes. The SOA was faster with the 12 bytes data structure and
the AOS was faster with the 16 bytes data structure because the 16 bytes

is aligned with the GPU memory banks sizes.

To reduce the number of diverged branches in the GPU program, the
Call Graph profiler was used to visualise the work done by each thread.
Reducing the number of divergent and idle threads resulted in reducing the
number of instructions executed by the GPU program. This optimisation

increased the throughput across all the GPU models.
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After optimising the memory operations, the FP64 operations became the
bottleneck. From the literature (refer to Table (2.2)), it was found that
the largest performance optimisation can be obtained from algorithmic
optimisations instead of micro-benchmarking. Therefore, the algorithm
was updated to use a grid data structure. The main benefit provided by the
grid data structure was decreasing the number of FP64 operations required
to execute the program. This optimisation made the GPU performance 15

times better than the CPU performance.

The effectiveness of the optimisations differed between the different GPUs
used in this project. The T4 was not affected by the memory access
optimisations as much as the V100 and the GTX1080. However, the T4
performance improved significantly by the algorithmic optimisation. The
V100 has the highest throughput among all the used GPUs because of its

superior specifications.

According to the obtained results, the research questions can be answered

as follows:

* Main Question: How to utilise parallel programming profiling

techniques to re-engineer CMS DAQ and Reconstruction sys-

tems to achieve better performance?

Profiling techniques can be used to identify the software modules
that could benefit from parallel computing as the work done by
Benelli et. al. (2011). In addition, profiling techniques can be used
to predict the performance of the parallel program on GPUs as seen

in the experiment in section 1i. in 4.4.1. Moreover, profiling can be
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used during the GPU program development to find performance bot-
tlenecks and optimisation opportunities as seen in the experiments

in section 4.4.2.

Minor Question (1): How to re-engineer the CMS DAQ and

Reconstruction systems to use parallel computing?

After selecting a program to enhance using parallel computing,
it 1S necessary to create a baseline parallel program that ensures
the correctness of the parallel program before applying any kind of
optimisation. This approach was used by multiple other experiments
mentioned in Table (2.2), and it was utilised in this project as seen

in GPU Baseline experiment (see section i. in 4.4.2).

After implementing the baseline, a performance model can be used
to benchmark the performance of the parallel program in order
measure its performance and find optimisation opportunities (see

sections ii. - vi. in 4.4.2).

Minor Question (2): How to evaluate the performance of a par-

allel program on GPUs?

In the case of evaluating a GPU program on the same GPU model,
the number of executed instructions or the number of elapsed clock
cycles can be enough to compare between two different programs,
lower count means better performance. However, evaluating the
performance between different GPU models or between the GPU
and CPU, the throughput is the evaluation criteria that can be used.

In addition, the Speed up which can be derived from the throughput
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can be used to compare between two different implementations

(refer to the experiments in section 4.4.2).

Minor Question (3): What is a suitable model to profile the

performance of parallel programs on GPUs?

In the experiment in section ii. in 4.4.2 an attempt to predict the
maximum possible throughput was done. The maximum throughput
found is much higher than the final throughput reached in section
vi. in 4.4.2. Therefore, the model used was not useful in predicting
the maximum speedup. However, the experiment was useful in
determining the time required to move the data from the CPU main
memory to the GPU main Memory. Timing this task is necessary to

make sure that porting the program to the GPU is feasible.

Minor Question (4): How to use the metrics obtained from the

profiler to detect optimisation opportunities in parallel pro-

grams on GPUs?

Using the instructions counters, it is possible to know which in-
structions are more expensive in terms of clock cycles. As seen in
the GPU Baseline experiment (see section 1. in 4.4.2), the counters
showed that the global memory instructions consumed most of the

GPU clock cycles.

In the Global vs Shared memory experiment (see section ii. in
4.4.2), the call graph profiler was used to measure the average clock
cycles required to execute the different memory operations. This

helped in determining which memory type is faster and how much
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it 1s faster on each GPU model.

In addition, the metrics collected by the call graph profiler were used
to visualise the causes of performance issues such as interleaved
memory access patterns or divergent threads (refer to sections iii.

and v. in 4.4.2).

Minor Question (5): How to optimise parallel programs on

GPUs to reduce the effect of bottlenecks?
The following GPU optimisations were effective in this project:

— Using memory types with lower latency. For example, using
shared memory over global memory (refer to section ii. in

4.4.2).

— Using optimised memory access patterns. For example, using
coalesced over interleaved memory access patterns (refer to

section iii. in 4.4.2).

— Using SOA data structures for data that does not align with the
GPU memory banks size and AOS otherwise (refer to section

iv. in 4.4.2).

— Reducing the number of diverged and idle threads in the pro-

gram (refer to section v. in 4.4.2).

— Performing algorithmic optimisations to reduce the number
of instructions to perform the task. Therefore, reducing the

number of clock cycles, which improves the performance
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(refer to section vi. in 4.4.2).

5.4. Contributions

This project provided the following contributions:

* Multiple optimisations were tested in order to measure their effec-
tiveness and the results are summarised in Table (5.1). The table
shows the type of the optimisation, speedup compared to the pre-
vious optimisation, reduction in instructions and clock cycles as a
percentage from the previous optimisation, and the effectiveness of

the optimisation.

Table (5.1): A summary of the obtained results from the

experiments.
Speedup Speedup
NN Optimisation (Relative to | (Relative to | Instructions | Clock Cycles .
Optimisation P Type GPU GPU Previous Reduction Reduction Effective?
Baseline) | Optimisation)
V100 1.80 1.80 4.20% 21.14%
Shared Memory | Memory Access | T4 1.19 1.19 6.03% 12.05% Yes
GTX1080 1.59 1.59 5.06% None
V100 3.22 1.79 71.55% 56.74%
Coalesced Access | Memory Access | T4 2.21 1.86 71.24% 48.46% Yes
GTX1080 3.45 2.17 71.81% 44.53%
V100 2.88 0.90 -2.87% -2.55%
SOA Memory Access | T4 2.27 1.03 -5.07% -3.81% No
GTX1080 3.45 1.00 -4.92% -1.87%
V100 3.90 1.21 57.75% 68.95%
Non-Diverged Control Flow T4 2.60 1.17 57.01% 77.16% Yes
GTX1080 5.09 1.47 57.07% 74.41%
V100 128.76 33.03 98.73% 96.54%
Grid Algorithmic T4 139.12 53.60 98.81% 95.03% Yes
GTX1080 165.43 32.49 98.88% 95.17%

A parallel implementation on GPU for the FastJet software package.
The parallel GPU program can be used as a standalone solution! or
as a plug-in to the FastJet package?. In addition, a call graph profiler

prototype that uses source code instrumentations as a data engine

Uhttps://github.com/asubah/fastjet_gpu
Zhttps://github.com/asubah/FastJet-GPU-Plugin
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and feeds the data to a visualisation engine. Other alternatives
mentioned in Chapter 2, focused on instrumenting the PTX code or

the output from other profilers.

 Other minor contributions were made, such as proving that SOA op-
timization is not effective in the case of small aligned data structures
(G. Mei and Tian 2016). In addition, proving that the newer GPU
architectures are less effected by the memory access optimisations
(Shahneous Bari et al. 2018). Furthermore, proving the new GPU
architectures compilers does a better job in optimising the program

during compile time (Jia, Maggioni, Smith, et al. 2019).
3.5. Future Work

In this project, it was possible to outperform the CPU implementation by
implementing a grid based nearest neighbour algorithm. Other options
might provide better performance such as the Voronoi algorithm used by
the NInN CPU implementation. Porting the Voronoi algorithm to the GPU

might provide better performance than the grid algorithm.

Another direction that might be worth investigating is performance porta-
bility. This project focused on GPUs from Nvidia. Other GPU vendors
or other parallel processors can be used to test the difference in perfor-
mance between the different platforms. In addition, parallel computing

frameworks that support performance portability can be investigated.
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