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Abstract

The parallel FDTD method as used in computational electromagnetics is implemented on a variety of
different high performance computing platforms. These parallel FDTD implementations have
regularly been compared in terms of performance or purchase cost, but very little systematic
consideration has been given to how much effort has been used to create the parallel FDTD for a
specific computing architecture. The deployment effort for these platforms has changed
dramatically with time, the deployment time span used to create FDTD implementations in 1980
ranging from months, to the contemporary scenario where parallel FDTD methods can be
implemented on a supercomputer in a matter of hours. This thesis compares the effort required to
deploy the parallel FDTD on selected computing platforms from the constituents that make up the
deployment effort, such as coding complexity and time of coding. It uses the deployment and
performance of the serial FDTD method on a single personal computer as a benchmark and
examines the deployments of the parallel FDTD using different parallelisation techniques. These
FDTD deployments are then analysed and compared against one another in order to determine the
common characteristics between the FDTD implementations on various computing platforms with
differing parallelisation techniques. Although subjective in some instances, these characteristics are
guantified and compared in tabular form, by using the research information created by the parallel
FDTD implementations. The deployment effort is of interest to scientists and engineers considering
the creation or purchase of an FDTD-like solution on a high performance computing platform.
Although the FDTD method has been considered to be a brute force approach to solving
computational electromagnetic problems in the past, this was very probably a factor of the relatively
weak computing platforms which took very long periods to process small model sizes. This thesis will
describe the current implementations of the parallel FDTD method, made up of a combination of
several techniques. These techniques can be easily deployed in a relatively quick time frame on
computing architectures ranging from IBM’s Bluegene/P to the amalgamation of multicore processor
and graphics processing unit, known as an accelerated processing unit.
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Opsomming

Die parallel Eindige Verskil Tyd Domein (Eng: FDTD) metode word gebruik in numeriese
elektromagnetika en kan op verskeie hoé werkverrigting rekenaars geimplementeer word. Hierdie
parallele FDTD implementasies word gereeld in terme van werkverrigting of aankoop koste vergelyk,
maar word bitter min sistematies oorweeg in terme van die hoeveelheid moeite wat dit geverg het
om die parallele FDTD vir 'n spesifieke rekenaar argitektuur te skep. Mettertyd het die moeite om
die platforms te ontplooi dramaties verander, in the 1980's het die ontplooings tyd tipies maande
beloop waarteenoor dit vandag binne 'n kwessie van ure gedoen kan word. Hierdie tesis vergelyk die
inspanning wat nodig is om die parallelle FDTD op geselekteerde rekenaar platforms te ontplooi
deur te kyk na faktore soos die kompleksiteit van kodering en die tyd wat dit vat om 'n kode te
implementeer. Die werkverrigting van die serie FDTD metode, geimplementeer op 'n enkele
persoonlike rekenaar word gebruik as 'n maatstaf om die ontplooing van die parallel FDTD met
verskeie parallelisasie tegnieke te evalueer. Deur hierdie FDTD ontplooiings met verskillende
parallelisasie tegnieke te ontleed en te vergelyk word die gemeenskaplike eienskappe bepaal vir
verskeie rekenaar platforms. Alhoewel sommige gevalle subjektief is, is hierdie eienskappe
gekwantifiseer en vergelyk in tabelvorm deur gebruik te maak van die navorsings inligting geskep
deur die parallel FDTD implementasies. Die ontplooiings moeite is belangrik vir wetenskaplikes en
ingenieurs wat moet besluit tussen die ontwikkeling of aankoop van 'n FDTD tipe oplossing op 'n hée
werkverrigting rekenaar. Hoewel die FDTD metode in die verlede beskou was as 'n brute krag
benadering tot die oplossing van elektromagnetiese probleme was dit waarskynlik weens die
relatiewe swak rekenaar platforms wat lank gevat het om klein modelle te verwerk. Hierdie tesis
beskryf die moderne implementering van die parallele FDTD metode, bestaande uit 'n kombinasie
van verskeie tegnieke. Hierdie tegnieke kan maklik in 'n relatiewe kort tydsbestek ontplooi word op
rekenaar argitekture wat wissel van IBM se BlueGene / P tot die samesmelting van multikern
verwerkers en grafiese verwerkings eenhede, beter bekend as 'n versnelde verwerkings eenheid.
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Glossary & Acronyms

The reader is reminded that this thesis contains many domain specific acronyms and that these are

written out in full at the first mention in every chapter. The Glossary compiled below should serve as

a fall-back to identify all the acronyms, some of which are used in the chapter description below.

ABC
ALU
AMD
API
APU
ARM
ASP
ASIC
ATI
AUTOCAD
AVX
Blade
C

C++
CAD
CHPC
CIsC
CMP
CcMU

Core

CPU
CUDA
DirectCompute

DirectX11
DRAM
DSMP
Dxf

FDTD
FEKO
FEM

FMA

Absorbing Boundary Conditions

Arithmetic Logic Unit

Advanced Micro Devices; Manufacturer of computer processors

Application Programming Interface

Accelerated Processing Unit

Advanced RISC Machines; Manufacturer of RISC based computer processors
Associative String Processor

Application Specific Integrated Circuit

Array Technologies Industry; GPU division for AMD processors

Commercial Computer Aided Design software

Advanced Vector eXtensions

A high performance process board consisting of closely coupled processors
Higher level computing language

Higher level computing language using class structures

Computer Aided Design

Centre for High Performance Computing in Cape Town

Complex Instruction Set Computing

Chip-Multiprocessors

Computer Memory Unit: A high performance board containing several processors
and associated memory; Used in the SUN M9000

A core is considered to be a physical component of a processor performing at least
one program thread

Computer Processing Unit

Compute Unified Device Architecture

Application programming interface that supports General Purpose computing on
graphical processors

Application programming interface for graphics and games programming
Dynamic Random Access Memory

Distributed Shared Memory Processor

Drawing eXchange Format; an AUTOCAD data exchange file format

Finite Difference Time Domain

Electromagnetic modelling software based on MOM

Finite Element Method

Fused Multiply Add, a hardware based acceleration combining the multiplication
and the addition instruction
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FORTRAN
FPGA

FPU

GB

GEMS
GFLOP
GPGPU
GPS

GPU
GPUDirect

Hadoop
HPC

IC

IEEE
Intel
LISP

LTE
Matlab
MCPs
MIC
MIMD
Moab

MOM
MPI
MTL
Node

NUMA
numPy
Nvidia
Octave
Osl
OTS
PCI
PCle
PEC
PMC
PML
POSIX

PVM
QPI

FORmula TRANSslation; a higher level computing language

Field Programmable Gate Array

Floating Point Unit

Giga Byte

Electromagnetic modelling software based on FDTD

Giga Floating point Operations

General Purpose GPU

Global Positioning System; a system of satellites used for global navigation
Graphical Processing Unit

A technology from Nvidia that will allow the exchange of data between dedicated
GPU memories without having to access the Host computer

High performance data storage system

High Performance Computing

Integrated Circuit

Institute of Electrical and Electronics Engineers

Manufacturer of computer processors and other computing hardware and software
Locator/ldentifier Separation Protocol; one of the original higher level programming
languages

Long Term Evolution; a fourth generation mobile phone communications technology
A third generation computer language for numerical modelling

Million Cells Per second

Many In Core

Multiple Instruction Multiple Data

A job scheduling mechanism used by supercomputing centres to schedule the
running of jobs on their machines

Method of Moments

Massively Parallel Interface

Manycore Test Lab

a node is a processing cluster such as a Blade processor, multicore processor or even
a single CPU

Non Uniform Memory Architecture

Library of numerical functions for the Python Language

Manufacturing of a popular brand of GPUs

A third generation computer language for numerical modelling

Open Systems Interconnection

Off-The-Shelf

Peripheral Component Interconnect

Peripheral Component Interconnect express

Perfect Electric Conductor

Perfect Magnetic Conductor

Perfectly Matched Layer

Portable Operating System Interface, a set of standards from the IEEE for
maintaining compatibility between operating systems

Parallel Virtual Machine

Quick Path Interconnect


http://en.wikipedia.org/wiki/Locator/Identifier_Separation_Protocol

Glossary & Acronyms

RISC
SIMD
SIMT
SM
SMP
SP
SSE
TE
Thread
™
UMA
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Reduced Instruction Set Computing
Single Instruction Multiple Data

Single Instruction Multiple Thread
Streaming Multiprocessor

Shared Memory Processor or Platform
Stream Processor

Streaming SIMD Extensions
Transverse Electric field

A process performing instructions on a physical processor
Transverse Magnetic field

Uniform Memory Architecture

Vi
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Chapter 1

1 Introduction

1.1 The objective

1.2 The FDTD for electromagnetics in high performance computing
13 High performance computing

1.4 Research approach

1.5 Chapter overview

1.1 The objective

This thesis compares the deployment effort of the parallel FDTD, as used for Electromagnetic
modelling, on to a variety of High Performance Computing (HPC) platforms. It is a maxim of
hardware and software development that the two will always evolve together and this thesis will
show that the evolution of the FDTD corresponds with developments in HPC. The parallelisation of
the FDTD usually provides two advantages over the serial FDTD, one being the reduction of the
processing time of the FDTD and the other the ability to process extremely large data sets.

The method of converting from the serial operation of the FDTD to the parallel FDTD differs from
one platform to the next. A comparison is made of the deployment mechanics and the resultant
performance achieved. An indication is given of the complexity involved in converting the FDTD to a
particular HPC platform in the form of a tabulated coding effort. Other considerations that will be
made are issues relating to accessibility to the system and dedicated usage.

The examination of the deployment effort involves a comparison of:

1) A description of the architecture and features of HPC platforms, and the suitability of that
platform for the FDTD.

2) The mechanics of communication between parallel FDTD components.

3) How the serial FDTD code is decomposed and reconstituted in parallel form for a specific
HPC platform, i.e. the implementation strategy.

4) The relative performance achieved by the parallel FDTD on a particular HPC platform.

5) Implementation effort, skills required, future proofing.

6) Accessibility to the development system, development tools, etc.

The comparison of the performance of one computing platform against another is a subjective issue
in the sense that the range of hardware defining a platform varies greatly. While it may be obvious
from the detail shown in this thesis that the Graphical Processing Unit (GPU) can process FDTD cells
at a much greater rate than a single core CPU, it may not be immediately evident that the FDTD
processing power of different types of GPUs varies greatly. This aspect needs to be borne in mind
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when one makes a comparison of the parallel FDTD implemented on a GPU against a larger platform
such as the SUN M9000 Shared Memory Processor (SMP).

One very notable of about this work is that it is written during a period of intense development in
the field of HPC. Hardware and software platforms are being revised and improved at an ever faster
rate, as will be described in more detail (chapter 2). One personal experience is a good example of
the rapid evolution of HPC platforms. A microprocessor development platform was purchased to
investigate the FDTD speedup using the Streaming SIMD Extension (SSE) of a multicore processor,
only to find that an enhanced form of this functionality, the Advanced Vector eXtensions (AVX), was
being released sooner than expected and would require the acquisition of a new microprocessor as
a trial development platform. Unfortunately this new microprocessor also required a new mother
board as the microprocessor pin configuration was not the same as that of the previous generation.
The new microprocessor used a motherboard slot configuration with 1155 pins, as opposed to the
older microprocessor which uses a motherboard slot with 1156 pins. The moral of this little example
is that unless one has unlimited resources to continuously purchase new hardware, one needs to
“Futureproof” the FDTD deployment. This concept is one of the contributing factors to the
deployment effort and is addressed in the thesis.

The GPU is another example of rapid evolution of the FDTD and hardware deployment. The
hardware efficiency and computing strength of GPUs has grown rapidly over the last decade, and the
introduction of relatively friendly application interfaces, such as Nvidia’s CUDA and the Khronos'
group openCL, has made the GPU accessible to the Computational Electromagnetics (CEM) market.

1.2 The FDTD for electromagnetics in high performance computing

The FDTD is a method of approximating Maxwell’s equations for electromagnetics using finite
differences equations. In the practical sense the FDTD algorithm is used to model diverse
electromagnetic scenarios such as:

1) The effect of radiation on human tissue from a variety of electromagnetic sources.
2) Modelling of the earth’s geological sub surface in the oil and gas industry.
3) Modelling of electromagnetic waves for antenna and transmitter design.

Electromagnetic scenarios such as the modelling of complex antenna systems or the reflection of
laser beams from the surface of DVDs can be modelled in detail at ever finer resolution and this in
turn increases demand for computing power when modelled using the FDTD method. It will be
shown that the research and development in the FDTD method and HPC is very closely related.

The basic computational mechanics of the FDTD can be traced back to seminal papers by Kane Yee
[3] and a series of publications by Taflove and Hagness [2, 3] in the early 1980s. The FDTD algorithm
is computationally intense and in the emerging years of the method, the FDTD modelling space was
limited to the meagre restrictions in memory available at that time. Longer computations have been
known to run for a matter of days and HPC hardware was not readily accessible during that period.
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The improvement in HPC capacity since the end of the 20th century has promoted the development
of the FDTD as an electromagnetic modelling method.

1.3 High performance computing

The FDTD has been implemented for this thesis on computers that represents a cross section of the
high performance computers in the world. Supercomputing hardware has been made available from
the Centre for HPC. These platforms include supercomputers such as IBM’s Bluegene/P, SUN M9000,
and several types of large Cluster computers based on multicore processors. Intel has made available
a group of tightly coupled multicore processors as an online facility known as the Manycore Test Lab
(MTL). An assortment of other multicore processors and GPUs has been purchased specifically for
the deployment of the parallel FDTD.

1.4 Research approach

The research approach was focused on converting the serial form of the FDTD method into a parallel
FDTD implementation for a specific platform. The intention of the research is to repeat this
implementation exercise for a wide variety of different high performance hardware platforms and to
compare the deployment effort for each of these. For each of the implementations the method of
deployment is similar:

1) Perform a background search on previous implementations of the FDTD or similar
algorithms for the chosen platform.

2) Convert the serial FDTD into parallel form by simulating the target architecture on the PC.
For some architectures, such as the discrete GPU, this simulation is not necessary as the
hardware is available throughout the deployment.

3) Implement the parallel FDTD on the chosen platform and verify correct operation by
comparing the results from a serial version of the FDTD.

4) Benchmark the performance of FDTD models with the results from the parallel
implementation.

5) Analyse the features of the deployment effort such as coding time and usefulness of
documentation.

6) Compare the parallel implementation against other implementations undertaken for this
thesis and those from other publications.
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1.5 Chapter overview

Chapter 1

Chapter 2

Chapter 3

Chapter 4

Chapter 5

Chapter 6

Chapter 7

Introductory chapter describing the content of the thesis. It introduces the FDTD as an
algorithm, and describes some aspects of HPC.

Literature Review. This chapter is a review of some of the current and historical literature
about the parallelisation of the FDTD method and the high performance hardware that is
available for the processing of the FDTD. It examines the emergence of the HPC platforms
and the use of the FDTD. The history of the FDTD and the influence on its deployment
with parallel programming is analysed using data from IEEE publications.

The FDTD algorithm. Chapter 3 is an examination of the mathematical foundation of the
FDTD method and its conversion into a programmable algorithm. It describes the creation
of an electromagnetic modelling space using Yee’s formulation and the features used in
the model such as electromagnetic sources and reflectors. The formulation of the far-
field is described and the electric far field of an electric dipole is compared against that
computed with FEKO’'s MOM program. A performance profile of the serial FDTD is
created as a pre-cursor to the parallelisation of the FDTD. A tabular comparison is made
of the coding effort required to produce various parallel FDTD programs.

The architecture of HPC systems. The various types of HPC hardware used to parallelise
the FDTD for this thesis are reviewed in some detail. Some of the components that make
up a HPC system, such as the processors, memory and communication subsystems are
described and compared. A description is made of how each of these component groups
affect the parallelisation of the FDTD. The HPC systems used to parallelise the FDTD for
this thesis are described in the context of the aforementioned component groups and
their related implementation by the FDTD.

Parallelism strategies for the FDTD. This chapter deals with the different methods used to
parallelise the FDTD method. It examines the application of a variety of threading
techniques and forms of data parallelism used for the parallelisation process. A
description is made of how the parallelised FDTD is applied to a variety of HPC platforms
with these threading and data manipulation techniques.

A comparison of the parallel FDTD on various HPC systems. The parallelised FDTD on
various HPC platforms are compared so as to analyse some of the deployment features
for these systems. A series of characteristics representing the parallel FDTD deployment
effort are compared in tabular form.

Conclusion and Future Work. This chapter provides summary of the content of the thesis
and the conclusions drawn from this. The contributions derived from the research, are
listed here.
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Chapter 2

2 Literature review of the FDTD on HPC platforms

2.1 Overview

2.2 History of the FDTD in the context of computational electromagnetics
2.3 FDTD software development

2.4 Previous examples of FDTD deployments on a variety of HPC platforms

2.4.1 NUMA (Non-uniform memory architectures)
2.4.2  UMA (Uniform Memory Architecture)
2.4.3  Acceleration devices

2.5 Summary

2.1 Overview

This literature review provides an overview of the history of the Finite Difference Time Domain
(FDTD) method and its relationship to High Performance Computing (HPC). The review is a summary
of some of the publications and technology that have been created concerning the deployment of
the FDTD on high performance computers and is categorised according to the hardware architecture
that the FDTD is deployed on. Most of the topics discussed in this literature review are discussed in
more detail in the chapters that follow. The discussion below introduces technologies that will be
described in this thesis. The deployment of the FDTD on the Graphical Processing Unit (GPU), for
example, requires substantial background technical detail but is in itself not the main focus of this
thesis.

2.2 History of the FDTD in the context of computational electromagnetics

It is necessary to review existing implementations of the FDTD on HPC platforms in order to
determine and understand the factors used in the comparison of these deployments.

The FDTD method is used in a wide variety of applications. It is used in electromagnetic modelling of
antennas [38], medical diagnosis of cancers [61], geophysical earth models [62], seismics [28], and
military simulations of tanks engaging each other on the battlefield [29]. The FDTD method for
electromagnetic has resulted from a culmination of several key formulations:

1) Maxwell’s equations [7];
These are a set of difference equations that describe the behaviour of electromagnetic
fields, how a time varying electric field generates a magnetic field, and the other way round.
2) Determination of a suitable algorithmic framework by Yee [1];
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The electric field vector and magnetic field vector components of the electromagnetic field
are solved as a finite difference equation in a leap-frog manner. The electric vectors
computed an instant in time and the magnetic field vectors an instant later. This process is
repeated until some conclusion is reached. This formulation was devised by Yee in 1966.

3) Computational power provided by HPC platforms ;
The FDTD computation requires large resources in terms of memory and processing capacity
it is only made practical when implemented on HPC platforms.

4) Sophisticated Graphical User Interfaces (GUI)s and output graphics for the manipulation of
large and complex data models;
To avoid hard coding input modelling geometries, or the use of complex configuration
languages, all commercial electromagnetic modelling software has a sophisticated graphical
data entry mechanism. The volume of data generated by the FDTD may be very difficult to
analyse in raw numerical form and it is more practical and intuitive to display the results in
some form of graphical representation.

Owing to the large demand made on computing power and capacity by the FDTD process, the use of
the FDTD and High performance Computing are very closely related, as is shown in figure 2.1. As will
be illustrated by some of the results in later chapters, the FDTD can consume extremely large
computing resources. Although the FDTD method for electromagnetics was formulated in the 1960s,
it has required the processing capability and capacity of High Performance computing to make this
simulation technique a viable proposition.

The relationship in the number of annual Institute of Electrical and Electronics Engineers (IEEE)
publications shown in figure 2.1 below, is an indication of the relationship between the FDTD, HPC
and the keywords “parallel program”. The graphic shows the steady increase in the FDTD and
parallel programming publications from the IEEE for a particular year. The depression in “parallel
program” publications between the years 1998 to 2003 could be as a result of the global economic
downturn in that period. The general upward trend in time of these curves indicates that there may
be some positive relationship between all of these topics, i.e. it is very likely that the development of
HPC and parallelisation techniques stimulated the development of the FDTD method.
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Figure 2.1: The number of IEEE publications found with specific keywords.

The FDTD has been implemented on many different computing platforms [4, 5, 6] and owing to its
demand for computing capacity, it is a suitable algorithm for a comparison that examines the
deployment of this type of software on High Performance Computing platforms. The FDTD has been
implemented on diverse multicore processing systems such as the Bluegene/P and the GPU [2, 3, 4].
The parallel FDTD has been described as being an “explicitly parallel” implementation and also as
“embarrassingly parallel”. An embarrassingly parallel implementation is one where the concurrent
processing of the algorithm requires no communication between compute nodes, and can be scaled
nearly linearly. An explicitly parallel implementation is one where sections of the algorithm have
been devised to perform independently in parallel, yet require constant communication and process
synchronisation between all instances of the deployment. Embarrassingly parallel implementations,
such as those algorithms using the Monte Carlo technique, are used by hardware manufacturers to
benchmark the peak performance of their products. One cannot equate the performance achieved
by an embarrassingly parallel process with an explicitly parallel process on one computing platform,
i.e. an embarrassingly parallel implementation has the potential to achieve the peak performance
stated for a specific piece of hardware, whereas the explicitly parallel does not. The implication of
this is that the performance of the FDTD on HPC systems cannot be extrapolated from benchmarking
software such as the LINPACK standard alone, as the communication between the processing
elements of the FDTD play a major part in the computation.

2.3 FDTD software development

The implementation of the FDTD on any high performance hardware platform requires three
essential functional components to ensure the practical use of the FDTD. These are:
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1) A graphical input facility that will allow the creation of sophisticated models to be processed
or simulated. For very large models it is not practical to set up the model data manually and
this has to be performed within the controlled and ordered environment of a computer
aided design environment. A detailed record of a sophisticated GUI for the FDTD has been
produced by Yu and Mittra [135]. It describes the creation of an input facility for the physical
model, mesh creation, and other electromagnetic parameters. An intermediate store of the
FDTD model is made in the dxf standard, a popular graphic data format used by Computer
Aided Design products such as AutoCad. This intermediate FDTD model is then used as input
to an FDTD solver mechanism, as discussed in the next point. It is also of interest that a dxf
formatted input model can also be used as the input for other electromagnetic solvers such
as Finite Element Method (FEM) or MOM [136, 137].

2) The FDTD processing engine which will process the simulation itself. The processing engine
will need to be coupled with a high performance data storage mechanism that will record
the output of the simulation. High performance data storage devices such as Hadoop [138]
or the Message Passing Interface (MPI) are available to record the output from the
electromagnetic solver.

3) A data display system that will allow the rendering of the simulated data. This simple
requirement cannot be understated as the result of a large simulation in plain numerical
form is not easy to visualise without substantial post processing. The GPU is a hardware
processing board dedicated to the display of high resolution graphical information. Primarily
deployed for computer gaming, it can also be used to display the results of electromagnetic
computations. These results are normally displayed as a part of the post processing of the
electromagnetic modelling process. One publication that describes the creation of a single
program for both the processing of the FDTD and the graphical display of the resultant
information is described in [91]. Also of interest in this publication [91] is the use of the GPU
graphics as a low level program debugging tool, an integrated feature that is usually only
found in high level languages such as Matlab or Python.

The conversion of the serial FDTD into a parallel form is dependent on the architecture of the HPC
hardware. Some authors [9] have categorised the processing of the parallel FDTD using a
characteristic of the number of data sources and instruction streams on Single Instruction Multiple
Data (SIMD), Single Program Multiple Data (SPMD) and Multiple Instruction Multiple Data (MIMD)
architectures. The implementation of the FDTD on some of these architectures can extend valuable
implementation lessons for other hardware platforms. Data manipulation techniques used in the
SIMD processing of the FDTD with SSE [132] for example, can be applied to the Single Instruction
Multiple Thread (SIMT) processing of the FDTD on the GPU in that these both use a data parallel
approach.

The capabilities of the SIMD, SPMD and MIMD processing schemes are not restricted to the FDTD
processing method; they will also apply to other modelling techniques based on principles such as
the MOM or the FEM. Products such as FEKO and GEMS are commercial examples of where the
model creation, processing engine and result visualisation have been bundled into one integrated
electromagnetic modelling system.

Higher level software languages such as Matlab, Octave or Python provide convenient higher level
functionality to implement the FDTD processing engines, graphical input method and the
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visualisation mechanism within one computational system. These software products have an
advantage over conventional lower level language tools such as C or Fortran in that all of the
functionality to experiment and produce results with an FDTD engine is available within one user
environment. A disadvantage of such high level languages is that high performance processing tools
need to be made available to the user but do not have ready access to low level interfaces such as
CUDA or DirectX11l. As with all computing development systems, the convenience of platform
abstraction offered by scripting environments such as Matlab are offset by the lack of programming
flexibility for dedicated high performance platforms such as GPU or Field Programmable Gate Array
(FPGA) accelerators.

The focus of this work lies in the comparison of the FDTD engine as deployed on a variety of High
performance processing platforms. To this end the graphical input and rendering components have
been hard coded independently for most deployments and are not considered to be part of this
evaluation.

Special mention must be made of the development of the first parallel FDTD implementation by
Taflove et al [130] on a CM1 computer (which initially only had a LISP compiler). When a Fortran
compiler was made available for this platform, it took approximately a year to develop the first
parallel FDTD algorithm, six months of which was taken up waiting for bug fixes in the Fortran
compiler. In the twenty years since these first efforts at the parallelisation of the FDTD, the high
performance hardware, software techniques and FDTD knowledge base, has matured to the extent
that contemporary attempts at parallelisation of the FDTD take only a fraction of this time.

2.4 Previous examples of FDTD deployments on a variety of high
performance computing platforms

The FDTD has been implemented in parallel on several types of HPC architecture. These can be
classified as:

1) NUMA (Non Uniform Memory Architecture) or distributed architecture.
2) UMA (Uniform Memory Architecture).
3) Use of accelerators or co-processors.

2.4.1 NUMA (Non-uniform memory architectures)
Examples: Bluegene/P, Nehalem Cluster, IBM e1350 cluster, Beowulf Cluster

NUMA architectures include systems such as Beowulf Clusters and other systems of distributed
computers. These systems are generally comprised of a distributed “cluster” of Computer Processing
Units (CPU)s which are afforded inter-process communication by Local Area networked connections
[42]. A simplistic view of the NUMA architecture is shown in figure 2.1 which illustrates the
distributed relationship of memory and processors.

The Non-Uniform Memory Architecture can also be referred to as distributed computing platform,
encompassing a loosely networked system of individual computers ranging from systems such as the

9



Chapter 2: Literature review of tHe'ETYPEFRHTYPE ISP e lar-sun.ac.za

Simple Network of Workstations [22, 49] to the formidable arrangement of individual processors
and network interconnect comprising the Bluegene/P supercomputer [17, 19].

Memory Memory
| |

Processor Processor

Communication
service

Figure 2.1: Simplistic view of the NUMA architecture

A benchmark implementation of the FDTD with Message Passing Interface (MPI) [9] serves well as a
basic implementation framework for the NUMA architecture. Although published as early as 2001
the task parallel implementation of the FDTD using a Message Passing Interface (MPI) by Guiffaut
and Mahdjoubi [9] can still be implemented on most multicore clusters with very little change to the
parallelisation method.

As will also become apparent from subsequent chapters, the parallel FDTD for distributed systems
requires regular communication of data between the parallel FDTD components or chunks [9]. This
communication enforces processing synchronisation of the parallel FDTD components between each
iteration cycle.

Cluster computing platforms such as the “Beowulf cluster” originated from a need to provide a low
cost HPC platform for the parallel FDTD method. The first Beowulf clusters consisted of several off-
the-shelf servers connected together via high speed ethernet connection [5] and could provide
performance equivalent to a shared memory computer costing 10 to 100 times as much [93]. It was
found that this cluster arrangement worked optimally for the creation of parallel FDTD
implementations of up to 30 servers [19]. The limiting effect of inter-process communication [119]
on the speedup of the FDTD was identified and formulated in 1994, with the use of a cluster of
workstations. A typical processing speed of a 3D FDTD model on 8 workstations in 1994 was
approximately 0.12 million cells per second (MCPs). It is noteworthy that although the performance
of the FDTD on the cluster architecture has improved radically since 1994, the programming
paradigm, and hence the deployment effort of the FDTD on a cluster using the Parallel Virtual
Machine (PVM) or (MPI) have not. From the aspect of investing money to build computing
algorithms, this would be highly desirable.

Larger implementations required better inter-processor communication and this was only possible
with the implementation of network interconnects such as the Infiniband network inter-connect
[75]. Although the introduction of ten GigaByte (GB) Ethernet not only improved the bandwidth
between processing cores compared to the one GB standard, it also reduced the average
communication latency by a factor of ten over the one GB Ethernet.

10
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Where the regular Gigabit Ethernet network connection is enabled via a regular OSI network stack,
the Infiniband has a dedicated communication protocol with a reduce protocol stack or structure
and therefore provides much lower inter-processor communication latency.

An implementation of the parallel FDTD on a cluster system using the MPI libraries [50] has shown
very close agreement between the results obtained from the serial form of the FDTD and the parallel
FDTD. This comparison is of note as the parallel FDTD implemented for this work uses a similar
deployment strategy.

The NUMA approach has been implemented on 7000 cores of the Tainhe-1A supercomputer, a
computing platform that consumes 4MW of power and has a staggering 229,376 GB storage [131].
The FDTD with MPI on the Tianhe-1A has achieved an efficiency of 80% on these 7000 cores [131],
although theoretical rating of FDTD computing speed in Millions of Cells per second is not available.
In terms of scaling it is also interesting to note that the FDTD was only implemented on a fraction
(7000 cores of the 112000) of the Xeon cores available. In addition to this the Tianhe-1A has 7000
GPUs, none of which were deployed for the FDTD simulation.

A good entry point to deploying an application on the Bluegene/P supercomputer is by Morozov
[83], despite this publication not being specifically directed at the FDTD. It makes the programmer
aware of all the features available for the FDTD application and gives an insight into FDTD specific
concerns such as the memory latency between nodes.

The FDTD has also been implemented on GPU clusters [28, 129], a configuration of several GPUs
being controlled by a host processor. The nature of the FDTD deployment is also different from the
task parallel oriented FDTD parallelisation on multicore clusters in that the parallelisation is done on
a data parallel basis.

2.4.2 UMA (Uniform Memory Architecture)
Example: SUN M9000, Intel Nehalem with Quick Path Interconnect(QPI).

Commercial High performance Shared Memory systems from SUN Microsystems have been around
since the early 1980s and have been extensively used in industries such as Seismic Data Processing
[28, 29]. As all the processes in a UMA device use the same program address space, the inter-
process communication required by the FDTD can be reduced to the movement of data pointers in
memory [10, 12]. The schematic in figure 2.2 illustrates the relationship the processors have with the
memory in a UMA, or shared memory system. This greatly reduces the inter-process communication
latency and allows many processing cores to be included in the one address space. Although this
architecture allows the component processors to communicate so effectively via the memory it is
unfortunately not possible to continuously add compute cores, owing to the physical restrictions
such as pin availability on memory chips. To this end Shared Memory Processors are tied together by
a functionally transparent memory fabric called the memory interconnect.

11
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Processor

Processor —_— Memory —_— Processor

Processor

Figure 2.2: Simplistic view of the Uniform Memory (or Shared Memory) Architecture

In order to facilitate the rapid development of programming of parallel application on shared
memory platforms, the openMP application programming interface (APl) was devised by a collection
of hardware and software vendors. The openMP API works on the basis of compiler directives that
will allow the work performed by programming loops to be shared (or spawned) between several
programming threads [140].

The MPI based parallel FDTD implementation, created for the NUMA environment [9], performs
equally well on (Unified Memory Archtecture) UMA platforms. The MPI definition has created a
special operating mode where inter thread communication happens only in memory, known as
Nemesis mode [10].

The FDTD has been deployed on UMAs using the openMP threading library, the PVM [48, 119] and
the MPI by several institutions. This indicates that the parallel implementation on the UMA platform
is @ mature technology as is illustrated by the speedup of the FDTD on an Shared Memory Processor
(SMP) platform dating back to the year 2000. An example of FDTD performance [41] on an earlier
SMP platform using eight Silicon Graphics processors achieved a peak FDTD throughput of
approximately 2.6 million cells per second.

The inter-processor communication latency of clustered NUMA systems has been reduced to values
that will allow a distributed system architecture to behave as if it were a UMA. The Quick Path
Interconnect (QPI) technology used by Intel will allow a collection of discrete processing nodes to
use physically distributed memory integrated circuits to be accessed as one unified address space.
Although each multicore processor is attached to its own physical memory via the input-output
handler, an interconnect fabric is provided by the multiple links between the processing cores and
the memory by several QPI links.

Although highly successful, earlier implementations of the FDTD on Distributed Shared Memory
Processing platforms [41] were limited in the performance they could achieve by the inter process
communication latency and memory access bottle-necking. The latency problem can be greatly
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reduced with the use of multicore technology using the QPI fabric as an interconnect, as will be
shown later in this work.

2.4.3 Acceleration devices
Example: GPU, GPGPU, FPGA (custom hardware), Intel Phi

Two of the main reasons why the parallel FDTD has not been implemented more frequently on
supercomputers or other HPC platforms are that these devices were originally very expensive and
very inaccessible to the average academic. Accelerator devices include Intel’s 8087 maths co-
processor, which is one of the earlier examples of an acceleration device used in conjunction with
algorithms running on an associated processing system, in this case Intel’s 8086 line of processors.
The functionality performed by the 8087 co-processor was eventually migrated onto the main
processing circuit and this process appears to be repeating itself in that the functionality provided by
accelerator cards such as the GPU is being migrated onto the die of the microprocessors IC. The
introduction of the APU, or Fusion technology (an AMD trademark term), integrated circuit bears
witness to this. Figure 2.4 shows the relationship between the host processor and the accelerator.
Note that the accelerator may have its own dedicated memory.

Memory

Accelerator

Memory —_— Processor

Figure 2.4: Accelerator (example: GPU or secondary processor) attached to host processor.

GPUs are breaking through this cost and availability barrier by providing off-the shelf High
Performance Computing solutions for less than the price of a conventional computer workstation.
Similar experiments were conducted using small clusters of Transputers [22, 23] which, although
being as cheap as GPUs are today, were limited in memory allocation per Transputer, and were
prone to long communication latency between the Host and the Transputer array.

One of the first mentions in the academic literature of a GPU like device used for the processing of
the FDTD [42] is the Associative String Processor (ASP), an SIMD device used for graphics
programming incorporated in the early DEC VAX of 1993. The ASP was configured as co-processor to
a host machine and was therefore used as an accelerator board in the same way as an off-the-shelf
GPU. Even the description of the SIMD processing performed on the ASP is very similar to what is
performed on the GPU [42].

There are two main approaches to implementing the FDTD for the GPU. Although both of these
approaches use a data parallel approach as a basis for the parallelisation, they are entirely different
programming paradigms [116, 25]. The original FDTD implementations for the GPU involved the
coding onto the graphical hardware directly, also referred to as the graphical pipeline model [91].
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GPU programming is a different programming paradigm when compared to the paradigm used for
the conventional CPU architecture. Programming on the GPU [121] in this manner allows direct
interaction with the graphical pipeline functionality provided by the GPU.

The alternative method has been termed GPGPU by the computing industry as it uses a more
conventional computing model incorporating compute cores, registers, and shared memory (cache)
to parallelise the data. The GPGPU approach to parallelise the FDTD has been used for this work.

Since starting this work the volume of detail available for FDTD implementations on GPUs has
increased at an enormous rate. The term GPGPU has emerged to describe GPU applications that are
directed at processing numerical algorithms more efficiently and are not always concerned with the
graphical output used in the visualisation of these algorithms, as the use of the term GPU would
suggest. The website www.gpgpu.org has been established as a central resource for web user access
to GPU related information concerning the programming of numerical algorithms.

The deployment of the FDTD algorithm on the GPU has been described in several publications [116,
117, 27, 44] and involves the decomposition of the multidimensional FDTD grid into a format
suitable for processing as a Single Instruction Multiple Thread (SIMT) based algorithm on the GPU.
Many FDTD deployments for the GPU are implemented on an NVIDIA platform using the CUDA
interface and this has special significance regarding the objectives of this thesis. The question needs
to be asked as to why these FDTD implementations have been built predominantly with CUDA as
opposed to some other interface. Intel Corporation is currently the world leading GPU supplier and
AMD also produces High Performance GPUs, but the implementation of the FDTD on the platforms is
minimal in the academic literature. How can the lack of academic literature on the FDTD deployment
on an Intel or AMD GPU be meaningful in the comparison of the FDTD deployment on other HPC
platforms? The answer to this is directly related to the availability of CUDA GPU implementation
examples, CUDA development forums and easy to understand documentation, something not
available for the other GPU development platforms at the onset of the GPGPU development
revolution.

Although a description of GPU based FDTD implementations has been presented in various
publications, the publication by [27] is of particular note as it addresses the implementation of
various PML by the GPU. The implementation of the boundary conditions becomes particularly
complex when one mixes arrays and this publication illustrates a solution to the complex coding by
using boundary calculations that are independent of the calculations of the main grid.

The Field Programmable Gate Array (FPGA), an integrated circuit designed to be configured by the
programmer, has also been considered as an accelerator for the FDTD method [114, 57, 58, 59]. The
FPGA is a Field Programmable Gate array, a hardware board that allows the software configuration
of hardware directed at performing mathematical algorithms. The FPGA are configured as
accelerator boards to the host computer, usually via a PCl bus. Similar to the manner in which the
GPU is used as an accelerator, the FPGA implemented FDTD process experiences data
communication bottleneck problems [122] when communicating with the host, when performing
FDTD operations distributed across the host and the accelerator. These devices have a large cost of
development and are also relatively complex to program. Although speed-ups of up to 22 and 97
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times the speed of a conventional PC have been recorded [57], these are all for very small FDTD
datasets in the order of several thousand grid points [59].

Contemporary processors such as the Haswell by Intel, or Pile Driver by AMD, have been customised
for high performance numerical processing with the inclusion of customised hardware facilities such
as the Fused Multiply Add (FMA) [141] and the Advanced Vector eXtensions (AVX) [99] on the
processing die. In the case of the AVX, FMA, or SSE, these devices are programmed in a data parallel
sense.

2.5 Summary

A review of the deployment of the FDTD method on high performance computers is not a review of
the FDTD technology alone. The cost-performance advent of HPC since the start of the 21*" Century
allows the FDTD to be considered as a solver for large electromagnetic problems. FDTD solvers that
used to run for several days a decade ago now run in just a fraction of that time. FDTD problem sizes
that used to be considered phenomenally large, such as processing model sizes in billions of cells,
are now being considered as mainstream. Compared to the frequency domain solvers such as FEM
and the MOM method, the FDTD has been considered as a “brute force” approach [116] to
modelling electromagnetic scenarios, and although this still holds true, the low cost/performance
aspect of HPC will allow the FDTD to be deployed with less consideration for the computing cost and
time.

In this chapter, the parallel FDTD method for electromagnetics has been reviewed according to the
basic architecture that it has been deployed on. Although these were well defined architectures ten
years ago, the advent of the new processing platforms such as the multicore processor, GPU, and
customised processor functionality (such as the SSE) allow the architectures described in this chapter
to be combined into hybrid processing platforms, such as the Accelerated Processing Unit (APU) and
the Cluster designated Blade processors. Although it may be convenient to express the different
parallel deployment styles as task parallel or data parallel, contemporary parallel FDTD
implementations are a mix of both data and task parallelism.
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Chapter 3

3 The FDTD algorithm
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3.3 The FDTD modelling scenarios
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3.8 Computing languages and APIs
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3.10 Estimate of the parallel FDTD coding effort
3.11  Summary

3.1 Overview

There are many different techniques and methods to calculate or model the electromagnetic (EM)

field. For the full-wave modelling of electromagnetic problems, there are three primary techniques,

all of which use Maxwell’s equations to determine the behaviour of the electromagnetic field [7,
108]. These are:

1)

The FDTD method, based on a finite differences approximation of Maxwell’s equations. The
computation is performed on a regular lattice of electric grid values offset by one half a grid
spacing from the magnetic grid values. The FDTD is a time domain based CEM solver.

The Finite Element Method (FEM) is a computational method used to find approximate
solutions to differential equations. Unlike the FDTD which requires a rigorous rectangular
computational cell structure, the FEM method can accommodate a variety of differently
shaped gridding base structures.

The MOM (or Boundary Element Method) is a system for solving Maxwell’s equations in
integral form; usually as a boundary integral [2]. It requires the calculation of boundary
values only and does not need to compute the entire modelling space as with the FDTD. The
MOM method usually operates in the frequency domain.

In the context of an EM simulation, these methods are part of a solver or computational stage of the
simulation as was identified in the foundation days of the FDTD method [90]; that is, the electro-
magnetic modelling process requires that the following three actions be performed:

1)

The input to the simulation requires the establishment of a modelling scenario indicating the
dimensions of the object to be modelled, and the configuration of details such as
conductivity, susceptibility, establishment of boundary conditions, and electromagnetic
sources.

The computation of the modelling scenario or solution, also known as the solver or
computational engine. A major thrust of this work is the comparison of the deployment
effort using FDTD as the model solver on a variety of High Performance platforms.
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3)  Visualisation of the output from the solver. A vitally important aspect from the functional
sense in that it is required to visualise the massive numerical output from the solver and also
because it can generate a large amount of computing load.

3.2 Maxwell’s equations

The two Maxwell curl equations describe the physical behaviour of electromagnetic waves passing
through free space and their interaction with physical matter [7]. Although the principle equations
used in this work have been formulated by Maxwell, it should be noted that other contributors of
that period, such as Faraday, Ampere, Gauss, Coulomb, and Lorentz, [145] established the
foundations for the formulation of Maxwell’s equations.

Maxwell’s fundamental curl equations [3] describing the behaviour of electric and magnetic waves in
an isotropic, nondispersive, and lossy material are:

0H 1 1 *

a_t:_,l_lv XE—;(Msource"i' 0" H) 3.1
JE 1 1

E = Ev X H - EUSOU,T'C@ + O-E) 3.2

where:

Jsource and Mg,,ceare independent sources of electric and magnetic energy
o is the electrical conductivity

o* is the equivalent magnetic loss

W is the magnetic permeability

€ is the electrical permittivity

tis time

For the FDTD implementations undertaken in this thesis the coefficients o, 6*, Y, and g, are assumed
to have constant values. Lossy dielectrics may be described over a band of frequencies [156, 157]
and the representation of these coefficients by a complex term may contribute additional
computational load.

To devise a solution for these equations using the FDTD method, a model structure is discretised
over a three dimensional computational volume [1, 47]. The continuous partial differential equations
of 3.1 and 3.2 are calculated using a centred finite differences approximation for the time and space
variation [3]. A spatial convention for the formulation of these approximations is made according to
the schematic cell structure shown in figure 3.1. The entire computational volume is comprised of
these cells.
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Figure 3.1: Magnetic and electric cell conventions in the Yee cell [Reproduced from Wikipedia].

It is by convention that the electric and magnetic field components are offset by one half of a cell
spacing as shown in the two dimensional arrangement of electric and magnetic vectors of the TE
field in figure 3.2 below. The electric field values are in the plane of the page and the magnetic field
vectors are pointing into the page:

Yy —O—0—0-
i | ot

| ot

Field 1
-— @
Vectors E, E H
Figure 3.2: The Half-cell offset of magnetic and electric cells in the Yee lattice.

Using the coordinate convention as shown in the figures 3.1 and 3.2, the electric and magnetic field
equations 3.1 and 3.2 can be expressed as a system of three dimensional finite difference equations
[3] as:
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The formulations comprising equation 3.3 can then be easily encoded into higher level computing
languages such as C, Python, or Fortran.

3.3 The FDTD modelling scenarios

The serial FDTD has been converted into parallel form on several different high performance
platforms for this work. The following two electromagnetic scenarios were used to compare the
deployment effort between the different platforms. This was done not only to keep the amount of
coding effort used in converting from one platform to another approximately the same, but also to
validate the correctness of the serial and parallel FDTD implementations.

3.3.1 Scenariol

The two dimensional model shown in figure 3.3 below is of a rectangular area with a wire as a
source, shown as a small circle on the left hand side, passing through the area perpendicular to the
page. A conductive solid circular cylinder, also perpendicular to the page, has been modelled on the
right hand side of the rectangular cavity. The rectangular shaped area is surrounded by an absorbing
boundary, which is not shown. Various shaped current waveforms such as a Gaussian pulse, or a
continuous sine wave, are transmitted by the source wire. The rectangular cross is a fictitious
template indicating which data values are involved in the calculation of a single Yee cell, also
referred to as a computational stencil. Each dot in the area shown in figure 3.3 is the centre of an
FDTD cell.

A set of grid points and the coordinate relationship
forming the calculation template
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Figure 3.3: A schematic representation of the model components used for the 2D FDTD modelling.
3.3.2 Scenario 2

For the three dimensional form of the FDTD, the 3D modelling space consisted of a cubic free space
cavity with a point source or dipole transmitter at the centre of the cube. The cube is surrounded by
an absorbing boundary area. The source is modelled using a continuous sine wave or Gaussian pulse.
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3.4 Cellssizing, algorithmic stability

The theoretical speed of an electromagnetic wave in the FDTD domain should not exceed the speed
of light in order to maintain computational stability when using the FDTD method. If the EM wave is
propagated in computational space faster than the speed of light, or conversely, the computed
spatial advance of the EM wave exceeds that of the grid spacing, then the algorithm will become
unstable. In programmatic terms this will result in nonsensical data being created, or a program
crash. Some authors have proposed formulations permitting the Courant limit to be exceeded [105]
although this does come with restrictions such as being able to calculate solutions for only one
frequency.

Instability is avoided by adhering to the Courant condition [2, 3], which can be expressed as equation
3.6; assuming Ax = Ay = Az :

where n is the number of the dimension and u is the velocity of propagation of the EM wave. In
practical terms it is best to operate the cell spacing at just underneath the Courant limit in order to
guarantee computational stability but limit dispersion. Although operating at a small time increment
may ensure stability, it may also lead to an increase in numerical dispersion [2]. Even though it may
be possible to operate exactly on the Courant limit, a minute increase over the Courant limit will
lead to numerical instability. There is also a risk of numerical instability introduced by floating point
truncation or rounding errors when operating exactly on the Courant limit.

The Courant limit may also be calculated using the formula 3.7 below, where c is the speed of light in
free space, and the Ax, Ay, and Az terms are the dimension of the Yee cell used for the modelling.

1 1 1 1
At < -

3.7
~ ¢ [lAx? + Ay? + Az?

3.5 Boundary conditions

To simulate an infinite or extended computational space while still limiting the computational
domain, boundary conditions need to be used to absorb the electromagnetic radiation.

The creation and the computational management of the boundary conditions are a critical part of
the serial and parallel FDTD simulation, owing to the physical significance and computational
complexity of what happens when the FDTD computation reaches the edge of the calculation grid
and boundary space. The computation of the FDTD cannot be simply terminated at the edges as this
will create computational artefacts owing to the incorporation of invalid values in the FDTD
computational stencil.
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If the requirement should be to simulate a space larger than that defined by the Yee lattice, then the
boundary conditions are required to absorb the electromagnetic radiation. The Absorbing Boundary
Conditions (ABC) conditions, initially defined by Mur [106], perform well with absorbing radiation
perpendicular to the boundary [2], but are less efficient when the radiation is oblique to the
boundary. The creation of boundary conditions by Berenger have resulted in the formulation of the
Perfectly Matched Layer (PML) and have culminated in a mathematical mechanism that is better
suited to absorb radiation oblique to the intersection between the main computational lattice and
the boundary lattice [107]. For this thesis the FDTD boundary conditions were implemented using
the original split-field Berenger PML [107]. Each electromagnetic vector field is split into two
orthogonal components. By choosing loss parameters consistent with a dispersionless medium, a
perfectly matched interface is created. The FDTD update equations in the PML boundary area need
to be modified to accommodate the new formulation and associated parameter values [2, 3].

From a computational aspect, the boundary condition can influence the parallel FDTD computation
in the following way:

1) Compared to the processing load of the main computational lattice the PML boundaries
require minimal processing load, as shown by the performance profile in table 3.2. The PML
boundaries require regular data synchronisation with the main grid for each iteration of
FDTD processing.

2) The coding of the PML boundary conditions using data parallelisation techniques is not
simple. The PML boundaries are calculations that are made in their own computational
lattice and share data from the main computational lattice. The flattening of the
computational arrays, as required for the GPGPU processing make this boundary and main
lattice alignment particularly prone to coding errors. It is critical to have a good data
visualisation tool to assist with the debugging when developing this form of software.

From the aspect of coding effort, the implementation of the split field PML was undertaken on all of
the computing platforms to gauge the relative effort required to implement the same algorithm on
every high performance platform. The coding effort for the implementation of the split field PML in
the task parallel sense with threading methods such as MPI

3.6 EM Sources and reflectors

The FDTD modelling process requires that the EM source is defined in terms of the following
attributes:

1) A physical size and shape approximation in space: in a manner very similar to the
approximation of the reflectors, or other artefacts in the modelling space, the physical
dimensions of the source are required to approximate the actual physical dimensions and
properties as closely as possible. The physical size of the FDTD cell must be conditioned for
the size of the source or reflector model so that the model can be represented accurately.
The approximation of a cylindrical source with a circular cross section by a rectangular FDTD
cell structures will lead to stair-casing, or sizing, discrepancies in the model surface, which
canin turn lead to a wide variation in modelled responses [20, 12].
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2) Maintaining control of the physical location of the source is important to some forms of the
parallel FDTD, such as those implemented in individual memory spaces using MPI. The
source must be available to a continuous modelling space even when the modelling space
has been divided into a series of individual chunks. Using the MPI threading will require the
correct positioning of the source structure in the appropriate program chunk or thread. The
openMP model in contrast does not experience this problem as the excitation of the source
occurs in a grid that is held in a single unified memory space and hence uses a single set of
coordinate indices to identify grid points.

3) The nature of the excitation of the source. This can be either by using a Gaussian pulse or a
sine wave as the input waveform shape, which in turn is dependent on the objectives of the
simulation.

3.7 Validation of the FDTD code

In order to ensure that the FDTD algorithm as used in this thesis is functioning correctly, the
electromagnetic far field of a vertical dipole antenna was calculated and the results compared to
those from a commercial electromagnetic modelling product. The commercial product used for the
modelling is based on the Method of Moments and is called Feko [137]. Results of the FDTD
modelling of the far field and the comparison to the commercial results are available in Appendix A.

3.8 Computing Languages and APIs

When comparing the parallelised form of the FDTD on different computing platforms one needs to
examine the suitability of the chosen language for the purpose of parallelisation and the portability
of that language to other computing platforms. It is common practice for software developers to
reuse computational frameworks and templates to create new computational solutions from
existing ones. The implication of this is that the experience gained by a large group of users of that
language can be transferred from other numerical discipline to the coding of the FDTD. A specific
example of this is the performance improvement achieved for the encoding of video using SSE when
used to enhance the run-time of the FDTD. Code fragments used to enhance the performance of
video encoding were adapted to the FDTD algorithm to speed up processing of the FDTD, as will be
described in section 5.6.

Although the serial form of the FDTD in Computational Electromagnetics (CEM) was originally coded
in Fortran [67], some early mention is made of implementations in C, such as a description on a
Transputer array [22], an early form of RISC based High Performance Architecture. The parallel FDTD
has been implemented on several different hardware platforms with a variety of computing
languages. However, applications written in C and C++ are portable across most architecture, allow
direct access to low level device architectures such as GPUs, and provide ample coding frameworks
from other disciplines. Python, a higher level scripting language allows parallel FDTD functionality
[68] on several platforms and provides easy access to high level functionality such as visualisation
products. Although customised language elements need to be created for Python to access to
specific hardware devices, such as GPUs, the language definition provides advantages over C++ by
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providing much simpler access to mathematical definitions such as complex numbers and arrays.

Python also provides integrated access to high end visualisation methods required to view the

resultant output from the FDTD.

The FDTD has been implemented on the Compute Unified Device Architecture (CUDA) supported
GPGPU quite commonly but recent publications listing FDTD deployments with openCL are
becoming more frequent. For this work an FDTD deployment was created with the Direct Compute
API from Microsoft, as will be described in section 5.9.

A summary of these different GPGPU interfaces and their applicability to the FDTD is given below:

1)

CUDA is the innovator in the development of numerical algorithms for GPGPUs, and as such,
has a competitive advantage over the number of systems deployed over other interfaces
such as open CL or Direct Compute.

The advantages are:

e  Fairly simple API

e Mature numerical library set such as Cublas, CUFFT

e First mover deployment in numerical algorithm market
e Bindings to many languages

e Excellent documentation

e lLarge user community

e Good language toolset such as profilers

e Regular performance and software updates

Disadvantages of CUDA are:

e For Nvidia GPUs only
e Longlearning curve

openCL also supports the implementation of FDTD code on GPGPU hardware [111, 112]
provided by different manufacturers, yet is much later in arriving on the scene than CUDA.
Although the fundamentals of the CUDA interface and openCL are quite similar, the openCL
is driven by C++.

The advantages of openCL are:
e Wide range of hardware supported. Not only Nvidia
e Same code can operate on both GPU or CPU

e (Can share resources with openGL
e (Can produce a single code set for the APU
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Disadvantages of openCL are:

e Not well supported by all manufacturers

e Lacks mature libraries and code examples/templates
e Very few language bindings

e Limited documentation

3) Direct Compute is an interface provided by Microsoft and works in conjunction with the
DirectX11 product suite on Windows platforms [113]. The only known FDTD implementation
using the Direct Compute Interface has been created for this work, although there are
earlier implementations using the DirectX graphics pipeline.

The advantages of Direct Compute are:

e Works on GPUs from most vendors using the Windows platform. Well supported by
manufacturers

e Direct access to graphics of the DirectX APIs

e Allows integration of single code set for both cores and GPU on APUs

Disadvantages of Direct Compute are:

o Very few examples for GPGPU
e Complexto code
e Few language bindings

Visual Basic is a Rapid Application Development (RAD) language designed by Microsoft for the rapid
prototyping of computing models. Although not a very efficient language when considering
numerical computations it is a versatile language that will allow the conversion of resultant FDTD
output into graphical formats and assist with the creation of FDTD models [66]. Visual Basic is very
useful to create numerical utilities, such as those that can compare three dimensional grids or
images. For this work the Visual Basic language was used to create utilities to compare data sets
during debugging exercises and also at times to do a quick visualisation of the FDTD results. In
particular it provided a tool to stitch together segments of images output from the parallel FDTD
deployments. The image composites were then numerically compared to the image results from the
serial FDTD. Visual Basic is also used as a scripting tool in some commercial electromagnetic
modelling products such as CST Microwave Studio.

Matlab is a higher level language that provides an integrated development, processing and
visualisation environment under the control of a customised operating framework. It is useful for the
development of FDTD-like numerical algorithms that can only be conveniently developed and
debugged with the use of some form of visual aid. Matlab makes use of a command interpreter that
has language elements specifically created for parallel or high performance functionality.

For most of the work described in this document algorithms have been coded in C or C++ as this
allows the portability of code between different platforms. It was also very convenient to implement
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compiler intrinsics in plain C as the documentation was geared towards this. A good example of this
is the implementation of the FDTD with SSE. Early implementations of the with SSE in x86 assembly
language embedded in the FDTD code were inefficient compared to implementing the FDTD with
SSE using compiler intrinsics. It is also simpler and quicker to code with compiler intrinsics than with
assembly language.

3.9 Performance profiling the serial FDTD

In order to convert the serial FDTD into a parallel FDTD it is necessary understand precisely which
part of the FDTD code was consuming the largest amount of processing time.

The serial FDTD process is made up of three discrete computational stages:

1) A serial processing stage consisting of a model preparation stage and other serial
functionality, such as process control and status messages. The preparation stage calculates
the initial FDTD modelling parameters and assigns the configuration of the calculation lattice
to memory.

2) The computation stage consists of the repeated iterations of the FDTD stencil over the
calculation lattice.

3) The output functions which save the resultant FDTD computations to disc for subsequent
visual post processing.

Although a visual inspection of the existing FDTD programs indicated that the bulk of the processing
effort would be taken up by the processing of the finite difference equations (equations 3.3 a-f) this
was confirmed by using a code profiling tool and also by manually profiling the FDTD code using
timing markers. The results of the profiling of the 3D FDTD code with a profiling tool are shown in
table 3.1 below. The function “Compute”, shown in table 3.1, is a function that will calculate the
FDTD finite difference equations and the FDTD PML boundary conditions and the profiler confirms
initial expectations that these would take up the dominant part of the processing time. The
processing time of the other components of the FDTD program, although small, are still relevant
when considered in the context of Amdahl’s law in described section 5.2. The consideration that
needs to be made with regard to Amdahl’s law is that even if all of “compute” functionality in table
3.1 below could be so highly parallelised that it took up zero seconds, further speedup of the FDTD
would be limited by the timings shown in the serial “non-parallelised” functions.

Name of 3D FDTD program function Time — micro S % Total Time
Compute — FDTD computations 126894.384 99.80%
Dipole — create source model 0.021 0.00%
setup — setup initial values 0.673 0.00%
Initialise — reserve memory 192.594 0.20%
main 0.006 0.00%

Table 3.1: Results of time profiling the constituent functions of the 3D FDTD with a profiling tool.

The results of manually profiling the 2D FDTD code correspond very much with the 3D FDTD, results
for which are shown in table 3.2 below.
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3.10

Total run time of FDTD program 1520s 100%
Time consumed by FDTD difference equations 1499s 98.62%
Time consumed by calculating FDTD boundaries 20s 1.32%
Start-up time before FDTD 1s 0.06%

Table 3.2 The profiling of the 2D FDTD using manual timing marks.

Estimate of the parallel FDTD coding effort

The effort required to convert the serial FDTD program into parallel FDTD program on a specific

platform is subject to factors such as the experience base of the personnel doing the deployment

and the technical information available for that specific platform. These deployment factors listed

below are specific to the platforms evaluated for this thesis and are summarised in table 3.3. The

deployment factor has been ranked in the range from 1 to 10, in the sense that a lower score

contributes towards less coding effort.

The coding effort is subject to the following:

1)

2)

3)

4)

The size of the user community for the target platform

A larger community is seen as a positive. The size of a user community for a specific coding
platform creates its own source of self-help and discussion. Good examples of these are the
user forums for Intel, AMD and NVidia processors.

User Rank: 1 Large community, 10 Small community.

Maturity of the technology

Later versions of one type of technology have a development precedent and require less
work to optimise. An example of this is the development of the SSE standard on the Intel
and AMD chipset which was previously only accessible using inline assembly language. The
subsequent release of SSE compiler intrinsics makes the task of building FDTD applications
with SSE relatively simple. The number of releases a platform has evolved through is also an
indication of maturity.

Maturity Rank: 1 Mature, 10 Immature.

Availability of Computing Platform

One of the aspects that makes the discrete GPU so appealing as an HPC platform is not only
its price-performance aspect but also that it can be accessed at will from the convenience of
one’s PC. Sharing a resource such as a GPU cluster can be a difficult task as usage by others
may make the development of programs a long process.

Avail Rank: 1 High availability, 10 Low availability.

Coding precedent in the form of coding templates from other disciplines
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Coding examples from one computing discipline can be reused in another. An example of
this is the use of the SSE to accelerate the FDTD process, as described in chapter 5. The SSE is
quite commonly used in video compression algorithms and closer examination of how it is
achieved yields some good examples of SSE usage that can be implemented for the FDTD.
Precedent Rank: 1 Good precedent, 10 No coding precedent.

5) Documentation

With regard to the information available for the deployment two examples are given that
illustrate the effect this has when optimising the FDTD formulation. An example of good
documentation is given by Nvidia’s arsenal of clear examples and easy-to-read manuals, all
geared towards the programmer being able to achieve his objectives on the GPGPU
platform. The other end of the spectrum is the documentation for the Bluegene/P for which
the availability of information may best be expressed by an example. This example is the
Wikipedia definition of the IBM PowerPC 450 used in the Bluegene/P. The quote reads:

“The processing core of the Bluegene/P supercomputer designed and manufactured by IBM.
It is very similar to the PowerPC 440 but few details are disclosed.”

Doc Rank: 1 Good documentation, 10 Lack of documentation.

6) Orthodoxy

The parallel FDTD code threads implemented with MPI and openMP threading libraries are
very similar in coding structure to the serial form of the FDTD. The code implemented for the
GPU is a vector based data parallel code that can be difficult to follow when compared to
the serial form of the FDTD, i.e. it is not structured in a conventional or orthodox coding
style.

Ortho Rank: 1 Orthodox, 10 Not Orthodox.

Platform User | Maturity | Available | Precedent | Doc Ortho Total
Bluegene/P 5 2 2 3 7 3 22
M9000 5 3 2 3 6 3 22
Cluster 1 2 4 1 5 3 16
GPGPU 3 6 1 4 5 8 27
Multicore 2 1 2 1 3 2 11

Table 3.3: Factors influencing the coding effort of the FDTD

Based on the deployment effort summarised in table 3.3 an FDTD like algorithm is most readily
deployed on a multicore chip and its derivations, such as the cluster computer. A coding deployment
of the FDTD on a GPU is much more involved than on a multicore architecture, and this is reflected
as the GPU being ranked as the fifth, and most onerous deployment.
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3.11 Summary

The FDTD method is a finite differences approximation of Maxwell's equations and its highly
repetitive algorithmic structure make it ideal for deployment on a High Performance Computing
platform. Careful management of the stability and boundary conditions of the modelling domain
allow the FDTD method to be used in one, two or three dimensional form.

The present FDTD implementation of the electromagnetic far field emanating from a dipole antenna
corresponds well with an equivalent formulation using FEKO, a commercial product using a Method
of Moments modelling approach.

The profiling of the serial FDTD code shows that the greatest computational load in the FDTD
algorithm is being incurred by the update of the electric and magnetic field equations. This identifies
the electric and magnetic field update equations as being good targets for parallelisation. The effort
used to code the parallel FDTD has been estimated using factors such as maturity of technology,
documentation available, and the conventional nature of the FDTD algorithm. From this it is
determined that the multicore platform requires the least effort to code the parallel FDTD.
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Chapter 4

4 Architecture of HPC systems

4.1 Overview
4.2 Hardware architectural considerations
4.2.1 The processing engine
4.2.2 Memory systems
4.2.3 Communication channels
4.2.4 Hyper-threading (HT)/Symmetric Multithreading (SMT)
4.3 Examples of HPC systems
4.3.1 Discrete GPUs
4.3.2 Accelerated programming units APUs
4.3.3 SUN M9000 shared memory processor
4.3.4 Intel multicore at the Manycore Test Lab
4.3.5 Nehalem and Westmere cluster computer
43.6 IBM’s Bluegene/P
4.3.7 Intel’s Many In Core (MIC) processor

4.4 Other considerations
4.4.1 Power consumption
4.5 Summary

4.1 Overview

This chapter describes the hardware characteristics of the High Performance Computing (HPC)
systems used to deploy the parallel FDTD for this thesis. The architecture of each system is analysed
from the perspective of the FDTD implementation.

Most numerical algorithms are very closely related to the hardware that they are deployed on. It is a
maxim that hardware and software evolve together in iterative steps, as is reflected by the increase
in computing capacity of the personal computer hardware and software since the early 1980s. This
also applies specifically to the parallel FDTD which requires extremely large hardware capacity and
computational power to make the operation of the FDTD viable [69].

An examination of the components of a high performance computer system is necessary to identify
the elements required by the parallel FDTD and this is the objective of this chapter. To understand
how these individual serial components are transformed from a traditional processing mechanism to
a high performance processing device requires a decomposition of the computing devices. The
reasons for this are:

1) To identify the relationship between HPC components and understand how these in turn
relate to the implementation and performance of the FDTD. A typical example of this is the
manner in which the FDTD performance is affected by correct memory coalescence of
Graphical Processing Unit (GPU) threads [87].
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2) To analyse the evolution of architectures within the computing devices as this may have a
profound effect on how the FDTD is programmed. An example is the adaptation of the FDTD
to using the Streaming SIMD Extensions (SSE) or Advanced Vector eXtensions (AVX) in a
processor and describing the implication of how the change in the AVX will affect the
processing performance of the FDTD. This will be discussed in some detail in chapter 5.

4.2 Hardware architectural considerations

In the context of the parallel FDTD and High Performance computing, the computer hardware is
made up of three main functional components:

1) The processing engine/compute engine.
2) The memory associated with the processing engine.
3) The communication channels connecting memory and processors elements.

An analysis of the computing hardware used for the parallel FDTD would not be complete without
some description of the basic building blocks that make up the platform. The FDTD literature is
strongly influenced by marketing forces, and the description of features such as GPU processing
power can be misleading where the implementation of the FDTD are concerned. The provision of
many cores for the processing of graphical algorithms may be very appealing as a first impression,
but for the FDTD one needs to consider:

1) That these GPU processing cores have a reduced instruction set when compared to the
conventional CISC instruction, and hence a reduced capability.

2) Many cores require a sufficient supply of data to process at full capacity and this requires a
consideration to be made for adequate memory bandwidth and latency.

This is not meant to put the GPU in a disparaging or contentious light but serves as an example that
a simple comparison of numbers describing the hardware characteristics tells only part of the
processing performance story. It is also not enough to generalise about the characteristics of the
HPC platform at large, such as GFLOP or other speed ratings, as such a performance rating will
change from one type of algorithm to another [83]. As an example consider two different algorithms
being processed on the GPU, an algorithm such as Monte-Carlo simulation requires no
communication between the processing cores, or a constant supply of data from memory to the
cores, whereas the FDTD requires both [97].

It is also relevant to the FDTD that HPC hardware is constantly in a state of improvement. The
inclusion of Fused Multiply Add (FMA) [142] and Streaming SIMD Extensions (SSE) facilities in
conventional Complex Instruction Set Computing (CISC) processors show the ability of processor
manufacturers to adapt the hardware design to HPC requirements. The development of computing
hardware is now in a phase where one can no longer identify simplistic architectures, such as the
single serial compute cores used by older Beowulf cluster nodes, which have been replaced by
multicore processors in contemporary versions. There is a similarity in the architectural structure of
the larger HPC systems such as the Bluegene/P, SUN M9000 and the cluster computers in that the
compute codes are made up of multiple closely coupled multicore processors, as shown in table 4.0.
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Compute Number of Total number of
. . Inter-node
System Node Processors on physical cores in Connection method
description Compute Node 1 Compute Node
M9000 cmu 4 16 Interconnect (SUN)
Bluegene/P Node Card 32 128 Interconnect (IBM)
SUN Nehalem Blade 6275 4 16 Infiniband

Table 4.0: The use of Compute Nodes in large HPC computers

The implication of this similarity is that in order for the FDTD to achieve good performance on an
HPC system, good data bandwidth and low latency data communication is required between the
multicore processing cores and the associated memory. The memory latency is the time required by
the processor to access a section of data for reading or writing. It is a measure of how quickly the
communication and memory medium is required to complete a data access request. Communication
latency can be measured in a variety of ways, such as with a Ping-pong program [98], or according to
a method described as IEEE RFC2544 [98]. Figure 4.0 shows which components of the
communications stack [123] are involved in calculating the latency for an FDTD data exchange. The
measurement of latency will depend on several sub-systems in the Open System Interconnect (OSl)
[123] communication stack as is shown in figure 4.0.
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Figure 4.0 Communication latency experienced by two FDTD chunks as the data passes through the
OSl stack using an ethernet connection.

Short communication and memory latency between processors needs to be one of the central
requirements when considering the hardware to process the parallel FDTD. A consideration to be
made when analysing the hardware is not just to examine components individually but also how
they communicate. One of the objectives of this thesis is to distinguish between the different
platforms that support the FDTD, and the examination of processor interconnectivity is one of these
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aspects. The comparison is not simple as communication functionality provided by the close
collaboration of the processing components in devices such as an Accelerated Processing Unit (APU),
cannot be expected to be reproduced for larger systems using discrete processor and memory

interconnects.

By examining the memory to processor latency, and processor to processor communication latency,
the latency can restrict the processing performance achievable by the parallel FDTD algorithm, as is
schematically shown in figure 4.1. Although the length of the arrows showing the elapsed time of
the computation and latency sections are not proportional to actual timings, they do serve to
illustrate that for the FDTD the latency penalty is incurred during a synchronised event between the
computational stages on different processing threads. Therefore, if the latency can be reduced, then
the efficiency of the process can be improved. There are two main categories of latency that have an
effect on FDTD performance. One is the latency inherent in inter-process communication, as is
shown in the ping pong test schematic of figure 4.0 above. The other source of latency is the time
required to communicate with physical devices, such as memory components.
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Figure 4.1: Latency in the parallel FDTD process.

4.2.1 The Processing engine/ the Compute engine

The processing engines used for the parallelisation of the FDTD use processor architectures varying
from the Reduced Instruction Set Computing (RISC) based GPU core to the CISC based Nehalem Xeon

5570 multicore CPU.

There is a trend in contemporary processors to incorporate more high performance computing
elements on the processor die. An example of this is the incorporation and extension of the vector
processing capability provided by SSE and AVX [99] and specific arithmetic logic such as the Fused
Multiply Add (FMA) in the “Ivory Bridge” series of processors by Intel. Multicore CPUs form the basic
building block of most supercomputers as is shown in table 4.1.
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Configuration Type of Multicore IC Number of cores Release Year
Beowulf Cluster Intel E2140 2 2007
Bluegene/P PowerPC 450 4 2007
SUN M9000 Sparc 64 VII 4 2009
Nehalem Cluster Intel Xeon 6550 8 2010
Cray XK6 AMD Interlagos 16 2012
Intel Knights Corner/Intel Phi 50 2013

Table 4.1: The increase in the number of physical cores on a processor with time.

The table shows the number of cores on a processor die is increasing with time. If one follows the
trend shown in table 4.1 then Intel’s Knight’s Corner would potentially be a good candidate as a
building block for a supercomputer, as it has 50 processing cores. Supercomputers such as the Cray
XK6 and the Chinese Tianhe A1l project are using processing engines made up of a hybrid
configuration of multicore and GPU processing engines. The GPU processing engines are configured
as accelerators to the multicore processing engines.

4.2.2 Memory systems

The memory available for FDTD processing can be classified according to its speed of access and
capacity. Memory performance is generally defined in the following terms:

1) Latency; the delay in reading and writing the memory by the processor.

2) Bandwidth; this is the rate at which data can be written to or from a memory IC by the
processor. The maximum theoretical bandwidth is calculated by multiplying the memory bus
width by the frequency it can transfer data at. This maximum theoretical throughput cannot
usually be sustained and is only an indication of peak bandwidth.

3) Memory channels; in order to alleviate the access of memory via one memory channel,
several memory channels may be used. This has been common use in server technology for
some time and since 2007 has been available on off-the-shelf motherboards. Although the
memory is accessed via one memory controller, several channels of memory can be used.
The Blade servers used in the CHPC’s cluster computers provide three physical channels of
memory to each CPU.

In this thesis we make use of the following types of memory:
4.2.2.1 RAM/DRAM/SDRAM/DDR/GDDR/SRAM

The term Random Access Memory (RAM) is used quite generically in that it describes most types of
memory where the data may be accessed for reading and writing in any order. Dynamic Random
Access Memory (DRAM) supplies the data to the system bus in an asynchronous sense. In physical
terms the DRAM is RAM memory that stores each individual bit in a capacitor, which requires
constant refreshing as the charge dissipates (leaks).
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Synchronous Dynamic Random Access memory (SDRAM) is DRAM that is synchronised with the
system bus and affords lower memory latency than DRAM. The clock synchronisation allows the
more efficient use of pipelining instructions and data and hence exhibits lower memory access
latency than DRAM.

The term DDR (Double Data Rate) is used in conjunction with SDRAM to identify a memory that
operates at twice the data rate of the conventional SDRAM, and has twice the bandwidth. DDR3 and
DDR4 are higher speed versions of the DDR memory.

The Graphic DDR (GDDR) is a type of DDR memory adapted for graphics processing in that it provides
better memory bandwidth to the processing unit. The GDDR5 uses less power than DDR3 and will
allow sections of the memory to be assigned to different physical memory channels, and hence
specific processing cores within a multicore, Many In Core (MIC), or graphics processor.

4.2.2.2 Cache memory

This is used as an intermediate memory staging area in moving data to and from the processing
cores. It reduces the average time to access the DRAM by storing frequently used copies of data in
closer functional proximity to the core. Cache memory has much lower access latency than DRAM
and a rule of thumb for game programmers holds that the access latency of cache memory is nearly
1/10™ of DRAM [33]. There is a sub-classification of cache memory, as data is cached in several levels
of cache, i.e. Level 1, Level 2, etc. Access to the cache memory is usually controlled by the operating
system.

The programming overhead and skill required to use the cache memory levels programmatically is
much larger than the use of programming data access to DRAM. Cache memory can be very useful
when alleviating the data bandwidth and latency bottleneck while transferring FDTD grid data to and
from the processing core [100]. The use of the multilevel cache mechanism can be used to hide the
longer latency incurred by accessing the DRAM.

The cache is Static RAM (SRAM), a RAM based on the switching of Integrated Circuit logic. SRAM is
different from DRAM in that it does not need to be refreshed at every clock cycle. The use of SRAM
is commonly associated with the use of Field Programmable Gate Arrays (FPGA) as this type of
memory is used to store the FPGA’s configuration data. SRAM has lower access latency than DRAM,
it consumes less power, but is more expensive. A typical processor’s cache memory is usually made
up of SRAM. In GPUs, cache memory is also referred to as shared memory.

The cache system used by a multicore processor needs to be cache coherent in order to achieve
good performance. That is, some data may be available as several copies in different caches on a
multicore processor. Changes to one copy in one cache need to be propagated to other caches and
this is referred to as cache coherence. The cache coherence should not disrupt the process flow.
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4.2.3 Communication channels

The technologies that provide the communication channels between processors can operate at a
variety of speeds as listed in table 4.2. The entry of the DRAM at the bottom of the table is a
reference value to compare the latency and bandwidth achieved by the communication of the
processor directly with the memory.

Network Type Latency Bandwidth
Ethernet [76, 77] 1 Gbit 30-125 us 1 Gbit/sec
Ethernet 10 Gbit 5-50 us 10 Gbit/sec
Infiniband [75, 77] QDR 3-15 us 2.5 GByte/sec
Infiniband [Mellanox] FDR 1us 2.5 GByte/sec
Interconnect Gemini (Cray) 105-700 ns 8.3 GByte/sec [74]
Interconnect Jupiter (SUN) 258-498 ns 737 GByte/sec
Interconnect Torus (IBM) 3-7 us 380 MByte/sec
Integrated Interconnect QPI (Intel) 40-60 ns* 32 GByte/sec
Memory [5] DRAM 3-10 ns 3-10 GByte/sec

*processor dependent
Table 4.2: A comparison of the latency values for some memory and communication systems.

The network topology is a description of how the processors in a multiprocessor system are related
[75]. The topology can be described in a physical and logical sense. The manner in which processors
are spatially related is the physical topology. The logical topology is the relationship of processors as
defined by the parallel FDTD program. As an example, two parallel FDTD program threads
communicating data between each other are considered to be neighbours according to the logical
topology, but in the physical sense may be resident on cores in different nodes of a cluster
computer, i.e. they are not neighbours in the physical topology.

At the Centre for High Performance Computing, which kindly provided the use its supercomputers
for this project, all programs are submitted for execution as a MOAB [148] job. MOAB is a scheduling
system used to optimise the use of programs run on its supercomputers. Apart from some limited
configurations for the Bluegene/P, the job scheduler does not allow the assignment of a physical
topology. Although the assighnment of a physical network topology which mirrors the logical topology
does show an improvement in the performance [54] of the parallel FDTD deployed when using MPI
on a cluster computer, this could not be implemented for this thesis owing to the abstraction
provided by the job scheduler.

The parallel FDTD is deployed on two types of topology in this thesis:

1) The parallelisation of the FDTD on a peer system; the parallel FDTD program is implemented
on a collection of processors or cores which use one or more of the communication channels
described in table 4.2. Examples are the Bluegene/P and cluster computer. Each processor in
the computing system behaves as a peer in that system.

2) The parallelisation of the FDTD using accelerators; communication between the host
processor and the accelerator takes place over a communication bus, such as the Peripheral
Component Interconnect Express (PCle) bus. This is also known as asymmetric processing,
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which entails that the dominant component of the processing is to be performed on the
accelerator itself. The first mention of the FDTD being deployed in parallel using an
accelerator board, is from an implementation on a network of Transputers [22, 23]. The 50
core multiprocessor known as the Intel Phi, to be released in 2013, is also to be configured
for use as an accelerator card.

The FDTD is implemented using one of the following types of communication mechanisms:
4.2.3.1 Infiniband

The Infiniband system is a switched communication system that can operate at a network latency of
up to 100 nanoseconds and achieves a bandwidth of around 2.5 Gbit/s. The network topology is a
switched fabric where compute nodes are connected via a system of high speed switches.

Infiniband operates on a proprietary protocol communication stack that offers good scalability with
respect to the number of nodes connected to the switched fabric, i.e. a system of network switches
as is shown in figure 4.2.

HOST 1 HOST 2 HOST 3 HOST 4
Switch Switch

\/

More switched Fabric Switch > More switched Fabric

Figure 4.2: Switched Interconnect Fabric

Infiniband only communicates data packets from one compute node to another and does not
function in the same manner as an interconnect does on the M9000, Bluegene/P, or Cray XK.

Compared to Gigabit Ethernet, Infiniband offers better communication performance between nodes
as it has much lower communication latency [53]. Research by Yu [54] established that the network
topology can have an influence on the performance of up to 45% for large clusters running the FDTD
with MPI. The network topology used for the work in this thesis was fixed to be hierarchical with a
single switch level. The configuration of the nodes to a different topology was not possible owing to
the assignment of the processing cores by the MOAB system scheduler.
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4.2.3.2 Interconnects

Interconnects are communication systems that provide inter-processor communication in High
Performance Computers. Interconnects provide physical communication channels managed by the
operating system of the supercomputer, over and above that described by a switching system as in
section 4.2.3.1.

1) Interconnect used by IBM Bluegene/P

The Bluegene/P uses a 3D Torus interconnect, a network topology that will allow good
communication with its nearest neighbouring compute nodes in a three dimensional sense, as
is shown in the figure 4.3.

Figure 4.3: Torus interconnect [142]

2) Jupiter Interconnect used by SUN on the M9000

The SUN M9000 Shared Memory Processor uses the Jupiter Interconnect which allows node to
node communication by using many data communication paths concurrently. A schematic of
the physical hardware of the interconnect is shown below. Multiple system boards, or Compute
Memory Units (CMU), connect into a crossbar switch. The crossbar switches are again
connected via a PCle communication bridge. The architecture of the M9000 is based on this
interconnect mechanism and affords bandwidths in the order of 737 GigaBytes per second.

38



Chapter 4: Architecture of HPC @gl{@mgsch University http://scholar.sun.ac.za

Figure 4.4: Jupiter interconnect (from SUN M9000 architecture manual) [36].

4.2.4 Hyper-threading (HT)/Symmetric Multithreading (SMT)

Hyper-threading, also known as Symmetric or Simultaneous Multithreading Technology (SMT),
allows one physical processing core to be viewed as two logical ones by sharing some system
resources. It allows two threads to operate in parallel and reduces the impact of memory access
latency by overlapping the memory latency of one thread while the other thread is executing. The
logical processor is afforded its own set of registers and program counters yet makes use of shared
resources on the processor [88].

Tests performed on an Intel Pentium processor showed that processing the FDTD with two hyper
threads on a single core takes slightly longer than the processing of a single thread of the FDTD on a
single core. It is speculated that the contention for processing resources by the two logical threads
using the single processing pipeline is the cause of this reduction in processing speed. There was no
performance benefit to using the hyper threading to process the FDTD on the Pentium 4 processor.
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4.3 Examples of HPC systems

4.3.1 Discrete GPUs

The discrete GPU is typically configured to a host computer via a Peripheral Component Interconnect
express (PCle) bus as is shown in figure 4.5 below:
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Figure 4.5: Discrete GPU attached to Host computer

The work for this thesis uses GPUs from Nvidia, which, from the aspect of processor architecture, are
a collection of SIMD devices called Streaming Multiprocessors (SM) that are connected to a global
memory. The SM in turn are composed of a collection of cores, or Stream Processors (SP), also
referred to as shaders in some of the literature. Processes are deployed on the GPU using a Single
Instruction Multiple Thread (SIMT) approach which requires the same thread to be run on every
Stream Processor belonging on one Streaming Multiprocessor. In figure 4.5 the Streaming
Multiprocessor has been shown as an SIMT Processor. The architectural relationship of the
Streaming Multiprocessor and the Stream Processor are shown schematically in figure 4.6.

The ATI (GPU manufacturing division of AMD) equivalent concept of the SIMT is termed SPMD
(Single Program Multiple Data). The difference between SIMT and SIMD is that with SIMT one can
use conditional (IF) logic within the SIMT program flow. Intel also uses a graphical processing device
called an EU (Execution Unit). Intel will not reveal what the architecture of a graphic EU is but it is
speculated to be some form of SIMT device.

The basic structure of these GPUs is described with a comparison to a typical CPU in the simplified
schematic in figure 4.6. The GPU’s RISC core has available a logic controller and Arithmetic Logic Unit
(ALU), whereas the Complex Instruction Set Computing (CISC), such as Intel’s Xeon architecture,
allows for a controller, an Arithmetic Logic Unit (ALU), and a Vector Arithmetic Logic Unit (VALU,
such as SSE) [100]. A more detailed description of the architecture can be found in Nvidia’s
programming manual [82].
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Control

Cache
DRAM DRAM
CPU GPU

Figure 4.6: Comparison of CPU and GPU architectures [37, 82]

There is a strong analogy between the GPU-CPU relationship and the original Intel 8086 CPU
operation with the 8087 maths coprocessor. The 8086 and the 8087 initially operated with the 8086
as a host processor and used the 8087 as a slave processor to perform the floating point operations.
As chip die technology improved, the 8087 floating point technology was finally moved onto the host
die as the Floating Point Unit as this reduced the communication latency between the two discrete
chips.

The schematic of the Intel Accelerated Processing Unit (APU) in figure 4.7 shows that the GPU is now
being moved on to the die of the host CPU, thereby allowing more convenient access to the main
memory by both the GPU and the processor’s cores.

4.3.2 Accelerated programming units

Multicore CPUs are powerful processing platforms, with the cores all having access to the same
physical memory. In an attempt to reduce the power consumption and pricing of the CPU and GPU
on motherboards, manufacturers have moved the GPU functionality onto the same die as a
multicore processor, as is shown schematically in figure 4.7. Processor manufacturers are also
moving the memory handler and larger amounts of cache memory onto the chip die itself, as is also
illustrated by the schematic of the architecture of the Intel i5 four core CPU in figure 4.7. American
Micro Devices (AMD) refers to this technology as Heterogeneous System Architecture Technology,
and has trademarked this name.

The memory controller and the cores are now on the same die as the four cores and the GPU. The

CPU cores and the GPU in effect now use the same physical memory and this has significant
implications for the processing of the parallel FDTD - specifically as the GPU and the processors cores
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Figure 4.7: APU architecture

now have access to the same physical memory. This close association of memory suggests that the
parallel processing power on the integrated GPU and the multicores can be combined.

The SSE and Advanced Vector eXtensions (AVX), compared in figure 4.8, are not independent
hardware components but a collection of registers resident on the die of some microprocessor
cores. These registers are highlighted here because of the similarity in programming method when
compared to a multicore GPU. The SSE, AVX and GPU allow the parallelisation of the FDTD in a data
parallel manner, i.e. the FDTD is processed in an SIMD or SIMT manner on both the AVX and the
GPU. The SSE register length is 128 bits long, the AVX registers are 256 bits long, although the AVX
specification will allow them to be extended to 1024 bits [99]. These registers have also been
described as belonging to the VALU section of the processor die [99, 100].
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4.3.3 SUN M9000 Shared Memory Processor (SMP)

The M9000 is a shared memory processor produced by SUN Microsystems. The processing power is
provided by 64 Sparc VIl 64 bit processors which are all able to communicate via a highly efficient
memory interconnect as is shown in the schematic in figure 4.9. The Scalable Processor ARChitecture
(SPARC) is a RISC processor technology developed by SUN Microsystems. This will make available 64
x 4 = 256 processing cores as each Sparc VIl processor has four cores. Simultaneous Multithreading
allows each core to be capable of supporting two processing threads simultaneously.

Although the Computer Memory Unit (CMU) board, an ensemble of two x SPARC CPUs, has available
128 GB of memory, the interconnection of all the CMU boards by the Jupiter interconnect allows all
of the processors to share the memory space. This is in essence the foundation of the term Shared
Memory Processor.

The Jupiter memory interconnect is the defining component, as is illustrated in figure 4.4. The
memory communication latency remains low for communication between Computer Memory Units
(CMU) when compared to the communication latency between the cores on one CMU. That is,
threads running on one CMU will incur the same communication penalty as between threads located
on two different CMUs. This is due to several levels of caching provided for communication between
the CMU and the Jupiter Interconnect.

CMU CMU CMU CMU
CPU Memory CPU Memory CPU Memory CPU Memory 16 CPUMemory Boards.
Board with Board with Board with Board with 256 cores total
4xSparcVIl 4xSparcVIl 4xSparcVIl 4xSparcVIl 2TB memory total
processors. processors. processors. processors. SparcVIl @ 2.52GHz
16 cores per 16 cores per 16 cores per 16 cores per
board board board board
128GB 128GB 128GB 128GB

Jupiter Memory/System Interconnect, a multi-link connector to allow access by any processor
to one unified memory space

Figure 4.9: A schematic showing the components of the M9000 shared memory processor.

Another advantage provided by the Jupiter interconnect is the ability for the processors to access
memory in parallel. As this is one of the key points explaining the good communication between the
CMUs, and therefore enables the configuration of memory boards to be viewed as one transparent
memory, this is shown schematically below in figure 4.10.
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a) Network access b) Parallel memory access
cPUD cPU cPUO CPU 1
____________ " \ /
H 1
IY DRAM Interconnect fabric ———» DRAM

CPU 1 can not access DRAM until

CPU 0 has completed, resulting in CPU 0 and CPU 1 access memory
performance degrade. simultaneously with no contention,
resulting in performance improvement.

Figure 4.10: The Jupiter interconnect allows Memory Level Parallelism.

4.3.4 Intel multicore at the Manycore Test Lab (MTL)

The Intel MTL (Manycore Test Lab) is an online facility made available to academics by Intel. It
consists of several Intel Xeon X 7560 processors connected using Quick Path Interconnect (QPI)
technology. The QPI is a switching and communication fabric that is integrated to the Intel
processors and allows the system of processors to work in a Uniform Memory space. The Xeon 7560
processor is a multicore chip with eight cores that allows hyper-treading. The processors are
configured such that the memory is viewed as a unified memory space by the operating system, as is
schematically shown in figure 4.11. By using QPI the system will also allow simultaneous access to
the memory as described in figure 4.10 above, i.e. it has Memory Level Parallelism (MLP).

Local Memory Access

DRAM 0 Nehalem /‘WI\ Nehalem ORAM 1

CPU O CPU 1

Remote Memory Access

Two Xeon X7560 Nehalem coupled via Intel's QP technology. 8 cores, 16 Hyper-threads per chip.

Figure 4.11: Distributed Shared Memory Processor

4.3.5 Nehalem cluster computer and Westmere cluster computer

The cluster computer has the simplest architecture of all the HPC platforms used for this work. The
cluster is a collection of multicore processors in a blade configuration, shown in figure 4.12, that
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communicate via a bus system provided by a Local Area Network. At the Center for High Peformance
Computing (CHPC), this network structure is made up of a system of Infiniband switches, as is
schematically shown in figure 4.13. The Blade configurations are comprised of multicore chips, which
are in themselves tightly coupled using the QPI fabric as is shown in figure 4.10. This arrangement of
CPUs, memory and the QPI is shown in figure 4.13 below. It is worthwhile noting that the 6275 Blade
configuration allows the memory to be accessed via three physical channels, a feature which greatly
improves the access to memory and reduces the data bottleneck (discussed in subsequent chapters)
experienced by the parallel FDTD on a multicore processors. The QPI fabric will provide cache
coherency between the processing cores on all of the CPUs [32] connected by a particular QPI

system.
DRAM  —— —— DRAM |
(" DRAM —— CPUO H CPU1 —— DRAM
DRAM —_— —_— DRAM
QP
QPI QPI
DRAM ~ —— ——  DRAM
( DRAM —— CPU?2 H CPU3 —— DRaMm
o QPI -
DRAM  —— ——  DRAM
SUN X6275 Blade
Figure 4.12: Architecture of the Blade 6275 used in the CHPC cluster computers.
2x24GB 2x24GB 2424GB 2424GB
memory memory memory memory
48 Blades with 4 Xeon 5570
6275 Blade with 6275 Blade with 6275 Blade with 6275 Blade with Nehalem processors each.
Xeon 5570 x 4 Xeon 5570 x 4 Xeon 5570 x 4 Xeon 5570 x 4 Total processing cores = 768
= 16 cores = 16 cores = 1B EEs = (6 @es Memory per blade = 48GB

Xeon 5570 @ 2.93GHz

Infiniband Switches

Figure 4.13: Architecture of cluster at CHPC
Two different clusters were available for this thesis:
1) Nehalem cluster

This consists of Intel Xeon 5570 processors operating at 2.9 Ghz set in a Blade configuration. The
Xeon 5570 processors have four cores and are hyperthreaded, thereby making available two
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threads per core to total eight threads per processor. The connection network is made up of
switch based Quad Data Rate (QDR) Infiniband.

2) Westmere cluster

This consists of Intel Xeon 5670 processors operating at 2.9 Ghz in the 6275 Blade configuration.
The Xeon 5670 processors have six cores and are hyperthreaded, thereby making available two
threads per core to total 12 threads per processor. The connection network is made up of switch
based Quad Data Rate (QDR) Infiniband.

All of the Blades on the network will contend for network communication bandwidth as required by
the process running on the system. The Infiniband connection does not possess any switching logic
to provide features such as parallel memory access to one thread, as is found in the typical
interconnects.

For this thesis the FDTD is implemented on the clusters using the Message Passing Interface (MPI)
threading, discussed in more detail in the subsequent chapters. The Unified Memory Architecture
(UMA) of the Nehalem and Westmere processors has also been exploited to produce hybrid
implementations of the FDTD using both the openMP and MPI threading methods [41].

4.3.6 Bluegene/P (IBM’s massively parallel processing system)

The Bluegene/P is a collective of compute nodes that are connected by a sophisticated and
configurable interconnect system. The communication interconnect between the compute nodes
can be configured to reflect different processing strategies and topologies. The 1024 PowerPC 450
processors available on this machine each have access to two GB of memory. This makes a total
memory of 1024 x 2 Gb = 2 TeraBytes of memory space available to the system. The machine
consists of 32 compute nodes, each of which in turn has 32 processors on it. Each processor consists
of an IBM PowerPC 450 which has four cores. From this we can calculate that the machine has 32 x
32 x 4 cores available for processing. A schematic of this assembly, taken from the IBM programming
manual [104], is shown in figure 4.14.
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Figure 4.14: Bluegene/P components [104]

The Bluegene/P is a collection of low power IBM Power 450 processors connected by highly
configurable interconnect. Each processor node has two GB of memory and four cores, the
arrangement of which is shown in figure 4.15. The Bluegene/P allows the interconnect to be
configured to map the topology of the hardware to the requirements of the FDTD. The advantage of
mapping the compute node topology in this way is that it will allow more low latency local

communication than the slightly longer remote latency.

The Torus memory interconnect is particularly suitable for the processing of the 3D FDTD as the

physical topology reflects the structure of the FDTD in a 3D cubic mesh [17].

2GB 2GB 2GB 2GR
memory memory memory memory
|
|
\

4 core processor 4 core processor 4 core processor 4 core processor

1024 PowerPC 450 compute
nodes attached to 2GB

| memory each. Each compute

node has 4 compute cores

PowerPC 450 @ 850MHz

Configurable processor interconnect

Figure 4.15: Blugene/P architecture as seen by the FDTD application.
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4.3.7 Intel’s Many In Core (MIC) processor

Intel’s Many In Core architecture is an accelerator card that can be used for numerical processing.
Although it is not available for experimentation in this thesis it addresses several features relevant to
the performance of the FDTD on this platform and these are addressed in chapter 5. Intel’s MIC
processor is configured to the host processor as an accelerator using the PCle form factor in the
same manner as the discrete GPU in section 4.3.1, and as is shown below in figure 4.16. The MIC
processor has up to 61 processing cores on the die as opposed to the typical multicore processor
which typically has four to ten cores. The cores are supplied data via a ring interconnect which has
access to GDDR5 memory via 16 memory channels, as is shown in the architectural schematic of the
MIC in figure 4.17.

GDDRS5 GDDRS5
memory memory
PCle
connector

Host processor Intel Many In Core (MIC)

System memory
GDDRS5 GDDR5
memory memory

Figure 4.16: The Intel MIC configured to the host processor via a PCle connection

The length of the vector processing registers has been extended up to 512 bits, which is double the
length of the vector processing registers in the Intel i5 series of processors, as is described in section
4.3.2. This gives each core on the MIC the potential to process eight single precision floating points
simultaneously. For a MIC processing with 50 cores this would give the potential to process 50 x 8 =
400 single precision arithmetic operations concurrently. The Tag directories are a feature of the
distributed infrastructure used to manage the cache coherence of the many cores. Considering the
large number of cores accessing one unified memory space, the tag directories are a vital construct
required to achieve good processing performance for applications that require inter process
communication, such as the parallel FDTD.
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Figure 4.17: A schematic of the architecture of the Intel MIC processor.

The Intel datasheet states that the power consumption at peak performance for this device will be
300 watt.

4.4 Other considerations

4.4.1 Power consumption of high performance computer systems

Owing to the large number of processors, usually operating at very high clock rates, HPC platforms
are generally assumed to consume a lot of power. The table 4.3 below lists the power consumption
of typical HPC configurations. The power consumption is highly subjective as the HPC architectures
and system sizes are so very different and because different algorithms use different components of
the system.

As an example, a comparison of the Bluegene/P with its 4096 compute cores and the SUN M9000
with 256 cores in table 4.3, shows that despite the M9000 having fewer compute cores, the power
consumption is virtually the same. This can be partly explained owing to the Bluegene/P strategy of
using many low power CPUs (approximately 600 Mhz), whereas the SUN M9000 CPUs operate at a
much higher clock frequency (approximately 2.88 Ghz). As will be shown in chapter 6, despite
consuming the same amount of power, the Bluegene/P is much more efficient at processing the
parallel FDTD than the SUN M9000.
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HPC system Cores Power consumption Power per core
IBM Bluegene/P* 4096 40 kW per rack x 1 9.7W
Sun M9000-64* 256 38.8 kW 151w
Nehalem Cluster* 8000 80-100 kW per rack 10W
Nvidia C 2070 GPU* 448 238 W 0.5W
Intel multicore MTL* 32 170 W 53W
Intel MIC 50+ 300 W 6W
Opteron Cluster[82] 2576 300 kW 116 W
Fujitsu K 705,024 12.6 MW 179w
S870 GPU cluster 8192 16 kW 20W

Table 4.3: Power consumption for a variety of HPC systems (* systems used in this thesis)

Table 4.4 shows the results of normalising the power consumption on an “equivalent number of
cores” basis for different types of processor architectures [124] when calculating an equal time to
solution, i.e. a test program was processed to completion in an equivalent time period using the
relative number of cores shown in column 1 of table 4.4. Compared to table 4.3, table 4.4 gives a
different perspective of the power consumption of the Bluegene/P. Although the Bluegene/P
processors consume less power per processor, more processors are required to solve a problem in
the same time as fewer cores on a more powerful architecture.

Equivalent # cores HPC cystem Power consumption(kW)
10 IBM Power-7 0.61
20 Intel Nehalem 0.72
20 Intel Westmere 0.59
30 IBM Power-6 479
64 Barcelona 3.52
160 Bluegene/P 1.23

Table 4.4: Power consumed to process to an equal time to solution [124].

As illustrated by the discussion above, the consumption of power by an HPC platform is a highly
subjective issue. Koomey’s law [94, 95], discussed in more detail in section 5.2, shows that the
amount of power consumed by a typical CPU is halved every year [95], or to paraphrase this : “at a
fixed computing load, the amount of battery you need will fall by a factor of two every year and a
half.”

There is a general trend to reduce the power consumed by devices ranging from CPUs to disk drives
and communication switches. The power consumption of HPC systems can be roughly classified on
the following basis:

1) Newer HPC platforms are more energy efficient than their predecessors. This assertion is
supported by Koomey’s law [95].

2) Larger HPC systems consume more energy than smaller ones.

3) HPC that have been designed for low power consumption are probably more energy
efficient than systems of the same generation that have been built on an ad-hoc basis.

Another attempt to classify the power consumption of HPC systems is the Green Index [143], a
method of combining various high performance computing benchmarks into a single number. This
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Green Index recognises the fact that benchmarks such as the Linpack rating [84] loads
predominantly the CPU and other components of the High Performance processing platform, such as
the communication system. An investigation by Hackenberg et al. [83] shows the FDTD method
implemented with MPI on a cluster computer will only consume 70% of the power consumed when
running the LINPACK [84] rating. This reduced power consumption is very probably a feature of the
explicit nature of the FDTD method, i.e. the LINPACK rating is a very compute intensive process and
requires very little inter-processor communication, whereas the FDTD is less compute intense owing
to the higher inter-processor communication requirement.

4.5 Summary

The analysis in this chapter has described a variety of different high performance architectures, an
important feature for the deployment of the parallel FDTD being the physical relationship of the
processors and associated memory. In order for the parallel FDTD to achieve good efficiency it is
critical that the memory must supply sufficient data to the processing cores, i.e. the system memory
must have good bandwidth and low latency.
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Chapter 5

5 Implementation of parallelisation methods for the FDTD

5.1 Overview
5.2 Amdahl’s law, Koomey’s law
5.3 FDTD and parallel processing dependencies

5.3.1 Verification and precision of the parallel FDTD results
5.3.2 Load Balancing
5.3.3 Thread affinity
5.3.4 The use of single and double precision variables
5.4 Parallel FDTD with openMP
5.4.1 openMP on the shared memory architecture
5.4.2 openMP on the Distributed Shared Memory Processor (DSMP)
5.5 Parallel FDTD with MPI
5.6 Acceleration of the FDTD with Vector ALU/Streaming SIMD Extensions and cache prefetching
5.7 Parallel FDTD for the GPU using CUDA
5.8 Parallel FDTD with low level threading
5.9 Parallel FDTD on multiple GPUs
5.10 Parallel FDTD on the GPU using the DirectCompute interface
5.11  Accelerated Processing Units and heterogeneous system architecture technology
5.12  Parallel FDTD on the Intel Many In Core (MIC) processor using openMP
5.13  Summary

5.1 Overview

The objective of the parallel FDTD method is to reduce the processing time of the FDTD
computation. This chapter is about the different ways that the FDTD can be parallelised on a variety
of hardware platforms. The intention is to decompose the parallel implementations so as to identify
what they have common and what makes them unique.

The parallelisation methods involve a deployment of the parallel FDTD on a variety of hardware
architectures and are influenced by the following factors:

1) The physical structure of the underlying hardware architecture.

2) Communication methods between the parallel FDTD components.

3) Efficiency of access to the memory and other architectural primitives of the devices
supporting the parallel method.

A timing analysis of the serial FDTD in section 3.9 has shown that the bulk of the computational load
is taken up by the repeated FDTD calculation of the electric and magnetic fields, as shown in the
processing flow of the serial FDTD in figure 5.1 below. This chapter is directed at the parallelisation
strategies for the calculation of the electric and magnetic fields only, as the processing load resulting
from output of the resultant data and other effects has been purposefully minimised.
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Although several commercial brand names and products such as Nvidia and Intel have been used in
this chapter, it is not meant to display any form of preference for the manufacturers or their
competitors.

CPU

| Start |

v

Assign memory to
model space
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Calculate E and H
fields <

\

Output field data

Iteration
complete?

Figure 5.1: The serial form of the FDTD

The parallelisation strategies discussed below deal with how a particular parallel FDTD processing
concept is adapted for a specific hardware platform, and identifies why the two are related.

5.2 Amdahl’s law, Koomey’s law

Amdahl’s law is an approximation of the maximum theoretical speed up a parallelised program can
achieve on a multiprocessor system. The speedup is still measured in the conventional sense as:

Serial process time

Speedup = Parallel process time

An algorithm is assumed to consist of two components, one that will operate in serial form and one
that can be parallelised. The speedup is defined by the ratio of the time required for serial execution
to the time required for computing the same results in parallel. Even if one were to speed up the
parallel component of the algorithm such that it took close to no time at all, the program execution
would still need to execute the finite serial component. In his original paper, Amdahl [39] did not
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formulate the equation as shown below as formulation 5.1, but it serves to describe the speedup
behaviour of the basic framework of a lot of the parallelised systems.

Maximum Speedup = 1/((1 — p) + (p/n)) 51

Where pis the fraction of the code that can be parallelised and nis the number of processing cores.

Several assumptions are made in this formulation. These are:

1) The serial and parallel code will run at the same speed.
2) The serial and parallel code sections are not pipelined, i.e. partly overlapping code sections.
3) There are no time penalties from inter-process events and thread or process management.

As the number of processing cores used in the parallelisation increases to be much larger than one,
the Amdahl formulation above indicates that the parallel process achieves very little speedup. This is
reflected by the near horizontal component of the speedup curve shown in the theoretical
processing time below:
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Figure 5.2: Amdahl residual for a process that is 5% serial and 95% parallelised

In practical terms, Amdahl’s law is also limited by the effects of computing hardware used to
parallelise the FDTD [8]. One has to consider that the operational burden on the operating system
will increase as the physical size of the multicore and memory hardware increases and that this will
reduce the effect of the speedup. As the size of the memory configuration increases to cope with
ever larger problems, so will the ability to supply the processing cores with sufficient data [51, 89].
This exacerbates the memory access problem to the extent that the parallel process experiences a
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gradual “slow down” as the number of processing cores increases. This is demonstrated in figure 5.3,
i.e. beyond a certain number of cores the parallel code runs increasingly more slowly.
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Figure 5.3: Processing the FDTD using openMP on the M9000 showing the parallel slowdown

One aspect that is readily overlooked when discussing issues related to Amdahl’s law is that there is
always scope for speeding up a serial process to accelerate the overall process. This logic is an
indication of the requirement for a hybrid architecture to speed up the parallel processes as much as
possible, i.e. the parallel component is accelerated in the conventional sense and the serial
component of the algorithm is assigned to the quickest serial processor available.

There are several contributors to the residual of the Amdahl residual, such as the general process
start-up, thread management overhead incurred by the operating system, and increased memory
management penalties inherent in larger systems. Figure 5.2 shows the purely theoretical Amdahl
residual for a computer with up to 200 cores for a serial component of 5% and a parallel component
of 95%.

Koomey’s law [94, 95] states that the processor energy efficiency is doubled every eight months. The
results of an analysis [95] is shown in figure 5.4 below. Apart from giving an indication regarding
processor performance similar to Moore’s law [103], i.e. that the performance increase for
processors is doubling every one and a half years, it also suggests that the more modern the
processor, the more energy efficient the High Performance Computing (HPC) system. The implication
for the parallel FDTD is that later generation HPC platforms will provide better performance for less
power.
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Figure 5.4: Koomey’s assertion suggests that the computational performance of a processor doubles
every one and a half years. (source of graph from [94])

5.3 Parallel FDTD processing dependencies

The conversion of the FDTD process from its serial form into a parallel form is achieved by dividing
the computational load into discrete sections (or chunks) and processing each section as an
individual process, or thread [33]. Owing to the Maxwellian dependency of the adjacent electric and
magnetic field values, each processing or cell point is calculated according to a calculation template,
shown as a cross in figure 5.8. This template, or a variation of this template, is also known as the
FDTD computation stencil. The FDTD processing threads require synchronisation after every
iteration. For some processing models this data synchronisation is quite simple as all of the threads
operate within the same address space, such as with openMP on the SUN M9000. Process
synchronisation is subject to load balancing on a hybrid processing platform, such as one made up by
dual GPU boards and multicore CPUs, where load balancing and synchronisation of the FDTD threads
becomes somewhat more complex.
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5.3.1 Verification and precision of the parallel FDTD results

The verification of the parallel FDTD is a comparison of the resultant output of the serial FDTD and
the parallel FDTD. Two different processes were used to verify the results of the parallel FDTD codes
during the software implementation cycle. One method entailed the comparison of explicit electric
or magnetic field values at predetermined locations in the serial and computed parallel FDTD grid,
the other consisted of comparing two dimensional images slices of the resultant parallel FDTD
computation against those from serial FDTD computations.

The resultant electric and magnetic fields of the parallel FDTD can be written to disk in a simple
image format for every iteration cycle. The resultant images from the parallel processing are
computationally subtracted from the resultant images produced by the serial form of the FDTD to
determine any differences between the parallel and serial calculation of the FDTD.

In some cases, such as when MPI is used on a cluster, the resultant data is produced as an image
strip for the section being processed. These image strips are then combined into one continuous
image showing the complete electric or magnetic field components.

Figure 5.5 below shows a comparison of the explicit numerical results from the three dimensional
FDTD on three different platforms. The serial and parallel results are shown to accord well. There are
minor variations in the precision of the results, very probably owing to the differences in the
implementation of the floating point definitions on these different computing platforms and
because of the natural error in the precision inherent in calculations involving floating point
numbers [159, 160].
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Figure 5.5: A comparison of the precision of the results from the serial and parallel FDTD on different
computing platforms.
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5.3.2 Load Balancing

It is important to synchronise all threads at the end of each iteration cycle in order to maintain the
integrity of the computation. To calculate electric or magnetic values from adjacent cells that come
from different iteration cycles would corrupt the FDTD calculation; this could happen if the thread
loads are unbalanced or unsynchronised unless care is taken. The implication for the efficiency of the
process is that the parallel FDTD would only perform as quickly as the slowest thread.

It would be an ideal condition to process the FDTD with parallel sections that all finish processing
their respective computational load at the same time, as thread synchronisation would not be
necessary. This is unfortunately not the case as threads with equivalent processing loads will take
different times to complete owing to variables such as latencies in memory interconnects, inter
thread communication latencies, and other effects [19]. Unless synchronisation controls are built
into sections of the threads involved in the parallel computation, the reduction of the processing
inefficiency resulting from this unbalanced processing is a manual and iterative task.

5.3.3 Thread affinity

The HPC systems used for the parallelisation of the FDTD in this work all use multicore processors,
also referred to as Chip Multi Processor (CMP) [1], as the basic building block of the systems whether
these are clusters, SMP, the Bluegene/P or GPUs.

These systems all have a multi-layer communication structure between the processors and the
memory available to them, some processors communicating with the memory on the same chip
while some processors require communication with memory that is not on that same node, in this
case referring to multi-processor, Computer Memory Unit (CMU) or Blade. The performance of the
communication between processors and memory on the same IC is usually much better than the
communication to processors or memory off the chip [51]. With the use of threading mechanisms
such as openMP, threads are continuously created and terminated and the scenario may occur
where a thread is initiated on one core but the associated data is resident in the memory of some
other processor or node. The probability of this happening obviously increases as the number of
cores in a Shared Memory Processor (SMP) system increases, i.e. it is more likely to encounter
openMP performance issues when coding with openMP on SMP systems with a large number of
nodes. The Message Passing Interface (MPI) threading for the FDTD algorithm is generally coded
such that a program or code thread is closely related to processor or set of processors and therefore
the probability of dealing with un-coalesced data is avoided. This is illustrated in the performance of
the FDTD on the M9000 SMP as per figure 5.9 below.

It is therefore preferable to map FDTD threads to corresponding physical cores so that the affinity of
process to core is large. Although it is known that the processor affinity can affect performance of
the parallel process as a whole, the impact of the processor affinity is not easily quantifiable [52]. A
comparison of the thread duration indicators in figures 5.7 and 5.10 shows that the thread duration,
and hence the thread affinity, of the MPI version of the parallel FDTD is larger than that of the
openMP based FDTD. The openMP based FDTD spawns and closes new threads for every iteration,
whereas the MPI based FDTD uses a fixed number of threads throughout the processing. The FDTD
implemented using MPI is expected to perform better than the FDTD implemented using openMP
owing to less thread management required by the MPI technology. It is very possible that this is the
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reason why the FDTD using MPI shows better performance than the FDTD using openMP on the
M9000 SMP as shown figure 5.9.

5.3.4 The use of single and double precision variables

The programming work undertaken for this thesis uses single precision floating points throughout.
Contemporary Complex Instruction Set Computing (CISC) processors incorporate dedicated Floating
Point Units (FPU) [164] that will allow fast computations of floating point scalars which are four,
eight or ten bytes in length. The use of double precision floating point numbers on processors such
as the Intel i5 range of processors, or those using the Nehalem architecture, were not considered to
contribute to any performance degradation. This was confirmed by converting a FDTD program using
single precision scalars to one that uses double precision values, and comparing the execution times
of these programs. The execution times of both programs was indeed exactly the same.

The GPUs used for this thesis do not have the same hardware capability to process the double
precision floating point operations as the contemporary CISC processors, and as such, these are
performed by a software emulation process. The double precision emulation inevitably consumes
more processing power than the single precision equivalent, and this will lead to longer program
execution times. The newer Kepler GPU architecture by Nvidia provides hardware support for the
processing of double precision values and will very probably not incur the same performance penalty
when using double precision values. A GPU with Kepler architecture was not available for this thesis
and hence the assumption made above could not be confirmed.

5.4 Parallel FDTD with openMP

5.4.1 openMP on the shared memory architecture

openMP consists of a set of simple compiler directives and an Application Programming Interface
(API) that greatly simplifies writing parallel applications for the shared memory architecture
machines, as implemented by SUN’s M9000 and Intel’s Nehalem architecture. It is a computing
industry standard that has evolved from the programming of the vector array processors such as
Cray supercomputers in the 1990s. openMP also operates on the Distributed Shared Memory
Processor (DSMP) architecture described in section 4.3.4.

The execution principle of openMP is based on the fork and join model as shown in figure 5.6,
whereby several threads are simply created, executed in the same address space, and then
terminated. In this manner, a process can be very easily decomposed into serial and parallel
sections. As all of the parallel threads operate within the same memory address space, the speed of
data communication between threads is very efficient.
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Figure 5.6: openMP principle the creation and termination of threads

The loop process involving the calculation of the electric and magnetic fields is subjected to openMP
decomposition and this results in the process flow as is shown in figure 5.7. openMP is particullarly
suited for the parallelisation of loops as shown in the code snippet below.

The following pseudo-code shows the calculation of one of the electric field components for the 2D
FDTD:

Code segment 5.4:

1) int numt=3;

2) omp_ set num threads (numt) ;

3) #pragma omp parallel for private(i,])

4) for (i = 0; i < ie; 1i++) {

5) for (J = 1; 3 < je; J++) {

6) ex[1]1[J] = caex[i][j]l*ex[i][j]l+cbex[i]1([J] * ( hz[il[j]l-hz[i]l[]-11);
7) }

8) }

The number of threads that need to be used in parallel are set up in line 2. One would ideally assign
one thread per logical processing core, i.e. some physical cores are capable of Hyperthreading or
Symetrical Multi Threading (SMT) and this may allow the use of two threads (two logical cores) to be
efficiently deployed on one physical processing core. Using more than one thread on a physical core
would not necessarily improve procesing performance [89] as the processing pipleline is bound to be
resticted by the limitation in processor resources common to the multiple logical threads.

Line 3 is a compiler directive that will divide the processing loops to fork into 3 threads, but still
share the same memory address space.
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Figure 5.7: The parallel FDTD using the openMP method

Figure 5.7 above shows the allocation of threads for each of the calculations of the electric and
magnetic fields for a two dimensional FDTD. The three dimesional FDTD is processed in a similar
manner in that the loops that compute the largest processing load are decomposed into individual
threads.

Although the FDTD computation is now spread across several threads, the electric and magnetic cell
values are all calculated within the same address space as is shown in figure 5.8. Provided that the
FDTD points are all in the same iteration, field points in one thread may use adjacent field values
from another thread, but using the same computational stencil as is shown in Fgure 5.8. Despite this
convenience, the calculation of electric and magnetic values has to be carefully synchronised within
each iteration cycle so that the data values in adjacent thread segments are not calculated out of
step, i.e. each iteration performs at least one electric and then one magnetic calculation as required
by the FDTD stencil. If the threads performing the iteration were not synchronised then the iteration
of one thread could proceed on to the calculation of the magnetic field values using electric field
values from the previous (or next) iteration cycle.
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Figure 5.8: openMP threads sharing the same memory address space

The openMP threading library implementation is very simple. The conversion of the serial 3D FDTD
to the parallel version using openMP took less than one hour of programming work on the M9000,
and provided correct answers.

5.4.2 openMP on the Distributed Shared Memory Processor (DSMP)

The Distributed Shared Memory concept is an abstraction that supports the shared memory
architecture although the hardware is physically distributed, i.e. the operating system provides the
application with a single uniform memory space thereby hiding the physical distribution of memory.
The access to memory from a shared memory architecture is more tightly coupled than that of the
access for the distributed memory architecture. Although physically resident on remote and local
processors, if the inter-processor communication and memory latency is low, the operating system
can view the physically distributed memory as a uniform shared memory. The FDTD implementation
as discussed for the shared memory architecture in 4.2.1 also applies to the DSMP. The identical
code deployed for the implementation of the parallel 2D and 3D FDTD were run on the Intel’s
Multicore Test Lab DSMP test system and the results of this are compared to that achieved on the
M9000 in figure 5.9.

5.5 Parallel FDTD with MPI

The Message Passing Interface (MPI) was designed to enhance the portability of parallel applications
primarily for the distributed machine architectures, such as clusters of PCs, but also supports shared
memory architectures. Typical hardware platforms that support MPI are high performance cluster
computers, MIC, IBM’s Bluegene/P and also the SUN M9000 Shared Memory Processor. All of these
hardware platforms can use the exact same parallel FDTD code created with the MPI method. This
standardisation of the MPI definition across different computing platforms is a great advantage from
the aspect of deployment effort.
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As with openMP, the MPI standard was first supported by the computing industry in the 1990s. MPI
has its foundation in the Parallel Virtual Machine (PVM) computing standard, which is now rarely
used.

The implementation strategy for the MPI is to make it programmatically simple to spawn program
threads from a master program and to provide an intuitive communication protocol for data and
events between the these threads. Each thread supports its own memory address space. Data values
that are shared between the threads must be explicitly communicated between these threads.

The fundamental difference in the implementation of the MPIl and openMP parallel FDTD is that the
MPI threads are spawned in their own local address space whereas the openMP threads all operate
within the same address space. MPI implementations also perform well on shared memory
architectures, in an operational state known as Nemesis mode [17], as the data communicated
between the threads are passed as memory address references and not actual values [17]. Typically
the parallel FDTD will perform as well with openMP as with MPI on shared memory architectures
with a small number of cores (less than eight), but perform better with MPI than openMP for a
system with a large number of cores, as is indicated by the graph in figure 5.9. The MPI and the
openMP version of the FDTD are not always equally efficient at processing the FDTD owing to the
thread management and processor (or thread) affinity [51] exhibited by these two different
programming strategies [as described in section 5.3.3]. The MPI strategy uses one thread per FDTD
processing chunk, which associates a specific FDTD processing thread with a single core. This is
opposed to the openMP strategy which spawns a new set of threads for every large loop event and
closes these threads after the loop event, i.e. an FDTD openMP thread is subject to much more
context switching because of this, leading to a greater performance penalty than that occurred by
the more continuous MPI threads. The result of this performance penalty is manifested in the
comparison of the openMP and MPI based FDTD of figure 5.9.
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Figure 5.9: A comparison of the throughput of the parallel FDTD with openMP or MPI on the 256
core M9000 shared memory processor.
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The MPI threads that allow the FDTD to be implemented in parallel are shown in figure 5.10 below.
They consist of an MPI thread initialisation and a directive from the command line on how many
threads are required to be run. To maximise performance the most efficient form of mapping the
MPI threads on to the hardware would be to allocate one processing thread per physical core.

The FDTD modelling space has been divided up into proportional FDTD cell chunks for each thread
and the electric and magnetic field values are calculated for that chunk.

Start

Assign memory to Assign memory to Assign memory to
own modelling own modelling own modelling
space for thread 1 space for thread 2 space for thread n
Start of FDTD Start of FDTD Start of FDTD Repeat
iteration — thread 1 iteration — thread 2 iteration — thread n ‘ iteration
Calculate E and H Calculate E and H Calculate E and H
MPI fields in thread 1 fields in thread 2 fields in thread n
thread k ‘ \ ‘
duration Exchange Exchange
adjacent adjacent

cells cells

Synchronise
threads

Y

Qutput field data

Iteration
complete?

End

Figure 5.10: Parallel FDTD with MPI

Figure 5.11 shows how a two dimensional modelling space has been divided up between three
threads, each thread having its own memory address space. Apart from synchronising the threads at
the end of each iteration, some exchange of adjacent data is required by the FDTD, as described
further below. This implementation of the algorithm uses very intuitive MPI interface primitives to
exchange data between the threads, as is described in the pseudo-code below:

Code segment 5.5:

1) Loop for number of columns

2) Loop for number of rows

3) Calculate magnetic field wvalues according to electric
field values in the FDTD stencil

4) }

5) }

Now exchange magnetic field fringes between threads
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6) MPI Recv (Receive column of magnetic fringe values from thread B to
replace in thread A)

7) MPI Send(Send column of magnetic fringe values from thread A to
replace in thread B)

The schematic in figure 5.11 below shows the processing of an FDTD grid using three threads. The
electromagnetic field values are calculated from column 1 to 5. Electric and magnetic field values to
compute the values in column 5 are required from column 6, the fringe cells of the data component
in thread A. The magnetic and electric values cannot be updated in column 6 in thread A because
there are not enough electric and magnetic cell values available to satisfy the requirements of the
FDTD stencil, i.e. the column 7 values are resident in thread B. Field values for column 6 are
therefore calculated in thread B and are used to update the electric and magnetic values of column 6
in thread A after the iteration cycle has completed. The pseudo-code snippet above shows the
calculation of the magnetic field FDTD values for a thread and the exchange of fringe data with the
MPI Recv and MPI Send instructions. A similar exchange of fringe data occurs after the electric
fields are updated.
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Figure 5.11: Parallel FDTD segments communication fringe data values

The performance of the parallel FDTD implementation is dependent on the speed of the data
exchange described above and this is dependent on both the data communication latency of the
exchange, and the degree to which the fringe data exchange has been synchronised. For the
scenario where the parallel FDTD with MPI has been implemented on a shared memory platform,
the fringe data transfer is an exchange of memory addresses only, as opposed to physically
transmitting the column values from one thread to another. This results in a negligible data
communication latency and an improvement in the performance of the parallel FDTD algorithm. For
this situation MPI is said to be operating in Nemesis mode [17].
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5.6 Acceleration of the FDTD with vector arithmetic logic units/ Streaming
SIMD extensions and cache prefetching

The current range of commercial mainstream CPUs have a special set of very long instruction length
registers and associated instruction sets incorporated within the CPU that can be used for the Single
Instruction Multiple Data (SIMD) processing of numerical data. Although this set of registers and
instructions was initially envisaged for the on-chip processing of image and video data it has also
now been conveniently applied to accelerate the processing of numerical arrays. One
implementation example of this on-chip feature is the Streaming SIMD Extension (SSE) which is used
extensively for the decoding and encoding of video data.

The SSE are a Single Instruction Multiple Data (SIMD) capability incorporated in the current range of
Intel and AMD processors. SSE provides eight 128 bit registers and several dedicated operators for
the manipulation of data with these registers. Each SSE register can accommodate four 32 bit
floating point numbers (single precision). The term VALU for Vector Arithmetic Logical Unit is also
used to describe the SSE functionality [100]. The SSE specification has evolved into providing vector
arithmetic functionality with a standard known as Advanced Vector Extensions (AVX) and uses
registers 256 bits in length.

Figure 5.12 below illustrates the distinction between the computation of a scalar value of 32 bit
precision and that computed by the SSE consisting of a single operand required to process the (4 x
32 = 128) bit values. Although these operations can be programmed on an assembly language level,
it is much more convenient and efficient to use the intrinsic compiler functions provided for that
specific CPU and compiler. It must also be noted that an “out of order” read is required by the
adjacent location of electromagnetic cell points, and that this will have a slowing effect on
processing the FDTD using SSE.

The FDTD code has been programmed with single precision floating point arithmetic (32 bits) in
order to fit the greatest number of floating point numbers into an SSE register (128 bits).
Considering that the SSE will allow SIMD calculations with four single precision floating point
numbers simultaneously, we would expect a speedup of approximately times over an operation
using only the conventional one scalar value. Figure 5.12 above shows a comparison of how single
value instructions and vector value instructions access memory and operate. The theoretical
speedup produced by making use of the SSE vector registers should therefore be in the order of four
times per core. In practical terms, this speedup is very dependent on the correct alighment of data
with the length of the vector processing registers (128 bits) and the speed with which data is
manipulated in and out of the 128 bit SSE buffers.
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Figure 5.12: Schematic showing the two fold advantage that AVX has over SSE
(adapted from Yu et al. [100])

The practical aspects of this are shown in the snippet of pseudo-code for the calculation of the
electric field by the FDTD using the vector ALU mechanism:

Code segment 5.6.1:

1) For i=0 to end in steps of 4

2) Load 4 scalar values of electric, magnetic and coefficients into the
VALU } intrinsic SSE

3) Calculate 4 values of electric simultaneously with single SSE
instruction } intrinsic SSE

4) Next 4 values in array

Instead of calculating the scalar values of an array with a simple unit incremented loop, a stepped
loop is used to perform a single instruction on four values simultaneously. Figure 5.13 below shows a
schematic of three threads used to implement the parallel FDTD with the openMP library. Each
thread is again accelerated using the SSE functionality, the SIMD operation on four cells being shown

by the rectangular bars.
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Figure 5.13: The parallel FDTD implemented with FDTD showing a snapshot of the cells subject to
SIMD processing by the SSE registers within each thread.

In practice this potential fourfold speedup is not easily achieved as the movement of data in and out
of the registers needs to be highly optimised to reduce the memory access latency and memory
channel bottlenecking. In addition to this, the reading of cells in an “out of order” process is also a
reason why the speedup of the SSE does not achieve its full potential speedup. Although the
implementation of cache prefetching has been shown to reduce the throttling effect of
bottlenecking and memory latency [100], it was found that the programming for this is complex, and
this work could not sustain the elevated data throughput to any detectable level.

The parallel conversion of the FDTD using the SSE vector registers performed equally well with the
openMP or the MPI libraries on an eight core Nehalem processor as shown below in figure 5.14.
Together with the advent of multicore technology this implies that the every core on a multicore
processor will have this vector processing functionality as provided by the SSE. This performance
aggregation can be seen in the figure 5.14 below. A conventional parallel FDTD algorithm was
converted so that the main processing loops make use of the SSE registers in each of the cores.
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Figure 5.14: A comparison of the performance of the FDTD acceleration on an Intel Nehalem
processor with eight cores using either the openMP or the MPI threading libraries.

The AVX can be implemented in a similar manner to the SSE although consideration for memory
alignment has to be made for the longer register lengths. Code segment 5.6.2 shows the sections of
the FDTD code used for the AVX implementation. The correct alignment of data in memory and data
contiguity are key to the efficient performance of the AVX process.

Code segment 5.6.2: Lines 1 to 9 shows the definition of the 256 bit AVX variables and line 10 shows
how the AVX variables are aligned on a 32 bit memory boundary.

1) ~ m256 *aoh0;
2) __m256 *aohl;
3) __m256 *aoh2;
4) ~ m256 *aoh3;
5) ~ m256 *aoh4;
6) ~ m256 *aoh5;
7) __m256 *aohot;
8) __m256 *aoh7;
9) ~ m256 *aoh8;
10) pointer = (float **) aligned malloc(imax * sizeof (float *),32);

Code segment 5.6.3: Lines 11 to 35 shows the FDTD processing loop used for the calculation of
electric field values. The instructions prefixed with __mm256 are the AVX instructions used to add,
multiply, or shift the FDTD coefficient and grid data, ie and je are the sizes of the FDTD grid.

11) for (i = 1; 1 < ie; i++) {

12) for (3 = 0; j < je; j+=8) {

13) aoh0O=(_ m256 *)&ex1[1i][j];
14) aohl=(_m256 *)&caex[1i][j];
15) aoh2=(_ m256 *)&cbex[i][]j];
16) aoh3=(_m256 *)&hz1[i][]];
17) aoh5=(_ m256 *)&eyl[i][]];
18) aoh6=(_m256 *)s&caey[i][]];
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19) aoh7=(_m256 *)é&cbey[i][]];

20) aoh8=(_ m256 *)&hzl[i-1][J];

22) hz shift=&hz1[i][]j-1];

23) amDst=(_m256*)hz shift

24) amTar= mm256 loadu ps (amDst) ;

26) aml = mm256 mul ps(*aohO, *aohl) ;
27) am2 = mm256 sub ps(*aoh3,amTar) ;
28) am3 = mm256 mul ps(*aoh2Z,am2);
29) am4 = mm256 add ps(aml,am3);

30) amb5 = mm256 mul ps(*aoh5, *aoho) ;
31) am6 = mm256 sub ps(*aoh8, *aoh3) ;
32) am7 = mm256 mul ps(*aoh6,amb6) ;
33) am8 = mm256 add ps(am5,am7) ;

34) ~mm256_store ps(&eyl[i] [Jj],am8);
35) _mm256_store ps(exl[i]+],am4);

A comparison of speedup of the parallel FDTD using the SSE or AVX functionality on the four cores
of the Intel i5-2500k is shown below in figure 5.15. The reduction in performance of the FDTD with
AVX on the four cores of the multicore processor is very probably owing to memory bottlenecking.
The memory bottlenecking can be alleviated by making use of the multiple physical memory
channels providing data to the processor [18], as is shown in figure 5.17.

- — Regular
1 — SSE
I AVX

Speedup relative to single regular core

Cores

Figure 5.15: A comparison of the parallel FDTD using the MPI libraries for acceleration with both the
SSE and AVX using a single physical memory channel. The FDTD model size is 20 million cells.

Although some compilers provide automated vectorisation, this optimisation provided is not yet as
efficient as manually coding the VALU functionality as is shown in figure 5.16.
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Figure 5.16: The speedup of the FDTD using AVX (256 bit registers) functionality on a four core
processor for a grid size of 20 million cells. Task parallelism was achieved with the openMP libraries.
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Figure 5.17: A comparison of the parallel FDTD implemented with MPI and AVX showing the
improvement in performance when using dual physical memory channels. The FDTD model size is 20
million cells.

5.7 Parallel FDTD for the GPU using CUDA

CUDA is a proprietary programming interface for Nvidia GPUs. It consists of functionality that allows
the manipulation of data and processes between the CPU and GPU, and on the GPU itself. Important
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to the mapping of the parallel FDTD on to the GPUs architecture, is the hardware architecture of the
GPU, shown in outline in figure 5.18 below. Figure 5.18 shows a comparison of the basic CPU and
GPU structure. A major difference is that the CPU only has four processing cores but the GPU has
many. Although the CPU core has an instruction set that is more diverse in logic than the GPU core,
the CPU and GPU are both able to process a similar set of scalar arithmetic instructions. GPU threads
are excellent for processing arithmetic calculations such as addition, multiplication, division and
subtraction, but are not as efficient as CPUs for the processing of conditional instructions such as
“IF” statements. This is one of the principal differences between the processing flow on the CPU and
on the GPU. Although there is an aspect of SIMD processing to the implementation of the FDTD on
the GPU with CUDA, Nvidia’s description of the process as being Single Instruction Multiple Threads
(SIMT) is more appropriate as all threads in a Streaming Multiprocessor (SM) will process the same
instruction. A key concept of CUDA programming is the “warp”. The warp is a group of 32 threads
that process instructions in lockstep and is the smallest unit of work issued by a GPU.

As the parallel FDTD implementation strategy for the GPU described here is very dependent on the
GPU architecture, a brief description of this is given below.

5.7.1 CUDA GPU architecture

In CUDA GPU terminology, the GPU is a hierarchical architecture made up of several vector
processors called Streaming Multiprocessors (SM). Each SM contains an array of processing cores
termed Stream Processors (SP) which are managed under the collective of the streaming
multiprocessor. As a comparison to contemporary processors such as Intel’s eight core Nehalem
CPU, Nvidia’s GTX 480 has 15 streaming multiprocessors, each containing 32 stream processors. That
is, the GTX 480 has available 480 processing cores (stream processors). All of these processing cores
have access to the global GPU memory via the GPU’s memory interconnect. All of the cores within a
streaming multiprocessor collective also have access to a type of memory with very low access
latency, known as shared memory.

All of the threads in one streaming multiprocessor will perform the same instructions. Nvidia has
coined the term SIMT (Single Instruction Multiple Thread) for this. The GPU supports the processing
of many more logical threads than there are SPs (stream processors or cores) available and the
distribution of these logical threads on to physical cores is determined by the GPU’s thread
scheduling mechanism. Allowing the thread scheduler to manage many more threads than there are
SPs (cores) is an attempt to reduce the effect of memory access latency, an important consideration
when allowing many cores to access the global memory via the SMs.
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Figure 5.18: The cores and memory associated with a GPU (derived from Nvidia programming
manual [82])

5.7.2 Parallel FDTD model on the GPU

Figure 5.19 shows the processing flow of the parallel FDTD on the CPU and the GPU. All of the data
elements involved in the FDTD modelling have to be stored in the GPU’s global memory. To take
advantage of the SIMT arrangement afforded by the GPU cores, it is crucial to maintain the
continuity of the array of data stored in the GPU’s memory as it is presented to the threads. The
relevance of this point becomes more obvious if one views the many cores of the GPU as forming a
vector processing array. The communication overhead of the movement of data to the GPU’s many
processing threads has to be optimised in a way that is very similar to the arrangement and
alignment of data consumed by the SSE and AVX vector registers, as described in sections 4.3.2 and
5.6.

The principle of achieving higher efficiency by processing continuous data elements and aligning
data elements correctly in memory is not a new one, as is revealed by the inefficiency of incorrectly
processing row or column dominant data on a CPU. Good memory alighment according to register
length is necessary for all FDTD parallelisation methods using a massive vector processing scheme,
not only the GPU.

The GPU is a case in point as the large number of processing cores (stream processors) do not have
an exclusive channel to memory but are required to be supplied with data from the GPU’s Streaming
Multiprocessor (SM). The term used to describe the spatial ordering of data supplied to the Stream
Processors (SP) in an optimised manner is termed coalescence [81]. If the data supplied to the SPs is
out of order or not aligned with the SM correctly, the data is not coalesced and this will lead to long
data access (latency) periods and hence low efficiency. When data is ordered in a manner that is
optimally matched to the SPs, then the data is described as being coalesced and leads to low
memory latency and good memory bandwidth. This in turn leads to efficient algorithmic
performance on the GPU.
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Figure 5.19: The FDTD process flow on the GPU

The CUDA code segment 5.7.1 serves as a framework to describe how the FDTD is parallelised on the
GPU for the two dimensional FDTD. The code fragment is taken from a GPU kernel, which is the part
of the FDTD processing flow for the GPU as is shown in figure 5.19. The GPU kernel is a segment of
code built exclusively for execution on the GPU device itself. The same snippet of code is executed
on every core in the GPU and will calculate the electric and magnetic field values required for one
sweep of the FDTD grid, as is show in figure 5.20. As an example, a rectangular grid of cells is
processed as a one dimensional array using all of the GPU cores as a quasi vector array processor.
Ideally, the FDTD calculation for each cell in a column is performed simultaneously, one cell per GPU
thread or core. In practical terms, the number of FDTD cells to be computed in one column will not
be equal to the number of GPU cores (SP) available, and the number of threads used to compute the
FDTD cells will need to be programmatically regulated such that most of the GPU cores (SP) are
occupied by threads during processing. The dark rectangular area shown sweeping over the grid in
Figure 5.21 represents the number of threads being processed simultaneously.
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Figure 5.20: The processing sweep of threads for the 2D FDTD

The CUDA code segment 5.7.1 below represents the processing activity on the GPU kernel for one
FDTD iteration cycle. The sweep width for this code is one column in width, with reference to figure
5.21. The FDTD variables and coefficients used in this code are all conventional two dimensional
coordinate variables as defined in [3]. idx is a thread identifier and is a product of the block size
(which is a thread virtualisation of the SM), the grid size specifying the number of blocks, and the
thread identification per block. The values of the block and grid sizes have an effect on the
performance of this kernel in that they determine the number of effective threads in an SM, also
referred to as the occupancy. The conditional statements containing blockparx and blockparl
serve to define the computational limits. The variable kdx manages the assignment of thread and
data, and is key to the performance of this code, as will be shown in the description on coalescence
further below. The value §b is the size of a row or column, depending on the order of processing.

Code segment 5.7.1:
1) int idx = blockIdx.x*blockDim.x + threadIdx.x;
2) for(i=0;i<ncols;i++) {

if (idx < (nrows-1)){

kdx=1i*jb+idx;

if ((kdx < kx) && ((kdx%blockparx)<blockparl) && (kdx%blockparx>0)) {
ex [kdx]=caex [kdx] *ex [kdx]+cbex [kdx]* (hz [kdx]-hz [kdx-1]) ;
}

}

9) 1if (idx<nrows) {

10) kdx=i*jb+idx;

11) if ((kdx%blockparx<blockparl) && (kdx>blockparl)) {

12) ey[kdx]=caey[kdx] *ey[kdx]+cbey[kdx]* (hz [kdx-blockparx]-hz[kdx]);
13) 1}

14) }

15) }

16)  syncthreads();
17) for(i=1l;i<ncols;i++) {

18) if (idx<nrows) {
19) kdx=1*jb+idx;
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20) hz[kdx] = dahz[kdx] * hz[kdx] + dbhz[kdx] * ( ex[kdx+l] - ex[kdx] +
ey[kdx]- ey[kdx+jb] );
hz [sourcepoint]=source[kloop];

Three requirements for optimising the performance of this GPU code arrangement are:

1) Optimise the number of logical threads being processed in comparison to the physical cores
so that the ratio of occupied cores is large.

2) Ensure that the memory being accessed is “coalesced”, i.e. the memory accessed by threads
must be arranged in a contiguous manner and aligned with the streaming multiprocessor
processing it. This very issue has the greatest effect on the processing efficiency of the FDTD
on the GPU, as is shown in figure 5.24.

3) Keep the number of conditionals to a minimum. The use of “if” statements leads to logical
divergence in the warp and this can impact efficiency. The code kernel shown above was
tested by commenting out the “if” statements and this was found to have little effect on the
performance.

A simplistic schematic representation of coalescence is shown in the example below.
Consider a two dimensional matrix of data values:

0123

4567

89ab

where0123456789abis stored in consecutive memory locations. If the GPU thread requires 3
data access cycles then a continuous memory allocation of data to the cores, as is shown in figure
5.23a, would be:

Access 1 Access 2 Access 3
Core 1l 0 4 8
Core 2 1 5 9
Core 3 2 6 a
Core 4 3 7 b

where Access 1, Access 2, and Access 3 are successive read cycles by the respective core.

The GPU threads are allocated a portion of data that is aligned with the size of the physical core
structure in a streaming multiprocessor. The data can be supplied to the cores within a minimum
number of read steps. In a simplistic sense, the data would be coalesced. Algorithmically, the GPU
will try to coalesce data by using the following protocol [155]:
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1) For each memory transaction, find the memory segment that contains the address
requested by the lowest numbered thread.

2) Find all threads whose requested address is in this segment.

3) Reduce the segment size if possible.

4) Repeat the above process until all threads in a half-warp are served.

Consider that the FDTD data storage is aligned in a vertical sense on a grid pattern, so that a series of
vectored processors would process as one continuous sequence of data points, as is shown in figure
5.21.
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Figure 5.21: The processing sweep for the FDTD which is one column in width.

According to the extract of code shown below, consecutive GPU threads would read adjacent
memory locations, assigned by the array identifier kdx=i*jb+idx, where jb is the size of the
column in this instance.

Code segment 5.7.2:
1) for(i=0;i<ncols;i++) {

2) if (idx < (nrows-1)) {

3) kdx=1*jb+idx;

4) ex[kdx]=caex [kdx] *ex [kdx]+cbex[kdx]* (hz[kdx]-hz[kdx-1]) ;
5) }

6) }

If however the data is allocated to the cores in the following read order:

Access 1 Access 2 Access 3
Core 1l 0 1 2
Core 2 3 4 5
Core 3 6 7 8
Core 4 9 a b
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which would require several out of order read operations for the memory, as is shown in figure
5.23b. The memory access would not be coalesced and be very inefficient for the GPU or other SIMD
based processors. This example is an over simplification as the addressing requirements are aligned
to various memory boundaries in order to achieve proper efficiency [24, 81, 86]. A corresponding
GPU kernel code snippet that illustrates the concept of uncoalesced data access is shown as code
segment 5.7.3:

Code segment 5.7.3:

1) for(i=0;i<nrows;i++) {

2) if (idx < (ncols-1)){
3)  kdx=idx* (jb + i) ;
ex [kdx]=caex[kdx] *ex [kdx]+cbex [kdx]* (hz[kdx]-hz[kdx-1]) ;
5) }
6) 1}

Although data is stored in the same column format as indicated in the previous example, the FDTD
grid space is now processed with a row-by-row sweep, as is shown in figure 5.22. The threads
allocated to a particular data element is assigned by the array identifier kdx=idx* (jb + 1i). Using
this identifier, consecutive threads are allocated data elements separated in memory by an address
space of jb*(size of floating point value). This pattern of memory access by consecutive cores is
described by figure 5.23b.
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Figure 5.22

The result of deploying the FDTD on the GPU in an optimised state is shown in figure 5.24.
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Memory data allocation:

‘ 0 ‘ 1 2 3 4 ‘ H ‘ 6 ‘ 7 ‘ 8 9 a b
Core | Core | Core | Core | | Core | Core | Core | Core Core | Core | Core | Core
0 1 2 3 0 1 2 3 0 1 2 3
sweep increment 1 sweep increment 2 sweep increment 3

a) coalesced access

Memory data allocation:

‘ 0 ‘ 1 2 3 4 ‘ '3 ‘ 6 ‘ 7 ‘ 8 9 a ‘ b ‘
Core | Core | Core | Core Core | Core | Core | Core Core | Core | Core | Core
0 1 2 3 0 1 2 3 0 1 2 3
sweep increment 1 sweep increment 2 sweep increment 3

b) uncoalesced access

Figure 5.23: Simplified schematic of coalesced and un-coalesced memory access.
Adapted from [81, 82].

A further improvement in GPU processing efficiency can be attained by reducing the memory access
latency by making use of the shared memory variables available in every SM [27, 56]. The cache
memory on a CPU has the same relationship to the CPUs cores as the shared memory provides to
the Stream Processors (SP) belonging to one Streaming Multiprocessor (SM). The shared memory
has very low latency and is limited in size when compared to the global memory. Another
algorithmic consideration is that only cores within the same SM can access the shared memory
belonging to that SM. The memory to thread alignment and memory continuity criteria required to
achieve coalescence for the GPU using the global memory, now becomes even more stringent as the
number of threads involved in one sweep is limited by the amount of shared memory available.

Figure 5.24 compares the FDTD throughput of Nvidia’s GTX 480 gaming GPU against Nvidia’s C2070
purpose built general purpose GPU numerical processor. The GTX 480 shows results for an FDTD grid
of 20 million cells as it only has access to 1.5 GB of memory, opposed to the C2070 which has access
to six GB of dedicated memory.

The computation of the split field boundary conditions are shown in CUDA kernel code segment
5.7.4, which represents the calculation of the left side PML of a two dimensional FDTD grid. The
program variables in code section 5.7.4 are:

idx, kdx,pml idx: GPU thread and array identifiers

iebc: width of the PML, in this case eight cells wide
eybcl, hzybcl,hzxbcl: split field electric and magnetic PML components
ey,hz: component of the electric and magnetic fields
caeybcl, cbeybcl, caey, cbey: coefficient values.
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The most complex programming task in converting this split field PML to the GPU is line 7 of the
code segment 5.7.4, because it interleaves the main electromagnetic FDTD grid values ey and hz
with the split field PML values hzxbcl and hzybcl. As all the data values have been stored as
one dimensional arrays to facilitate optimised processing on the GPU, as described in the text above,
the programmatic alignment of these arrays is quite delicate.

On reflection of this experience, it would have been simpler to code the FDTD for the GPU with a
technique such as the CPML [3, 27,163], which does not require the computation of discrete
boundary areas. According to [163] the CPML technique will also provide better absorption
characteristics and simulation results.

Code segment 5.7.4:

// left PML
1) 1if((idx < iebc) && (idx > 1)){
2) for (3J=0;3j<je;j++){
3) kdx=idx*jb+7j;
4) eybcl [kdx] = caeybcl[kdx] * eybcl[kdx] - cbeybcl[kdx] *
(hzxbcl[kdx] + hzybcl[kdx] - hzxbcl[kdx-jb] - hzybcl[kdx-jb] );
}
}
// EY for 1i=0
5) if(idx < je) {
6) pml idx=(iebc-1)*jb+idx;
7) ey[idx] = caey[idx] * ey[idx] - cbeylidx] * (hz[idx] - hzxbcl[pml idx]
- hzybcl[pml idx]);
}
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Figure 5.24: The effect of coalesced memory with the FDTD algorithm on two different GPUs
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5.8 Parallel FDTD with Low Level threading

The basis of the threaded operation for both openMP and MPI is provided by generic threading
functionality such as that provided by the POSIX threading [146] or generic Windows threading
libraries. An early implementation of the FDTD on a cluster with MPI [92] discusses the use of POSIX
threads to accelerate the dual core processors used in the cluster. In a contemporary scenario this
FDTD hybrid deployment would very probably be implemented using a combination of the MPI and
openMP threading libraries.

A parallel form of the FDTD, very similar in operation to either the openMP or MPI described above,
can be created using the basic threading libraries by spawning threads to process segments of the
electric and magnetic fields on a shared memory or NUMA architecture. The communication of data
between threads and the synchronisation of thread events would need to be devised specifically for
that program. The low level programming overhead for this exercise would be substantial and
complex, and as it is already provided by application programming interfaces such as openMP and
MPI, it will not be re-examined here.

Although the higher level threading methods with openMP and MPI are very popular, the existence
and availability of basic threading needs to be mentioned as it will allow for the parallelisation of the
FDTD on hardware platforms, such as the Android phone, where the MPI or openMP are not
available.

5.9 Parallel CUDA on a cluster of multiple GPUs

Figure 5.25 is a system architecture [153] that illustrates the configuration of multiple GPUs attached
to a worker node or host PC. The multiple GPUs are attached to the worker node via a dedicated
Nvidia switch which uses a single PCle form factor. The CHPC achieves a similar architectural
configuration although individual GPUs are attached to the worker node by dedicated PCle form
factors, i.e. the worker node uses multiple PCle channels to accommodate several GPUs directly.
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The method of distributing the FDTD on several GPUs to create a parallel FDTD system is based on a
strategy that is very similar to processing the FDTD with MPI, as described in section 5.5. The FDTD
modelling space is broken into several chunks and each chunk is processed on a GPU. The fringe
values of the FDTD chunks are interchanged in the manner as shown in figure 5.26. On Nvidia GPUs,
the GPUdirect technology allows GPUs attached to the same node to communicate data between
their respective global memories directly. Nvidia’s GPUdirect technology also allows the
communication of fringe data between the dedicated memories of GPUs that are not on the same

node.
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Processing results from a system of multiple GPUs in [153] has achieved a cell throughput of 7910
MCPS using eight worker nodes with a total of 32 GPUs. The system exhibits good performance
scalability and is shown to process FDTD grid sizes of up to 3000 million FDTD cells using 64 GPUs.
Interconnecting the worker nodes by using an infiniband switch as shown in figure 5.25 allows the
easy addition of more worker nodes and GPUs and therefore makes the system highly scalable.

The process flow of the parallel FDTD on multiple GPUs is illustrated schematically in figure 5.27. It
shows the basic structure of the algorithm is similar to an MPI implementation. The bulk of the FDTD
computations are performed on the GPUs and MPI is used to control the process flow between
worker nodes.
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v

Receive parameters for
FDTD model on Worker
node

/\s

FDTDchunk 1loaded | « « + o o o o o o o & FDTD chunk n loaded
to GPU 1 (multiple GPUs) to GPU n
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Iterate FDTD on Iterate FDTD on
GPU 1 calculate E GPU n calculate E
and H fields in and H fields in
parallel for chunk 1 parallel for chunk n
Exchange FDTD chunk Exchange FDTD chunk
fringe with chunk fringe fringe with chunk fringe
on adjacent GPU using on adjacent GPU using
GPUdirect GPUdirect
Iterate again
End

Figure 5.27: The parallel FDTD on multiple GPUs

Using the openCL interface [158] and MPI, a similar FDTD implementation on a GPU cluster [92] was
found to achieve a throughput of up to 3000 MCPS using 16 GPUs. Stefanski et al [92] show that the
communication overhead between GPUs is proportional to the area of the chunk fringe data that is
exchanged. The hardware configuration used for this implementation uses a large number of GPU to
CPU ratio and hence the increased ratio of computation to communication latency allows more
efficient processing of the FDTD. The openCL technique also uses several GPUs in parallel, although
still attached to a single host or worker node [129].
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5.10 Parallel FDTD on the GPU using Direct Compute

The Direct Compute functionality is an interface for General Purpose GPU (GPGPU) computations
that is incorporated as part of the suite of Microsoft’s DirectX11 graphics APls. GPU program threads
are executed on physical cores referred to as compute shaders. Although the compute shaders have
access to graphics resources, the execution of the compute shader is not attached to any stage of
the graphics pipeline. The overall programming paradigm is very similar to that of CUDA in that the
GPU is treated as a discrete processor and the FDTD grid data is transferred to the dedicated
memory of the GPU for processing. An advantage of using Direct Compute is that applications
derived from this API will function on GPUs created by manufacturers other than Nvidia, particularly
Intel, whose GPU products are currently the most prolific in the global PC market. A combination of
conventional C language and a special “C” like scripting language is used to program the FDTD on the
GPU hardware. For Direct Compute the scripting language is called Higher Level Scripting Language
(HLSL) [96]. The FDTD algorithm is functionally decomposed in the same way as for CUDA in that the
multidimensional grid data is presented to the GPU for SIMD processing. In this manner many FDTD
threads are processed concurrently by the Stream Processors (SP) or cores in the GPU. As with
CUDA, the continuity of data is crucial for optimised performance of the FDTD on the GPU. A code
snippet of a single two dimensional FDTD processing iteration is shown in code segment 5.10.

Code segment 5.10:

C control program code (Repeat for each FDTD iteration):

1) RunComputeShader ( Parameter list including number of rows and columns of
FDTD space );

HLSL code:

2) int kdx=idx*ROWS+jdx;
3) int kdx1l=idx*ROWS;

4) static int kloop=0;
5) kloop==kloop+l;

6) if(kdx != kdxl) {
Alkdx].ex = Blkdx].a*A[kdx].ex + B[kdx].b*(A[kdx].hz - A[kdx-1].hz);}

7) 1if (kdx>ROWS) {
Alkdx].ey = Bl[kdx].a*A[kdx].ey + Bl[kdx].b* (A[kdx-ROWS].hz -
Alkdx] .hz); }

8) Alkdx].hz = Bl[kdx].c*A[kdx].hz + Bl[kdx].c* (A[kdx+1l].ex - A[kdx].ex +
Alkdx].ey - A[kdxtROWS].ex );

9) Alsource].hz = B2[kloop].a;

where:

kdx is the thread identifier

.ex, .ey,and .hz are the FDTD electric and magnetic cell values .a,.b, and
.c are the FDTD electric and magnetic coefficients described in [3]
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The code titled as “C control program” code is the statement that runs the graphics kernel
described by the HLSL code. A thread is launched to process one FDTD cell per thread. All FDTD grid
data and related coefficients have been loaded into the GPU’s dedicated memory before initiation of
this process. It should be noted that one of the differences to the implementation of the CUDA
specific FDTD for this work is that the Direct Compute version is customised specifically for the
HD3000 GPU found on Intel’s i5-2500k processor. Once completed, the Direct Compute version of
the FDTD functioned adequately on an Nvidia GPU with 96 CUDA cores. A comparison of the
performance of the Direct Compute FDTD algorithm on Intel’s integrated HD3000 GPU and on
Nvidia’s 96 core GT 240 GPU is shown in figure 5.28.
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Figure 5.28: A comparison of the performance of the FDTD algorithm deployed using the Direct
Compute on GPUs from two different manufacturers

The Direct Compute based FDTD performs well on the integrated HD3000 GPU, although the internal
structure of the 12 Graphical Execution Units (EU) is enigmatic as Intel does not disclose what the
internal hardware architecture of the EU is. It is known that the graphical EU is composed of a
system of compute shaders (or Stream Processors (SP) in CUDA terminology) but it is not known
precisely how many shaders there are and how these are physically configured.

Figure 5.24 shows the FDTD through using the Direct Compute APl on GPUs from two different
manufacturers. The HD 3000 GPU is integrated to the Intel i5 processor and shares the same physical
memory as the four processing cores as is described in section 4.3.2. The maximum available
memory to the HD 3000 GPU as used for these tests is 820 MB. The GT 240 is a discrete Nvidia GPU
with 96 stream processors and has one GB of dedicated memory.

The HD3000 shows a degradation of performance with an increase in the size of the FDTD grid being
processed, possibly owing to the influence of the Windows operating system. Although the general
FDTD cell throughput is not as good on the discrete GT 240 GPU as on the integrated HD 3000 GPU,
it does not experience the same performance degradation for larger FDTD grids sizes. This behaviour
is possibly owing to more physical memory being available to the GT 240 than to the HD3000.
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The objective of the FDTD implementation on the APU was to allow concurrent FDTD processing on
both the internal GPU and the conventional processing cores, while accessing the FDTD grid data
from a single addressable memory space. Processing the FDTD resident in one addressable memory
will allow the concurrent FDTD threads on the internal GPU and cores to avoid the communication
latency penalty experienced between a single discrete GPU and host computer connected via a PCle
link when interchanging FDTD data. At the time of this experiment, the hardware available was an
Intel i5 four core processor of the second production generation. The only interface to GPGPU
functionality on this series of Intel i5 processor was with the DirectCompute API.

It eventually was not possible to access memory space reserved for processing on the internal GPU
available to the conventional processing cores directly. It was also too programmatically complex to
exchange specific sections of the FDTD grid data between the GPU’s memory address space and
processing cores. For these reasons the experiment was abandoned on the second generation Intel
i5 processor. Intel is now producing the third generation of its i5 processor which has the capability
of being programmed with the openCL interface. The examination of whether the above objectives
can now be achieved by using openCL would be the basis for future work.

5.11 Accelerated Processing Units and Heterogeneous System Architecture
technology

The Accelerated Processing Unit (APU) is a hybrid processor consisting of conventional Complex
Instruction Set Computing (CISC) processing cores and a GPU on the same processor die. The FDTD
can be deployed on the CISC cores with the openMP threading library as described in section 5.4.
The FDTD can also be deployed on the integrated GPU as described in 5.10 above.

This hardware arrangement has the potential to allow the concurrent processing of the FDTD on the
GPU and the multiple CISC cores of the APU. By using the same physical memory to communicate
FDTD grid data between the GPU and the processing cores, as is shown in figure 5.29 below, there is
a reduction in the communication latency, and hence a corresponding reduction in the processing
time of the FDTD when processing one FDTD grid shared between the GPU and the processing cores.

Core1 | Core2 | Core 3 | Core 4

GPU X X X X
< < < <
(%]
o

Memory controller

Figure 5.29: A schematic of the APU die showing both the GPU and the cores on the same die
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Although the implementation of the FDTD on the different devices available on the APU has been
described above, i.e. the integrated GPU and the four CISC cores, a summary of the performance of
the FDTD is shown in figure 5.29 below. An extension of this work would entail the implementation
on the integrated GPU and the four conventional cores to process the FDTD concurrently and using
the same physical memory.
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Figure 5.29: The performance of the parallel FDTD as implemented on the different APU

5.12 The parallel FDTD on the Intel Many In Core processor

Although no MIC was available for the FDTD experiments in this thesis, a short section on the MIC is
included here owing to its state-of-the art features listed in the hardware description. These are in
summary;

1) More than 50 cores on one processing die.

2) Extended vector processing registers to accommodate sixteen concurrent single precision
floating point operations per core.

3) The novel ring like memory interconnect which uses up to 16 memory channels to supply
data to the processing cores.

The MIC is a shared memory device and can the FDTD can be parallelised using a variety of threading
API’s such as MPI, openMP, and openCL. The MIC has the potential to process

50 cores x 16 vector floating point operations per core = 800 simultaneous floating point operations.
A parallel implementation of the FDTD on the MIC [162] using the openMP threading achieves a
speedup of nearly 60 times over that achieved on a single core. The FDTD cell throughput in MCPS
on the Intel Phi has unfortunately not been published by Intel, although an extrapolation from the
FDTD cell throughput on a single Nehalem Xeon processor, would place this at 60 x 28 MCPS = 1680
MCPS.

The code description from this article [162] also shows that use is made of the vector registers on
each core by using the auto vectorisation capability of the Intel compilers, as described in section 5.6
of this thesis.
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5.13 Summary

Several techniques that influence the implementation of the parallel FDTD method on HPC platforms
have been examined. The fundamentals of how the FDTD can be deployed with the openMP and
MPI threading libraries, and how these techniques apply to various architectures, has been
described. It has also been shown how to implement the FDTD method as a data parallel algorithm
on processors such as the General Purpose Graphical Processing Unit. The creation of more powerful
hybrid HPC architectures, such as the cluster of GPUs, or the combination of AVX, GPU and multi
core on the Accelerated Processing Unit (APU), require the use of several different parallelisation
techniques to deploy the FDTD successfully.

Very much in the way that a modern HPC system is made up several different devices that can be
used to accelerate a numerical algorithm, the associated parallel FDTD is a combination of a variety
of parallelisation techniques. In order to understand the deployment effort of the parallel FDTD on a
contemporary HPC platform, one needs to compare the combination of parallelisation techniques on
these systems. This comparison and analysis is undertaken in the following chapter.

88



Chapter 6: A comparison of the Pt REHEW &R Y ifferErtappe prRferms

Chapter 6

6 A comparison of the FDTD method on different high performance
computing platforms

6.1 Overview
6.2 Comparison of FDTD implementations on different HPC platforms
6.2.1 Discrete GPGPU and SMP
6.2.2 Discrete GPGPU and multicore SIMD
6.2.3 SMP and Bluegene/P
6.2.4  Cluster and SMP
6.2.5 Integrated GPGPU and discrete GPGPU
6.2.6 Other systems
6.3 General classification table
6.3.1 Scalability of process
6.3.2 Scalability of hardware
6.3.3 Memory access efficiency
6.3.4 Openness
6.3.5 Algorithm encoding
6.3.6 Performance in speed
6.3.7 Performance in terms of model size
6.3.8 Cost of purchase
6.3.9 Power consumption
6.3.10 Implementation time
6.3.11 Future proofing from aspect of coding
6.4 Summary

6.1 Overview

The main focus of this chapter is the comparison of factors contributing to the deployment of the
FDTD on different High Performance Computing platforms. An evaluation is made of the
implementation of specific FDTD deployments in order to identify deployment issues that were not
apparent in chapters 4 and 5. The objective is to convert the subjective effects of some of the
contributing factors into a quantifiable form.

A comparison of the parallel FDTD on different computing platforms needs to consider several
attributes of varying scale, such as the size of the FDTD data sets being processed. A good example
of this is shown in the graphic in table 6.1 below which illustrates the variation in the size of the data
sets that can be processed by a single off-the-shelf GPU and the M9000 Shared Memory Processor
(SMP). As this thesis is focused on the deployment of the parallel FDTD on these platforms, it is
necessary to compare the effort involved in implementing the parallel algorithm on the different
hardware platforms. These comparisons serve to describe the FDTD from an implementation aspect
and are not meant to be only a performance comparison, although FDTD cell processing throughput
is one of the categories.
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Table 6.1: A comparison of FDTD grid sizes on different HPC platforms deployed with the parallel
FDTD in this thesis.

The comparison of the FDTD ranges from the traditional approach of the clusters, where parallelism
is achieved by a massive task parallel approach, to the use of the refined microarchitecture of the
GPU, where processing performance is achieved in a data parallel sense.

The general classification table at the end of this chapter is a summary of all the features
contributing to the deployment of the FDTD on specific HPC platforms. The notes accompanying this
classification are a brief description of the entries in the table and only serve as a summary of the
argument presented in this thesis.

6.2 Comparison of FDTD implementations on different HPC platforms

6.2.1 GPGPU and SMP

The comparison of the parallel FDTD on the Graphical Processing Unit (GPU) and the parallel FDTD
on the Shared Memory Processor (SMP) is a comparison of two very different hardware
architectures, coding implementation methods and cost scales. The most obvious difference is that
the FDTD for the GPU has been implemented in a data parallel sense whereas for the M9000 SMP
this is done is a task parallel sense.

The discrete GPU is configured as an accelerator to the host computer and has its own dedicated
memory, as is described in chapter 4. This allows the movement of FDTD grid data to the GPU
accelerator for processing. The typical contemporary off-the-shelf GPU has a maximum memory of
one to two GB which is a restriction to the size of the FDTD grid that can be processed on the GPU.
GPUs specifically produced for the purpose of numerical processing, such as Nvidia’s C 1060 and the
C 2070, are fitted with a dedicated global memory of up to six GB. This additional memory allows the
processing of much larger data sets on these devices.
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The long communication latency experienced when moving data to the host computer from the
GPU, or from the GPU to the host computer, prevents the efficient renewal or update of FDTD grid
data on the GPU while processing on both the GPU and host computer. The consequence of this is
that all of the grid data needs to be resident in the GPU’s memory if one is to optimise the FDTD
algorithm for the discrete GPU. The largest model that was processed on a discrete GPU for this
thesis is 121 million grid points, which is small when compared to the model sizes of over two billion
FDTD grid points processed on the M9000 SMP. It must be noted that the M9000 SMP was able to
compute model size of up to 20 billion FDTD grid points. When multiple GPUs are used in a cluster
architecture it is possible to process data grids of the same magnitude as can be processed on the
M9000, as is described in section 5.9.

The M9000 SMP architecture is a legacy architecture, where many processing cores have access to
the same memory address space, and the ease of deployment of the parallel FDTD speaks of the
continuous refinement this development environment has undergone over the previous two
decades. The conversion of the serial three dimensional FDTD onto the SUN M9000 shared memory
processing system took less than two hours and this fact in itself is a powerful differentiator when
compared with the other development platforms.

The very short deployment time is a good basis of comparison for the conversion of the serial FDTD
for the GPU. It took more than a week’s worth of intense development work to produce basic
performance results from the parallel FDTD on the GPU. The development effort was taken up by
the requirement to reorganise the multidimensional FDTD grids into a one dimensional grid as a pre-
requisite for processing on the GPU. From an aspect of coding, the Perfectly Matched Layer (PML)
boundary conditions were difficult to deploy for the GPU as it required many hours of programming
to align the boundary areas with the main FDTD grid correctly. The choice of boundary conditions in
the coding process is quite crucial for the GPU implementation, as CPML boundaries are much
simpler to integrate with the FDTD grid [27]. The GPU programming effort for the FDTD can be
broken into 3 distinct stages:

1) Basic implementation of the FDTD on the GPU to achieve data parallelism.

2) Integration of boundary conditions with the main FDTD grid.

3) Optimisation of the FDTD on the GPU, such as memory coalescence and use of shared
memory variables.

The optimisation of the FDTD on the GPU is a crucial exercise that is needed to produce good
performance results. Figure 6.1 below illustrates the benefit of optimising the FDTD on the GPU by
coalescing [55] the access of data with global GPU memory. This coalescence of the data has large
implications for the performance achievable on the GPU and is somewhat analogous to the reading
the correct data order on rows or columns used in matrix handling methods on conventional CPUs.
The use of shared memory, a limited set of variables with extremely low access latency, can enhance
the performance of the FDTD even more. The amount of shared memory variables available to a
collection of threads on a GPU is however very limited and increases the complexity of the
programming.

Figure 6.1 illustrates a cost implication of optimising the FDTD for the GPU by comparing the
optimised performance of the parallel FDTD on a 120 core gaming GPU, the GTS 240, with the un-
optimised performance of the 480 core GTX 480 GPU. The Nvidia GTS 240 or GTX 480 GPUs are
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commonly purchased for enhancing the graphics of computer games on personal computers and are
also commonly referred to as “gaming” GPUs. Figure 6.1 shows that the optimised form of the low
cost 120 core GTS 240 GPU clearly outperforms the un-optimised and more expensive 480 core GTX
480 GPU. A detailed description of the coalescence is given in section 5.7. The Nvidia C 2070 and C
1060 GPUs can process larger FDTD data grids than the gaming GPUs as they have a larger dedicated
memory. It is speculated that the artefacts in the throughput plots for the GTS 240 and GTX 480
gaming GPUs are as a result of interference by the Windows operating system, under which these
FDTD implementations were developed. The FDTD implementation on the C 1060 and the C 2070
GPUs shows no such artefacts and were run in a linux environment.
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Figure 6.1: Performance of the FDTD on various GPUs for various stages of optimisation

The performance comparison of the parallel FDTD on the M9000 SMP and the GPU, as is shown in
figure 6.2, was made for a range of FDTD grid sizes. The performance of the parallel FDTD using MPI
on 16 cores of the M9000 is closely matched to that of Nvidia’s C 1060 GPU. Similarly, the
performance of the parallel FDTD with MPI on 32 cores of the M9000 is very close to that of the 448
core C 2070 GPU. The peak throughput of FDTD data by the M9000 in figure 6.2 is approximately 780
million cells per second. The same parallel FDTD deployment on the M9000 will only reach a
maximum peak of 780 million cells per second when processing an FDTD grid size of two billion cells.
It is possible that the cause for the parallel slowdown on the M9000, described in figure 5.3, is also
the reason for this throughput ceiling in processing performance.
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Figure 6.2: A comparison of the parallel FDTD on the M9000 SMP and the GTX480 GPU.

Figure 5.3 shows the reduction in processing time on the M9000 SMP as more cores are used for
computational effort. Processing this small FDTD data set with more than 32 cores results in “parallel

slowdown”, a phenomenon caused by:

1) The increased algorithmic load of communication between the processing threads and
memory.

2) Memory contention of too many threads attempting to access the same memory.

3) Processor affinity; the short period threads caused by loop parallelism force constant

context changes and the reloading of cache memory in processors associated with other
threads [51, 101].

The efficiency of the parallel FDTD algorithm implemented for the M9000 SMP is affected by the
ratio of FDTD cell degrees of freedom to number of processing cores, also referred to as the
granularity, the effect of which is described in figure 6.3. The efficiency is defined as;

Measured FDTD cell throughput
Ideal FDTD cell throughput

x 100

Efficiency(%) =

The efficiency of the parallel FDTD on the M9000 increases as the granularity increases, i.e. the ratio
of FDTD cells computed per core increases in relation to the amount of data communicated between

FDTD chunks (or threads).
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Figure 6.3: The efficiency of the parallel FDTD using the MPI threading libraries on the M9000 SMP.

The performance variation in the openMP and the MPI versions of the parallel FDTD on the M9000
platform is shown in the figure 6.4. The variation in performance can be attributed to processor
affinity penalties incurred by these two different threading techniques on the M9000 [51, 101], i.e.
the MPI FDTD thread has continuous access to the same physical core and memory during
processing of the FDTD whereas the openMP algorithm is based on loop parallelism, which
continuously creates new threads, with a related core affinity problem. This difference in parallel
loop duration is schematically illustrated in the figures 5.7 and 5.10 which show the thread duration
for the parallel FDTD implemented with either openMP or MPI.
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Figure 6.4: Processing time of the parallel FDTD with openMP or MPI on the M9000 SMP for varying
FDTD model sizes
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6.2.2 GPGPU and multicore vector registers

The comparison of the implementation of the FDTD on the GPU and the multicore vector registers is
based on the algorithmic similarity of processing the FDTD on these platforms. The data parallel
nature of both of these implementations suggests that there is also some similarity between these
architectures. This similarity is a result of the Single Instruction MultipleThread (SIMT) design of the
GPU Stream Processor and the use of a Single Instruction Multiple Data (SIMD) algorithm for the SSE
or AVX. Both of these devices perform SIMD-like instructions to parallelise the FDTD.

Discrete GPUs in general consume more power than the multicore processors using vector
extensions, such as the AVX. The Nvidia GTX 480 consumes up to 350 watt when processing intense
numerical algorithms such as the FDTD. The four core Intel i5-2500k processor, including the
contribution from the AVX registers and integrated GPU on the same die, consumes a maximum of
105 watt under load.

Figure 6.5 below is a comparison of the speedup achieved by implementations of the FDTD on a 240
core Nvidia C 1060 GPU and the FDTD running on an eight core Intel Xeon processor using the
Streaming SIMD Extensions (SSE) registers. While the implementation of the optimised FDTD on the
GPU is a relatively complex coding project, the optimisation of the parallel FDTD using the SSE
capability of the multicore CPU is relatively simple, as described in section 5.6. The FDTD
implemented using the SSE shows the same amount of speedup when using either the openMP or
MPI threading techniques.
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Figure 6.5: Speedup of the FDTD using SSE on an eight core CPU compared to FDTD on the C 1060
GPU.

The multicore SIMD architecture is an evolving platform in which the number of cores and the
specialised circuitry such as the length of the vector registers is growing rapidly. At the time of
writing of this thesis, at least one chip manufacturer is planning a 50 core chip with each core
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incorporating the AVX functionality (Knight's Corner, from Intel). When one considers that the AVX
specification allows an extension to 512 bits and that this will allow the simultaneous processing of
eight single precision floating point numbers, there is a potential to process 50 x 16 = 800 floating
point numbers concurrently. Table 6.2 is a table of contemporary processors and their SIMD/SIMT
capability.

Device Manufacturers identification cores Concur.rent single-floating
point calculations
GPU C 1060 240 240
4 cores with SSE - 128 intel i5-2500k 4 16
8 cores with SSE - 128 intel Xeon 7560 8 32
4 cores with AVX - 256 intel i5-2500k 4 32
4 cores with AVX - 1024 As per AVX specification only 4 128
50 cores with AVX - 512 Knights Corner (release in 2013) 50+ 800

Table 6.2: A comparison of the SIMD capability of different devices.

When processing the FDTD in a data parallel sense with a vector register that is twice as long, i.e. the
256 bit AVX register as compared to the 128 bit SSE, it does not automatically follow that there will
be a twofold improvement in performance. Figure 6.6 illustrates the speedup achieved on a four
core processor with the FDTD using either the SSE or the AVX registers. The FDTD using AVX does
show a marked improvement in performance for a low core count, but for a higher core count the
performance of the FDTD using AVX is not much better than the FDTD using SSE.

- — Regular
1 — S5E
4 AVX

Speedup relative to single regular core

Cores

Figure 6.6: A comparison of the FDTD performance with SSE and AVX computing a grid of 20 million
points on the four core Intel i5-2500k processor

This throttling effect for a higher core count could possibly be attributed to the limitation in data
bandwidth for the data being supplied to the processing cores by the memory. This assumption is
borne out by the improvement in the performance of the FDTD with AVX when using two channels
supplying data from the memory to the cores, as is shown in figure 6.7.
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processing with no vector extensions but using two memory channels. The results are derived from
processing the FDTD on a four core i5-2500k processor computing 20 million cells.

The performance-limiting memory bottlenecking issue, as described in section 5.6, is very probably
the reason why the 256 bit AVX based FDTD implementation does not achieve the expected speed-
up over the 128 bit SSE based FDTD implementation graphed in figure 6.6.

Programming the FDTD with vector registers such as the AVX requires two computational stages:

Stage 1: A data fetch stage that will load the FDTD grid values into memory in preparation for
processing.

Stage 2: A processing stage that will compute the FDTD values in a data parallel sense.

The benefit of the SIMD based implementation of the FDTD using AVX lies in the ability to perform
simultaneous computations as described in Stage 2, its weakness is that new data cannot be
supplied to the vector registers quickly enough for relatively sparse computations such as used for
the FDTD update equations. If one could therefore increases the number of computations in the
second stage while the overhead of the memory fetch requirement remains the same, this will
improve the performance of the FDTD SIMD operation, as described in section 5.6.

This can be expressed in the following simple relationship as:

time taken for data fetch per FDTD iterative loop

time taken for compute of FDTD on vector registers
If n > 1 then memory bottlenecking will occur on multicore chips using SIMD with AVX.
If n < 1 then memory bottlenecking will not restrict computation of FDTD, or have less of an effect.

It is possible to increase the performance of this two stage cycle by improving the efficiency of the
data fetch operations or by increasing the load of the vector register computation.
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The data fetch operation can be made more efficient by using low latency local cache memory to
fetch data [100], or to provide more physical channels to access the data. Attempts were made to
program the data supply to the local cache but it was found that the implementations of the FDTD
using these did not show any performance advantage over the conventional fetch from memory.
Using more than one physical memory channel to access memory showed a marked improvement of
the data fetching operation resulting in an overall improvement of the FDTD using AVX as is shown
in figure 6.7.

Some compilers are achieving a performance improvement by automatically vectorising the FDTD
using the AVX registers on multicore processors. An examination of the resultant assembly code
provided by the Intel C compiler, reveals that the automatic vectorisation is achieved by unrolling
the embedded loops that make up the FDTD computation, and arranging these to be processed by
the AVX registers on the processor, a technique which is very similar to the manually coded method.
Figure 6.8 shows that the Intel compiler successfully automates the vectorisation of the FDTD for a
single core, but is not very effective for more than one core in the multi core environment. Three
curves that show the effect of using the Intel auto-vectorising compiler are compared in figure 6.8.
These curves are:

1) The Regular FDTD with no AVX speedup.

2) The FDTD using the Advanced Vector eXtensions (AVX) achieved by manually programming
the registers.

3) The FDTD as accelerated automatically by the compiler with the AVX.

A consideration that also has to be made is that the building block of contemporary supercomputers
currently being manufactured is a multicore processor. The implication of this is that any
computational mechanism that will speed up the processing of the FDTD on the multicore processor,
such as the AVX, will also speed up the processing of the FDTD on the supercomputer.
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Figure 6.8 Auto-vectorisation of the FDTD with the Intel C compiler showing speedup of the four
core Intel i5-2500k processor computing 20 million cells.
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6.2.3 M9000 SMP and Bluegene/P

Architecturally the Bluegene/P and the M9000 SMP are similar in that they both use a multi-core
processor as their basic computing work-horse and have a highly sophisticated proprietary processor
interconnect to provide communication between the processors providing the actual computation.
The primary difference in these systems is the way their respective operating systems view their
memories. The Bluegene/P operates as a non-unified memory architecture (NUMA) and the M9000
sees one unified memory address space (UMA). Although the physical memory on both machines is
distributed and associated with specific processors, the M9000 SMP has a memory access latency on
average ten times faster than the Bluegene/P (see table 4.2). Although not every processor is
directly attached to the same physical memory, this highly effective memory access speed (low
access latency) allows it to be used as one addressable memory.

Another memory specific difference between the Bluegene/P and the M9000 SMP is that the
Bluegene/P only allows 32 bit memory addressing and makes available two GB of memory per
processing node (each with four cores). The M9000 on the other hand has 64 bit memory
addressing, which allows for the processing of a much larger FDTD grid size per node.
Experimentation has shown that the Bluegene/P will run the parallel FDTD without encountering
memory restrictions with up to 20 million grid points per node. As there are 1024 nodes on the
Bluegene/P used for this thesis this will theoretically allow the processing of an FDTD grid of 20
billion grid points. The maximum size of FDTD grid size processed on the Bluegene/P for this thesis is
two billion cells. The performance of the parallel FDTD with MPI on the Bluegene/P and the FDTD
with MPI on the M9000 SMP is shown in figure 6.9 below. Of note is the logarithmic scale of the
throughput in millions cells per second which shows the extraordinary processing power of the
Bluegene/P when compared to the performance of the M9000 SMP.
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Figure 6.9: The performance of the parallel FDTD with MPI on the Bluegene/P.

The efficiency of the FDTD achieved on the Bluegene/P compares well to what is found by Yu et al.
[53] although the results presented here do show more variability, very possibly arising from
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different FDTD thread to physical core mappings between timing runs. The efficiency of the FDTD on
the Bluegene/P and a comparison to the Yu-Mittra [53] results is shown in figure 6.10 below.

Despite its Bluegene/P’s formidable reputation as a supercomputing engine, the programming of the
parallel FDTD with MPI is a conventional programming process. The parallel FDTD code used on the
Bluegene/P was developed on a Personal Computer using the C language and MPI.

The parallel FDTD built using the MPI library (section 5.5) requires absolutely no code change
whatsoever between the Bluegene/P and the M9000 SMP platforms. Equal FDTD grid sizes were
computed on each processor and there were no load-balancing issues on either the M9000 SMP or
the Bluegene/P because of this. The shared memory architecture allows the development of the
parallel FDTD with openMP on the M9000, which is not possible on the Bluegene/P. Although using
the openMP threading library does not provide an advantage in processing speed and capacity, it
does allow for much faster program development and prototyping. It is also possible to program the
FDTD on four core IBM Power processors (such as used by the Bluegene/P) with openMP and using
these as compute nodes in a larger MPI hybrid structure, as was deployed by Yu and Mittra [51]. This
hybrid deployment could explain the more efficient processing of the FDTD on the Bluegene/P with a
core count in the lower range as is shown in figure 6.10. The Yu and Mittra data has been extracted
from work done by [53], as described further below.
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Figure 6.10: Efficiency of the FDTD on the Bluegene/P with a FDTD grid of two billion cells.
6.2.4 Cluster and SMP

As the M9000 SMP and the Westmere (Xeon processor based) cluster both use multicore processors
as their computational workhorses, it is not unexpected that they all achieve a similar order of
speedup for the parallel FDTD on a small number of cores when implemented with the MPI API, as is
shown in figure 6.11. Although the clusters are as efficient as the SMP when only using a few cores,
the M9000 SMP is more effective at processing the FDTD as the number of cores used increases, also
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graphed in figure 6.11. This mirrors in some way the basic architecture used for the clusters, as the
multicore processors can also be considered to be individual SMPs. The cores on the multi core
processor constituting the M9000 SMP will access local on-chip memory, which has a lower memory
access latency than the memory accessed via a memory interconnect. This is because the cores on
the multicore chip all access the same physical memory arrangement, even though it is not the same
computational address space.
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Figure 6.11: The FDTD performance comparison on the M9000 SMP and Westmere Cluster when
processing a FDTD grid of 2000 million cells.

Although the cluster performance is limited in its ability to achieve good FDTD cell throughput as is
shown in 6.12, this does not affect its ability to process large FDTD models, as is shown in figure 6.12
below.

The reader will notice that although the cluster does achieve a speed-up for a low core count, it is
less efficient when using a larger number of cores as is shown in figure 6.14. An examination of the
efficiency achieved by similar FDTD deployments on clusters [125, 126] shows some agreement with
the FDTD efficiency achieved with a maximum processing core count of 16. An interesting effect of
the type of communication channel on the efficiency of the FDTD on a cluster is shown by [144] in
figure 6.13 below. The acceleration factor is the speedup achieved by a given number of nodes.
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Figure 6.12: A comparison of the effect of size of the FDTD modelling space on a cluster and the
M9000 SMP.

The efficiency of the FDTD is shown to be subject to a combination of the latency and bandwidth of
the communication channel. In essence, figure 6.13 supports the reasoning of how the long latency,
discussed in chapter 4, negatively affects the performance of the parallel FDTD.
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Figure 6.13: Graph taken from [144] showing the effect of inter-node communication efficiency on
the acceleration of the parallel FDTD.
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Other FDTD implementations [53] on clusters are able to maintain an efficiency of above 80% for a
large number of cores [80 cores]. It is speculated that this may be as a result of implementing the
parallel FDTD with a processor topology [54] that more closely matches that of the FDTD model
dimensions. The matching of topology is something that cannot be easily achieved when processing
a FDTD program on a system where the processors are abstracted from the topology by a scheduling
process such as Moab.
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Figure 6.14: A comparison of the efficiency of the parallel FDTD with MPI on several clusters at the
CHPC. This is compared to the efficiency of the parallel FDTD with openMP on the M9000, also a
CHPC system. Also shown, although for varying model sizes and number of cores, are FDTD cluster
efficiencies from Yu, Lu, and Oguni [100, 125, 126].

The comparison of the parallel FDTD on the Distributed Shared Memory Architecture (DSMP)
architecture, in this instance two multi-core Nehalem processors connected via the Quick Path
Interconnect (QPI) technology, is in effect a comparison of a system that is part SMP and part
cluster. The reason it is being viewed as an SMP is because the operating system on this platform is
configured to view the addressable memory as a Unified Memory Address (UMA) system. The DSMP
configuration is similar to a cluster configuration as it is a collection of multi core processors that are
more tightly coupled which permits them to achieve lower inter-processor communication latency
than a conventional cluster configuration. A comparison of the performance of the parallel FDTD
implemented with openMP on a conventional SMP (M9000) and the Intel DSMP is shown below in
figure 6.15. The performance on both platforms is very similar despite the difference in the
specification of the Chip Multi Processor (CMP) and interconnects on these platforms. The
degradation in performance of the DSMP from 16 cores onwards is assumed to be because of the
processing inefficiencies caused by the hyper-threading, as described in section 4.14.
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Figure 6.15: The performance of the parallel FDTD using openMP on the SMP and Distributed SMP
platforms (large multicore processors).

6.2.5 Integrated GPGPU and discrete GPGPU

The merits of processing the FDTD with an SIMD device has been discussed in section 6.2.2 above. It
is apparent that one of the major limitations in processing large FDTD grids simultaneously on both a
host computer and discrete GPU is the data transfer latency between the host’s memory and the
GPU memory, as per the description in section 4.3.1. The Accelerated Processing Unit (APU) provides
the GPU on the same die as the CPU cores, as is described in section 4.3.2, thereby providing access
to the same physical memory and using the same memory caching system. This arrangement of CPU
and GPU has the potential to reduce the data communication latency between the integrated CPU
and GPU, and hence the concurrent computation of the FDTD on both the CPU and the GPU. Figure
6.16 below is a schematic showing a discrete GPU configured with an APU to process the FDTD. The
FDTD grid data has to be moved from the APU’s memory to the external GPU’s memory for
processing. If one is considering the concurrent processing of the FDTD grid with both a GPU and the
multiple cores of the APU, is makes sense to minimise the effect of large communication latencies
and process the FDTD with both the APU’s cores and the APU’s GPU.

104



Chapter 6: A comparison of the Pt REHEW &R Y ifferErtappe prRferms

Configuration using

integrated GPU Configuration with external GPU
APU with APU with
integrated GPU integrated GPU <———{ roieoress |
and 4 cores and 4 cores Y
Multiple Multiple
channele chanvele y
Dynamic Random Dynamic Random External GPU
Access Memory Access Memory
. GPU |
memory
| GDDR |

Figure 6.16: A description of the additional data communication overhead req[Jired for an APU to
process the FDTD on an external GPU.

According to the independent performance values of the FDTD on the multiple cores and the
internal GPU of the APU, as is shown in figure 6.17, the potential of a combined FDTD throughput
provided by the multiple cores and the internal GPU, could be in the excess of 200 Million cells per

second.
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Figure 6.17: The computational throughput of the integrated GPU and a GPU configured via PCle as a
CO-processor.

6.2.6 Other systems

The author is aware of other HPC parallel processing systems such as the Quantum or FPGA
computers but has restricted the research performed here to the more commercially available
platforms owing to time constraints.
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6.3 General classification table

The deployment effort and performance of the FDTD algorithm for different High Performance
platforms is dependent on several factors as listed in table 6.3 below. Each factor has been ranked
on a scale of 1 to 10 against the respective platforms, the lower rank denoting a positive or
beneficial aspect, and the higher rank indicating a negative or detrimental aspect. Each factor has
been summarised below and related back to the discussion in this thesis. The classification is to
serve as a comparison of the deployment effort of the FDTD on these platforms.

Category Bluegene/P GPU Cluster M9000 Multicore

[ER
w
>

Scalability of Process

Scalability of Hardware

Memory Access Efficiency
Openness

Algorithm coding effort
Performance (FDTD cell throughput)
Performance in Size, Grid Range
Cost of purchase

Power consumption
Implementation time

Future proofing from aspect of coding
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Table 6.3: Classification table of the FDTD deployment effort on several High Performance platforms.
Lower values are better.

Notes on the General classifications: Overall Ranking — 1 is beneficial, 10 is detrimental.
6.3.1 Scalability of process

The scalability of process has been ranked one (easy), to ten (hard). This is a measurement of the
effort involved in scaling the FDTD on a particular computing platform.

Rank one — The FDTD as a distributed MPI process on the Bluegene/P or multicore cluster is highly
scalable (section5.5), although consideration has to be made of the processor topology to achieve
good performance. In practice, the use of Controlled Source Electro Magnetics [153, 154] by
geophysical companies can model commercial scenarios on clusters using thousands of FDTD MPI
processes.

Rank two - The FDTD can be readily adapted to a GPU cluster [153] as described in section 5.9. The
FDTD experiences a good increase in capacity and capability with the corresponding addition of
more GPU processing units. Communication between GPUs can take place using a variety of
techniques including MPI or GPUdirect, a communication system used by Nvidia to directly exchange
data between the dedicated memories of Nvidia GPUs.

Rank three — On the SUN M9000 SMP the FDTD process is easily scaled with no code change to the
parallel FDTD programs created with MPI or openMP as described in sections 5.4 and 5.5. There is a
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top limit in physical size and addressable memory that can be attached to any single SMP platform
and this will limit the scalability. In order to make the FDTD process scale on the clustered SMP
platform, it may be necessary to change the openMP architecture of the parallel FDTD to an
openMP/MPI hybrid system to accommodate the physical cluster structure of several M9000s strung
together.

Rank four — The FDTD with MPI or openMP on the Intel multicore processor scales well owing to the
versatile interconnectivity offered by the Quick Path Interconnect (QPI) fabric, yet is limited by the
physical size of the configuration, i.e. A motherboard with several effectively becomes a blade
processor. Any further growth would define this architecture as a cluster.

6.3.2 Scalability of hardware

The scalability of hardware has been ranked from one to ten, one being highly scalable and ten being
difficult to scale.

The Bluegene/P and the multicore cluster platforms have rank one as all that will be required to
scale the system will be the addition of more computing hardware of similar architecture (section
4.3.5 and 4.3.6). Good examples of this are the cluster farm at Google inc. [128] and the Bluegene/P
installation in the Jilich Supercomputing centre [127] in Germany.

A similar consideration has to be made for the GPU in that a GPU cluster can be created by attaching
several GPUs to a single host controller (or worker node) [153], as is described in section 5.9. These
GPU clusters can then be expanded quite readily by adding similar host controllers to the system. As
the GPU cluster requires only a fraction of the power consumed by larger systems, such as the
M9000 and Bluegene/P, no special consideration has to be made for additional power supplies and
cooling. This advantage places the GPU cluster into a better scalability category and will receive a
rank equal to two.

Rank three, as assigned to the SUN M9000 SMP, has the same attributes as one but the
consideration has to be made that at some stage the processing capacity of the SMP will be reached
(section 4.3.3). The SMP nodes can be linked together in a cluster configuration, but this will change
the nature of the architecture of the platform to being a cluster.

Rank five is a rank assigned to the multicore processor as only a finite number of these will fit onto
one motherboard (section 4.3.4). The architecture of a motherboard populated with multicore
processors makes up the basis of a blade server. These blade servers are the building blocks of the
Nehalem and Westmere clusters used for this thesis.

6.3.3 Memory access efficiency
Rank is from one to ten, one for being efficient and ten being inefficient.

The memory access efficiency is one of the key components contributing to the performance of the
FDTD method on high performance computing platforms. The FDTD is computationally sparse and
depends on whether sufficient data can be supplied to the processing cores quickly enough. The
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data required by the FDTD process is supplied either from memory directly or from the
communication of data with other FDTD threads. Two examples of how the memory access
efficiency can influence the FDTD performance are illustrated by the optimisation of the FDTD for
the GPU in section 5.7, and by the limitation in processing speed caused by the data supply
bottlenecking for the vector processing on the multicore processor in section 5.11. The effect of
system latency and bottlenecking on the FDTD on different high performance platforms has been
described in various sections of chapters four and five.

The GPU as used in asymmetrical processing requires the data to be moved from the host memory
to the GPU for processing. Once on the GPU and optimised for the GPU memory (section 4.3.1), the
FDTD process achieves good performance (section 5.7). The size of the memory for the GPU is
commonly limited to a few Giga Bytes (GB) and this limits the size of the array that can be processed
on one GPU alone. The movement of data between a single GPU and host is hampered by the long
latency experienced when communicating over a PCle bus. This prevents the simple sharing of FDTD
data grids between the GPU and host (sections 5.7, 5.9).

The processing of the FDTD using multiple GPUs, i.e. a GPU cluster (section 5.9) overcomes the
memory limitation in processing large FDTD grids. In addition to this, the use of Nvidia’s GPUdirect
technology allows low latency communication between the memories of Nvidia GPUs in a cluster of
GPUs. The ability of the GPU cluster to process extremely large FDTD arrays [153] at a throughput
(7900 MCPS) comparable to that of the Bluegene/P (8000 MCPS) warrants a memory access
efficiency rank of one for the GPU.

The Bluegene/P has been given a ranking of two. Despite the formidable performance achieved for
the FDTD on the Bluegene/P in this thesis (section 6.2.3), it is limited in memory size by only
addressing a 32 bit address space per node (section 4.3.6). Good FDTD performance was achieved on
the Bluegene/P because of the efficiency of the sophisticated data interconnect. The effort required
for memory access optimisation on the GPU was not required for the Bluegene/P.

The Westmere cluster computer has received a rank of three for memory access because the
communication system between cluster blades is driven by an Infiniband or high speed Ethernet
switch, and not a sophisticated interconnect dedicated to inter-process and memory
communication, as on the Bluegene/P (section 4.3.5 and 6.2.4).

Rank value of five has been assigned to the multicore processor at the Intel Manycore Test
Laboratory (MTL) as this uses the Quick Path Interconnect (QPI) technology to create a Distributed
Shared Memory Processor (DSMP). The operating system distributes the memory usage across the
available memory infrastructure and the user is presented with a unified memory as described in
section 4.3.4 and 6.2.4. The memory access is good when processed on a small number of cores but
appears to limit the performance of the FDTD as is shown in section 6.2.4.

A Rank of five has been assigned to the SUN M9000 SMP machine as inter process communication
speed of FDTD threads is performed by the exchange of data in memory. Memory access
performance for a low number of cores is very efficient as is shown by the good FDTD throughput
achieved. FDTD performance rapidly deteriorates when processed on a larger number of cores on
the M9000, presumably owing to excessive data management between the processing cores and the
memory.

108



Chapter 6: A comparison of the Pt REHEW &R Y ifferErtappe prRferms

6.3.4 Openness
Rank 1 indicates good openness and rank 10 indicates difficult to access information.

In order to use any HPC system a certain learning curve is involved in getting to understand the
nuances of the system and languages, compilers, etc. Although openness is a difficult concept to
qguantify, some have tried to formalise it [31].

Openness also refers to the amount and quality of information of self-help on the internet in the
form of documentation, examples and manufacturer supported user forums. Information required
for the deployment of a numeric algorithm such as the FDTD is readily available. Of the work
performed for this thesis one particular example of this stands out. The Bluegene/P is a highly
sophisticated supercomputer which is a culmination of extensive operational research [86]. The
parallel FDTD implementation created at the Centre for High Performance Computing (CHPC) was
done by extrapolating the methods from other platform’s paradigms, such as the MPI threading on
the Nehalem cluster, onto the Bluegene/P. Although the results provided by the implementation are
adequate, better access to good documentation would have allowed the use of dual simultaneous
floating point calculations per compute core. For these reasons, the Bluegene/P was afforded a high
ranking for openness, i.e. some information could not be easily located in the Bluegene/P
documentation.

A system will also score a high ranking for openness if the information required to deploy an
algorithm depends on IT support. Voluminous information may be available on the web, but does
not apply to the development situation in hand. Direct intervention may be required by the HPC
centre’s support personnel to allow the developer to compile, link, or run a program.

The good quality of the documentation provided by Nvidia’s CUDA development has made possible
the evolution of the GPU into a common place development platform for high performance
computing. By providing good examples that are easy to understand and well laid out
documentation that is readily available provides an easy entry point to HPC.

A low ranking is indicative of a system that has good openness. A high ranking refers to a system that
is not very open. Although the openness value is not easy to quantify, it is critical to have a good
openness rating if one is considering efficient software development on an HPC platform.

6.3.5 Algorithm coding effort

The coding effort required to produce the parallel FDTD on a specific platform is dependent on
several factors, as described in section 3.10. These are in summary;

e User community size

Maturity of technology
Hardware or platform availability
FDTD Coding precedent
Documentation

e Orthodoxy
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The multicore platform, essentially multicore processors coupled together with the Quick Path
Interconnect fabric (QPI), has the best and lowest Rank (= one). The FDTD is rapidly converted to
parallel form with a mature threading technology (either openMP or MPI) and a platform is always
available. Documentation is excellent and the user groups are large and well established, able to
furnish advice if one needs assistance. The process flow of the parallel FDTD on this platform is not
unlike the process flow of the FDTD in serial form.

The GPGPU implementation has been listed on the other end of the ranking (= seven) scale owing to
the unorthodox coding requirements and the lack of a specific coding template for the FDTD on the
GPU. The CUDA documentation is good and there are several large and knowledgeable user groups
that can assist with coding issues.

6.3.6 Performance in speed (capacity in FDTD cell throughput)

The peak performance of the FDTD was measured in Millions of Cells Processed per Second (MCPS).
The peak measurement taken for each particular platform is entered in the table 6.4. The
performance figures shown in table 6.4 are from FDTD implementations for this thesis and are
described in some detail in chapters five and six. Apart from the GPGPU, all of these
implementations took approximately the same coding effort and were measured with the same
FDTD algorithm. The Bluegene/P dominates these results owing to the formidable performance of its
interconnect (section 4.3.6) and also because this machine was available as a dedicated resource for
this thesis. Although the FDTD performance achieved on the cluster for this thesis is low in terms of
millions of cells per second, some larger cluster implementations by Yu and Mittra [100] are shown
to achieve the performance of that shown for the Bluegene/P.

Platform Peak MCPS Rank
Bluegene/P 8900 1
GPGPU Nvidia Cluster* [153] 7910 2
M9000 SMP 3800 4
Intel Westmere Cluster 1536 5
MTL Nehalem multicore 148 6

Table 6.4: The FDTD processing throughput in Millions of Cells Per Second (MCPS) achieved by the
parallel FDTD implementations for this thesis. * other sources.

6.3.7 Performance in terms of model size (capability)
Rank one is for a large FDTD model size, to ten being a small model size.

This evaluation is for which platforms can deploy the biggest FDTD grids. The Bluegene/P at the
Centre for High performance Computing (CHPC) has the largest number of cores and required the
least amount of effort to implement for massive grids. The largest FDTD grid implemented on the
Bluegene/P for this thesis, as shown in figure 6.9, is two billion FDTD cells. Multicore cluster
platforms are also capable of processing this size and larger FDTD model [131, 132].
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The cluster and SUN M9000 SMP platforms required the same effort for large system deployment,
but were not always available owing to the very high user demand of these shared resources. FDTD
grids of two billion cells in size were processed on the SUN M9000 SMP and on the cluster
computers.

The discrete GPU could only hold relatively small memory grids and this proved to be a serious
liability for the deployment of large FDTD grids. The largest deployment of GPU based FDTD model
used for this thesis is 121 million grid points, achieved on the C 2070 GPU at the CHPC. Deployments
of the FDTD on a cluster of GPUs [153] has been shown to process up to three billion FDTD cells.

6.3.8 Cost of purchase

Rank is from one for the cheapest to ten being the most expensive.

Some typical purchase cost pricings of HPC systems are shown in table 6.5. These pricings were
obtained from the Centre of High Performance Computing in Cape Town. The prices given in the
table 6.5 are approximates for the year 2010 to 2011. Prices have been normalised to the peak FDTD
throughput in MCPS shown in table 6.4.

The normalised prices show that best value for the processing using the FDTD is achieved for the
GPU, which is in a category of its own in this regard and has been awarded a rank of one for the
general classification in table 6.3. Although the Intel multicore system also achieves a good
normalised value, it is an order of magnitude less than the GPU and therefore is assigned a rank of
four. The normalised pricing of the cluster system has been adjusted for the proportion of cores
available to run the FDTD method, and is very similar to the Bluegene/P. According to the
normalised pricing, the M9000 has been awarded the lowest ranking.

Two pricing considerations that have not been factored into the study are the maintenance costs for
the HPC systems, and for the system life cycle before it is overtaken by newer technology. According
to Koomey’s law, discussed in sections 4.4 and 5.2, the life cycle of a HPC system may currently be
only one to two years, before it is overtaken by newer technology. This factor alone makes the
processing of the FDTD by GPU, or GPU cluster, an unassailable cost proposition.

Platform Cost in Rand Price per core in Peak MCPS per Rank
2010/2011 Rand million Rand

GPU GTX 480 6 000 67 57692 1
GPU Cluster (C2070 x 4)* 100 000 55 - -
Intel multicore MTL 30 000 1875 4933 4
Bluegene/P 7 000 000 1708 1271 5
Intel cluster 9 900 000 1237 1090 6
SUN M9000 5100 000 19921 760 7

Table 6.5: Purchase price of HPC platforms. * costing for price of purchase comparison only

Large computing systems require sophisticated servicing and sub systems, such as cooling racks and
clean rooms. There is a cost attached to a maintenance plan for HPC system in terms of capital
expenditure and in terms of dependence on a specific vendor. These maintenance costs are reliant
on the relationship between the HPC system vendor and the computing centre hosting the HPC
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system, and should be formulated in the form of a formal Service level Agreement (SLA). The
absence of an SLA could result in the total failure of the system, i.e. it would be awarded a rank of
ten+.

6.3.9 Power consumption
Rank one is desirable, ten is not.

The power consumption of the different hardware platforms was examined in section 4.4.1 and 5.2.
It was concluded there that the power consumption was difficult to normalise and hence compare,
although some definite trends can be established.

The power consumption is a limiting factor for the size of the computing system from the aspect of
being able to dissipate enough heat without physically destroying the physical computing hardware,
and from reducing the financial cost of the power consumption in itself.

Power per peak MCPS = peak MCPS/system power

Power per peak

HPC system Power per core (W) MCPS (W/MCPS) Rank
Nvidia C 2070 GPU* 0.5 0.3 1
S 870 GPU cluster 2.0 0.8 -
Intel multicore MTL* 5.3 5.3 3
Intel Phi MIC 6 - -
IBM Bluegene/P* 9.7 4.5 4
Nehalem cluster* 10 5.3 5
Sun M9000-64* 151 10.2 7

Table 6.6: Power features of different HPC systems (- not included in main classification)

6.3.10 Implementation time

The Implementation time is taken from the time to verify the correct operation of the parallelised
FDTD on a specific platform, i.e. the serial FDTD was reformulated into the parallel FDTD as
described in chapter five. The coding environment was a mixture of Microsoft Windows and a
variety of Linux operating systems. The coding language was C or C++. Technologies were restricted
to MPI, openMP, and data parallelism for the GPUs.

The deployment time listed in table 6.7 below is an estimate of the programming time it took for
one person (the author of this thesis) to deploy the basic parallel FDTD on a particular platform:

Time to
Platform T Rank
SUN M9000 Less than 1 1
Intel multicore MTL 1 2
Cluster 3 3
Bluegene/P 5 4
GPU 30+ 6

Table 6.7: Time to implement the parallel FDTD
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According to this table, the SUN M9000 received the best rank (=one) and the GPU the worst ranking
(=six). The implementation time of the parallel FDTD shown for the GPU is conservative. Although
the learning curve for the CUDA programming did take considerable time, most of the GPU coding
effort was taken up by coding the PML as split field components. The objective of coding the same
basic serial FDTD algorithm into parallel form for every high performance platform was to normalise
the effort taken to deploy the FDTD.

6.3.11 Future proofing from aspect of coding

Future proofing of code is a serious commercial consideration when building any high performance
system owing to the constantly evolving price/performance of new hardware and the new uses that
are being found for the FDTD. A hardware platform will receive a low ranking for this category if the
legacy FDTD code is able to be easily ported from one generation of the computing platform to the
next, as the cost for the re-deployment of the code will be small. The cluster or IBM Bluegene would
be good examples of this as the same parallel FDTD code base written with MPI will run on any of
these platforms, and has therefore received a ranking of three.

The rapidly changing architecture of the contemporary GPU defines this hardware as immature and
the FDTD written for this platform requires constant optimisation from one generation of hardware
to the next. For this reason the FDTD for the GPU is considered to be less “future proof” and will
receive a higher, less “future proof”, ranking.

Customised hardware platforms such as the FPGA require coding specific to that platform.
Upgrading from one device to another, even from the same manufacture, will probably require
some recoding, even if only for optimisation.

6.4 Summary

The parallel FDTD implementations on several different HPC systems have been compared in order
to expose the characteristics that contribute to their deployment effort and performance. These
parallel FDTD systems are deemed to be a good representation of most of the parallel systems
currently in commercial or academic use. The deployment effort has been summarised in a tabular
form and the contributing characteristics have been listed on a ranking scale of one to ten, one
denoting a rank that is conducive to a good or easy deployment effort and ten as a detriment to the
deployment effort. Each ranking is described in some detail and related back to the sections in this
thesis that addresses these characteristics.

A total value of all the rankings shows that the GPU systems are the easiest to deploy. Although
initially considered to be too small to manage large FDTD modelling scenarios, the GPU cluster is an
entry point to very large scale FDTD processing at a low cost. The results of the comparison do not
imply that these systems can all be viewed as competing HPC systems, instead they are all
components of the hybrid computing solutions that will be used to process the parallel in the future.
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Chapter 7

7 Conclusions and Future Work
7.1 Contributions

7.2 Publications

7.3 Trends in FDTD and HPC

7.4 Possible directions for future work
7.5 Conclusions

7.1 Contributions

This thesis has made the following contributions:

1)

Provided researchers and software application developers with a comprehensive
comparison, quantified where possible, of the deployment effort required to implement
algorithms using the parallel FDTD method on a cross section of contemporary high
performance computing platforms.

A quantified determination that shows the GPU cluster to be the most suitable current high
performance platform for the deployment of the parallel FDTD.

Identified programming techniques required for the deployment of the FDTD on different
high performance computing platforms. The programmer can choose techniques from a
variety of implementation methods and does not need to spend time in creating a parallel
FDTD solution from first principles. The use of these techniques radically reduces the
programming time needed to create a working parallel FDTD program. Modern high
performance computing platforms combine a variety of architectures that require of more
than one programming technique to achieve good FDTD performance.

Provided a comparison of the performance of the currently popular high performance
computing architectures from the aspect of a parallel FDTD implementation. Although the
FDTD method is not difficult to parallelise, it does make full use of all the facets of a high
performance computing system, such as the inter-processor communication channels, which
the algorithms such as those used by the LINPACK standard [84] does not.

Plotted the historical relationship between the parallel FDTD and the emergence of high
performance computing. The operation of the parallel FDTD is not practical without high
performance computing and the advanced techniques used to implement the parallel FDTD,
owing to the large demands on computing capacity and capability required by this method.
Computational mechanisms have been identified that will be relevant to the deployment of
the parallel FDTD on new multicore architectures in the near future. An example of this is
the acceleration of the FDTD using vector register technology, such as SSE or AVX, on up-
scaled processors such as the Intel Phi (a 50 core processor slated for release in 2013). The
implementation analysis performed in this thesis indicated that although programming the
parallel FDTD for this type of device may be quite conventional, the FDTD implementation
will probably be subject to data bottle-necking on Many In Core (MIC) processors. The data
bottle-necking issue is in itself an important characteristic as although some processes will
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8)

7.2

perform well on the 50 core processor, the FDTD may not, owing to the limited data supply
from the memory to the processing cores.

The creation of a leading edge deployment of the FDTD on multicore processors with AVX
registers. At the time of recording the research with these vector registers, there was no
publication available that had achieved this. At the time of completion of this thesis there
are now several publications showing the result of accelerating the FDTD with AVX registers,
but these all discuss one specific method of implementation. The work in this thesis has
outlined several ways in which to implement the parallel FDTD using acceleration from the
AVX functionality.

The creation of a common parallel FDTD code with MPI that can be run on many different
supercomputers with different architectures. The parallel FDTD code is operational on
personal computers, large computer clusters, IBM’s Bluegene/P and the SUN M9000 and is
based on the MPI threading technique. Using the same FDTD coding method is very useful
when benchmarking the FDTD deployment on different computing platforms.

The creation of a parallel FDTD code for GPUs using Microsoft’s Direct Compute interface.
This FDTD implementation for GPUs can be used on GPUs from different manufacturers. For
this thesis the Direct Compute based FDTD implementation was tested on Nvidia and Intel
GPUs.

Publications

The following contributions have resulted from the research work into the deployment of the
parallel FDTD:

Conference Proceedings and Publications:

1)

7.3

R G llgner, D B Davidson, “A comparison of the FDTD algorithm implemented on an
integrated GPU versus a GPU configured as a co-processor”, IEEE International Conference
on Electromagnetics in Advanced Applications (ICEAA), pp. 1046-1049, 2012.

R G llgner, D B Davidson, “A comparison of the parallel implementations of the FDTD
method on a Shared Memory Processor and a GPU”, AfriCOMP11 - Proceedings of AfriCOMP
2nd African Conference on Computational Mechanics, pp. 1-6, 2011.

R G ligner, D B Davidson, “The acceleration of the FDTD method using extended length
registers in contemporary CPUs”, South African Centre for HPC National Meeting, pp. 1- 4,
2011.

R G ligner, D B Davidson, “A comparison of the performance of the parallel FDTD method
using openMP versus the parallel FDTD method using MPI on the Sun Sparc M9000”, South
African Centre for HPC National Meeting, pp. 1- 4, 2010.

Trends in FDTD and HPC

The comparison of the FDTD deployment on various high performance system undertaken for this

thesis shows that there is a trend in achieving greater processor performance with a corresponding

reduction in power consumption. In addition to achieving good performance for the processing of

the FDTD, GPU clusters also provide a platform with very low power consumption.
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A trend can be identified with regard to the architecture of the high performance computers on
which the FDTD is deployed. We are seeing an ever-increasing number of cores being placed on
processors dies, and increase in the vector processing capacity of these cores. The parallel FDTD
techniques deployed in this thesis describe the positive and negative aspects of these
implementations in some detail and the considerations that need to made for the optimisation of
the FDTD on these platforms.

Another trend is the move towards hybrid architectures, such as the Accelerated Processing Unit
(APU) and the Tianhe Supercomputer [131] which uses a hybrid combination of blade computers
and GPUs to achieve processing performance. This thesis allows a comparison of the different
parallelisation and performance optimisation techniques that can be used to implement the FDTD
on these hybrid platforms.

7.4 Possible directions for future work

To conclude this thesis, here follows a list of further FDTD related items that are not in the scope of
this thesis but may be interesting to investigate in the future:

e An FDTD algorithm that can efficiently compute a data set that is larger than the memory of
the system can contain. Data would be continuously drawn into the processing engine and
saved back to disk. The key behind this is to produce an asynchronous process that can read
and write the FDTD cell structure fast enough so that the processors are not underutilised.
This technology would overcome the limitation of only processing FDTD models that fit into
a single GPU’s memory.

e A very large scale processing system for the FDTD that will use a synchronised clock to
exchange data between the FDTD threads. It is envisaged that the synchronisation will be
achieved using a GPS clock and have processing and storage nodes somewhere in the
internet cloud. The communication latency would be hidden by the sheer scale of
performing the inter process communication for a large number of devices synchronously.
The benefit of such a system would be extremely large processing capacity for the FDTD
systems.

e Adjusting the sequence of the FDTD iteration to include both the electric and magnetic field
computation in one processing step, as opposed to the existing two. This would increase the
computational density of the FDTD iteration and possibly improve its efficiency.

e Using the computational power of large processor systems to adjust the cell sizing of the
FDTD dynamically so as to allow more efficient computation of mixed resolution meshes.
Stability of the FDTD would need to be controlled on a per cell calculation basis so as to limit
the effects of dispersion and inappropriate Courant conditions.

e Combining several HPC systems of different architecture at the CHPC in order to process
extra large FDTD fields. An example of this would be the combination of either two
independent clusters or the Bluegene/P and the SUN M9000 to process the FDTD on one
combined super system.
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e The creation of a parallel FDTD algorithm based on openMP to overcome the processing
performance issues related to data contention and processor affinity.

7.5 Conclusions

The classification of the factors contributing to the FDTD deployment effort and performance in the
previous chapters is as a result of the analysis and comparison of parallel FDTD implementations on
various computing platforms. These classification factors are drawn directly from the experience
base of having deployed the parallel FDTD systems, and having analysed the hardware and software
mechanisms that contribute to the performance of the parallel FDTD process. Although the
deployment effort of the parallel FDTD has been rated by using different aspects of the
implementation, it must be emphasised that the ranking indicates the suitability for one type of
implementation scenario or another, and not that one HPC platform is better than the other.

The deployment effort was evaluated for the following platforms:

1) IBM’s Bluegene/P

2) Multicore clusters

3) SUN M9000 shared memory processor

4) General purpose graphics processing units
5) Multicore processors

6) Accelerated processing units

The following parallelisation techniques were used for the FDTD:

1) Message Passing Interface threading

2) openMP threading interface

3) CUDA and Direct Compute processing libraries for the GPU
4) Compiler intrinsics for vector registers such as AVX and SSE

A comparison of the deployment effort of the parallel FDTD on different high performance
computing systems is a challenging task because there is no single quantifiable factor that makes
one deployment superior to another. In addition to this, many of the features that define the
deployment effort are subjective ones and can only be quantified by the comparison of different
FDTD implementations.

Analysing the characteristics of the FDTD deployment effort is analogous to comparing the
characteristics of different vehicles. Most vehicles have a common set of characteristics such as load
carrying capacity, number of seats, fuel consumption, etc., although the type of vehicle could range
from a small passenger vehicle to a large truck, i.e. The designated use of the vehicle determines the
relevance of the characteristics being used for the comparison. In the context of the FDTD, as used
for electromagnetic modelling, a HPC platform would be chosen according to a given purpose as
well. A large commercial processing venture wishing to deploy the FDTD method to process large
volumes of data would choose a large system such as a conventional or GPU cluster system, whereas
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a smaller contractor wishing to process smaller FDTD data sets may choose to deploy the FDTD on a
shared memory system such as a multicore or a discrete GPU based system. An examination of the
characteristics of table 6.3 indicates that it will be easier to find the computing skills to deploy the
FDTD on a computer cluster or a Bluegene/P. Conversely, a small organisation that does not have
the correct GPGPU software implementation skills should avoid trying to develop the FDTD method
on the GPU.

The deployment effort characteristics shown in table 6.3 compare several features that these
different FDTD implementations have in common. In summary, this shows that although the
contributing factors vary quite widely, the deployment effort on computer clusters and
supercomputers such as the Bluegene/P all have a similar deployment effort and that the GPU
implementations are more difficult to deploy the FDTD on.

Parallel FDTD implementations can defy the tenets of high performance processing, such as “bigger
is better”. An interesting FDTD deployment that illustrates this is the phenomenon of “parallel
slowdown”, experienced on the SUN M9000 SMP. Some processing architectures reach a maximum
processing potential with an optimum number of cores and the processing performance degrades if
more processing cores are used. It is desirable to deploy the parallel FDTD with the least amount of
effort as a singular assessment based on the number of processing cores alone does not always
make it apparent which systems are better deployment targets.

Despite the Bluegene/P being a sizeable investment, it does offer good FDTD performance results for
very little deployment effort. Although some negative comments are made in this thesis about the
availability of the development information for this system, the contemporary version of the
Bluegene series is a production-ready supercomputer and should be considered on a par with any
large cluster when considering an investment for a large FDTD processing project. An old computing
industry adage claims “No one ever got fired for buying IBM!”, and the Bluegene series is one of the
reasons that gives substance to this.

The GPU and GPU cluster provide extraordinary performance in terms of capacity and capability.
Given the low cost advantage of the GPU cluster purchase over other larger HPC system, the GPU
cluster has to be the considered as the most obvious choice for the processing of numerical
formulations such as the FDTD. In addition to providing the processing power for numerical
formulations, the GPU also has the ability to process the graphical results from the formulations,
which are an important stage of the electromagnetic modelling process. Achieving good processing
performance from the GPU requires an intimate knowledge of how to optimise numerical algorithms
for these devices.
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Chapter 9

9 Appendix - Verification of the FDTD implementations

9.1 Objectives of the verification

9.2 Far Field modelling with the FDTD

9.3 The FDTD model

9.4 Modelling with FEKO

9.5 A comparison of the FDTD and FEKO derived MOM results

9.1 Objectives of the verification

To verify that the FDTD algorithm used for the work described in this document produces correct
computational results, the output of a classic computational modelling scenario computed with the
FDTD was compared to an equivalent scenario modelled using FEKO, a commercial EM modelling
software using the MOM technique as a solver.

9.2 Far Field modelling with the FDTD

This is based on a scattered field formulation which avoids the complication of separating the total
and incident fields from the far field formulation. The following formulations and discussions are
therefore based on the scattered field. The frequency domain near to far field formulation is well
known and is based on the theoretical framework described by Luebbers [110], Martin [134], and
Taflove [13]. As the determination of scattering from an arbitrarily shaped body can be quite
complex, the principle of equivalence [13] is used and is drawn for the two dimensional case in
Figure 9.1. The basic premise is that the electromagnetic radiation from an arbitrarily shaped body
can be calculated from a fictitious surface known as the equivalent surface. The equivalence
theorem is described in precise detail in texts such as Balanis [109] and Taflove [13] and the Figure
9.1 serves to introduce the surface electric and magnetic currents J and M, which are central to the
calculations that follow. For the surface enclosing the scattering object, as shown in figure 9.1, the
scattered and magnetic electric fields give rise to Jo =m X H, and Mg =E X n where nis a
normal to the surface and J, E, M and H are all vector quantities.
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Far field observation point

Eq ,E(p

Equivalent
surface

Near field source point

J.=nxH,
M=-n x E,

Figure 9.1: The far field calculated from the equivalent surface.

2
The far field is defined as being in the region where r > 2D //1 where r is the distance to the point

of observation from the scattering object, D is the largest dimension of the scattering object, and A
is the wavelength of the source signal. As the antenna is a vertical structure in figure 9.1, the length
of the dipole antenna, D, is not labelled.

The far field values E and H are derived from the integrated vector potential contributions from an
equivalent surface as is shown in figure 9.1. The vector potentials from the equivalent surface are
calculated from the electric and magnetic currents as is shown in the equations 9.1 and 9.2. The
electric and magnetic surface currents are calculated from their respective contributing equivalent
surface components, as described by Martin [134]. In the computational sense, the equivalent
surface is made up of electric and magnetic field points that are spatially displaced [110, 134]. The
electric surface currents are calculated from the magnetic field points making up the equivalent
surface. The equivalent magnetic surface currents are derived from the electric field points making
up the equivalent surface.

Ho e—ij 'uoe—jkr
A=— as = N
41 ﬂ Js R Atr o1
S
£ e—ij goe—jkr
F=— || M ds=——-I1L
4 ﬂ S R Amr 9.2
S

where radiation vectors N and L are defined as equations 9.3 and 9.4. R is the distance to the point

of observation, r is the distance from the source to the point of observation and r’ is the distance

. . . ) 2
from the source to a point on the equivalent surface, kis the wave number defined as k = %f
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Python formulations of the equations 9.1 and 9.2 are shown in the code segment 9.1 below. The
code segment shows the calculation of J and M for one of the equivalent surfaces, bearing in mind
that a 3D structure would have six of these. The procedural context for this code segment is given in
a FDTD far field process flowchart shown as figure 9.2. Functionality from a specialist numerical
functionality library called numPy, was used to perform some of the numerical operations.

Python code segment 9.1:

Fourier= dt * exp(-1j * omega * iteration * dt / MAX ITER)

Summation of J and M, the Fourier transformed Magnetic and Electric
surface currents for every E and H FDTD iteration

Jz[sx-1,0:ny,0:nz] += Hy[sx,0:ny,0:nz] * Fourier # J= Surface
Normal x H

Mz[s,0:ny,0:nz] += Ey[s+1,0:ny,0:nz] * Fourier

When the FDTD has completed all its iterations, it will have summed (integrated) all of the
contributions of J and M from all of the faces of the equivalent surface. It is then required to
calculate spherical coordinates outside the equivalent surface and perform a summation and a
reverse transform of the J and M potential contributions.

N = j] ]S ejkr'coszpds 9.3
S
— jkr'cos
L= ﬂ M;e ds 94
S

The Python code fragments in segment 9.2 express the functionality of equations 9.3 and 9.4 in
programmatic terms. Although some of the language elements of the code can be related to 9.3 and
9.4 intuitively, the “add.reduce_ravel” function performs the summation(integration).

Python code segment 9.2:
1)Nyl= dy * dz * add.reduce( ravel ( Jy[sx-1,0:ny,0:nz] *

exp(lj*beta*rcosphi[sx-1,0:ny,0:nz]) ) )

2)Nzl= dy * dz * add.reduce( ravel ( Jz[sx-1,0:ny,0:nz] *
exp (lj*beta*rcosphif[sx-1,0:ny,0:nz]) ) )

3)Lyl= dy * dz * add.reduce( ravel ( My[sx,0:ny,0:nz] *
exp(lj*beta*rcosphilsx,0:ny,0:nz]) ) )

4)Lz1l= dy * dz * add.reduce( ravel ( Mz[sx,0:ny,0:nz] *
exp (lj*beta*rcosphilsx,0:ny,0:nz]) ) )
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As shown by Balanis [109], using the coordinates transform to spherical coordinates Theta and Phi,
the amplitudes of the Electric and Magnetic field components can be expressed as in equations 9.5

to0 9.8.

—jkr
Eg = —jw(Ag +noFy) = —jk yy— (Ly +noNg)
e—jkr
Ep = —jw(Ap —noFg) = +jk 2 (Lo +noNy)
r
E
Hg = ——¢
No
E
Mo

Where 1y = \/? is the impedance of free space.
0

The electric and magnetic fields as functions of theta and phi can be expressed in Python code as in

the code segment 9.3 below:

Python code segment 9.3:

1)Etheta = =13 * beta * exp(-1j * beta * R) / 4.0 / Pi1 / R *

(Lphi + No * Ntheta)

2)Ephi= 1j * beta * exp(-1j * beta * R) / 4.0 / P1i / R *

(Ltheta - No * Nphi)

3)Htheta= 1j * beta * exp(-1j * beta * R) / 4.0 / P1 / R *

(Nphi - Ltheta / No)

4)Hphi= -1j * beta * exp(-1j * beta * R) / 4.0 / Pi / R *

(Ntheta + Lphi / No)
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The process flowchart in figure 9.2 is a functional summary of the far field calculation that
incorporates the electromagnetic and programmatic aspects described above.

Initialise Data and Model
values

'

Calculate FDTD E and H
values

l

Calculate E and H values
normal to bounding surfaces
and FFT for that surface to
derive J and M

'

Iterate to completion or
steady state ?

!

Calculate Far field arithmetic
framework in angular
coordinates Theta and Phi

l

Reverse FFT SurfaceTotals
and sum these to derive E and
H in far field for various Theta
and Phi

Yes

Figure 9.2: The FDTD far field calculation program flow.

9.3 The FDTD model

The model used for the FDTD far field calculation is shown below in planar view of the z, x axis and is
mirrored in the z, y plane. The FDTD cell sizing was set to one cm in the x, y and z dimensions. The
feed gap was excited at a frequency of 75 Mhz and was set to be the size of one cell, i.e. one cm. The
far field was calculated at 100m from the dipole antenna.
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Figure 9.6: The FDTD vertical dipole model in the z, x plane

9.4 Modelling with FEKO

FEKO is a commercial software product [137] used for the simulation of electromagnetic fields. The
software is based on the Method of Moments Integral formulation. The FEKO model consists of an
infinitely thin vertical wire of the same length dimensions as the FDTD model, i.e. the dipole antenna
was one m in length. Unlike the FDTD model, the thickness of the wire was very thin. The feed gap
was excited with a continuous sine wave of 75 Mhz.

9.5 A comparison of the FDTD and FEKO derived MOM results

A comparison of the electric far field as caclulated by the FDTD and the FEKO MOM are show in the
polar plot figure 9.3 below. The electric far field using either the FDTD or the MOM techniques looks
very similar although there are some minor variations which could possibly be attributed to the
difference in thickness of the source model.
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Figure 9.3: A comparison of the normalised electric field amplitudes using the FDTD and FEKO’s
Method of Moments.

137





