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ITepiAndn

To tehevtada ypévia, o etepoyevic urtohoyiopds (heterogeneous computing), dnhadh
EXTEAEDT) XWOWOL OE POVABES ENMEEERYACIOC TOU AVTIO TOLYOVY GE Lol TTOLXLALOL BLOPOPETIXV 0=
yrtextovixov (CPUs, GPUs, FPGAs x.\n.), apyilet va nailet évay ohoéva xat onuovTixdtepo
edlo 6TouG ToUElC TOU PalixoU Xt TUEIAANAOU UTOAOYIOUOU, Xodig Xol OTO UTOAOYIOTIXG
vépoc. 'Eva amd ta x0plo epwtrhuato tou YETEL qUTH 1) TROCEYYLOT EVOL TOLL GTEAUTNYLXN
TEETEL VoL ax0AoLITUEL Yiot VOl XATAVEUOVTAL OL UTONOYIOUOL OTIC BLAPORES BLdETIES LOVABES
enelepyooiog TEOXEWEVOL Vo ueYIo ToToinUel 1 anodoaon).

Yty mpoondeld uag Vo SlepeuvAcouUE THAVES ATAVTHOELS O AUTO TO EPWTNUA, TULOU-
owdlouue 1o oclude, éva epyalelo TOU YENOWOTOLEL TEYVIXES OTO TOV YOEO TWV UETAYAWT-
TIoTOV xou eneepydleton Tov Tnyaio xmdixa (source code instrumentation) npoypopudtwy
Yooupévev oe OpenCL, pla YAdooo Yiol TROYROUUATIONG GE Toedhhnhor xou /Y| ETEPOYEVY| Te-
eyBdihovta.  Xenowonowlue to oclude yio vor avokicoupe évay aprdud mupriveoy OpenCL
(OpenCL kernels), dniadn vo anoxtiooupe tov aptdpd twv LLVM eviohédv avd tino tou
eEXTENESTIXOY Uéow pog duvauixhc Stadixaoiog uxpoavdhuone (microprofiling), xou we ex
TOUTOU VOl AOXTHOOLUE €VOL GUVOAO YURUXTNPIC TIXWY AVEEGOTNTWY OO TN YADCCO TROYEo-
potiopol xou To LAxd. 3tn ouvéyelo ytilouue povtéha naivdpounone (regression models)
yioo TNV TEOBAEdY TwV Ypovwy extéheone ot wa wovada CPU, mou BaoiCovton amoxhelo Tixd
070 PEYEVOC TV GEBOUEVLY ELGOBOU.

Thronoudnxay 600 otddia TaAvdpounone. To mpdto oTddlo TEOPAENEL UETEY|OEIS EVTOADY
oLVUETACEL TOU PEYEDOUC TV OEDOUEVWY ELGOBOL Xou Elvon BLapopeTixd Yo xdde Tuprva
(kernel-specific), evé) o Seltepo otddio ypnoyonolel To TEHTo Yio Vo TpoBAEPeL Toug Ypdvoug
exTENEONC OF Lol Bedouévn povada enelepyactog, ywelc n tedBAedn auth vo elvon cuyxexpiuévn
vt tov muprivar (kernel-agnostic). Autd ta 800 otddia €youv Lhonotnlel EeywploTtd €xovTog
¢ 0TéY0 TNV avedopTnola TOUg, ET0L WOTE [La BLPORETINY TROGEYYLON Vo Umopel e0X0AAL Vol
YTOTEl UE AUTE, T.Y. OVIAUCT] UTOAOYLOTIXMV TUENVWY YROUUEVWY OE YAWCOEC TEEAY TNG
OpenCL.

TéMog, detyvoupe 6Tl T0 HOVTERD Pog €xEl TOAD XOADTERT AmOBOCT) AT O,TL LOVTEAA TOALY-
dpounong mou Pactlovtal UOVO GE CTATIXY YOEAXTNEOTIXE, TO oTolo xaL amoTeAel TN Booixy

TPOGEYYLON oL Ypnowonoteitar otr oyetxr Bihoypagplo.

Agleic KAewoud

ETEPOYEVNC UTONOYLOUOC, TORIAANAOC LUTOAOYIOUOS, LUTOAOYLOTIXOS Tuprivag, OpenCL,
LLVM, duvauix avdAuoT, WXe0oVIAUGT), Unyavixy uainor, mahvdpounon






Abstract

In recent years, heterogeneous computing, i.e. code execution on processing units that
correspond to a variety of different architectures (CPUs, GPUs, FPGAs etc.), starts to
play an increasingly important role in the fields of massive, parallel and cloud computing.
One of the main questions that this approach raises is which strategy should be followed
in order to distribute computation kernels across the different available processing units in
order to maximize efficiency.

Towards our effort to investigate possible answers to this question, we present oclude, a
tool that uses compiler techniques and source code instrumentation to profile applications
written in OpenCL, a parallel and heterogeneous computing framework. We use oclude to
profile a number of OpenCL kernels, i.e. to acquire the number of LLVM instructions per
type that were executed through a dynamic microprofiling process, and hence to obtain
a language and hardware independent feature set. We then build regression models to
predict execution times on a CPU, based solely on the size of the input data.

Two regression stages have been implemented. The first predicts instruction counts
given the size of the input data and is kernel-specific, while the second utilizes the first in
order to predict execution times on a given processing unit without being kernel-specific.
These two stages have been implemented separately in order to decouple the language and
hardware independent model from the rest of the process, so that a different approach can
be easily built on top of them, e.g. profiling a non-OpenCL codebase.

Finally, we show that our model performs significantly better than regression models

based on static features only, which is the default approach used in related literature.

Keywords

heterogeneous computing, parallel computing, computational kernel, OpenCL, LLVM,

dynamic profiling, microprofiling, machine learning, regression
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Euyaplotisg

Oa fdeha xotapydc va euyoeloTiow Tov xodnynt x. Nextdpio Kolien yio tny enifBiedm
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Kegdiowo

Eiwoaywyn

Z € AUTO TO ELCAYWYIUO XEPAAO, Vol TUPOUGIAGOUUE TO EVPUTEQO EPELVNTIXG TAXICLO GTO
0Tol0 EVTIEGOETAL 1) TUEOVGH SITAWUATIXT EQYACIN, AUTO TOU ETEPOYEVOUC UTOAOYLOKOU
(heterogeneous computing). Xtn cuvéyea, Yo oplcoupe To cuyxexpévo TEOBANUA omd autd
70 medio Ye o omolo Vo xatamacTolE, Yo TUPOUCIACOUUE ETOTTIXG TN OLXY| YOG TROCEYYLOT
NG AUONG TOL XL, TENOG, Vo TUPOVCLIGOUNE TNV 0RYAVKGT) TOU THEOVIOE TOUOU OE UEQT] XAl

XEPEAOUAL.

1.1 Mix cOvroun totoplat TNG UTOAOYLOTIXNG

And toug dPBaxec TV apyalwy XoUUERlnY €S XoL TOV ONUERVO (UNplaxd UTOAOYLOTH,
n avipwrotnta emdupoloe avéxadev va Bploxel xal Vo ETAVEPEVPIOXEL VEOUC TEOTOUS Yo
vo. vtodoyiler toyUtepa, amodotixdtepa, Ue Ueyolutepn oxplfBeio xou ofiomotio.  ITAnddpea
unoAoyiotikdy povddwy (processing units) éyouv mhéov oyedlaotel ue 6tdyo, enl TN ousiag,
amholg H xou eldxdteEpouS aptduntixole utoloylopole, énwe ot enelepyaotéc (CPUs), ol
xdptec yoapixwyv (GPUs), xau dho mopdpola cuotiuata.

[T\éov, duwe, xou xupiwe Yden oTnv €AEUCT) TOLU TYXOOUIOU LGTOU Xal TOU OLadXTUOU,
Beloxdpaote oty avatohy| uiog véag enoynig, OTOU UTOAOYIOTIXES UOVABES TTOU ToEUBOCLOXA
Yewpolvtay elte amhég elte edixol oxonol Va yeelaoTel Vo GUVERYAGTOLY, WOTE Vo EMAOGOLY
dUOXONOTERX 1| PEYAUAUTERA TTROBAAUOTAL.

Kolworpdate otnyv enoyn tne etepoyevols mAnpogoptxrc!

1.2 Zolye ocec €vav ETEROYEVY) XOCWUO

H ovérysen yo puo xdmouor ahhary ) dpyioe vor dlapadvetan ota péoa tng dexaetiag tou 2000,
btav o mepBéntoc Népoc tou Moup (Moore’s Law) dpyloe va ydver tn xodohxt| tou oy,
AOY® PUOLXWY TIEPLOPIOUGY oTo péyedog Twv transistors, ohhd xou AOYw TWV UTEROYXWY
TOOWY EVEQYELIG TIOU JEYIOUY VO ATOLTOVVTOL oVEL LOVADO ETLPAVELNS TV UTOAOYIG TIXWY HO-
VEOWY.

Me ta mopoamdves DEBOUEVA, 1) ETULCTNUOVIXT| XUl TEYVOROYIXT) XOWOTNTA JEYLOE VoL G TREPE-
Tan mpog TNV xatebuvon e ovleons Twv HOT UTOEYOVIOY APYLTEXTOVIXWOY GE GUC THULOTA

7 4 4 4 4 7 7 7
oto omolo Yo ouvepydlovtal Ue 0TOYO TNV amd %owvoL emlhucn To cOVIETWY, TOALTAOXWY,
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0LOXOAWY 1) AAd PeYohOTEPWY TEoBANUdTwY. To cucTAuaTa auTd ovoudlovion ETEROYEVY

(heterogeneous systems).

1.3  ExpetaAAsvduevol tn nouxtAopoppio

[Topd Tic BUVATOTNTEC TOU QULVETOL VO TTPOCHPEPOLY TOL ETEQOYEVY CUCTAUATY, OEV Efva

OXOUOL TETPUIUEVES Ol ATAVTHCELS OTA U0 TORUXAT) EQWTHUNTL

1. Aedopévou evic (uno)npofhfuatog, Tow elvon 1 BEATIO TN OEYLTEXTOVIXY YioL VO TO E-

xTeENéOEL,

2. Aedoyévne plog apyttextovinfic utodourc, toto TedBAnua/toto eldoc npofAnudtwy eivor

XATIAANAO YiaL QUTHY;

1.4 To aviixeipevo tTng SITAWUATIXNAS Epyaciog

H duhy poag epyaocio Yo eotidoer oty amdvinoy TV Tpamdve pwTnUdteny HECw NG
neolBAedng Tou Ypodvou extéleong plog epaproy”s. Autd Yo emtyelpricouye Vo
T0 EMTUYOUUE PEOW TNC EEAYWYNS BUVOULXDV YAEAXTNELO TLXWY o0 TNV EQPUPUOYT
eVOLPEPOVTOG, TNV TEOBAEYN TV TWMY TV SUVIUIXMY AUTMV YORUXTNELOTIXOY VLol UEY0-
NOTepeg TWEC E1I0O00U XU TNV YENOLLOTOMON TwV TEAEUTAUWY Yiot TNV Tehxr) TeoBiedn Tou
YEOVOU EXTENEOTC, BEBOUEVNS Ui OPYITEXTOVIXAC X EVOC UEYEVOUC ELGOBOL.

Mio emonTixy] aneixdVIon TOU GUVOAIXO) CGUCTAUNTOC TOU OYEBLICUUE Xl UAOTOLACOUE
gobveton oty Ewova 2.2, Kde évo and to unocuctidata mou anopetilouy To Topomdve
oLVOAXO UG TN Yo avahuYoly EEYWELO T, APOL TEMTA TUEOUCIAGOUNE TO amdpaltnTo Ve-

WENTXO ThaloLo.

1.5 Xyetwxn €psuva

IMo plor avaduTiny) mapousiaon Te OYETIXAC EPELVAC AVOPOPXA TOCO UE TNV CoYWYMN
OTATINGDV X0/ T} BUVOXDY YAROXTNEIGTIXGOVY 0AAG Xat Ye TNV TEOBAEPT Tou ypdvou extéheong

EPAPUOY (Y, TUPATEUTOVYUE TOV aVaYVOGTN 6Tny aviicTowyn Evétnta 2.5.

1.6 H opydvwon tTou mapdvVTOg TOUOL

Autég o tépog anoteheltan amd 8 Mépn. To Méen 1 éwg 4 xan 5 €ng 8 elvan (B, pe
Olapopd e Tor TemTo etvor oTor EAANVIXG, eved ta 8edtepa otar AyyAud. Emniéov, to ayyAixd
%ElUEVO Elvol TO TEWTOTUTO Xai TO TANeeS. To eAANVIXG elvon TOAD GUVTOUO %o TEPLANTTIXO.

I pioe avohutiery mopoustacn twv Mepov xan tov Kegotalowv, noparéunovye tov ova-

Yvwotn oty aviiotoyn Evotnra 2.6.



Chapter

Introduction

Welcome my son, welcome to the machine
Where have you been?

It’s alright, we know where you’ve been
You’ve been in the pipeline filling in time
Provided with toys and ’Scouting for Boys’
You brought a guitar to punish your ma
And you didn’t like school

And you know you’re nobody’s fool

PiNnk FLoYD, WELCOME TO THE MACHINE

In this introductory chapter, we will start by presenting the broader research context of
which this dissertation is a part, that of heterogeneous computing. After that, we will
pinpoint the problem that the present work attempts to deal with, and the basis on which
we started to design our approach. Lastly, we will present the organization of this volume,

clarifying what each part and chapter is about.

2.1 A brief history of computing

Over the years, we have witnessed numerous paradigm shifts in the field of computer
science and, more specifically, in the way people perceive and actually do computations.
From the ancient abaci to the modern supercomputers, the whole history of computing
is permeated by the fundamental need to compute fast, reliably, precisely and, nowadays,
massively.

As mentioned in [2], “the earliest known tool for use in computation is the Sumerian
abacus, and it was thought to have been invented in Babylon c¢. 2700-2300 BC ... This
was the first known computer and most advanced system of calculation known to date -
preceding Greek methods by 2,000 years”. This is it; our journey as a species of counting,
computing, measuring the world and the things that surround us begins in Mesopotamia,
more than 4 and a half millennia ago.

To say that we have come a lot way since then would be an understatement at best. It
did not take long for the whole world to embark on this crucial journey: Ancient Chinese,

Indian and Greek philosophers, Muslim astronomers; whichever the field, new compu-
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tation methods were always needed and were moving in a perpetual cycle of invention,
improvement, optimization, and reinvention. Machines were created (like the Antikythera
mechanism, probably the first analog computer [3]), thought experiments were designed
(like the “Sand Reckoner”, where Archimedes “set out to determine an upper bound for the
number of grains of sand that fit into the universe” [4]), algorithms were formulated (like
the addendum to Babbage’s Analytical Machine [5] by Ada Lovelace who, in poetic style,
detailed the first computer program, a formal method to calculate Bernoulli Numbers).
Pioneers were in a constant search for better ways to live their lives and to understand
the world that surrounds them, ultimately by finding ways to measure the immeasurable,
quantify the abstract, compute the incomputable.

Until digital computers came. Somewhere in the middle of the 20 century, the eternal
journey for better understanding of the world was reshaped in an irreversible way; speed,
formalism, precision, massiveness. Even though not a century has passed, the technological
breakthroughs related to the evolution of computing and computer science are too many to
list. But, in the context of this dissertation, we are interested in focusing on the hardware,
i.e. the processing units and the way they evolved. Starting from punched cards, then
moving on to electromechanical contraptions and vacuum tubes, making an important stop
to witness the laying of the foundations of the digital computer by the works of George
Boole and Claude Shannon, and finally arriving to transistors, CPUs, GPUs, FPGAs and
more [6]; devices designed to satisfy in the best possible way a universal desire, a universal
need.

But we have proven more than a few times in the past that satisfaction is quite an
elusive notion, especially when it comes to scientific and technological achievements. A
simple question summarizes this elusiveness, in the most profound and, at the same time,
dark way. Why not more?

Welcome to the age of heterogeneous computation.

2.2 It is a heterogeneous world

As discussed in [7], “the computer industry has been inspired and motivated by the
observation made by Gordon Moore (A.K.A “Moore’s law”) that the density of transistors
on die was doubling every 18 months. This observation created the anticipation that the
performance a certain application achieves on one generation of processors will be doubled
within two years when the next generation of processors will be announced”. Unfortunately,
this was not the full picture. First of all, physics had a say in this assumption. During
the mid 2000s, it started to became apparent that “Moore’s law” was not actually a law.
The fact that the transistors kept getting smaller and smaller led to tremendous increases
in power consumption and density. But the computer industry was not ready (and most
probably will never be) to admit that it had been defeated by something as ordinary as
the laws of physics and, therefore, a new approach had to emerge, if we wanted to keep
getting harder, better, faster and stronger.

As defined in [8], “heterogeneous computing refers to systems that use more than one

kind of processor or cores. These systems gain performance or energy efficiency not just by
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adding the same type of processors, but by adding dissimilar coprocessors, usually incor-
porating specialized processing capabilities to handle particular tasks”. A heterogeneous
system can combine all sorts of different computational units, in order to achieve its goals,
whether these goals have to do with efficiency, speed, increased parallelism, or (as discussed
above) low energy consumption. More specifically, regarding the latter, “thermal and power
become first class citizens with any design of future architecture. These trends encourage
the community to start looking at heterogeneous solutions: systems which are assembled
from different subsystems, each of them optimized to achieve different optimization points
or to address different workloads. For example, many systems combine “traditional” CPU
architecture with special purpose FPGAs or Graphics Processors (GPUs). Such an inte-
gration can be done at different levels; e.g., at the system level, at the board level and

recently at the core level.” [7].

GPU

Streaming Processing Units

1 [ ] [
Core0 | Core1 l lco|ct|c2|c3ld [Hcolect|c2|e3

C4 | .. |[Cn1| Cn C4 | .. |[Cn-1| Cn

Core 2 Core M u_‘_L_| I_Lr|_|
L1 L1

| Shared | | Shared

! Memory Memory

L2 | |
! }
Main g
Mesriory Global Device Memory

Figure 2.1: A simple example of a heterogeneous system referenced in [1], consisting of

CPUs and GPUs

2.3 Utilizing diversity

Heterogeneity seems like a natural next step with great potential. As referenced in
[7], “heterogeneous computer systems also add richness by allowing the programmer to
select the best architecture to execute the task at hand or to choose the right task to
make optimal use of a given architecture”. That sounds definitely like what we want to

accomplish with heterogeneous systems, but important questions unavoidably emerge.

e How to select the best architecture for a given task?

e How to select the right task for a given architecture?

Furthermore, developing or retargeting applications for such computational systems is

far from trivial. Alas, the hardware seems to be more mature than the software. More
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specifically, “supporting ... large (at scale) heterogeneity demands for an adequate software
environment able to maximize productivity and to extract maximum performance from
the underlying hardware. Such challenge is addressed when one looks at single platforms
... however, moving at scale, effectively exploiting heterogeneity remains a challenge” [9].

One of the main software frameworks that aim to fulfill this need is OpenCL, an “open
standard for parallel programming of heterogeneous systems” [10]. We will delve deeper
into the design and implementation of this framework later. For now, let us bare in mind
that “OpenCL has been developed specifically to ease the programming burden when writ-
ing applications for heterogeneous systems” and that it “also addresses the current trend
to increase the number of cores on a given architecture”, while its “standard abstractions
and interfaces allow the programmer to seamlessly “stitch” together an application within
which execution can occur on a rich set of heterogeneous devices from one or many man-

ufacturers” [7].

2.4 The subject of the dissertation

In this work, we are going to present our attempt to path a way towards an alternative
answer to the questions of the previous section.

This thesis is part of a larger research effort to create a toolkit and a methodology
to profile applications designed for heterogeneous architectures and automatically decide
when and/or when to run them, in order to maximize efficiency, throughput and energy
conservation. This work attempts to implement the first stages, the backbone of this

endeavor. More specifically, the goals of this thesis is to create and present tools that:

1. extract static and, above all, dynamic features from the applications of interest

2. interpret and analyze these features in order to build models on them to predict the

execution time of other (unknown) applications.

In the context of this work, we will focus on OpenCL applications (namely OpenCL
kernels), given that it is one of the main software frameworks used for developing appli-
cations for heterogeneous architectures, as discussed above. However, most of our work
can be easily reformed in order to be used with any framework or programming language.
In fact, given that the collected features meet certain criteria which will be thoroughly
discussed, the second part of the pipeline that we will present (i.e. the interpretation and
analysis through appropriate machine learning models) is language-independent.

To meet our first goal, we created and are proud to present oclude, a static and dynamic
profiling tool for OpenCL kernels, written in Python 3 and C++. oclude is designed to
extract static and/or dynamic features from OpenCL kernels, as well as to measure the
execution time of a kernel. In the context of our work, the dynamic features of a kernel
have been defined as the number of bitcode instructions that were executed on
the device by the kernel. Henceforth, we will interchangeably use the terms dynamic
features, instruction counts, instcounts or dynamic instruction counts to refer to
them.
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To meet our second goal, we build regression models that try to determine two key
relationships. The first one is the relationship between the size of the input of a kernel
and the instruction counts, and the second one is the relationship between the instruction
counts and the execution time. For reasons that will become apparent when we discuss
oclude, we will henceforth refer to the size of the input of a kernel as gsize (global size). By
combining the estimations for these two relationships, we can draw conclusions regarding
a third relationship, that between the gsize and the execution time. This grand estimator,
the one which combines the simpler models and seemingly estimates the gsize — tegec

relationship directly, is called 0CLMan.

It should be noted that our main hope is to present a rigid tool for kernel profiling,
static and/or dynamic, and a sound methodology to interpret and analyze these results in
order to gain useful insights - that last part is what 0CLMan is about. However, while our
focus on the first part (i.e. oclude) is both theoretical and technical (with a slight tendency
towards the latter, to be honest), the second part (i.e. 0CLMan) constitutes mainly a proof
of concept. This means that there is a lot more work to be done on the machine learning
part of this work and the optimization and fine-tuning of the models that were used. Such
an effort is considered to be out of the scope of this dissertation and is included in the

“future work” section of the last part.

In summary, the ultimate goal of our work is to create a novel tool to extract criti-
cal dynamic information from OpenCL kernels and then, in a language-independent way,

propose a methodology to determine the following function f:

tezee = fkernel,device(gSize) (21)

proving that the dynamic features that our tool extracted in the first phase hold valuable

information. A more accurate depiction of our approach on determining f would be the

following:
tezec = fkernel,device(gSize) =go h (22)
where
instcounts = hkernel,device(QSize) (23)
tezec = gdevice(inStcountS) (24)

Finally, we should make one last note before moving on, regarding the way oclude
provides OCLMan with the data it needs. As will be seen in the next section, the dominant
method used for achieving the above goals by the research community revolves around
the extraction and analysis of static source code features. This approach has a major
advantage but also a significant disadvantage. By using static features, one can extract
them almost instantly for any kernel, hence being able to train inline models on the fly with
negligible time overhead. On the other hand, a lot of information regarding the dynamic
behavior of the application of interest is lost. A simple example is a loop that operates

on all the elements of an input vector. By extracting and analyzing the static features
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of this application, it is almost impossible to take this behavior into consideration during
the analysis phase. On the other hand, if the profiling phase consists of running the
application with multiple, small and random inputs, then one can have the best of
both worlds. We call this approach microprofiling and it constitutes the connecting link

between the first and second part of our pipeline.

2.4.1 A complete overview of our work

multiple :
: ) . : OCLMan
microprofiling experimental H
data trained inline trained offline

> '
OpenCL kernel > instcounts time 1 time prediction
— > oclude g > >
e model model ;
' ‘; il
gsize of interest . I ....................................... :

Figure 2.2: An abstract overview of the complete pipeline

The above illustration presents an overview of the whole pipeline of our work. Firstly,
we are utilizing oclude to implement the microprofiling phase, by using it to run the kernel
of interest multiple times for different, small, random inputs. Afterwards, we provide the
data we collected (i.e. instcounts and execution times for different gsizes) to 0CLMan, which
is responsible for producing a time execution prediction for a given gsize.

OCLMan is comprised of two regression models, one for the A function and another for
the g function, as shown in equations (2.3) and (2.4), respectively. This design derives

from 2 motives:

1. The first model (henceforth the instcounts model) is kernel-specific but hardware-
agnostic, while the second (henceforth the time model) is kernel-agnostic and
hardware-specific. This decoupling can lead to easier migrations of our work to

other software frameworks and/or processing units of different architectures.

2. Minimization of the time needed to make a prediction for a new kernel. This mini-
mization is crucial in order to be comparable to the results of the related literature
which, as mentioned before, relies mainly on static features. As will be clearly ex-
plained in the OCLMan part, the time model (i.e. the kernel-agnostic one) will be
pretrained for a given processing unit when a new kernel arrives, at which point a
kernel-specific instcounts model is trained on the fly, based on the results of the mi-
croprofiling conducted with the help of oclude. That is, the time model is trained

offline while the instcounts model is trained inline, during the prediction process.

2.5 Related work

Literature related to our research subject is rich and diverse. Previous work has been
done with many different approaches but, most of the time, using solely static features (or

at least relying extensively on them) instead of dynamic ones.
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2.5.1 Regarding feature extraction

Starting with feature extraction from applications (not necessarily OpenCL), the
Mantis tool [11] was one of our earliest inspirations. It is a dynamic feature extractor for
Java applications and its overall architecture is quite similar to the one of the oclude -
OCLMan pipeline that we will present here. One of the most interesting parts of the paper
is the following section from the “Architecture” section: “/.../ The feature instrumentor
analyzes the code of the program and automatically adds instrumentation code that extracts
program features. Then the profiler runs this instrumented program with sample input data
to collect performance metrics and feature values. [...[ Then, the model generator runs
machine learning algorithms to generate a prediction model, i.e., select a subset of key
features that are relevant to the performance metrics and create a function of the selected
features to predict the performance metrics with high accuracy. To use the model, we need
a way to compute feature values. The feature evaluator generator uses program slicing to
automatically extract small code snippets (which we call feature evaluators) that compute
feature values from the instrumented program”. Everything up until the feature evaluators
is used in our work. However, instead of feature evaluators, we designed OCLBoi. The
approach of OCLBoi is designed to tackle the same problem as the one for which feature
evaluators are designed, but in a quite different way, and constitutes the core idea upon
which we built the rest of our pipeline. Furthermore, we believe that it represents the most
novel part of our work. One more crucial difference between Mantis and our approach
is that we have selected a richest set of features by passing through the intermediate
representation (IR) of the source code, while Manits follows a different approach by using
loop counts, branch counts,and variable values in different versions as features.

The rest of the research on the field of program feature extraction is not as “a radical
departure from traditional approaches” (from the Mantis paper abstract) as Mantis is.
Efforts have been made to model execution time, as well as dynamic features like loop
counts, as random variables [12], but this approach is purely theoretical and does not seem
to be suitable for an actual implementation. Beyond that, the dominant approach is that
of static feature extraction.

Wen et al. [13] present a tool that profiles OpenCL applications by using a set of
static features like the number of instructions and the number of load/store operations,
and another set which they call dynamic features. In this set, they include the input size,
the local and global OpenCL NDRange, as well as the output size of the kernel. However,
these features are not considered to be dynamic in our work; they are features that are
known before kernel execution, and therefore we can not consider them as being dynamic.
In fact, the approach described by Wen et al. is followed in our work when we design a

baseline estimator to compare our pipeline to.

2.5.2 Regarding execution time prediction

Feature extraction is but a means to our goal, which is no other than execution time
prediction or, as frequently mentioned in related literature, worst case execution time

prediction. It is interesting to start by noting that Huang et al. [14] deem the following
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two approaches as obsolete and outdated when it comes to our problem:

1. building analytical models based on (static) raw source code features, due to the

complexity of the process the over-simplistic assumptions that are needed

2. the “program-as-a-black-box” approach: dealing with the program of interest as

if it was a function, were the (input, output) pairs are sufficient to estimate it

Despite that, all related literature seems to agree on the fact that code profiling, in a
smaller or a larger extent, is an idea to the right direction [12, 14, 15, 16]. “Partial exe-
cution” is a nice term used for this microprofiling process [16] that we will heavily rely on.
Yang et al. [16] give one of the most accurate descriptions of this dynamic microprofiling
or partial execution process: “We enable very short “testdrives” of applications on multiple
candidate platforms to quickly derive the execution time of much longer runs. The timing
results of these testdrives can be stored in a database for reuse in future predictions. This
approach facilitates cross-platform performance estimation as an affordable utility”. They
continue by pointing out that “the objective of partial execution is not to obtain numerical
results from scientific codes but to quickly and cheaply capture their rudimentary execution
behavior. Only requiring high-level knowledge about the application’s control flow and as
few as two extra lines of code inserted, partial execution [...| is affordable, scalable and
portable. The metrics obtained during partial execution can then be utilized to predict the

performance of an application run across different platforms”.

2.5.3 Regarding source code analysis and instrumentation

We can see that the notion of source code instrumentation is present in the excerpt
above (“Only requiring [... | as few as two extra lines of code inserted” [16]). Source code
instrumentation is also used in the Mantis tool that we saw earlier [11].

Moreover, techniques like usage of control flow graphs of the input source code [15, 17],
as well as more advanced subjects from the field of compilers like value analysis, loop bound
analysis and path analysis [17] seem to be proposed and used.

The common basis of all these approaches is the central role that the source code
abstract syntaz tree (AST) and its parsing plays on the analysis and/or instrumentation

of the input source code.

2.6 The organization of the volume

This volume is comprised of 8 parts. Parts 1-4 and 5-8 are the same except for the
language used; the first 4 parts are written in Greek, while the last 4 parts in English.

Parts 1/5 present the necessary theoretical background needed to understand this
work. Each section presents a different topic. The sections of this part are unrelated
to each other and can be separately studied. We start by introducing the reader to the
most important characteristics and aspects of OpenCL. We then move on to some selected

subjects from compiler theory, namely intermediate representation (IR) code and basic
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blocks, a concept of the uttermost importance for oclude, as well as a humble peak to
the world of wirtual machines (VMs), in order to better comprehend the way oclude is
designed. We finish our theoretical part with a reference to regression analysis and, more
specifically, to the regression models that we will be using in our work.

Parts 2/6 constitute a thorough presentation of the oclude OpenCL kernel profiling
tool. We approach oclude in a top-down manner; we start by presenting its usage and
then delve into its internals.

Parts 3/7 present the 0CLMan methodology and the corresponding experiments we con-
ducted. We start by our several experiments on the data we gathered from the OpenCL
kernels of the Rodinia Benchmark Suite [18]. We then move on to the building blocks of
OCLMan, the instcounts and time models. Lastly, we present the final experiment we con-
ducted to create, train, test and evaluate a simple implementation of the 0CLMan method-
ology.

Parts 4/8 list some concluding remarks and propose future work on the field of het-
erogeneous computing in general and in the tools and methodology presented in our work

in particular.
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Kegdiowo

Mio etcoywyr otnv OpenCL

":‘ EXWVAUE TNV ToEoVGlooT) ToL amopaltnTou Yewentixol urdBadeou ye tnv OpenCL, otnv

bmd  OTEOL0L 0TNEWOUAOTE EXTEVOC OTNY TOPOVCA EQYATLAL.
neWoW n P PY

3.1 O npodraypapeg tng OpenCL

H OpenCL eivar évo avoho eupéne dladedopévev mpodlaypapdy (specification) yio v
vhorolnom TapdAANAwY Xt /H ETEPOYEVHV EQUOUOYEY, XIS XAl Yo TO YUPUXTNELOTIXE TOU
TEETEL VaL €)0UY OL CUOXEVES OTIC OTOLES OL EQapUoYEC auTég Vo Teéyouv. Eivar onuavtind va
Yupouaote 6Tt ) OpenCL dev eivan mapd Eva GOVORO TEOBLAYEAPDY XU Oy Ml TUYKEKPILEVT)

vlomoinon.

3.2  Ou mhatgodppeg xow ol cuoxeveég tng OpenCL

Mio OpenCL mAatpopua ctvar plor cuyxeExpévn UAoTolnon Twv Tpodlaypapey tng O-
penCL, m.y. n mhatgpdppo OpenCL tng Intel. Mia OpenCL cuoxeum eivon pio mporyuatixy
UTOAOYLO T ovada (T.y. évag enelepyaocthic 1 ulot xdpTa Ypapxhv) mou anoteAel uépog wiog
OpenCL miatgbpuoc, ovtac €tot ixavi| va exteréoer OpenCL egapuoyéc, Tic onoleg apydtepa

Yo ovopdcouue Tupnves.

3.3 To povtéro extéreonc tne OpenCL

Yty Ewéva 13.1 Brénovye plo amexdvion tou poviéhou extéreone tne OpenCL, énou
oTo aploTepd paiveton o hostcode o onolog Teéyel otov enelepyacty| xau elvon uTevLYuUvOC Yo
TNV EVORYHOTEWON TOV EQYACLOV TOV TEAYUATIXWY UTOAOYLO TIXWY TROYEUUUATOY, TV TU-
efvwv (kernels), ot onolol xat exterovvtan oe OpenCL cuoxeués, 6mwe Qoiveton oTa Aplo TERY
NG EXOVOC.

‘Onwc gaiveton oty Ewxdva 13.2, 1o otiypédtune tov tupivey tou exteholvton (work-

items) opyavdvovton o€ opddec (work-groups), yia Adyouc oLy YpOVIoUOD.
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3.4 To povrtéro uvruns tns OpenCL

Yy Ewdva 13.3 gatvetan 1 tepopyio uviung omwe opiCetar and tnv OpenCL. O host
€yer TN Oy tou aveZdpTtnTn pviun. ‘Emeito, umdpyer n xadohxr pviun (global memory)
TN CUOXELTC, 1 omolo elvon UEV 1 TwO apYT|, 0AAS €youv mpdoflact o authv OAo Tor work-
items. 'Enetta, axohouvdei 1 touxr| uviun (local memory), n onola eivar o ypriyopn xou etvou
npocPdowun and dla ta work-items evog cuyxexpiévou work-group. Télog, umdpyet xou 1)

WOt uvAun (private memory) touv xde work-item Zeywplotd.



Kegdiowo

Yitolyela Yewplog LETAYAWTTIOTOV

E }8 aUT6 TO BEUTEPO XEPAAAO TOU VewenTixol undPatpou Yo avapepdolue oe 6,TL YpELo-

Copaote and T Yewplo TV UETAYAOTTIOTOV.

4.1 Evoiduecog »xmouxag

O evdiduecog x@oixag elvon To Teheutaio oTddio Tou front-end pépoug eVOC UETAYAWTTIOTH,
OnAad” Tou Pépoug Tou elvon aveEdETNTO TNG EXACTOTE UNyaVAC, OTwe golvetar otny Ewdva
14.1.

Yuvidwe, n evbidueon avamopdotoon eiva o omhn xou €Oxohn oTnyv enclepyaoio, 0Ty
eCO0Y WY YOEUXTNELOTIXMY, XM XAl oTNV EloaywyY) x@dxa yior T Mn petprioewy (code

instrumentation).

4.2 H évvoia twv basic blocks

‘Eva basic block opiletan w¢ pio yeyiotnr| axohoudior EVIOADY EVOLIUETOU XOOXA UE TIS

eZNg WOLOTNTES:

1. H po¥j ehéyyou pnopel va eioérdel oto basic block yévo yéow tne medtng evioArc Tou

umhox. Me dhha AoyLa, BeV UTEEYOUV GAUATO TIEOC TO HECOV TOU UTAOX.

2. H porj eléyyou Yo e€éhlel and 1o umhox Ywelc Vo OTAUTHOEL 1) VoL TdpEL Xdmola OLo-

A(NAOWOT), EXTOC [OwS amd TNV TEAEUTULA EVIOAT TOU UTAOX.

H bi6tnta mwe, dnag xau 1 por) ehéyyou umnet oe éva basic block, téte dheg ol eviohég

owtoL Yo exterecToly, Vo pag povel TOAD yEHoWYN OTYN CUVEYELXL.

4.3 Virtual Machines (VMs)

Ye avtiteorn ye toug UETAYAWTTIOTES, ol diepunvelg 1) virtual machines AauBdvouv tov
mnyolo xooduxa plog epapuoync xou elcodo amd To YENoTY, EPUNVEVOLY XATd TNV eXTEAEOT
TIC EVTIOAEC amd TOV TYOUO XMOXL Kol TOEAYOLY XATOL0 AmoTEAECUN. AV UTHEYEL, UE AN

AOYLAL, 1) QAOT) TNG TUEAYWYHC XATOLOL EXTEAETIOU 0pYElOL.



Kegdhawo 4. Etouyela Yewplog HETOUYAWTTIOTOVY

Y1 Aoy tov depunvéwy Pootleton 1 enelepyasia TOU XWOXO TOU TUEHYVAL TOU U
€yeL 6oVel amd Tov YproTn xoTd TNV Qdon Tou instrumentation oto TEKOTO gpyakeio Tou Yo

TAPOLCLACOUUE, To oclude.



Kegdiowo

Movtéha TaAtvopounong

H TpoBAedn Tou Ypodvou extéleang ploc epappoync, xadoe xou 1 TEOBAed TwV duvopL-
AWV YOEAXTNEIC XDV TNG YLl UEYUADTERPES ELGOBOUE EVOL TEOBAUATA TTOL TEOGPERO-
VoL Yo €niAuon UEow TG TEYVIXAC TNG TUAVOEOUNoNS. e autd To xe@dhato, Vo Topou-
oldoouye ta povtéla makvdpounone (regression models) mou ypnowonotiooue ot BoUAELd

HaC.

5.1 TI'popuixr] TaALVdpduNnoT
H ypauuuxr) maAvdpounor mpoonadel var exTiUAoeL 1 Tapaxdte YEoUULXY cLVAETNCT) and
Ta dedoyuéva exnaidevong:
y =bo+ b1z + boza + ... + by

Y1 meplnTwot oG OToU EYOUNE VoL XAVOUUE UE TOMAES PETENOELS EVIOADY, 1) e€lowoT auTh

Tadpvel TNV xdtwd popp:

countergqqg coe fadqd
L= countergy,p coe feup )
y=br & = gsize
counter, i coe ful

5.2  ITaAwdpodunorn tonou Elastic Net

H nahwvdpounon tomou Elastic Net ebvon (Ol e 0 ypopuixn, ye tn dlopopd 6Tl 6T T
Tpo¢ ehaylotonoinor, puall e To EAdYLOTO TETEAY WV TpoaTidevTon xou ot 800 TEMOTES VOPUES,

HE OTOYO TNV XAVOVIXOTOINGT TNS EXTIUNONE TNS CLUVARTNOTC.

5.3 IloAvwvupixn nogerBoAr

H nolvwvuuint| topeuBols) Yenowonolel TI¢ SUVAUELS Xl ToL YIVOUEVA TWV YORUXTNEIC TL-

%GV tou x&e delypatoc (péypl xdmolo npoxadoptopévo Padud), ue otdyo va EXTUAOEL TIC



Kegdhawo 5. Movtéha mahvdpdunone

TUEATAVE EELOMOELC CUVORTHCEL X0 AUTOY TV OUVAUENDY X0l YIVOUEV®Y, 00NYOUUEVT), €TOL,

ond v extipnon wlog (vrep)evdeiac oty extiunon evog TOAUWVOUOU.

5.4 T'iati va teplopiotoue;

O ToPUUEVOUUE OTOL YROUUIXE ot TA TOAUWYLULXA ovTéla ou mopovoidoaue. [lowo
ToOAUTAOXAL X0 EVOLAPEEOVTO HOVTENX TOAVOEOUNoNG, 6K BLdpopa devdpxd povtéla ().
XGBoost) dev eivar xatdhhnho yior 10 dix6 pog nedBhnua, dtoTt Sev Unopolv VoL YEVIXEOGOUY

€€w and 1o Medio TPV TV aveldoTNTeVY TYW®V 6To onolo extouudeltnxay (extrapolation).
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Xenoiwporowwviog To oclude

7 4 4 4 7, ’
I i}tpac‘cs A0V £TOLOL Vo Tapoucldcouue To oclude, To mpwTo epyaieio yoc. To oclude
elval oyedlaouévo OoTe va unopel v

® UETPd TOV YpOVOo exTéAEDTS plog epapuoYTg,
e ueTpd to TAdog twv LLVM eviodov mou avtiotolyoly oTtny extéheon uiag epapuoyng.
It vo to emitdyel autd, yenotuonolel didpopo epyohelar xou TEYVIXES, PETAE) TV OTOolwV:

1. Instrumentation tou mnyoaiou xHowa uiog OpenCL e@upuoyhc, xaL CUYXEXPUEVIL EVOS
OpenCL mupriva,

2. Anuovpyla TuYaiwY 0pLOUATWY YIo TNV EXTEAECT] TV TURTIVKY,

3. "Evac yevixevpévog hostcode wavog va exteréoet onotovdnrote OpenCL nupriva.

6.1 Xpnon wg epyaAreiov TNG YEUUUNS EVIOAGY

To oclude unopel va yenowonoiniel and TNy yeouur eviohwy evog Unix-like Aeitoupyinold
ovotAuatos. Mropel va exteréoel Tig 800 mapaxdtw evioiés, device xou command, Tig omoieg

Yo e&nyrioovpe opéows PeTd:

$ oclude device <flags>

$ oclude [kernel] <flags>

6.1.1 H evtoAr "device"

Xenowonolelton Yot TNV avaAUCT) TWV YUEAXTNELOTIXMY Xl TOU TEOTOU Aeltovpylag plog

ouyxexpwévne OpenCL cuoxeurc. Topoadelypoata yerong:

$ oclude device -p 0 -d O

[hostcode] Collecting profiling info for the following device:
[hostcode] Platform: Intel(R) OpenCL HD Graphics

[hostcode] Device: Intel(R) Gen9 HD Graphics NEO
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[hostcode] Version: OpenCL 2.1 NEO
[hostcode] Please wait, this may take a while...
Profiling info for selected OpenCL device:
profiling overhead (time) - 0.011303499341011047
profiling overhead (percentage) - 17.80%
command latency - 0.06351426243782043
host-to-device transfer latency - 0.011074915528297424
device-to-host transfer latency - 0.011512413620948792
device-to-device transfer latency - 0.06323426961898804
host-device bandwidth bandwidth @ 64 bytes - 0.005645181903735443 GB/s
host-device bandwidth bandwidth @ 256 bytes - 0.022125035974706695 GB/s
host-device bandwidth bandwidth @ 1024 bytes - 0.08657326467722175 GB/s

a lot of bandwidth measurements follow

6.1.2 H evtoAr "kernel"
Xenowornotelton yioo Ty extéreon evog OpenCL muprva. Tlapdderypa yerong:

$ oclude -f tests/rodinia_kernels/dwt2d/com_dwt.cl -k c_CopySrcToComponents -g 1024 -1 128
[oclude] INFO: Input file tests/rodinia_kernels/dwt2d/com_dwt.cl is not cached

[oclude] Running kernel 'c_CopySrcToComponents' from file <path omitted to fit>/com_dwt.cl
[hostcode] Using the following device:

[hostcode] Platform: Intel(R) OpenCL HD Graphics
[hostcode] Device: Intel(R) Gen9 HD Graphics NEO
[hostcode] Version: OpenCL 2.1 NEO

[hostcode] Kernel name: c_CopySrcToComponents

[hostcode] Kernel arg 1: d_r (int*, global)

[hostcode] Kernel arg 2: d_g (int*, global)

[hostcode] Kernel arg 3: d_b (int*, global)

[hostcode] Kernel arg 4: cl_d_src (uchar*, global)

[hostcode] Kernel arg 5: pixels (int, private)

[hostcode] About to execute kernel with Global NDRange = 1024 and Local NDRange = 128
[hostcode] Number of executions (a.k.a. samples) to perform: 1

[hostcode] Kernel run completed successfully

6.1.3 H Aewtovpyia "instcounts"

Yta mhaioia Tng evtohric "kernel", ) Aettouvpyio "instcounts" yenowwomnoieiton yia T uéten-

o1 twv LLVM evtoh®v mou avtiotoryolv otny extéieon evog OpenCL nuprva. [opdderyua
xehone:

$ oclude -f <path omitted to fit>/com_dwt.cl -k c_CopySrcToComponents -g 1024 -1 128 -i
[oclude] INFO: Input file tests/rodinia_kernels/dwt2d/com_dwt.cl is cached

[oclude] INFO: Using cached instrumented file

[oclude] Running kernel 'c_CopySrcToComponents' from file <path omitted to fit>/com_dwt.cl
[hostcode] Using the following device:

[hostcode] Platform: Intel(R) OpenCL HD Graphics

[hostcode] Device: Intel(R) Gen9 HD Graphics NEO



6.1 Xprion we¢ epyahelou TG YEUUUNS EVTON®Y

[hostcode]
[hostcode]
[hostcode]
[hostcodel
[hostcodel
[hostcode]
[hostcode]
[hostcode]
[hostcodel
[hostcodel
[hostcode]

Version: OpenCL 2.1 NEO

Kernel name: c_CopySrcToComponents

Kernel arg 1: d_r (int*, global)

Kernel arg 2: d_g (int*, global)

Kernel arg 3: d_b (int*, global)

Kernel arg 4: cl_d_src (ucharx*, global)

Kernel arg 5: pixels (int, private)

About to execute kernel with Global NDRange = 1024 and Local NDRange = 128
Number of executions (a.k.a. samples) to perform: 1

Collecting instruction counts...

Kernel run completed successfully

Instructions executed for kermel 'c_CopySrcToComponents':

26920 - load private
20776 - alloca
14336 - store private

12288 - add
11631 - getelementptr
11264 - mul

8855 - store callee
7245 - load callee
4096 - call

3072 - load global
3072 - load local
3072 - store local

3072 - zext
2415 - sub
1829 - br
1024 - ret
1024 - icmp

6.1.4 H Aciwtovpyia "timeit"

Yta mhaiota Tng evtornc "kernel", n Aettovpylo "timeit" ypnowonoteiton yior T pétenon

Tou ypeovou extéheong evog OpenCL nuphva. [Mopdderypa yenong:

$ oclude -f <path omitted to fit>/com_dwt.cl -k c_CopySrcToComponents -g 1024 -1 128 -t
[oclude] INFO: Input file tests/rodinia_kernels/dwt2d/com_dwt.cl is not cached

[oclude] Running kernel 'c_CopySrcToComponents' from file <path omitted to fit>/com_dwt.cl

[hostcode]
[hostcode]
[hostcodel
[hostcode]
[hostcode]
[hostcode]
[hostcode]
[hostcodel
[hostcode]
[hostcode]
[hostcode]
[hostcode]
[hostcodel
[hostcode]

Using the following device:

Platform: Intel(R) OpenCL HD Graphics
Device: Intel(R) Gen9 HD Graphics NEO
Version: OpenCL 2.1 NEO

Kernel name: c_CopySrcToComponents

Kernel arg 1: d_r (int*, global)

Kernel arg 2: d_g (int*, global)

Kernel arg 3: d_b (int*, global)

Kernel arg 4: cl_d_src (uchar*, global)

Kernel arg 5: pixels (int, private)

About to execute kernel with Global NDRange = 1024 and Local NDRange = 128
Number of executions (a.k.a. samples) to perform: 1

Collecting time profiling info...

Kernel run completed successfully
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Time measurement info regarding the execution for kermel 'c_CopySrcToComponents'
(in milliseconds) :
hostcode - 1.9354820251464844
device - 0.013415999999999999
transfer - 1.9220660251464843

6.2 Xpnon wg naxétou Python

To oclude drdétel xou Python 3 API. I tnv mAfien avdluom xan TapousiooT tng yehone

Tou oclude Yéow tne Python, noparéumoupe tov avayvootn oto wiki tou oclude [19)].



Kegdiowo

Yootk vToac to oclude

To oclude, 6mwg elmope xoL GTO TEONYOVUEVO XEQAAAO, EIVOL TO TEMOTO amd ToL EpYAAEln
oL oVITTOEoUE OTA TAALGLAL TNG POV SITAWUATIXAC epyacioc. 3Tdyog Tou elval
1 extéleon pepovepéveny OpenCL mupAvev (dnhadi yweic hostcode), n uétenon tou ypdvou
extéleot|c Toug, xadwe xan 1 wétenon twv LLVM evtoldv mou avtiotolyolyv otny extéheoT
oUTH.

Aev Yo umopolcAUE Vo TEOYWEHOOLUE EQY BV TUPOUGLALAUUE GUVOMXE ol ETOTTIXE TNV

aEYLTEXTOVIXY) TOU oclude %ot TIC CUVIOTWOES TOU TO ATMOTEAOUV.

7.1 Mia emontElat TNG APYLTEXTOVIXNAS

‘Onwe gatvetar oto UML Sudypappo tne Ewovoe 17.1, 1o oclude anotekeiton omd 1 e€hc

uTopovédee (components):

1. Tnv unopovdda Tou instrumentation
2. Tnv unopovdda Tou instrumentation-parser
3. Trv umopovddo tou hostcode

4. Trv vropovddo g xpuprc uviAune (cache)

7.2 Mia emontela ToL TEdOTOL AstTovpEYiog

Yto UML 8udypoppa tne Ewdvae 17.2, BAénouye tn cuvolxt| pot| Tng Acttoupylog Tou

oclude xaTd TO YEVIXO GEVARLO YENOWOTOMNCHE TOL amd XAMOoloV YeNoTh.

7.3 Ou unoupovddeg tou oclude

7.3.1 H vurnopovdda Tou instrumentation

H unopovdda tou instrumentation efvon uvreduvn yio:

e v dudoyton tou AST tou x)Oxa Tou OpenCL nuphva elcdBoL, xou
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e 70 instrumentation tou AST tou x®dwa Tou OpenCL Tuprva elcddou avd basic block

UE TOL OTATIXG YOEAXTNELOTIXG TTOU GUVEREEE 1) UTIOUOVADA Tou instrumentation-parser.

INo neplocdTERES AEMTOUERELES TOU TEOTIOU AELTOLEYIAC XU LAOTIOMONG QUTAHS TNG UTOHO-

VABOC, TUPATEUTOUUE TOV EVOLUPEROUEVO OVY VWG TN 0Ty avtioTtoryn Evotnta 17.3.1.

7.3.2 H unopovdda tou instrumentation-parser

H vnopovddo tou instrumentation-parser etvar unebduvn yia ™y e€aywYn TRV OTATIXGY
YeaxXTNELo XY and Tov xwdxa Tou OpenCL nuphva elo6dou. T vor o emtiyel autd, hay-
Bdver to LLVM bitcode tou %0 and tnv umouovdda Tou instrumentation xaw 1o dtaoylet
ue t Bordeir tou LLVM C++ API, ondte xou yetpder g eviohés tou xwdixa ovd basic
block.

7.3.3 H unopovdda tou hostcode

H vnopovdda tou hostcode eivan urebduvn yio Ty extéreon tou OpenCL muprva elcdd0L
otnv OpenCL cuoxevy| Tou cucTAUATOC oV ETAEYUNXE amd Tov Yenhotr. [ va To emtdyel
awtd, yenowonotel 1o PyOpenCL APT [20], xodéde xau to epyoleio rvg [21] yio Ty tuyada
OEYLXOTIOINOT) TWV OPIGUATWY TOU TUETVOL.

INo neplocdTERES AETTOUERELES TOU TPOTIOU AELTOLEYIAS XU LAOTIOMNOTE QUTHS TNG UTOMO-

VABUC, TUQATEUTOUUE TOV EVOLUPEROUEVO aVaY VWG TN 0Ty avtioToryn Evotnta 17.3.3.

7.3.4 H unopovdda tng xpLeRc wAWNS (cache)

H unopovéda tne xpuenic uviune (cache) eivar unedduvn yio Ty amodrixeuon twv OpenCL
Tupnvwy Tou €youv unoPBAndel oe instrumentation wote va uny yeetdleton 1 Sradocion vo
enavahoufdveton xdde popd.

To Baocwxd xivnteo miow and tnv LvAoToOMOT AUTAC TNG LOVAdAS HTay 1 Uelwon Tou omou-
TOUPEVOU YPOVOL Yia EQupoYES Omou To oclude ypetdleTton vo Tolpvel TOAES UETEHOELS amod
Tov (Bto OpenCL nuprva - yio Topdderypa, o€ xdmoto eqopuoy unyovixic udinone (machine

learning applications).
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DINETIXA UE TNV avayxXonoTnTa LTaEEng Tou oclude

I I e agpricouye Tow pog to oclude, Yo to cuyxpivouue pe dhha 600 avtioTolyo epyahela
Ta OTOlol YENOWOTOW|OUUE EXTEVIS TIC TPWTES UEPES TNG €peuvde pog. Tao epyahela

autd elvon to Oclgrind ot to cldrive.

8.1 ’AXihot OpenCL avaiuTtécg

8.1.1 To Oclgrind

To Oclgrind etvar évag mpocopointhic OpenCL. Tolto onuaivel twg o OpenCL nuprvac
EL0000L BEV EXTEAE(TOL OTNV TEAYUATIXOTNTA, OAAS 1) EXTEAECT] TOU TEOCOUOUMVETOL AT €Vl
uBedx6 OpenCL/LLVM virtual machine.

8.1.2 To cldrive

To cldrive evar éva epyodeio yio Ty extéleon pepovouévoy OpenCL muprvev, 6mng
xat to oclude. H xOpa Stapopd petalh toug elvon 1 duoxoiior yerong Tou TeakTou, xoog xat

70 6T Bev Yetpd Tic LLVM evioléc mou avtiotolyolv otny exTéAeon) Tou Tuprva.

8.2 XUyxplomn TV gpyaleinwy

[opanéunovue tov evilagepduevo avayvootn otov Iivoxa 18.1, émou mapadétouue O
QpopaL YOEOXTNELO TIXA TWV TELWY ERYUAEDY X0t Tol CUYXEIVOUUE UETAE) TOUC UECL OUTWY. €

autov Tov Iivaxa Bragpaiveton 1 uTEPOY N xou 1) avaryxaroTnTa UTaeEng Tou oclude.






Mépog

OCLMan - to povzeio
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YIVAANEYOVTOS Mol AVAADOVTASC OEOOUEVA

Acpof) €)OLUE TOPOUGLACEL To oclude, ElUAOTE ETOLWOL VOl TIPOUUE UETEHOELS AT XATOLOUG
OpenCL nuphvec. Xta mhaioto Tng mapoloog gpyasiag, Yo yeNOWOTOLACOUUE TO
Rodinia Benchmark Suite [18], to onolo nepaufBdvet, petold dhhwy, pio thndoeo OpenCL
TUEHVWY XATIANAGY Yior AN ueTprioewy.

9.1 H nepapatixn diadixocio

1. Afdn petproswy and xdde OpenCL muprva yior TOAAS SiapopeTtind peyédn elo680uL

(eelhc gsizes), avdAOYO UE TN CUUTERLPOEE Xt TNV ELXOALN EXTENEOTC TOU Xadevic.

2. A¥dn 100 SropopeTindy YeTeoEwy Yio xdde gsize ue 0TOY0 TOV UTOAOYIOUS TOU UEGOU
6poL Toug WoTe va eCoelPouye Tov H6puUBo TOL LTELGERYETAL OTIC METPNOELS KOG XAUTA TO
ouvato. Tal TeplocOTEPEG AETTOUERELES, TORATEUTOUUE TOV EVOLUPEROUEVO AVAYVOGT

oto Hopdptnua A.

’ ’ ’ 4 4
9.2 I'evixd ctatioTtind anod ny OCVOC)\UO"Y] TWY TTLENVWYV

Apyind, ywelooue Toug TUEHVES O ‘avenidexToug avdiuong’, ‘oyeTixd yeryopous o
‘oyetd apyols’, omwe gaiveton otny Ewdva 19.1.
Yrov Ilivaxa 19.1 BAénouvye 1o mhidoc twv yetphioewy (ue 100 Selyparta avd uétenon) tou

xavape avd tupriva Tou Rodinia.

9.3 AigpeuvnTtixy avdAuor Tty dedouévey (EDA)

9.3.1 Avagopuxd we OAOLG TOUG TUEYVES

Awmotoooue Tog to dtdgopa eldn LLVM evtohdv etvor toyved arinlooyetlloueva, Onws
gatveton otov Ilivaca 19.2.
9.3.2 Avagopixd Qe Toug ‘OYETIXA YR YOpoLS’ TUEYVEG

Yy Ewdva 19.4 Brénoude xdmolo YeopAuaTo amd UEEIXOUS EVOEXTIXOUE TUPTIVES TNG
XATNY0plOC TWV ‘OYETXE Y YOpwY’, OTOL Xou BlaxplveTal Yo OYeTNE YRoUUiX Y| OYEaT HETOED

Tou gsize xou Tou TARYoug Twv LLVM evtohv.
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9.3.3 Avagopuxd ue Toug ‘oxYETIXd apYolg’ TLEYVES

Yty Ewxoéva 19.6 BAémouye xdmola YRoprHuaTo omd HEPIXOUE EVOEIXTIXOUS TUPTIVES TNG Ko
TNyoplag TwV ‘OYETIXd apY®Y’, OTOU Xou dloxplveTon Ular OYETIXA TOAVWVLIIXTY -lone debTEENC

TéENe- oyéon petadd Tou gsize xou Tou TARYouC Twv LLVM eviodmy.

9.4 2uyxpELTixd CUUTERACUATA

Y mita tng Ewdvag 19.7, BAénoupe tog oyeddy 2 otoug 3 muprveg elvon ‘oyetind ypryo-
eot’, eved 1 otoug 3 ebvan ‘oyetnd apyol’. Autd, o€ GUVOBLACUS UE T YROUUULXY) XOL T1) TOAUW-
VULXT) CUUTEQLYPOEE. TOUS avTioTolYd, Elval onuavTixd BeGOUEVA Yia TOV GYEDIAOUO TwV BLO

eENOUEVWY epYaAeiwy, Tou OCLBoi xou Tou O0CLMan, mou axohoudet.
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OCLBoi: To £&eldixeLUEVO aAVA TLETVA LOVTEANO

’ Exovrocg OTO HUAAG UOC TA ATOTEAECUATO OO TNV AVAAUGT) TWV TELQUUATIXWDY DEBOUEVHY

ToU TEONYOUUEVOL Xxepahaiov, elpacTe TAEoV o VEoT Vol GYEBLIGOUNE Kol Vol UAOTIOL-
fiooupe To OCLBoi, €val povTého 1dxd xan dlapopeTixd yio xdde OpenCL muprva, to omoio
Yo B€yeton we eloodo éva gsize xou Ya mpoPAénel ti¢ LLVM evtoléc mou avtiotolyodv otny

eXTEAECT) TOU TURPTVL, ONAXDT) To SUVOULXE TOU YOROXTNELC TIXAL.

10.1 To povtéha TAALVEEOWUNONG TOU Y EYOLLOTOL|CUULE

[Mo va emithyoupe o Topoamdve, Yo yeNCHLOTOLCOUUE To TEGGERO HOVTERX TAALVOEOUNONC

ToL avapépaue 0To Oewpntind Mégoc:
1. 'Evav yeouuixo mohvopounth
2. 'Evav noiwdpountr tonou Elastic Net
3. 'Evav mohuwvupixo makvdpounty| 297 Baduol, Paciopévo oe Yeauind ToAvOpounTH)

4. "Evav tohvwvuuixd noiwvdpounts 2°° Boduol, actopévo ot navdpounty| tumou Elastic
Net

10.2 EmnA€yovtag LOVTEAO TAALVOEOUNCTNS Yiat xdVe TU-
eNnva

Yty Encdva 20.1 Brénovpe ) péon T tou R? mou elyav to Sidpopa poviéha makiv-
Spounone otoug muprveg amd toug onoloug ‘emAéyUnxay’ (Snhady| mou elyov to peyoAbTepo
o%0p).

Yy Ewdva 20.2, BAénouye 6Tl T0 O SNUOPIAES HOVTENO Elval O TOALVWVLLXOG To-
Awvdpounthg pe Baor Tov yeoauwtxod (12 muprivec). Axolouldel o yYpappixog mo-
AwvdpounThg (ue 10 nuprivec), xou énetta o tawvdpounthc tonou Elastic Net (9 nuprivec)
X0l 0 TOAVWVLULXOC TaAvBpounTths we Bdor to Elastic Net (8 nuprvec).

Téhoc, otnv Ewdva 20.3 Brénovye 6t Ta ypappikd povtéda (Ypouun molvdpdun-
on xou moAwdpdunon tounou Elastic Net) emiAéxyOnkar and tnrv mAcwoyneia twv
‘oxetikd ypnyopwv’ nupnprwvy o€ mooooté 60%, cvo To. TOAVwYUMIKd MO-

vTéAa (Toluwvupix Tolvdpdunon pe Baomn amhf ypouuxh TahtvdpounoT xon TOAIGMVUIXY



Kegdharo 10. OCLBoi: To eZedixeupyévo avd tuprive Lovtého

rovdpdunon pe Bdon to Elastic Net) emidéxnkar and tny nAeiovdétnra twv ‘oxe-

Tikd yprjyopwy’ nupnrwy o€ rocootdé 71,4%.



Kegdiowo

OCLMan: O dpyovtag TwV LOVIEAWY

I i}igaors mAéov €totpol va topovatdooupe o OCLMan, tn pedodoroyia/yoviéro mou Yo
XPMOWOTOACOUUE Yial Vou EAEYEOUUE OTL TEAYUOTL 1) TROCEYYIoY| Wog e€Ayel Yprowun
xaL onuovTixr Thnpogopia and toug OpenCL nuphvee n onola dev Yo Aty dradéoiun edv

YENOWOTOLOUCUUE ToL OTUTIXA HOVTERX TIEOG Tal OTtolal XALVEL 1) OYETIXY| EPELVAL

11.1 Mia erortteia Touv OCLMan

‘Onwe gadvetar xan oty Ewdva 2.2, o OCLMan anoteheiton omd 800 yovtéha mou cu-
vtidevton, 10 HOVTENO TwV YeTPRoE®mY eVTOAGOY (instcounts model) xat o ypovixd povtého

(time model).

11.2 A7no T NEpAUATIXES UETENOELS 0TOo TAYOC £VvIo-
AV

To mpchTo YoVTENO, TO UOVTENO TWV UETPHOEWY EVIOA®Y, tlvar T0 yvwotd pag OCLBoi

a6 TO TEONYOLUUEVO XEPIANO.

11.3  Amnd T MELPUUATIXES UETPHOELS GTO YPOVO EXTEAE-
one

Mo to 8eltERO POVTEND, TO YPOVIXO, XAVOUUE TNV ATAOIXT UTOVECT TS O YEOVOS EXTERE-

ong etvon ypouuixr) cuvdetnon Twv LLVM evtohwv mou extehéotnxay. Luvenng, T0 HOVIEAO

o6 Vo ebvan €vog amAdS yEoUIXOC TohvOpouNTrS Ue €lcodo To Bidvuoua twv LLVM evtohdv

TIOU AVTIGTOLYOUY o€ Uiot EXTEAEST] o €000 TOV YPOVO QUTAC TNS EXTEAEOTC.

11.4 OCLMan, 6iot yio evoyv!

Efyoote étowol va cuviécoue, va exmatdelCOUUE, VO TEGTAPOUUE XL VO YEYNOLLOTOL-

fiooupe tov OCLMan.



Kegdhawo 11. OCLMan: O dpyovtog TV LOVIEAWY

11.4.1 Exnaidcsuor xa €AeyY)0g

H Swoduaoio tne exnaidevone (training) xou ehéyyou (testing) tou OCLMan qoiveton
otnyv Ewodva 21.1. Kadot o yeipiopdg tov 6edopévmy exnaideuong xat eEAEyyou dev oy uio

TETELIUEVT] OLodixaoiol, TUPATEUTOUUE TOV ovay Vot oty avtiotoryn Evotnta 21.4.1.

11.4.2 A&wolbymon

INo va a&lohoyfioouye tov OCLMan, oyedidlouye €va amhO GTATIXG TOAUWYUULIXO LOVTENO
ue tov Blo atody0, TNV TEOBAedT Ypdvou extéleonc ue elcodo xdnoto gsize. I'a neplocdtepeg
AETMTOUEQRELEG OYETIXA UE TIC OYEDIAOTIXEG ETAOYEC TOU apOPOLY OE aUTO TO HOVTERO [Bdomng
(eehic OCLBase), MOPAMEUTOUUE TOV EVOLUPEPOUEVO OVAYVWOTN otny avtiotolyn Evéotnta
21.4.2.

Yrov Tivaxa 21.1 goiveton 1 o0YXpIon TV TWoOY U R? %0u Tou géoou TeTpaymvIXoU
o@dhuatog Yetall Tou 0CLMan xou tou OCLBase oe 5 tuyaloug OpenCL muprvee, 6mou xou
OlopatveTon 1) capic UTEROYT) TOU 81x00 pog HovTéAoL. AvtioTolya, auTh 1 UTEROY T Elval caprg

xan oto ypaphuota tne Ewdvae 21.2.
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Kegdiowo

IIcotdoelg yia peAAOVTIXTY|, €pEL VAL

@ oL OAOXATIPWCOVUE QUTO TO OPOEYO ToLIBL UE UEQIXEC TTPOTACELS Yol UEANOVTIXT| EpEUVL
GTOV TOUEN TNE TAEOLCAS OIMAWUATIXAS EQYACTOG, ARG %ol TILO EWOXE OYETIXA UE To

gpyaheiol TOU OYEBLAGUUE, UAOTIO|CUUE XA TUROUGLAGOYE.

1. 'Onwg eldoye, 0 oyedlacuog, 1 XATACOXELUN XaL 1) cuVTHENnon Tou oclude w¢ instrume-
ntor mryolou xwdwa etvan €var e€atpeTind 60ox0A0 €pY0. Oa YTay TOAD YEHOWOo €AV TO
oclude Eavaypagpdtoy ¢ instrumentor evoidusoou xMdxa. Edv ywotav xdtl tétolo,
1 Sadixacta Tou instrumentation Yo Yitoy tetpypévn. O Adyog mou to oclude oyedL-
dotnxe xot auTHV TOV TEOTO Elvor eTEWSY) Bev uropoloe va Bpedel xapio pédodoc xatd
Oudpxetla Tng €peuvde yag yio TNy extéreorn OpenCL egapuoy®y o€ yoppr evOldUecou
%xOxa (xon ouyxexpyéva oe LLVM IR).

2. Mio and Tic mo anAoucTeELTXES UTOVETELS Pag, XUplwe GOV aopd Toug eNeEepYaoTES
¢ OpenCL cuoxeuég, elvon 6TL 0 yYpOVOg exTEAEONC ElVOL ULl YRUUUIXT] CUVEETNON
Twv LLVM evtohev xou, ye Bdon autiv tnv unddeon, Yenoulono oaue EVOY YOEUUUIXO
TOALVOROUNTN KOC TO YEOVIXO pag LovTélo oTov OCLMan xot to OCLBase. Auty| nundideon
TeEneL Vo eAeyyOel, UE TEPLOGOTERES TEYVIXEG TAALVOROUNONG YOl TO YPOVIXO UOVTEAO.

3. O OCLMan mpémet vo wpyldoet xou vor e€ehtydel and yedodoroyia oe epyohetotinn. T
vor emteUyOel ®dTL TETOWO, 1) UEYITEXTOVIXY| TOU XUl TOAAEG amd TG TUPUUETEOUS TOU
TEETEL VAL VATEOGOEUOCTOUY ot Vo pLduioTtoly mo viehxdta. To xahltepo Suvatod
oevdpto etvon o 0CLMan vo petatponel oe €vo autdvopo Aoyiomxd mou avohdet OpenCL

GUOXEVES X0l ATMOUOVWUEVOUS TUPTIVES.

4. AnoutolvTal TEPLOCOTEPEC CUOXEVES XAl TEPLOCOTEROL TUPTIVES YOl VoL DOXIUACOUNE TE-

QOUTEQE TNV AEYLITEXTOVIXT| UAC, T ERYUAELN YOG, TIC LOEEC Xau TIC UTOVECELS oC.
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Chapter

An Introduction to OpenCL

As explained in the Introduction, we will be using OpenCL as the software frame-
work of choice throughout our work. As a result of this decision, the design and
implementation of oclude, our profiler and feature extractor, could not be unrelated to
the design and implementation of OpenCL. Therefore, the most important concepts of

OpenCL in relation to our work are presented in this Chapter.

13.1 The OpenCL specification: an overview

As mentioned in [22], “The OpenCL standard offers a common API for program exe-
cution on systems composed of different types of computational devices such as multicore
CPUs, GPUs, or other accelerators.” Therefore, OpenCL is nothing more than a mere

specification, i.e. guidelines to:

e the users, describing a way to design, create and run applications on parallel /hetero-

geneous systems

e the hardware vendors, defining the protocols that processing units (CPUs, GPUs,

etc) must follow in order to facilitate the above
OpenCL has no standard implementation; it differs from vendor to vendor, but the API
and the observable behavior (should) stay the same.
13.2 OpenCL platform and devices

An OpenCL platform is a specific OpenCL implementation, e.g. the Intel OpenCL
platform. An OpenCL device is an actual processing unit (e.g. a CPU, a GPU) that is
part of an OpenCL platform, hence is able to execute OpenCL applications (kernels).

13.3 The OpenCL execution model

Observe Figure 13.1. On the right, we can see the host component of the OpenCL
execution environment. This is commonly called hostcode and it is the part of an OpenCL

application that runs on the main processing unit of a system, most commonly a CPU,
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Processing Lisst
Element
~ '. \ -
Compute Unit Compute Device

Figure 13.1: A graphic overview of the OpenCL execution model () Khronos Group, 2012

which does not need to be an OpenCL device, and orchestrates the execution of the actual
task(s) on the OpenCL devices that the programmer or user specifies. The competences

and capabilities of the hostcode include, but are not limited to:

1. Reading input data and transforming them into appropriate memory objects, e.g.

OpenCL buffers and images

2. Instructing the target OpenCL device to JIT (just-in-time) compile the kernel(s) that

will execute the needed tasks

3. Dispatching the kernel and its properly formatted data to the appropriate OpenCL

device

4. Deciding the size of the problem, the number of kernel instances (i.e. the work-items)
needed to tackle it and their division into small groups where inner synchronization

is allowed (i.e. the work-groups)

5. Profiling the device and kernel runtime behavior directly (e.g. execution time mea-

surement) or indirectly (e.g. hostcode synchronization barriers)

6. Collecting the arguments of the kernel(s) after their execution is completed

As mentioned several times, what actually does beneficial computational work are
the kernels, C-like functions that typically operate on a single element or a small group
of elements of a 1, 2 or 3-dimensional buffer’. Their dispatch on OpenCL devices and
computational units is shown on the left side of Figure 13.1.

To fully grasp the execution model of OpenCL, imagine that we want to apply a naive

denoising filter on the image shown in Figure 13.2. Let us assume that this filter is a simple

In OpenCL, 1-dimensional arrays are called Buffers, while 2 and 3-dimensional arrays are called Images.



13.4 The OpenCL memory model

average of the arithmetic value of each pixel and that of its eight neighbors. To achieve
that goal, we write a simple OpenCL kernel that accepts a 2D image as its argument, finds
out its location on the 1024 x 1024 grid through the get_{local,globall}_id intrinsic
OpenCL functions, and computes this average for a single pixel. We then write a hostcode
that spawns 1024 x 1024 instances of this kernel (i.e. work-items) by dispatching them
on the specified OpenCL device for execution, and then collects the result, through a
possible second image argument were all of the work-items write their average pixel. Note
that the work-items can be divided into work-groups (and will be, in a nearly optimal
way, if the programmer does not specify anything). These work-groups offer some shinny
features like inner synchronization (which is impossible outside of a work-group) and
local memory, an address space which is accessible by all the members of a group and
only by them and, per the OpenCL specification, is closer and/or faster than the global
memory of the OpenCL device.

1024

ﬁ
el [ [] Synchronization between work-items

possible only within workgroups:
barriers and memory fences

Cannot synchronize outside
of a workgroup

Figure 13.2: OpenCL work-items and work-groups (©)Khronos Group, 2012

13.4 The OpenCL memory model

But where do the work-items write their results for the hostcode to retrieve them?
Apart from its own memory, the hostcode can access only the global and constant memory
of the OpenCL device. These two address spaces are typically the largest and the slowest
in an OpenCL device, but are visible from every work-item. Immediately after comes
the local memory, which is faster and/or closer to the work-items and it is different and
isolated for each work-group. Lastly, the fastest address space is the private memory of
each work-item. A graphical representation of the above can be found in Figure 13.3.

We can not emphasize enough the importance of knowing which address space is ac-
cessed by a work-item for our dynamic profiling process. By differentiating between the
loads and stores on each address space we essentially mark the relationship of each one
with our kernel in a different and distinct way, mirroring what actually happens on the
hardware; a thousand global memory accesses are totally different from a thousand local

or private memory access in terms of how they impact execution time or energy consump-
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Private Private Private Private
Memory Memory Memory Memory

Work-Item Work-Item Work-Item Work-Item

Local Memory Local Memory

Workgroup Workgroup

Global/Constant Memory

Compute Device

Host Memory

Figure 13.3: A graphic overview of the OpenCL memory model ©)Khronos Group, 2012

tion, for example. As the reader will find out later, oclude does make this differentiation
by treating loads and stores on each one of the four OpenCL address spaces as different

instructions.

13.5 OpenCL APIs

As mentioned before, an OpenCL kernel is a C-like function. To be more precise, an
OpenCL kernel is a function written in OpenCL C, a language which is essentially identical
to C99, plus some keywords (mainly to directly manage the address spaces that a kernel
uses) and some intrinsic functions, like get_{local,global}_id that were mentioned be-
fore.

But what is the hostcode of an OpenCL application written in? Unlike OpenCL kernels,
there is no dedicated language for that component of an OpenCL application. To build a
hostcode, an API is needed which is essentially nothing more than including a library in
C or C++.

However, using the official C or C++ APIs was too low-level and complicated for
our purposes. Therefore, we used PyOpenCL [20], the standard Python API to build the
hostcode component of OpenCL applications. PyOpenCL is merely a wrapper API around
the official C OpenCL APIL.
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Elements of Compiler Theory

In Chapter 17, where the architecture of oclude is presented, the reader will realize that
the technical pillar on top of which oclude is built, is the intermediate representation
(IR) code of the input OpeCL kernel, the basic blocks of this intermediate representation
and, lastly, a simplified virtual machine that parses the abstract syntax trees (ASTSs) of
the original source code and the instrumented one. Therefore, we deem it necessary to

present what we need from the world of compilers now.
14.1 Intermediate representation (IR) code
The intermediate representation code or intermediate code is the last compilation phase

of the front-end of a compiler, i.e. the machine-independent part of it, as shown in Figure
14.1.

Lexical Analysis J 1
{ Syntax Analysis
¢ Front-End
B (Machine
[ Semantic Analysis J Independent)
A
Intermediate Code
Generation N
\4
[ Code Optimisation J
Back-End
* (Machine
[ Target Code J Dependent)
Generation

Figure 14.1: A simplified overview of the compilation process
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It should be noted that intermediate code representations tend to look like assembly
code, in terms of structure.
The reason why the compilation process passes through the phase of intermediate code

generation is twofold:

1. The source code is, most of the time, a high-level representation of the task the
programmer wants to describe and tackle. By transcribing the source code to IR
code, we simplify it in terms of form and, hence, make it easier to optimize it and/or

produce machine code (e.g. assembly).

2. A uniform and simple intermediate and, most importantly, machine-independent
representation of the source code is very useful in order to facilitate the retargeting
of an application to different end systems, like different processor architectures or

operating systems.

Regarding our work, we are interested in the first bullet; this simplified representation

of an application is easier to parse, extract features from and, ultimately, instrument.

14.1.1 The LLVM project

The intermediate representation of programs is not universally standardized. LLVM
[23] is an umbrella project composed of many tools to facilitate any compiling toolchain.
In these tools, an intermediate language, the LLVM bitcode, and a C-family compiler,
clang, are included. Actually, clang is the front-end tool that compiles the source code of
applications to LLVM bitcode.

Clang supports many source programming languages of the wider C family, including
OpenCL. In our work, we use clang to compile OpenCL kernels to LLVM bitcode and then
process it using the LLVM C++ wrapper API, a C+-+ library to parse, process and
produce LLVM bitcode modules which is nothing more than a wrapper of the LLVM C
API. The reason why the C++ API was used instead of the C API is that the latter is too

low-level, introducing flexibility as well as complexity that were not needed in our case.

14.2 The concept of basic blocks

The source code and the intermediate representation of a task differ in many things, one
of which is the concept of basic blocks. Basic blocks is one of the most important notions
of any intermediate representation and aims at simplifying the optimization process and
various types of analysis, like control flow and data flow analysis, as well as the generation
of machine code.

An accurate and concise definition of the basic block can be found in [24], which is one
of the dominant references for compiler theory and design. In [24], basic blocks are defined

as “maximal sequences of consecutive IR code instructions with the properties that:

'In the official site of the LLVM project, it is mentioned that LLVM is not an acronym and does not
mean anything. However, scattered references from the vastness of the past of the internet world imply
that LLVM did use to be an acronym and stood for “Low Level Virtual Machine”.
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1. The flow of control can only enter the basic block through the first instruction in the
block. That is, there are no jumps into the middle of the block.

2. Control will leave the block without halting or branching, except possibly at the last

instruction in the block."

In general, the intermediate representation of a program or an application (i.e. an IR
module) is nothing more than a graph of basic blocks called flow graph, i.e. a directed
graph with the basic blocks of the modules as its nodes and the jumps and branches
between the basic blocks as its edges.

Simplifying the above definition to the extent that it almost ceases being one, and if we
consider the execution system to be isolated and, therefore, uninterrupted, if the execution
flow enters a basic block, it is a given that all the instructions in it will be executed. If the
reader wishes to keep a single thing from this chapter it should be this certainty, which
will later prove to be extremely helpful for the instrumentation component of oclude and

the algorithm it implements.

14.3 Virtual Machines (VMs)

A last subject that we need to discuss before we depart from the land of compilers are
virtual machines (or interpreters), close cousins of compilers.

Let us firstly consider a simple definition of a compiler. As mentioned in [24], “a
compiler is a program that can read a program in one language, the source language, and
translate it into an equivalent program in another language, the target language. |...] If the
target program is an executable machine-language program, it can then be called by the
user to process inputs and produce outputs". On the other hand, a virtual machine or "an
interpreter is another common kind of language processor. Instead of producing a target
program as a translation, an interpreter appears to directly execute the operations
specified in the source program on inputs supplied by the user". The difference
between a compiler and a virtual machine is shown through their usage in Figure 14.2.
Typical examples of virtual machines (or VMs) are the Java Virtual Machine (or JVM)
and the Python interpreter.

source program

) Source program — )
Compiler Virtual Machine  — output

imput —=

input —»  Target Program  —» output

Figure 14.2: Using a compiler (left) versus using a virtual machine (right)
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The reason why we had to mention virtual machines is that the instrumentation com-
ponent of oclude is basically an OpenCL virtual machine; after having collected the instru-
mentation data from the source code, the instrumentation component of oclude closely
resembles a virtual machine were the source code is parsed and each expression is tran-
scribed, if necessary, in order to rewrite the source code in terms of basic blocks, as accurate
as such a process can be when it comes to mixing high-level source code with the concept

of basic blocks.
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Regression models

egression is a statistical method, lately used extensively in the field of machine learn-
R ing, that attempts to estimate the nature of the relationship between one or more
independent variables and one or more dependent variables.
There are several methods with which regression can be used, the suitability of which
relies heavily on the problem. In our work, there are many variables that relate to each
other. To name them, we need to know what is the relationship, quantitatively and quali-

tatively, between:

e the size of the input of an OpenCL kernel and the LLVM instructions that were
executed,

e the LLVM instructions that were executed and the execution time of a kernel and,

finally,

e the size of the input of an OpenCL kernel and its execution time.

All of the above are very suitable problems for a regression algorithm. However, before
choosing which algorithm to use, it is essential to investigate these relationships in a quan-
titative way first, and then choose the appropriate model. Does the relationship seem (or
expected to be) linear? Super-linear? Is it polynomial? Something else? These questions
need to be answered before proceeding to model selection. For the time being, however,
we will present to the reader the four models that we used throughout our work, and ask
them to keep them in mind. When the time comes, we will show and explain exactly how

and why each one was selected.

15.1 Linear regression

The linear regression model fits an equation of the following form to the input data:

y=bg+ bix1 + boxo + ... + byxy (15.1)

where y is the independent variable, x; are the dependent variables or features, b; are

the coefficients the model tries to estimate and n is the number of features. The goal of
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the b; estimation algorithm is to minimize the mean squared error between the calculated

line and the actual data.

In our case, one of our regressions is multioutput, i.e. we have a vector i instead
of a scalar y as our independent variable. More specifically, a linear model will be pre-
sented later that predicts executed instructions. Therefore, i will hold these counts (aka
instcounts), and the length of # will be equal to the number of the instructions of the
LLVM bitcode instruction set which, at the time of the writing, equals about 70. Moreover,

this model will have a single independent variable as input, the gsize parameter.

Therefore, in our case, the equation we are trying to fit looks more like that:

countergiq coe fudd

- countergyy coe fsup '

y=br & = gsize (15.2)
counter coe fnul

and what we try to estimate is l;, the vector of the coefficients.

A last important note on linear regression is that it is strongly biased, given that it

assumes that the dependent variable is a linear function of the dependent variables.

15.2 Elastic Net regression

FElastic Net is a linear regression algorithm that uses regularization techniques in order
to solve an ill-posed problem or to prevent overfitting (it should be noted that, through
are work, there will be times when overfitting will be needed). Elastic Net attempts to
minimize the same objective function as that of the simple linear regression (mean squared
error), plus the /1 and /2 norms (namely Manhattan and Euclidean, respectively) of the

coefficients vector:

ETTOTelastic net — ETTOTlinear regression + AIHEH + )\2 \/ H5H2 (153)

A1 and Ao are weights that regulate which norm to take more into account, and are the
most important hyperparameters of the Elastic Net model. It should be noted that the
actual equation is more complex and contains some more hyperparameters, but the above

form is sufficient for the supervisory purpose of this Chapter.

By taking both these norms into consideration, Elastic Net attempts to shrink (or even
eliminate) the contribution of certain features to the dependent variable and does a better
job when dealing with correlated features, which is a plus in our case.

Further analysis regarding the algorithmic and mathematical properties of Elastic Net

is considered to be outside the scope of this dissertation.
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15.3 Polynomial regression

Polynomial regression tries to fit a polynomial to the training data instead of a

straight line. It does so in 2 steps:

1. Computes the polynomial features of the training set, i.e. all the products and
the powers of the features of the training set samples, up to a certain order. For

example, if one of the samples is the following:
[a, b, ]

then the polynomial version of its features is the following (assuming a max order of

2):

products of order 1

[ \1/ , a,b,c ,a?,b%,c%, ab, be, ac]
product of order 0 products of order 2

2. Uses a linear regression model, like the ones discussed above.

This way, the polynomial regression strategy assumes a linear relationship between
the features (as before), their powers and their mired products -up to a certain
order- and the independent variable. This is why a polynomial regressor is defined by two

parameters:

1. the maximum degree of the polynomial it will attempt to fit

2. the linear regression algorithm that will be used on the polynomial features

Therefore, we will be using two polynomial regressors in our work: one based on simple

linear regression and another based on the Elastic Net model.

15.4 Why limit ourselves?

Linear and polynomial regression are very powerful and can be successfully used in
the vast majority of regression problems, but there are far more sophisticated regression
algorithms used, mainly in the machine learning community. The most prominent among
these models are the tree-based regression algorithms. However, such models (e.g.
gradient boosting or even XGBoost) can not be used in our case. The reason is that no
tree regressor is good at extrapolating, i.e. predicting values outside of the feature domain
on which they were trained. This is crucial for our application, given that we need our
regressors to predict instcounts for values of gsize that they have never seen, and possibly

orders of magnitude larger.
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Chapter

Using oclude

In the previous chapters, we covered everything we needed to present our work. The
time has come; in this chapter, we are pleased to start our presentation of oclude,
which we will approach in a top-to-bottom fashion.

oclude [19] is an open-source tool designed to run and test arbitrary standalone
OpenCL kernels, without the need to write hostcode or specify its arguments. In that
sense, we call oclude a profiler of standalone OpenCL kernels. Besides simply run-

ning the OpenCL kernel, oclude can also:

e measure its execution time,

e count the instructions executed through an accurate and meaningful mapping from
the OpenCL kernel code to the LLVM instruction set, created by using the clang
toolkit,

e profile a specified OpenCL device.

Some of the most important characteristics of oclude are the following (each one will

be thoroughly discussed in the appropriate chapter/section of this part):

1. Source code instrumentation of the input OpenCL kernel file via a custom

virtual machine (VM) for a subset of the OpenCL C kernel language

2. Inline creation of random inputs for arbitrary argument data types, utiliz-
ing a seperate package for random values generation, also developed by the writer.
These data types include primitive OpenCL data types, OpenCL vector data types,

custom user data types (structs), and nested/encapsulated combinations of the above.

3. An OpenCL hostcode wrapper for arbitrary kernels based on the PyOpenCL API.

We will start by presenting the way oclude is designed to be used as a command
line tool and as a Python package. Afterwards, in the next chapter, we will delve deeply
into its inner proceedings and present all of its parts, how they work, and how they are
interconnected. By presenting oclude that way, we hope that the reader will get familiar

with what oclude is designed to do before getting to know how it does it.
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16.1 As a command line tool

oclude can be used as a command line tool on Unix-based Operating Systems. Detailed
instructions on its prerequisites and how to install it are included in its GitHub repository
[19].

Starting from the highest level possible, oclude supports 2 commands, the device

command:

$ oclude device <flags>
and the kernel command:

$ oclude [kernel] <flags>

Note that the kernel keyword can be ommited and, in that case, oclude defaults to
the kernel family of its functionalities.
Given that our approach is a top-to-bottom one, we will start by presenting these two

commands.

16.1.1 The "device" command

The device command is designed to profile general characteristics of a specific OpenCL
device. This information can be useful in the case of an heterogeneous system where we
want to gather information regarding all available OpenCL devices and take decisions
(either manual or automatic) based on this intel. This mode has not been used in this
work.

As an example, in case we wanted to profile the first device of the first OpenCL platform

in our system, we would do the following in a terminal:
$ oclude device -p 0 -d 0
and get an output that would look like this:

[hostcode] Collecting profiling info for the following device:

[hostcode] Platform: Intel(R) OpenCL HD Graphics
[hostcode] Device: Intel(R) Gen9 HD Graphics NEO
[hostcode] Version: OpenCL 2.1 NEO

[hostcode] Please wait, this may take a while...
Profiling info for selected OpenCL device:
profiling overhead (time) - 0.011303499341011047
profiling overhead (percentage) - 17.80%
0.06351426243782043
host-to-device transfer latency - 0.011074915528297424
device-to-host transfer latency - 0.011512413620948792
device-to-device transfer latency - 0.06323426961898804
host-device bandwidth bandwidth @ 64 bytes - 0.005645181903735443 GB/s

command latency
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host-device bandwidth bandwidth @ 256 bytes - 0.022125035974706695 GB/s
host-device bandwidth bandwidth @ 1024 bytes - 0.08657326467722175 GB/s

. a lot of bandwidth measurements follow ...

Obviously, the flags -p and -d correspond to the OpenCL platform and device of choice,

respectively.

16.1.2 The "kernel" command

The kernel command is the main job oclude is designed to do - to profile OpenCL
kernels. It supports two different modes of operation, apart from simply executing the

kernel:

1. count the LLVM instructions that were executed, code-named instcounts,

and/or
2. measure the execution time, code-named timeit.

The kernel command can be used with either, one, or none of these modes on.
An example of the kernel command in the oclude CLI could be the following (note
that the kernel keyword is omitted as it is implied when absent and that, besides running

the kernel, nothing else really happens):

$ oclude -f tests/rodinia_kernels/dwt2d/com_dwt.cl -k c_CopySrcToComponents -g 1024 -1 128
[oclude] INFO: Input file tests/rodinia_kernels/dwt2d/com_dwt.cl is not cached

[oclude] Running kernel 'c_CopySrcToComponents' from file <path omitted to fit>/com_dwt.cl
[hostcode] Using the following device:

[hostcode] Platform: Intel(R) OpenCL HD Graphics
[hostcode] Device: Intel(R) Gen9 HD Graphics NEO
[hostcode] Version: OpenCL 2.1 NEO

[hostcode] Kernel name: c_CopySrcToComponents

[hostcode] Kernel arg 1: d_r (int*, global)

[hostcode] Kernel arg 2: d_g (int*, global)

[hostcode] Kernel arg 3: d_b (int*, global)

[hostcode] Kermel arg 4: cl_d_src (uchar*, global)

[hostcode] Kernel arg 5: pixels (int, private)

[hostcode] About to execute kernel with Global NDRange = 1024 and Local NDRange = 128
[hostcode] Number of executions (a.k.a. samples) to perform: 1

[hostcode] Kernel run completed successfully
Observe the following from the usage above:

e Firstly, an OpenCL kernel file (*.cl) is specified with the -file/-f flag.

e A kernel from inside this file is chosen with -kernel/-k. This is optional; if it is not
used, oclude will inform the user of the kernels present in the input file and they

will be able to choose which one to run interactively.

e The global and local OpenCL NDRanges are specified with the -gsize/-g and
-lsize/-1 flags, respectively. Only one dimension is supported for now, therefore

these flags accept only a single positive integer.
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Nothing interesting happened though... That is why the kernel command has two

modes of operation.

16.1.3 The "instcounts" mode of operation

For the instcounts mode of operation of the kernel command, the -inst-counts/ -1
flag is used to instrument the kernel and count the LLVM instructions that correspond to

the instructions that were actually ran by the kernel (more on that on the next chapter):

$ oclude -f <path omitted to fit>/com_dwt.cl -k c_CopySrcToComponents -g 1024 -1 128 -i
[oclude] INFO: Input file tests/rodinia_kernels/dwt2d/com_dwt.cl is cached

[oclude] INFO: Using cached instrumented file

[oclude] Running kernel 'c_CopySrcToComponents' from file <path omitted to fit>/com_dwt.cl
[hostcode] Using the following device:

[hostcode] Platform: Intel(R) OpenCL HD Graphics
[hostcode] Device: Intel(R) Gen9 HD Graphics NEO
[hostcode] Version: OpenCL 2.1 NEO

[hostcode] Kernel name: c_CopySrcToComponents
[hostcode] Kernel arg 1: d_r (int*, global)
[hostcode] Kernel arg 2: d_g (intx, global)
[hostcode] Kernel arg 3: d_b (int*, global)
[hostcode] Kermel arg 4: cl_d_src (uchar*, global)
[hostcode] Kernel arg 5: pixels (int, private)
[hostcode] About to execute kernel with Global NDRange = 1024 and Local NDRange = 128
[hostcode] Number of executions (a.k.a. samples) to perform: 1
[hostcode] Collecting instruction counts...
[hostcode] Kernel run completed successfully
Instructions executed for kernel 'c_CopySrcToComponents':
26920 - load private
20776 - alloca
14336 - store private

12288 - add
11631 - getelementptr
11264 - mul

8855 - store callee
7245 - load callee
4096 - call

3072 - load global
3072 - load local
3072 - store local

3072 - zext
2415 - sub
1829 - br
1024 - ret
1024 - icmp

It should be mentioned that the output of this mode was designed to resemble that
of Oclgrind [25|, a tool that helped a lot during the first stages of our research as our
dynamic features extractor. When we started to design oclude, it was much easier to keep

the consumers of the output of Oclgrind that we had already implemented. Note that,
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had it not being an OpenCL runtime emulator instead of actually running the input kernel

on an OpenCL device, we would not have needed to develop oclude to begin with.!

16.1.4 The "timeit" mode of operation

For the timeit mode of operation of the kernel command, the -time-it/-t is used

to measure the execution time of the specified kernel:

$ oclude -f <path omitted to fit>/com_dwt.cl -k c_CopySrcToComponents -g 1024 -1 128 -t
[oclude] INFO: Input file tests/rodinia_kernels/dwt2d/com_dwt.cl is not cached

[oclude] Running kernel 'c_CopySrcToComponents' from file <path omitted to fit>/com_dwt.cl
[hostcode] Using the following device:

[hostcode] Platform: Intel(R) OpenCL HD Graphics
[hostcode] Device: Intel(R) Gen9 HD Graphics NEO
[hostcode] Version: OpenCL 2.1 NEO

[hostcode] Kernel name: c_CopySrcToComponents
[hostcode] Kernel arg 1: d_r (int*, global)
[hostcode] Kernel arg 2: d_g (int*, global)
[hostcode] Kernel arg 3: d_b (int*, global)
[hostcode] Kernel arg 4: cl_d_src (uchar*, global)
[hostcode] Kernel arg 5: pixels (int, private)
[hostcode] About to execute kernel with Global NDRange = 1024 and Local NDRange = 128
[hostcode] Number of executions (a.k.a. samples) to perform: 1
[hostcode] Collecting time profiling info...
[hostcode] Kernel run completed successfully
Time measurement info regarding the execution for kernel 'c_CopySrcToComponents'
(in milliseconds) :
hostcode - 1.9354820251464844
device - 0.013415999999999999
transfer - 1.9220660251464843

The two modes of the kernel command can be combined to measure the execution time

of the instrumented OpenCL code.

16.1.5 The "samples" flag

One of the most important flags of the "kernel" command is the -samples/-s flag.
This flag asks oclude to run the specified kernel more than once.

When using either of the device or kernel commands (or both), the results regarding
the instruction counts and the different times that were measured are averaged across all
runs. Keep in mind that this behavior occurs in the command line interface of oclude
only. If used as a Python package, things are slightly different. Let us see exactly how
different.

!This is not the whole truth; Indeed, Oclgrind is an emulator and, as mentioned in the "Usage" section
in [25], “Since it is interpreting an abstract intermediate representation and bounds-checking each memory
access, Oclgrind will run quite slowly (typically a couple of orders of magnitude slower than a regular CPU
implementation). Therefore, it is recommended to run your application with a small problem if possible”.
But maybe this would not pose a problem in our microprofiling methodology (we will never know for sure,
we migrated to the oclude solution very early in our research). What would certainly be a problem is
the fact that Oclgrind does not support vector types or custom user types, as mentioned in its
GitHub wiki. This is another reason why oclude had to be built.
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16.2 As a Python package

By exporting a Python 3 package API, oclude can be used inside a Python script or
project directly (e.g. in a Jupyter Notebook) to perform kernel profilings and experiments.
To achieve that, oclude offers three different entry points in the form of Python func-
tions. For a more detailed description of their input arguments or the results they return,
the reader is kindly requested to consult the GitHub wiki of the project [19]. These func-

tions are the following;:

1. The oclude.profile_opencl_device function exports the device command.
2. The oclude.profile_opencl_kernel function exports the kernel command.

3. The oclude.get_opencl_kernel_static_instcounts function exports a function-

ality which we have not mentioned before.

All three functions return Python dictionaries as results of their execution (again, for
a thorough description of the functions, please visit the GitHub page of oclude [19]).

The first two functions return dictionaries that include as much entries as the number
of runs defined through the samples argument, which corresponds to the -samples/-s flag
of the command line interface of oclude. That means that, in contrast to what happens in
the command line interface, the Python package interface does not average results.
Therefore, if extensive and not aggregated results are needed, the Python package interface
is the way to go. That is why we used this interface to get the data for the experiments
that are presented in the OCLMan part of this volume.

The last function returns a dictionary containing static features of the OpenCL
kernel file source code, i.e. instruction counts regarding the intermediate rep-
resentation (IR) of the source code alone. This functionality is offered through the
Python package interface only and could be useful for analyzing data and creating models

based solely on static features. This could help in at least two different ways:

e Use such a model to tackle the problems mentioned in the Introduction, as per the

standard approach on the subject.

e Use such a model as a baseline to assess one built on dynamic features.

In case the reader did not understand it immediately, we are going to use this oclude

functionality for the second reason. More on that on the last part.



Chapter

Building oclude

5- s you may already know or have realized by now, profiling standalone OpenCL kernels
is not a trivial task at all. There are many questions that have to be answered before

moving into designing and implementing such a tool:

o How complicated kernels should the tool be able to handle?

e How much freedom can we grant to the user regarding the kernel arguments? e.g.
as we have seen, OpenCL allows a user to define their own custom data types, even

nested ones. Are we able and/or do we want to handle that?

o Where should we intercept and instrument the execution process in order to be able
to count the executed instructions? On dispatch to the device through the queue?
On the device itself during the execution? Maybe before even starting to execute the

hostcode? Or a combination of all/some of these?

e How to enrich the profiling process with useful data regarding the kernel execution(s)?

What information is safe to dismiss?

and much, much more...

By presenting the entire oclude architecture, starting with an overview and then part
by part, we hope to achieve a dual goal; on the one hand, to help the reader delve deeper
into the gears of oclude and really understand the way it is structured and implemented
and, on the other hand, to convey the choices we made and consider worth-mentioning
while designing such a complicated utility, as well as the insights we gained in the virtues

and needs of the world of heterogeneous computing and its software.
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17.1 An architectural overview

Let us start with an overview of oclude the building blocks of oclude and how they

are interconnected.

<<executionEnvironment>>
oclude

<<component>>
instrumentation-parser

(usage of LLVM C++ API)
| <<component>> <<component>>

cache rvg

<<component>>
instrumentation (based
on pycparserext)

[

oclude output <<component>>
hostcode (PyOpenCL)

user .cl file and parameters

random kernel arguments

kernel execution

<<executionEnvironment>>
OpenCL execution environment

Figure 17.1: A UML deployment diagram of oclude

In the deployment diagram above, all the major components of oclude are shown.
We can see that the user provides an OpenCL kernel source code file to oclude, as well
as values for oclude parameters, e.g. some of the flags that we previously mentioned.
After that, four components work together in order to prepare the kernel for dispatch to
the OpenCL execution environment, which is a device on the system (and not a part of
oclude).

Before the dispatch to the OpenCL device, some steps need to be made. Firstly, the
instrumentation component is responsible for injecting instrumentation code in the
provided source code, in order for the counting of the executed instructions to take place.
To extract the information needed to instrument the kernel, the instrumentation compo-
nent uses the instrumentation-parser component, which parses the LLVM bitcode of
the input file, counts the (static) instruction counts and organizes them into basic blocks.
It should be noted that we need to go only this far if the user has requested a static pro-
filing of the input kernel. After that, the instrumented source code is dispatched to the
OpenCL execution environment by the hostcode component, which is responsible for
the execution of the given kernel. Last but not least, the execution results are collected,

formatted and returned to the user.

The observant reader should have noticed that we completely omitted the cache
component that is depicted in the UML diagram above from our architectural overview.
No need to worry; the cache component is quite autonomous and is not crucial for under-

standing the way oclude works. Therefore, we will save it for last.



17.2 A functional overview

17.2 A functional overview

Before moving on into breaking down each one of the components discussed above,
a functional overview of all the scenarios for which oclude was designed would be quite

helpful in order to fully grasp the way oclude is meant to be used and operate.

[is the instrumented
version of this .cl file
[are parameters valid?] [time or instcount?] cached?]

start parse input .cl file to get
[ user supplies .cl file and all ) [Yes] linstcount] [No] instrumentation data using
. > parameters needed /Y LLVM C++ API
(instrumentation-parser)
[Yes]

[time] get cached (i.e. already
l/ instrumented) .cl file
termination (successful) . cache
run kernel on selected platform/device - A
<——output resuits instrumented instrument source code
k using PyOpenCL (hostcode) e

Figure 17.2: A UML activity diagram of oclude

[No]

termination (unsuccessful)

It is reminded that we are not going to talk about the cache functionality yet, although
it is depicted for the sake of completeness.

After the user supplies the OpenCL kernel source code file, oclude checks whether
the provided information is valid. If it is, oclude checks whether an instruction counting
or a time measurement was requested. In the case of the latter, then oclude needs only
to run the provided kernel with random arguments, and report the hostcode, device and
transfer times. In the case that an instruction counting was asked, then a query is sent to
the cache. We will ignore this for now and assume that the cache does not exist, hence
following the "No" arrow. Then, the instrumentation phase begins, in which the source
file is compiled to LLVM IR bitcode that is parsed, in order to extract all the information
needed to instrument the original source code, and send that over for execution.

Note that the full path will be followed whether the user asked for an instruction
counting or for both measurements (instruction counting and time measurement).

We feel the need to turn once again to the perceptive reader, and inform them that the
static feature extraction scenario was omitted from the above UML diagram on purpose,

for simplicity.

17.3 The components of oclude

We are now ready to dissect oclude and find out how each of the components is
designed, how it is implemented, what it does, and how oclude glues them all together.
17.3.1 The instrumentation component

The instrumentation component is the biggest and most complex component of oclude,
and it is what differentiates oclude from a simple standalone OpenCL kernel driver.

The instrumentation component:

1. Receives the OpenCL kernel and several parameters from the user.
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. If the user did not request an instruction count, e.g. they requested a time measure-

ment only, using the -time-it/-t flag, then this component is transparent; it passes

everything to the hostcode component.

. If the user requested an instruction count, using the -instcounts/-i flag, then it

proceeds.

. Checks whether the instrumented version of the input source file is cached (see 17.3.4).

If it is, then the instrumentation component passes the cached instrumented source
code to the hostcode component. If not, it compiles the input source code to LLVM

bitcode using the clang compiler infrastructure.

. It passes the LLVM bitcode to the instrumentation-parser component (see 17.3.2) to

extract the static instruction counts per basic block.

. It uses this information to insert the following instrumentation to the source code

that the user provided:

(a) Two hidden counters as kernel arguments. These counters will serve as
the instruction counters, therefore the length of these counter buffers is equal
to the number of the instructions of the LLVM instruction set, which is about
70 at the time of the writing (August 6, 2020). More specifically, The first
buffer is a local buffer, which means that each work-group has a different one
and is responsible for its initialization. Each work-item of a specific work-group
accesses the local counter only, in order to record instruction counts. After the
end of the execution of the kernel, the leader of each group (i.e. the work-item
with local id equal to 0) is responsible to add the counts of the group to the
overall counts, by writing to the second buffer, the global one, which is the
buffer that is ultimately read by the hostcode and contains the instcounts that
are returned to the user. All of the write accesses to the counter buffers described
above are obviously atomic. The reason for the existence of two buffers instead
of just the global one, is to speed up the process by limiting the accesses to the
global memory and distribute the load of book-keeping across the work-groups.

As a note, helper functions use the local counter buffer only.

(b) An initialization preamble, where the leader of each work-group initializes
the local buffer to 0.

(c) An aggregating epilogue, where the leader of each work-group adds its local

counter buffer to the local counter buffer, atomically.

(d) Increments of the appropriate locations of the local counter buffer
at the start of each "basic block". We use quotes around the term basic
block because, as we said in Chapter 14, we can not talk about basic blocks
in the source code; basic block are a feature of the intermediate representa-
tion languages. Therefore, we have designed a mapping effort between the
LLVM bitcode (IR) basic blocks and the source code. This process was
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the toughest thing we had to do in oclude, technically speaking. As a simple
example, imagine the following conditional:

if (@& b |l c){ ...}

This simple conditional is translated, in fact, into three basic blocks; one for
the resolution of each variable of the conditional (omitting the basic blocks of
the taken/non-taken paths). Therefore, it should have become clear by now
that a virtual machine for (a subset of) OpenCL had to be implemented,
in order to deal with each possible expression and instrument it in the proper
way, taking into consideration the way that each expression is mapped into basic
blocks in the LLVM intermediate representation. For obvious reasons, we will
not delve deeper into this virtual machine we created. The interested reader is

kindly referred to the oclude repository [19].

7. After the instrumentation process is completed, the instrumented kernel is handed

over to the hostcode component.

17.3.2 The instrumentation-parser component

The instrumentation-parser component is, in fact, a subcomponent of the instrumenta-
tion component, which is responsible for parsing the LLVM IR bitcode of the input source
file, and report back (static) instruction counts, organized in basic blocks. Moreover, it
should be noted that it is the only part of the current version of oclude (as of August 6,
2020) that is written in C++.

Before moving on, it is interesting to note that an effort was made to rewrite this
component in Python in order to make oclude a pure Python project. All attempts lead
to disappointing and fruitless results, though, because 11vmlite, part of the Numba project
[26] and, apparently, the only maintained (up until the moment of the writing, August 6,
2020) Python API for LLVM, has decided to completely decouple the parsing of a source file
and the processing (even visiting) of the resulting AST. Therefore, we had no alternative
but to use the LLVM C++ wrapper APIL.

17.3.3 The hostcode component

The hostcode component is the functional heart of oclude; it is the interconnection
between oclude and the actual OpenCL runtime environment of the system.

It is interesting to note that, like the instrumentation-parser component, it used to be
implemented in C++ during the early development stages of oclude. Although, at a point
it became clear that the complexity of the needs of oclude going hand by hand with the
low-level-ness of the C and C++ OpenCL APIs, was an explosive combination. In the
light of this realization, we migrated the whole component to PyOpenCL [20] which, at
the time of the writing (August 6, 2020), is the core of the oclude hostcode component.

The hostcode component is responsible for:

1. receiving the (possibly instrumented) OpenCL source code and the name of the kernel

of interest,
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2. randomly initializing the arguments of the kernel using the external rvg component
[21],

3. running the kernel on the specified device as many times as the user requested,
4. getting back the results (instruction counts and/or time measurements),
5. calculating their average if necessary, and

6. returning the final results to the user.

As a final note, the latest PyOpenCL version that was available at the time of building
oclude was version 2019.1.2. This version did not support user defined structs with
array members as kernel arguments (or any nested types other than primitive OpenCL
types inside of structs, for that matter). Therefore, a contribution had to be made to add
this feature, given that there were OpenCL kernels in the Rodinia Benchmark Suite that
had such structs. The PyOpenCL maintainer accepted this contribution and is now a part of
version 2020.1 that was used in oclude. The current version (August 6, 2020) is 2020.2

and still includes this feature.

17.3.4 The cache component

The cache component is an addition to the architecture of oclude designed to facilitate
experiments were repeated profiling of the same kernels is necessary. One such experiment
is our work.

The cache is merely a directory were the instrumented version of a kernel is stored, when
it is handled by oclude for the first time. The unique identification of this (instrumented)
file is considered to be the hash value of the original version of the file. That way, when
this kernel (or, more precisely, the source code file where this kernel is defined) is seen again
by oclude, there is no need to re-instrument it. Note that the instrumentation process is
the most time consuming part of the oclude pipeline. Therefore, when a user wants to
conduct tens or hundreds of different experiments on the same kernel for different values
of gsize and/or different inputs (like we needed), a huge amount of time is saved.

Under the light of the above, the reader is kindly encouraged to revisit the UML
Deployment 17.1 and Activity 17.2 Diagrams and observe the role of the cache component

as depicted there.
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A. s mentioned before, the problem of profiling OpenCL applications is very popular
and studied. Therefore, it is reasonable and expected that there are already tools
to do this job. In this Chapter, we present two such tools, Oclgrind and cldrive, both

of which were used during the early stages of our research (i.e. before building oclude).

18.1 Other OpenCL kernel profiling tools

18.1.1 Oclgrind

4

In the abstract of the Oclgrind paper [25], it is described as “a platform designed
to enable the creation of developer tools for analysis and debugging of OpenCL programs.
Oclgrind simulates how OpenCL kernels execute with respect to the OpenCL standard,
adhering to the execution and memory models that it defines.” Furthermore, Oclgrind
reports the total LLVM instructions that were (simulated to have been) executed by the
specified OpenCL kernel. In fact, the format of the output of oclude was designed to
ressemble that of Oclgrind.

Even though Oclgrind is an extremelly user-friendly and helpful tool, seemingly doing
exactly what we want to do in our work, it remains a simulator. This means that Oclgrind
is device-agnostic, something that goes against the goals of our work. But even if we could
find a way to take the OpenCL device of interest into consideration in another way, one
more problem remains: Oclgrind, being a simulator, is quite slow for higher values of

gsize. oclude, on the other hand, was designed as an actual driver for arbitrary kernels,

as well as gsize values.

18.1.2 cldrive

cldrive “textitis a tool for running arbitrary OpenCL kernels to record their runtimes
and outputs. It reads OpenCL kernels from an input file, and for each, generates random
inputs (parameterized by a given size), runs the kernel and records its execution time and
outputs.” |27].

cldrive would be the ideal profiler for our worker if it counted LLVM instructions,
which it does not. But, even if we ignore that, using it was a very cumbersome experience.

One of the side goals of oclude was to be as user-friendly as possible.
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18.2 A cross-comparison

These two tools, Oclgrind [25] and cldrive [27], are the best standalone OpenCL
kernel drivers that we found. Unfortunatelly, they lack some characteristics that were
crucial for our work. Therefore, oclude turned out to be a necessity.

For the shake of brevity, these characteristics are presented in the cross-reference Table
18.1, were it becomes crystal clear why oclude had to be created. Note that each and
every one of the features listed in the leftmost column was considered as nothing less than

an absolute necessity for oclude.

Oclgrind cldrive oclude
installation process Cu.mbersome (sogrce) cumbersome | straightforward
straightforward (binary) | (uses bazel) (uses make)
usage process stmightff)rwarfl. cumbersome stI'e'Lightf()r\\'a%l'd
(command line utility) (bazel run) | (Python 3 script)
execution environment simulator undq‘lying underlying
OpenCL env. OpenCL env.
hardware agnostic dependent dependent
speed very slow fast (1"1.11'15 fast (1'1.11'15
(simulator) on device) on device)
caching of results X X 4
static
instruction counts X X v
dynamic
instruction counts / X /
e;ic;ﬁi):nféie not applicable v v
OpenCL vectors X v v
as kernel arguments
custom user types X / %
as kernel arguments

Table 18.1: A cross-comparison between oclude and other tools
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Gathering and analyzing data

After having presented oclude in the previous chapter, we are ready to use it in order
to profile some OpenCL kernels and draw some conclusions which will guide us
through the process of designing prediction models later on.

To achieve the above, we are going to use the OpenCL kernels from the Rodinia Bench-
mark Suite [18]. Rodinia includes roughly about 60 OpenCL kernels which implement
algorithms originating from various fields, like computer vision and medical imaging.

We will start by presenting the experimental procedure that we will follow. We will
then investigate the general behavior of the Rodinia OpenCL kernels and categorize them
for later reference. Lastly, after profiling the kernels, we will conduct an explaratory data
analysis (EDA) on our results, in order to draw some conclusions and gain much needed

insights for the design process that will follow in the next Part of this volume.

19.1 The experimental procedure

Each kernel from the Rodinia benchmark suite was treated separately, even those that
were in the same file.

From these, some could not be profiled with oclude due to frequent segmentation
faults, which most probably were caused by the numerical values of the input buffers. At
this point, it should be reminded that oclude initializes the kernel arguments in a random
way, taking into consideration the argument type only (e.g. it will never initialize an
unsigned type with a value below zero). It is also reminded that an external system, the
rvg package, is responsible for this randomization process [21]. An OpenCL kernel, though,
may rely on the input data meeting certain requirements, either regarding the numerical
values of the input or even the buffer sizes. For example, a kernel may take for granted
that its first argument has twice the size of the second. It is obvious that, in such a case,
segmentation faults are to be expected and oclude, in its current development status, can
not do anything about them.

From the kernels that could be profiled (i.e. their execution did not lead to -frequent-

segfaults), a number of profiling samples was taken. More precisely:

e First of all, the number of samples (flag -samples/-s) was kept constant and equal

to 100 for all experiments described in this section (see Appendix A).
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e The only variable of the profiling experiments was the global NDRange (flag -gsize/
/-g), what we have mentioned before as gsize. The local NDRange was not de-
fined, which means that it was automatically and (nearly) optimally selected by the

OpenCL runtime.

e All kernels were profiled for gsizes starting from 100 and upwards, with a step of
50. The profiling process was terminated in case the 100 samples took longer than 3
seconds to run (flag -timeout/-x) or the size reached a value of 100000. Only the

former happened.

e Some kernels were too slow to get 100 samples in less than 3 seconds for a gsize
greater than 100, or we managed to get only a single digit number of 100-samples
profilings. For these kernels (labeled "relatively slow"), the range from 10 to 100 was
used regarding the gsize, with a step of 5. All the other kernels are labeled "relatively

fast".

e The values of gsize and the timeout flags were manually fine-tuned when needed, in
order to be certain that at least 20 100-samples profilings were successfully acquired

from each kernel.

e Each profiling corresponds to a dictionary, the return value of the profile_opencl_-
kernel function of oclude. Every such profiling was stored as a JSON file for

subsequent processing.
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19.2 Kernel profiling general statistics

The first step of the experimental process was to gain an overview of the Rodinia
kernels general behavior. A pie chart showing the behavior of the OpenCL kernels during

our experiments follows.

"Profilability" of rodinia OpenCL kernels

B relatively fast
B "unprofilable"
relatively slow

Figure 19.1: "Profilability" of all OpenCL kernels from the Rodinia Benchmark Suite

We can see that the vast majority (43.1%) of the kernels are "relatively fast", meaning
that we managed to perform tens or even hundreds of 100-samples profiling experiments
on them. They represent the majority of the Rodinia Benchmark Suite and, as we will see
later, the execution time and instructions tend to have a relatively linear relation to gsize

in these kernels.

More specifically, the following table shows how many 100-sample profilings were per-
formed on each kernel. Note that the data below refer to the "profilable" (i.e. "relatively

fast" and "relatively slow") kernels, not the "unprofilable" ones.
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rodinia benchmark

b+tree
b+tree
backprop
backprop
bfs
bfs
dwt2d
dwt2d
gaussian
gaussian
heartwall
hotspot
hotspot3D
hybridsort
hybridsort
hybridsort
hybridsort
kmeans
kmeans
lud
myocyte
nn
particlefilter
particlefilter
particlefilter
particlefilter
particlefilter
particlefilter
particlefilter
particlefilter
particlefilter
pathfinder
srad
srad
srad
srad
srad
srad
streamcluster

Table 19.1: A quantitive overview of the microprofiling process results

benchmark file

kernel gpu opencl.cl
kernel gpu opencl 2.cl
backprop kernel.cl
backprop kernel.cl
Kernels.cl
Kernels.cl
com_dwt.cl
com_dwt.cl
gaussianElim _kernels.cl
gaussianElim _kernels.cl
kernel _gpu_ opencl.cl
hotspot__kernel.cl
hotspotKernel.cl
bucketsort _kernels.cl
bucketsort _kernels.cl
histogram1024.cl
mergesort.cl
kmeans.cl
kmeans.cl
lud kernel.cl
kernel gpu opencl.cl
nearestNTaigthrikerneLcl
particle_double.cl
particle_double.cl
particle_double.cl
particle_double.cl
particle_naive.cl
particle_single.cl
particle_single.cl
particle_single.cl
particle_single.cl
kernels.cl
kernel _gpu_ opencl.cl
kernel _gpu_ opencl.cl
kernel _gpu_ opencl.cl
kernel gpu opencl.cl
kernel gpu opencl.cl
kernel gpu opencl.cl
Kernels.cl

kernel name

findK
findRangeK
bpnn adjust weights ocl
bpnn layerforward ocl
T BFS_1
BFS_2
c_ CopySrcToComponent
c¢_ CopySrcToComponents
Fanl
Fan2
kernel _gpu_ opencl
hotspot
hotspotOptl
bucketprefixoffset
bucketsort
histogram1024Kernel
mergeSortFirst
kmeans_kernel_c
kmeans swap
lud _internal
kernel gpu opencl
NearestNeighbor
find index kernel
likelihood _kernel
normalizeiweightsikernel
sum_kernel
particle kernel
find _index_ kernel
likelihood _ kernel
normalize_weights_kernel
sum _ kernel
dynproc_kernel
compress_kernel
extract _kernel
prepare_ kernel
reduce kernel
srad2 kernel
srad _kernel
memseitikernel

# profilings

39
21
382
50
178
894
550
573
903
623
33
44
49
123
s
20
288
22
133
33
893
723
173
44
183
1373
194
173
49
183
1083
42
803
833
773
53
453
413
1150

smallest
gsize

10
10
100
100
10
100
100
100
100
100
10
10
10
10
100
5
100
10
10
10
100
100
100
10
100
100
100
100
10
100
100
10
100
100
100
100
100
100
100

largest
gsize

200
110
19150
2550
895
44750
27550
28700
45200
31200
170
225
250
620
3900
100
6350
115
670
170
44700
36200
8700
225
9200
68700
9750
8700
250
9200
54200
215
40200
41700
38700
2700
22700
20700
57550

We can observe that another way of differentiating between "relatively fast" and "rel-

atively slow" kernels is that the former are the ones the largest gsize of which is greater

that 1000, while the latter are the ones the smallest gsize of which is smaller than 100.

19.3 An explanatory data analysis (EDA)

We are now ready to investigate the relationship between gsize and the instructions

executed from an OpenCL kernel (i.e. instcounts). To achieve this, we are going to use

the data we acquired with the help of oclude.

It is reminded that each of the profilings of the kernels refers to a single gsize value

and consists of 100 samples, taken with different random initialization of the kernel input

data (i.e. the value(s) of its arguments). In that way, we are able to:

1. inspect a single execution of a specific kernel for a specific gsize, or

2. inspect the 100-samples profiling as a whole (e.g. by taking the average instructions

that were executed, as we have mentioned in Chapter 16), in order to smooth out

the effects of randomness regarding the arguments initialization (see Appendix A)

and/or to study how "predictable" or "well-behaved" the kernel is, in terms of the

variance of the instructions executed for the same gsize.

We will focus on the second approach.
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19.3.1 Regarding all kernels

In this section, we will work on all kernels and start gaining some insight on what is
going on. For this section, we will work with the *average™ executed instructions for each

profiling and not for each one of the 100 measurements separately.

As a start, we are interested into how the gsize parameter and instcounts are corre-

lated. This is a very valuable insight, because it will let us know:

1. whether the executed instructions (instcounts, our dependent variables) are corre-

lated with gsize (our independent variable)

2. whether the executed instructions are correlated with each other

It is easy to do so for a single kernel (i.e. by calculating the respective correlation
matrix), but it is not obvious how to gain an insight regarding the whole benchmark suite.

To be more specific, it is easy to answer the following question:

“How 1s instruction X correlated with instruction Y in kernel K?2”

But it is not obvious how to answer the (much more interesting) question:

“How 1s instruction X correlated with instruction Y across all kernels?”

To answer the latter, we will plot the average correlation matrix across all kernels.

More specifically:

1. We will compute the correlation matrices for every kernel

2. We will take the average of these matrices

That way, we will learn how each instruction is correlated with every other instruction

across all kernels in average.
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Figure 19.2: The average correlation matriz of LLVM instructions executed across all ker-
nels

From the aggregating heatmap above, it is clear that:

1. the executed instructions (our dependent variables) are strongly correlated with

gsize (our independent variable)

2. instcounts (our dependent variables) are strongly correlated with each other
These are great news indeed, because we are led to the following conclusions:

1. The strong correlation between instcounts and gsize means that we can expect to

be able to predict executed instructions given the gsize fairly accurately.

2. The strong correlation between instcounts means that there are groups of "simi-
larly escalating" instruction counts (e.g. groups that are alltogether scaling linearly,

squarely etc).

Combining the above, we can draw even more interesting conclusions regarding the

groups of "similarly escalating" instruction counts. For example, if such a group correlates
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strongly with gsize, we can safely assume that the instructions of this group scale linearly,

given that gsize scales linearly.

For now, we will study the correlation between instcounts and gsize only, because

we want to focus on our first main goal, which is to predict instcounts given a gsize.

A list of the correlation of instcounts and gsize follows, in descending strength, along

with the number of kernels in which they have appeared.

Table 19.2: Correlation of each type of LLVM instruction executed per kernel with gsize

Table 19.3: sorted by number of kernels  Table 19.4: sorted by correlation with gsize

instruction # kernels | corr. with gsize instruction # kernels | corr. with gsize
alloca 39 0.997600 udiv 2 1.000000
trunc 39 0.993089 shl 1 1.000000
store private 39 0.986098 sdiv 6 0.999330
call 39 0.982756 Ishr 4 0.998961
ret 39 0.972261 alloca 39 0.997600
load private 39 0.968990 insertelement 1 0.994463
getelementptr 39 0.874323 extractelement 1 0.994463
icmp 38 0.977983 trunc 39 0.993089
br 38 0.973891 fptoui 1 0.992097
sext 38 0.905347 srem 9 0.990848
load global 38 0.860842 phi 4 0.989927
add 36 0.925258 store private 39 0.986098
store global 33 0.915318 call 39 0.982756
mul 26 0.978386 load local 12 0.982649
sub 16 0.913548 or 1 0.978429
fmul 15 0.815356 mul 26 0.978386
store local 13 0.879171 icmp 38 0.977983
fdiv 13 0.832970 br 38 0.973891
load local 12 0.982649 ashr 1 0.972627
fadd 12 0.822982 ret 39 0.972261
fsub 10 0.842560 load private 39 0.968990
fcmp 10 0.842339 zext 9 0.961617
srem 9 0.990848 add 36 0.925258
zext 9 0.961617 fptosi 4 0.922889
store callee 9 0.869554 store global 33 0.915318
load callee 9 0.868066 sub 16 0.913548
sitofp 8 0.813739 sext 38 0.905347
sdiv 6 0.999330 store local 13 0.879171
Ishr 4 0.998961 getelementptr 39 0.874323
phi 4 0.989927 store callee 9 0.869554
fptosi 4 0.922889 load callee 9 0.868066
fptrunc 4 0.599275 load global 38 0.860842
fpext 4 0.598968 and 2 0.851791
udiv 2 1.000000 fsub 10 0.842560
and 2 0.851791 femp 10 0.842339
shl 1 1.000000 fdiv 13 0.832970
insertelement 1 0.994463 fadd 12 0.822982
extractelement 1 0.994463 fmul 15 0.815356
fptoui 1 0.992097 sitofp 8 0.813739
or 1 0.978429 fptrunc 4 0.599275
ashr 1 0.972627 fpext 4 0.598968
fneg 1 0.115662 fneg 1 0.115662

We observe that all the instructions that appear in multiple kernels (i.e. they are
of greater significance to us) are strongly correlated with gsize. We obviously do not
need to worry about instructions like fptrunc, fpext and fneg which have quite weaker
correlations with gsize (especially the later), given that they appear in 4, 4 and 1 kernel

respectively, and thus are insignificant for our analysis.
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19.3.2 Regarding the "relatively fast" kernels

We will continue our analysis with the "relatively fast" kernels. Specifically, we want
to show that their fastness is a result of a linear relationship between gsize (inde-
pendent variable) and instcounts (dependent variables).

Let us visit the average correlation matrix again but, this time, regarding the "relatively

fast" kernels only.
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Figure 19.3: The average correlation matriz of LLVM instructions executed across the
"relatively fast” kernels only

Obviously excluding the fneg instruction, as well as the fptrunc and fpext instructions
(which tend not to scale at all and rather stay constant in the kernels in which they
exist), every other correlation between gsize and instcounts and between instcounts
themselves is generally strong.

To get a better glimpse at what is actually going on, we believe that it would be
helpful to plot some instcounts against gsize. For the sake of brevity, we will plot only

the following instructions:

1. store global: It correlates extremely strongly with every other instruction and is
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very important in our analysis, given that accesses to the global OpenCL memory

address space are one of the most expensive operations in terms of execution time.

2. br: It is one of the possible instructions we can use -along call and ret- to study
branching, another expensive operation. Obviously, call and ret correlate extremely
strongly, given that whenever the former happened, the later must follow. We can
see from the heatmap 19.3 that call, ret and br form one of the many strongly
correlated groups of instruction counts. Furthermore, it can be shown that call and
ret are absolutely linear functions of gsize (the corresponding diagrams are
omitted for brevity). Therefore, br is "more interesting" than call and ret at this

point in our analysis.

Having all of the above in mind, we will plot store global and br for three indicative
"relatively fast" kernels. The Figure 19.4 is quite big and is therefore locate at the end of
this Section.

The first observation we can make is that store global and ret are near-linear or
linear functions of gsize. This is an extremely important observation regarding the
construction of regression models later; it may mean that we need to focus on linear models
only.

With a cooler approach, we have to record the following observations (some of which

refer to kernels that we omitted from Figure 19.4 for brevity):

1. In some kernels, ‘store global® and/or ‘br* have **zero counts™*.

(a) Regarding store global, this may seem odd; what is the utility of an OpenCL
kernel if it does not write data somewhere where the hostcode can retrieve
them? It turns out, however, that some of them, e.g. the dwt2d kernels, are
actually helper functions for other kernels, while others like the myocyte kernel
use other helper functions to write to their global buffers. The store operations
associated with the later behavior are categorized as store callee, because
oclude can not infer the OpenCL address space of a memory operation when
it occurs outside of a kernel function. Every kernel that exhibits this behavior

belongs to one of the two categories mentioned above.

(b) Regarding br, only the streamcluster kernel does not record any, and this is
because it actually does not include any branching. This is easily deduced by
looking at its source code:

__kernel void memset_kernel(__global char * mem_d, short val, int number_bytes){
const int thread_id = get_global_id(0);
mem_d[thread_id] = val;

}

2. There are relations that are absolutely linear. In fact, all relations seem to be

linear, with more or less noise (see Appendix A).

3. The srad benchmark exhibits some worrying behavior regarding the relation be-

tween the executed instructions we plotted and gsize. More specifically, it also
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follows a linear-like trend by tends to spike a lot. Could this behavior be more

generalized than it seems here? How can such relations be regressed and predicted?

We will keep in mind all of the above observations when we move to the design and
selection of our regression models, and we will see if similar conclusions are drawn from

the "relatively slow" kernels.
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Figure 19.4: store global and br instructions against gsize for some of the "relatively

fast" kernels
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19.3.3 Regarding the "relatively slow" kernels

We will continue our analysis with the "relatively slow" kernels. Specifically, we want
to show that their slowness is a result of a super-linear relationship between gsize
(independent variable) and instcounts (dependent variables).

Let us visit the average correlation matrix again but, this time, regarding the "relatively

slow" kernels only.
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Figure 19.5: The average correlation matrixz of LLVM instructions executed across the
"relatively slow" kernels only

We see once again that the correlation between gsize and instcounts, as well as
between instcounts themselves are really strong. Therefore, the answer regarding the
slowness of these kernels will probably not be found here. Or will it?

Let us take a closer look the way we did before, i.e. by presenting four indicative kernels
from the "relatively slow" group in Figure 19.6 at the end of the Section.

Things are way more interesting than what we expected before starting our experiments.
First of all, it should be noted that we now have way fewer profilings compared to
what we had from the "relatively fast" kernels, due to their slowness. This is the

main reason for the graphs not being so smooth now. But, even with these few samples,
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we can make some really important observations:

1. Almost all the "relatively slow" kernels seem to exhibit a super-linear
behavior. This is not very visible because of the small number of profilings, but it
is clearly observable in the bfs and hybridsort benchmarks above, amongst others

not shown here.

2. There is one kernel, the one from the lud benchmark, that exhibits linear
behavior. Observe, though, that we get a really big count for the br instruction -
around 100000 - with gsize being as small as 130. This explains why 1lud, despite

exhibiting a linear behavior, belongs to the "relatively slow" group.
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Figure 19.6: store global and br instructions against gsize for some of the "relatively
slow" kernels
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19.4 Some comparative conclusions

We will wrap up this Chapter by presenting one last pie chart (let the reader know

that the writer is aesthetically attracted by this kind of charts for some reason):

Grouping of "profilable" rodinia OpenCL kernels

M relatively fast {or approximately linear)
relatively slow (or approximately superlinear)

Figure 19.7: "Profilable” Rodinia kernels by category ("relatively fast/slow”)

We concluded that:

e 64.1% of the "profilable" kernels exhibit linear behavior. This explains their
fastness and means that we expect linear regression models to be more accurate than

other, more complicated models.

e 35.9% of the "profilable" kernels exhibit super-linear behavior. This explains
their slowness and means that more complicated regression models than the linear
ones will be needed. But, given that most kernels of this kind most probably seem
to exhibit a quadratic behavior, a polynomial model of the appropriate degree
may suffice. We must always keep in mind that the profilings are very few and thus
very noisy, though, so any conclusion regarding the "relatively slow" kernels should

be considered unsafe for now.

Last but (certainly) not least, a secondary but extremely important conclusion is that it
may be the case that a single regression model will not be accurate enough for the
whole benchmark suite. There will most probably be a single linear regression model
that will be very accurate for the "relatively fast" kernels alone, but it is quite uncertain

whether:

1. a global one
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2. one for the "relatively slow" kernels alone

will (or can) be found. But, in cases like this, one should remember this cheerful little

quote by writer Seth Godin:
“Surprise comes from defying expectations.”

This writer (not Seth Godin) loves surprises. What about the reader?
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Chapter

OCLBoi: The kernel-specific model

We are now ready to create machine learning models based on various regression
techniques which will attempt to predict the total number of instructions per
type that would be executed by an OpenCL kernel, given a specific global NDRange (i.e.
a gsize).

In other words, we are ready to design a strategy to build a different regression
model per kernel in order to fit the function Agernei,device as best as possible, where
Rkernel device 1s the function defined in Equation (2.3). We will call this family of regressors
OCLBois - 0CLbo1i in singular, meaning “OpenCL but one in-particular”, given that each
OCLBoi will correspond to one kernel only.

As discussed in the Introduction, the Agerner device function is kernel-specific, because
instruction counts are related to the gsize input parameter in different ways depending
on what each kernel is designed to do (i.e., depending on its source code).

Given our prior knowledge from the EDA we conducted (see Chapter 19), we assume
we are not going to need regressors of order greater than that of the polynomial with order

2. More specifically, we assume that:

o The hpernel device function of the "relatively fast" kernels can be satisfactorily ap-

proached with a linear regression model.

o The frernel device function of the "relatively slow" kernels can be satisfactorily ap-

proached with a polynomial regression model of order no greater than 2.

These 2 hypotheses derive from the graphs we saw in Chapter 19.
Therefore, we are going to use four different regression models, two linear and two

polynomial, where the latter will be built on the former respectively.
20.1 The regression models used

We are going to use four different regression models in our experiments:

1. A linear regressor
2. An Elastic Net regressor

3. A polynomial regressor of degree 2, based on a linear regressor
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4. A polynomial regressor of degree 2, based on an Elastic Net regressor

For more information on the characteristics of each regression model and the differences

between them, we refer the reader to Chapter 15.

20.2 Selecting a regression model per kernel

In our experiments, we determined the best model for each kernel via a multi-model
gridsearch and a 5-fold cross validation process. More specifically, 0CLBoi fits the function
(2.3) that maps gsize to instcounts for a specific kernel of interest. To do that, we split
all of our samples into a train and a test set, we train our models on the former and test
them with the latter. The model selection for each kernel is done based on the highest
R? score on the test set across all models. To learn (or remember) everything you
need to know about R? in the context of this work, we kindly propose to the reader to
(re)visit Chapter 15.

It should be noted that, contrary to Chapter 19, we did not use the average of the
100 samples of each profiling experiment; we rather used each sample separately, as

a different and independent train/test sample. The same holds for Chapter 21 that follows.

All of the above is a pretty straight-forward (one could even say textbook) case of the
designing, training, testing and selecting a regression model for a given problem (the only
non-textbook part is the multi-model gridsearch). Therefore, we will not procrastinate
any longer and we will jump write into our results from the experimental process described

above.

Firstly, we will plot the mean R? scores for each one of the four models that we used,
regardless of whether or not they were they had the best score for none, one or more

kernels.
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Mean R2 score by regression model

Figure 20.1: The mean R? score by regression model used for 0CLBo1s

The results confirm that our assumptions regarding the sufficiency of the linear models
and the polynomial models of order no more than 2 were correct; the mean R? score is
very satisfactory for all four models, which means that the predictions of the models we
chose explain the variance of the data to a large extent.

Let us now investigate which models are the more "popular" ones, i.e. they have the
greatest R? score for more kernels than the other models.

In Figure 20.2, we see that the most popular model is the polynomial regressor
based on the linear regressor (12 kernels). Linear regression (10 kernels) comes
next, followed by Elastic Net (9 kernels) and polynomial regression based on Elastic
Net (8 kernels).

Lastly, it should be quite interesting to study which regression models were preferred
by the kernels based on whether they were categorized as "relatively fast" or "relatively
slow” in the EDA Chapter (Chapter 19).

As expected, in Figure 20.3 we can see that the linear models (linear regression and
Elastic Net) were selected by the majority of the "relatively fast" kernels at a
rate of 60%, while the polynomial models (polynomial regression based on simple
linear regression and polynomial regression based on Elastic Net) were selected by the

majority of the "relatively fast" kernels at a rate of 71.4%.
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Regression models popularity

Polynomial Regression (Linear)
Linear Regression

Elastic Net

B Polynomial Regression (Elastic Net)

Figure 20.2: Popularity of the four regression models amongst all kernels

Regression models popularity among the...

...relatively fast..relatively slow

Elastic Net

Linear Regression

Polynomial Regression (Linear)
Polynomial Regression (Elastic Net)

Figure 20.3: Popularity of the four regression models grouped by category ("relatively fast/s-
low")
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Chapter

OCLMan: One model to rule them all

he time has come. Raise the flags with shouts of gladness, for 0CLMan is about to
T arrive.

OCLMan stands for “OpenCL Maybe? Approximately? Nope!”. Obviously, the bar is
set quite high when such an acronym is chosen. However, it is crucial to remind the
reader of the fact that OCLMan is more of a proposed methodology than a fully
implemented and fine-tuned model. That has been said more than enough times up
until now, so let us mark this time as the last (at least until Chapter 22).

Having said the above, the goal of this Chapter is to present the methodology we

designed in order to predict execution times given a kernel and a gsize of interest.

21.1 An overview of OCLMan

The overall model consists of two parts that it ultimately synthesizes, following the
abstract mathematical formalization of Equation (2.2). In fact, what 0CLMan is trying to
do is fit this f function, but not directly. This is merely the behavior we expect (and want)
to be seen from the outside. But what 0CLMan really does is fit the h and g functions from
Equations (2.3) and (2.4), respectively.

We refer the reader to Figure 2.2, where the two functions that we are talking about

correspond to the instcounts and time models.

21.2 From experimental measurements to instruction counts

The first model, the instcounts model, is already familiar to the reader; it is no other
than the 0CLBoi model of the previous Chapter.
We propose (and experimented with) the following approach: a different 0CLBo% should

be created and trained, inline and on the fly, based on the input kernel. That is:

1. why we designed the microprofiling phase to extract runtime features with small

gsize values; to make the training of our 0CLBois faster

2. how we achieve having the second model, the time model, being pretrained for a
specific OpenCL device, but kernel-agnostic nonetheless; everything kernel-related

falls on the shoulders of an 0CLBoi, which will spawn and be trained when needed.
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Let us now summarize what the instcounts model, or an 0CLBoi, needs in order to be

created, trained and used.

e Regarding the training phase:

— inputs:

* measurements regarding the kernel instcounts as taken by oclude
e Regarding the prediction phase:

— inputs:
* a gsize value
— output:

* a vector of predicted instcounts for the given gsize value

21.3 From experimental measurements to execution time

The next step of the pipeline that constitutes 0CLMan is the time model. This model
fits a function that maps instcounts to execution times.

Two very crucial assumptions have been made regarding this model and the function
(2.4) that it fits, which must be noted at this point.

Our first assumption is that this function is considered to be kernel-agnostic. This
is, in fact, a hypothesis, although it may not be so obvious. Several factors that may
contribute to the execution time have been omitted - e.g. the order of the instructions (a
kernel-specific feature) has not been taken into consideration. However, we consider this
assumption to be quite balanced between the simplicity it offers and the information we
may lose by making it. After all, our experiments will tell us whether we are on the right
path or not.

Our second assumption is that the execution time of a kernel is a linear combi-
nation of its instcounts. We base this assumption on nothing more than common sense;
doesn’t it sound rational that the time a kernel needs to execute is a linear function of the
different individual jobs (i.e. instructions) that it has to complete? More specifically, we

can imagine a function of the following form:

tezee = tadacountyqq + tsupCountsyp + tmuiCOUNtmur + - - - (21.1)

where:

e {; is the time that a single LLVM instruction of the i type needs to execute on the

processing unit of interest, and

e count; is the number of LLVM instructions of the i type that were executed (i.e. our

familiar instcounts).
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It is obvious that these two assumptions lead to simplifications regarding the behavior
of the execution environment. However, the simplicity of this model is sufficient to achieve

some of the most important objectives of this dissertation, which are to prove that:

1. oclude, as a dynamic OpenCL kernel profiler, works as designed, expected and

promised.

2. the measurements taken by using oclude contain valuable information that deepens
our understanding of the behavior of OpenCL kernels and facilitates our effort to
better deal with the problems of the heterogeneous computing world; in other words,

the dynamic microprofiling process was worth it.

3. OCLMan, as a methodology, works. It may be far from finalized and /or optimized, but

it yields significant results, which would otherwise be infeasible.
Let us now summarize what the time model needs in order to be created, trained and used.
e Regarding the training phase:

— inputs:
x (more like a dependency) a kernel-specific predictor (i.e. an 0CLBoi) for
each kernel of the training benchmark suite
* measurements regarding the execution times of all the kernels of the

training benchmark suite as taken by oclude
e Regarding the prediction phase:

— inputs:
x an OpenCL kernel

*x measurements regarding the instcounts of the kernel as taken by oclude,

to create and train a kernel-specific 0CLBoi on the fly (see above)!

* a gsize value
x (internal process) a vector of predicted instcounts for the given gsize

value, from the OCLBoi of the given kernel
— output:

* the predicted kernel execution time for the given gsize value

21.4 OCLMan, assemble!

In order to present the way we built 0CLMan in order to evaluate our methodology, we

need to refer to two things:
1. The way data was used during the training and testing phase, and

2. The baseline model that we used in order to evaluate OCLMan.

!Note that this prediction phase input implies that these measurements have already been taken at
some point in the past. To fully automate the whole process, and hence create a complete predictor which
will accept a kernel and a gsize value as its sole inputs, the implementation of an automatic measurement
subsystem is needed, which should be based on oclude.
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21.4.1 Training and testing

To train and test OCLMan and its two components, the instcounts model and the time

model, we had to be very careful with the handling of our data, mainly due to OCLBoi.

More specifically, the steps followed to train 0CLMan are shown in the following Figure and

are explained soon after.

samples ~ oot U I AU DS R T

1.
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Figure 21.1: The training and testing phases of the 0CLMan methodology

we organized our data into three different groups, without omitting which sample

came from which kernel:

(a) the gsizes

(b) the instcounts

(c) the execution times
In the instcounts model component of OCLMan (i.e. OCLBoi), (a) will be used as the

inputs and (b) as the outputs, while the time model component will use (b) as inputs

and (c) as outputs.

. Having completed the above data compartmentalization for each sample, we split

the kernels (and not the samples taken from the kernels) into a train and a test
set. That way, we make sure that OCLMan and its components will know nothing
about the kernels of the testing phase. This is important because, if we had split the
samples and not the kernels (i.e. the top dashed red line in Figure 21.1 was horizontal
instead of vertical) our experimental results would be misleading. The reason is that
there is a chance that 0CLMan would have figured out patterns and relations amongst
the experimental data of all kernels, thus indirectly canceling the split into train and

test sets and, ultimately, the whole experiment.

. We train a simple linear regressor on all of our train data (i.e. the bottom

left rectangle in Figure 21.1), specifically the part of the training data that is the
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instcounts and execution time measurements. This is our time model, now pre-
trained and ready for our OpenCL device. It is a simple linear regressor because of
the assumptions explained earlier in the Chapter. Note that this linear regression is a
multiple one; it accepts many inputs (our instcounts) and produces a single output
(execution time). At this point, OCLMan is ready to be used. Note that there is no
need to test the time model individually at this point. The testing of 0CLMan

will be performed at the end, including all of its components.

4. OCLMan is ready and awaits for your questions. The training phase is complete.

In order to test OCLMan, we are obviously going to use the test set only (bottom right
rectangle in Figure 21.1). But remember; each prediction of 0CLMan results into the spawn-
ing, training and testing of a new kernel-specific 0CLBo1i, an instcounts model. It is reminded
(see Chapter 20) that the testing of an OCLBoi is crucial because it ultimately leads to the
selection of one of the four regression models available. Therefore, we need a training and a
testing set for 0CLBo%, every time 0CLMan is called to predict. The only way to achieve that
without breaking the inviolable machine learning comandments of train-test split (“thou
shalt not allow your model to see or know anything about the test set while training it”), we
need to do what is shown in the bottom right corner of Figure 21.1: to split the 0CLMan test
set itself into train and test sets for each 0CLBo%. That way, when a prediction is needed
(e.g. in the testing phase of our experiment), 0CLMan will be able to rely solely on the data

for the kernel of interest.

21.4.2 [Evaluating

To evaluate the 0CLMan methodology and conclude our humble but hopefully memorable
journey through the lands of heterogeneity and machine learning, we will compare it with
the standard methodology regarding this type of problems; a static model.

By static, we mean that this model, hencforth 0CLBase, will be trained on static features

only. More specifically, we will train 0CLBase with three types of measurements:
1. gsizes,
2. static instcounts, and

3. execution times.

The static instcounts for each kernel, i.e. source code LLVM instruction counts, have
been extracted by oclude, through the corresponding function of the Python package
API (see Chapter 16). Therefore, in 0CLBase, no notion of dynamic microprofiling is
present. That way, we will be able to see whether getting into all this trouble regarding
the microprofiling process and the design of 0CLMan was worth it or not.

Now, to be absolutely fair, we must give 0CLBase the same freedom and constrain it
with the same bias as we do with OCLMan. That means, that we will make OCLBase a
polynomaal regressor of order 2 based on linear regression. The reason we do this

is the relationships between gsize, instcounts and execution time:
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gsize — instcounts (at most polynomial, proven) (21.2

~—

instcounts — tegecution (linear, assumed) (21.3)
U
gsize — tegecution (at most polynomial, assumed) (21.4)

Therefore, if the regressor of OCLMan is a simple linear regressor’? and the 0CLBase is
a polynomial regressor of order 2 based on simple linear regression, both models have, in
theory, the same capabilities.

Talk is cheap; we present the following table, were the R? scores and root mean square
errors of both models on the five kernels that constituted our test set are shown. We also

present the corresponding plots in Figure 21.2.

test set 0CLMan OCLBase OCLMan 0CLMan
kernel index | R2 score R2 score RMS error | RMS error
1 0.902958 0.8998345 1.838034 1.867378
2 -98.151065 | —1.246192 - 102 176.792961 198.995943
3 0.467303 —1.970361 - 103 19.129077 1163.689462
4 0.467474 —1.730095 - 107 3.405769 19412.417732
5 0.792912 —2.005667 - 102 12.833066 400.370287

Table 21.1: R? scores and RMS errors of 0CLMan and 0CLBase on the test set

We can see from both Table 21.1 and Figure 21.2 that the gods are kind to us. More

specifically, we can safely say that:

The OCLMan methodology we propose performs better than a simple

static model and, most of the times, by many orders of magnitude.

It is important to note that this experimented was conducted many times with different
splits of the our data into train and test sets, but the results always followed the trend
seen in Table 21.1 and Figure 21.2.

More specifically, we observe the following:

1. Most of the times, OCLman achieves R? scores that are orders of magnitude better
than the ones that 0CLBase achieves and, in fact, lie in the (0. 1] interval, in which
the percentage of the variance of the experimental data explained by our predictions

is greater than zero.

2. OCLMan manages to capture the curvature of the experimental measurements when
needed, while 0CLBase does not (even though we implemented the latter as a poly-

nomial regressor of degree 2).

%it is reminded that, regarding OCLMan, the polynomial nature of the last relation is manifested (if
needed) through the kernel-specific 0CLBoi predictor that 0CLMan uses internally.
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Figure 21.2: Plots of the predicted execution times on the final test set. Over each diagram,
the corresponding R? score is written. On the left column, 0CLMan results. On the right
column, OCLBot results.
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3. There are times where 0CLMan performs badly, but clearly not as badly as OCLBase.
Observe the second kernel; it is interesting to note that the reason 0CLMan performed
badly is that it followed the trend of the small gsize values, which unfortunatelly

was not indicative of the overall behavior of the kernel. This is a very interesting
research subject for future work.
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Chapter

Suggestions for future work

‘ ‘ /e are going to wrap up this beautiful journey with some suggestions for future

work.

1. As you have seen, designing, building and maintaining oclude as a source code in-
strumentor is an extremely challenging task. It would be extremely helpful if oclude
could be re-written as an IR instrumentor. If that was achieved, the instrumentation
process would be trivial: We would iterate every basic block and add incrementors
for the instructions it contained. The reason oclude is not designed that way is
because no method could be found during our research to run OpenCL applications
that are available as (LLVM) IR.

2. One of our most simplistic assumptions, mainly regarding CPUs as OpenCL devices,
is that the execution time is a linear function of the instcounts vector and, based
on that assumption, we used a linear regressor as our time model in OCLMan and
OCLBase. This assumption needs to be tested, with more regression techniques for

the time model.

3. OCLMan needs to grow up and evolve from being a methodology to a toolkit. To do so,
its architecture and many of its parameters need to be readjusted and fine-grained.
The nicest possible scenario is for OCLMan to turn into a standalone software that

profiles OpenCL devices and kernels out-of-the-box.

4. More devices and more kernels are needed in order to further test our designs, tools,

ideas and assumptions.
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Appendix

In defence of the (large) number of samples for the

same gsize and why it is essential

In this appendix, we would like to add a small but significant note to wrap up the
investigative analysis presented in Chapter 19 regarding the way profiling data was collected
using oclude. More specifically, we would like to convince the reader of the necessity to
use a relatively large value for the -samples/-s flag of oclude. We will prove our point
with an experimental example.

By profiling a kernel for 100 different gsizes, and for different sample sizes, we get the

results illustrated in the graphs below.

1sample 10 samples 100 samples 500 samples

load global

LA | |

0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000

gsize

Figure A.1: Profiling a kernel for increasing sample sizes

The absolute values are of no importance, the above illustration is presented in the
context of a qualitative analysis.

We can clearly see that the more samples there are, the less influential the
randommness that comes from the initialization of the kernel arguments becomes.

In the example above, it is obvious that the linear nature of the kernel is not visible
at all when we get a single sample. What’s more, it seems like we have to deal with
greater instruction counts than in reality (i.e. there are a lot of spikes that reach values
greater than 2000). But when we start to increase the number of samples (and calculate

the average instruction counts), the more visible and obvious it becomes that:

1. the kernel exhibits a linear behavior, and

2. the actual instruction counts are much smaller on average (i.e. the spikes/outliers

have been neutralized).
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