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[eptAngm

H ouveydg auovouevn xatavdhwaoT EVERYELIX®Y TOpwY 0dNYOLY OTNV EpEUVA
xou avdnTudn e VohoYLWY Tou elvan evepyeloxd Prdotpes. Ou cuoxevés youniic
evepyeloxnc xatavdiwong Beloxovion oto enixevipo evdg YeYdAoU TEXVOROYLXOD
pdopartoc. H avdmtugn tou Awobixtiou tov Ipayudtov (Internet of Things), twv
Evoopatwpévov Yvotnudtwy (Embedded Systems), xadde xow e Mnyavinric
Médnone (Machine Learning) propéuv va Bondficouv otny oyedioorn hoyiopxol
ue évay o anodoTixd evepyeloxd teémo. Ilpog auth v xatedduvor), to medlo
NG EXTIUNONG EVERYELIC CUVEYQS ATy OAEl TEPLOGOTEPOUG EPEVVNTEC.

Ye auth TV SimhwuaTiy pyacia, oToyeloune oTny Tedowr oyedloor Aoyl
owxol %o o Wiaitepa 0TV evepyelaxd Budouun oyedioorn xwdixa. Ilpoteivouue
évav tpémo ypnone e Mnyavixrc Mddnone yio vo npofiédouue duvopixd tnv
xatovdiwon evépyelag C mpoypopudtoy uixenc xou peoatag evepyelaxhc TaEng.
I tn SLaldicasctor g exnoddevong tou povtélou dnuovpyridnxoy 700 xddixeg ue
10 yapaxtnelotxd g mohumhoxdtntag Bedyou. Autol ol 700 xwduxol exmaldeu-
ong mepvoly and téooeplg profilers , ol onolol cUAAEYOLY TANEOYOpie oyETXE
HE TOUG XAOOLXES, PE TNV TAelodnpio auTey Vo amoteholv Thnpogopleg Slayelpiong
puviunc. Metd tn Snuiovpyia, Aowndy, evoe training dataset mou amoteleiton and
700 %Bineg xon 141 yopaxTNELo TIX YLoL TOV XUIEVAL, 1) XATOVIAWOT) EVERYELIG OU-
TV v 700 TEoYpUUHdTLY UETEATIL OTHY TAATPOPUO AVATTUENS TOL EpYUo TNEOU
YENoWoTOoLOVTAS €vay alodntipa loyog. Xtn cuvéyel, dayweilovtag autd to
dedopéva oe 80% train xou 20% test o mporypoatonoleiton olyxplon yetadld pe-
ey ohyoplduwy. To anotéheopa authc avédelle tov alyoprduo Lasso wg tov
AATOAANAOTEPO Yl TNV gpyacia autyh. ‘Etot, éva Baclopévo otov Lasso yoviéro
regression nepvd amd yia dladixacia BEATIO TOTONCNE THEUUETEWV KOl OTY) GUVEYELL
exmoudeveTol and autd Tor dedouéva. Tlapdhhnha, undpyel wa avdhuon Tne onua-
VIXOTNTOC TWV YUPAXTNELO TIXWY TV TEOYRUUUITWY, CUYXEIVOVTOC TOUG GUVTE-
Aeotéc Tou ahyoplduou Lasso ye to anoteAéopato EVOC TEOT GUOYETIONS PETUEY
TWV YOROXTNRIO TIXDY.  2TN oLvEyeld, alohoyolue tnv axpifeia Tng medPBiedng
doxwdlovtac 56 mpoypdupata ané to PolyBench Suite. Autd to mpoypduporta
nepvoly and Toug profilers xou VoTEPA PETPATOL 1) EVERYELD TOU XOUTAVAADVOUV.
Enopévwe n a€tohdynon Boaoiletar ot oOyxplon etadd TwV TEayHOTIXGY XoL TWY
npofAenduevewy evepyelox@y Tuoy. Tao anoteréopota elvor mohd evioppuvtind,
xardee emrtuyydvouue R? score axpifetoc 0,960387, 1 onola ebvon cuyxplown ue
napépoles tpooeyyioels extiunone evépyelac.

AéEeic Khelowk

Koatavdhwon evépyelag, Biwowdtnta, Extiunon Evépyewac, Xenorn Mviung, Ev-
couatwuéva Muothdoata, Mnyavied Madnor, Epyahela Profiling, Movtého Re-
gression, Ilohumhoxdtnra Bpdyou, Avihuon Xapaxtneiotixey, R?, Egyahelo






Abstract

The ever-increasing consumption of energy resources has led to the search
for technologies that are energy efficient. Low energy consumption devices have
become state-of-the-art for most of the technological aspects. As it follows,
Internet of Things (IoT) devices Embedded Systems and Machine Learning
(ML) can help in designing software in a more energy efficient way. In this
direction, the field of energy estimation constantly employs more researchers.

In this thesis, we target the Green Software Engineering and especially the
energy sustainable program development. We propose a way to use ML in order
to dynamically predict the energy consumption of low and medium energy, C
language programs. For the training process 700 codes with the characteristic
of loop complexity were generated. Those 700 training codes are being profiled
by four profilers that collect information about the code, with the majority
being memory management information. After creating a training dataset of
700 codes and 141 features, the energy consumption of these 700 codes is being
measured on the lab’s development platform using a power sensor. Then, by
splitting this data to a 80% train and 20% test, a comparison between a few
algorithms indicated that the Lasso algorithm was suitable for this project. So, a
Lasso-based regression model is going through a parameter optimization process,
and consequently gets trained by these data. Alongside, there is a feature
importance analysis by comparing the Lasso coefficients with the results of a
feature correlation test. Then, we evaluate the prediction accuracy by testing
56 benchmarks from PolyBench Suite. These benchmarks are being profiled
and energy measured, so the evaluation relies on the comparison between the
real and the predicted energy values. The results are very encouraging, as we
achieve a R? score of 0.960387, that is comparable with similar energy estimation
approaches.

The project is designed to be a dynamic tool. The tool gets a low or medium
energy, C language code by the user as an input. The user has to put two
derivatives around the ”heaviest” loop and then by running two python scripts
the energy prediction comes as an output.

Keywords

Energy Consumption, Sustainability, Energy Estimation, Memory Usage, Em-
bedded Systems, Machine Learning, Profiling Tools, Regression Model, Loop
Complexity, Feature Analysis, R?, Tool






Euyaplotieg

Apywd Vo fdeha va euyopiotion Gepud tov emfBAiénovia xadnynty wou x0plo
Anuntelo Xolvtern Tou You E8woe TN SUVATOTNTA Xl TNV euxotplol Vo EXTOVACL
évar VEpat SIMAWUATIXAC dxpwS EVOLAPEROY YLl EYEVAL

Eniong 9éhew va euyopiothow Yepud tov unodrgio dddxtopa Xapgdhauro Mopdvto
mou €€ apyhc Uou €dwae xivntpo vo aoyolntd ye Touelc mou dev elya aoyoln-
Vel uéyper 6t xou v e€ehiy 06 yéoo and auth v epyacia. ‘Onote avtetomla
xdmolo meoBinua fitay exel xou ye Bondodoe dueca xou ATOTEAECUOTIXG, TS~
TTOVTAS TIC BUOXOAES emxovwVIag AdYw TV cUVITXOY.

Quoind, Yo Hleha vo eLyoPIOTACEL TOV OBEEPS UOU Xl TOUG YOVEI Uou, Tou
ywelc ™ ohelEn autdv dha autd o yedvia dev Yo Bploxduouy oe auth T Véo,.
Téhog, Ya ek Vo EUYAPLOTHCL TOUG PIAOUEC KO YL TO EVOLUPEROV TTIOU YOV UE-
TEdwoay xou TNV BoRdeld mou pou ydenooy GAo auTd To YEOVLOL TWV TEOTTUYLUXMY
HOU GTIOUBWYV.
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Extetouevn Ilepiindmn

Eiwoaywy

T televtaie dexaeties €yel ouvteeotel exdetiny addnon oty yeHon Twv
NAexTEoVIXGY cuotnudtey. To dpauo evog xdopov dmou 1 teheutala AEEN TN
Teyvohoylag elvon otar yépia OAwY €xel oyedoV YivEL TEayUUTIXOTNTA Ko 1) EUXOAaL
xenone €xel gépel ToyvTNTA Xou dveon otny eunelpio Tou yenotn. IloAléc ou-
OXEVEC OTWE UTONOYIOTEC, XVNTE TNAEQGYVAL, QUTOXIVITA, TNAEORJOELS, X.AT., elvol
ocuVdEdEUEVA 0TO BLadixTuUo, hote va unopoly vo popdlovton dedopéva e GANES
oLoxeLEG Tou aviprouv oTo Aadixtlo twv Ipaypdtwy. Autéc ol cuvdedepéveg
6T0 BLadiXTUO CUOKHEVEC GUAAEYOUV DEDOUEVA TTIOU TOUC ETUTEEMOUY VO EXTOLDE-
Oovtat, va padaivouv, vo mpofAénouy ol vo Teocoppolovial OTIC AVAYXES TOU
xphoT.

H Mnyaviy Mddnon etvar éva utochvoho tng Teyvntic Nonuoolvng mou
TUPEYEL GTO GUOTNUA TN BLYVATOTNTA TNG owWTOPATNG Udinong xaw Peitiwong and
Vv eunetplor xou Oyt and Tov eNTéd TeoYeapaTiond. Autd Yewmpelton o ooyt
TeYVOAOYLXY) xawvoTopio Tou unopel va dlayelploTel évay TEpdoTIo Y X0 dEdOEVWY,
vau gpunvevoet wotifo xa dopéc mou emtpénouy TN uddnom, xou va 0dnyRoet TEAxE
oV M anogdoewy ywelc TNy enéufoon tou avipennou.

Trv (B oTIyUY), Ol EVEQYELIXES AMOUTHOELS TOYXOOUIWS €YOUY QPTACEL OTO U-
Ynhdtepo onueio xou 1 evepyelant| BlwolpotnTo €xel yivel évog and Toug x0pLoug
Touelg Tne emoTnUovxng €peuvac. Me tnv dvinom e Mrnyavixric Médnong xou
Tou Awdixtiou twv Ipoyudtwy, epappoyr touc otnv evepyetaxy| aAucido dev
anoteAel e€alpeon, avTidétwe meénel va anotehel xivnTthpla BUVOUY ahAay @V To-
YXOOULOG XALLoaC.

Onwe mpoxintel, elvar avayxaio yio Tic Plopnyaviee xar TOUC TEOYEOUUOTI-
otéc va emxevtpnloly otov Hpdowo Ipoypauuationsd. e eninedo ulixo0, undp-
YOUV TOMAEC MOGELC YIOL TNV XATAOKELY| XU XENOT UAMX0D UE EVERYELOXS AmOBOTIXG
TeoéTO, Xataoxevdloviac Evowpatwuévo Luothuata tou tpocopuolovial oTig o-
V&yxec e exdotote egappoyhic. AMG oe eninedo hoyiowxol, n oulhnon i
™V evepyeloxd BEATIoTN oyedlact] Tou uohig apy(let.

O oxondc autrg g gpyaoiog elvar 1 yeron e Mnyovixne Mdadnone yio Ty
duva TeoBhedn tng xotavdiwong evépyelog apyeiwy xddxa. Ilio cuyxexpl-
HEVa OTNY €pYAOiOl AUTY ETMUXEVTOOVOUUGTE GE YOUNALY X0 UECUIWY EVERYELOXWY
anatthoewy Tpoyeduuatd, YAOooag C. O oplodc TwV TEoYpouUdTwY WS YOUNAGY
Ao HECULWV EVEPYELOXWY ATAUTHCEWY DIVETAUL ToEOXETE:

o Xoaunhav Evepyelonav Anoutrioewy: Ieplnou 128KB pvAung. To npdéBinua
dev mpénel va yenowdonoioet uévo tnyv L1 Cache, adAd mpénel va ypnotuonolrfoel
xor v L2 Cache.

eMeocolwv Evepyeiondv Anoutioewv: Hepinou IMB uviung. To npdBinua dev
Tpémel va ypnowonotioet uévo Ty L2 Cache, aAAd mpénet var yenotlonoioet xat
v L3 Cache.
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Koatd v extéheon evog x@dixo o€ €val GUYXEXPLIEVO UNydvnua, etvor TohD o
HOVTIXG YLoL TOV TTEOYROMUATIOTY Vo YVwp(lel To enepyduevo evepyelaxd x60Tog,
GoTE av YPELCETOL VoL UTOPEL VoL OYEBLECEL TOV XOBLXAL PE EVaY TEPLIOCHTEPO aAmodo-
Tixd TEOTO 1) Vol TO EXTEAETEL OE BLAPORETIXG Unydvnua. Ye ueyallTeRT xAipaxa,
1 YVOOT TNG XATAVIADGOTG EVERYELNG TWV EQPUpUOYKY unopel va Bondroel tnyv Pio-
unyovia 6TNY amoQuYY TN OTUTAANG EVEQYELAXWY TOPWY XL XAT EMEXTACT) OTNY
oYEdlUoN TWV EQAPUOYOY UE TEYVIXES TPOC TNV xotebuvon g Evepyelonric Buw-
OWOTNTOC.

Teyvixd xow Oswpentixd YTroBadpo

Koatd tny dradixactio v evepyelanddv yetpiocwy, yenolwomoiinxoy mthaxétes
xou ouoUnTreeg 1oyVog. Autd ta evowpatwpéve cuothdata Bploxovia oto Epya-
othplo Muxpobnoloyio 1oy xou Unglaxoy Luctnudtony e Xyohic Hiextpohdywy
Mnyovixcdv xouw Mryavixddv Trohoyiotdv EMII xon nopotidevton nopoxdtow.

oH mhaxéta NVIDIA Jetson TX1 clvor éva evowpatopévo system-on-
module (SoM) pe evowpoatouévy GPU wxpoopyttextovinic NVIDIA Maxwell,
tetpandpnyny CPU ARM Cortex-A57 xou pvipn 4 GB LPDDR4. Xeriowo yu
v avéntuén e ‘Opaone Troloyiotwodv xou e Bothide Mddnong, n mhaxéta
NVIDIA Jetson TX1 nogéyet unoloyiotxy anédoor; 1TFLOPS FP16 ot woyd
10 Watt.

oIl mxéta NVIDIA Jetson Xavier NX efvar éva evowpatwuévo system-
on-module (SoM) pe evowpatwpévny GPU nou Pooiletor otnyv apyitextovixt
Nvidia Volta 384 CUDA xou e€ombpnvn CPU 64-bit NVIDIA Carmel ARM v8.2.
Awdéter cache 2 emnédwv (6 MB L2 + 4 MB L3) xou 8 GB 128-bit LPDDR4x
RAM. Xpnowonoteitaw cuvidng oe cuothuata Teyvntic Nonpooivng upnivc a-
n6doong xou emtorydvel T otoifa Aoylopxol NVIDIA oe woyd 10 watt.

o0 awointripac INA3221 elvon plor 096V TELOY XAVORLOY pEVUNTOS XoL TEoNC
dtavrou ue diemapr ouuBaty ye 12C xow SMBUS. O INA3221 napoxoroudel 1600
TIC TTWOELS TAONE BlaXAdBKONG 600 %o TS TAoEC Tpopodooiag BladAou, exTOC
ané 1o 6Tl éxEl TPOoYEUUUUTILOUEVOUS XPOVOUS UETATEOTAC Xou AetTovpyies uéoou
6POV YLoL AUTA TOL GHUATO, TOU ETUTEENOUV T UETENOT LoYVOG DLOPOROY EQPUOUOY V.

Onwe avapépdnxe nponyoupévws, o oxondg autol Tou €pyou elvar va mpo-
Bréer v evepyelaxh| xatovdhworn npoypouudtey. Ilpoxewévou vo emteuydel
awt6 péow Mmyovixic Mddnone, emhéEope var YeNOULOTOLACOUPE OpIGUEVDL Ep-
yorelo yior TV eEaywYH YPNOWNY TANEOPORLOY CYETXE UE TOUC XODLXES, TOU
apopoLy xuplwe Ty tpdcPBacn oty uvAun. Tao epyodelo Tou éyouv yenowonoln-
Yel elvon pepnd unoegpyaheta twv Valgrind xo Intel Pin.

To Valgrind eivar éva framework yia tnv dnuovpyia epyolelwy duvouixhc
avdhuone. Trndpyouv epyarelar Valgrind mou umopolv va eviomicouy autépaTo
TOMAGL opdharTa droryelplong uvAung, xadmg xau va yopaxtneicouy éva mpdypouua
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Aentoueptds. Ilepihopfdvel epyaheia toldtntog nopaywyhe xou CUAREYEL TANPOQO-
plec oQAUAUGTLY UVAUNG, CQIAIOTWY VARATOS, XpuPNc UvAuNne, Tedfiedng Soncha-
OWMOEWY, K.AT.

To Pin etvan éva duvouixd binary framework mou emtpénel 1 dnwovpeyia ep-
YoAelwy Buvouxric avdhuong Teoypeoupdtwy. ¢ duvouxd epyaheia, 1 avdhuon
yiveton xatd to yedvo extéleong ota HETAYAWTTIONEVY duadixd apyelo. To Pin
napéyel éva mholoto API mou emitpénel v cuAAoOYY TANEOQOELY, OIS To TE-
PLEYOUEVA TWV XATUYWENTOV VoL HETOPBBALOVTOL GTOV ELCAYOUEVO XODXA WS Tk
pduetpot.  Autoparta anoUnxedel Xou ETOVOPEREL TOUS XAUTAYWENTES TOU €YOUV
avTixatoo todel and Tov xddxa Tou €yel ewoayVel, dote 1 epapuoyy va cuveyilel
va Aettoupyel. Ileploplopévn npdoPacn oe TAnpogoplec GUUBOAWY X0l EVIOTLOUOU
opolpdtwy etvor enlong Sldéotun.

IMopoxdte nopovotdlovton o cuyxexpUéva urogpyoheia twv Valgrind xou In-
telPin mou éyouv ypnolwomordnxay.

Cachegrind

To Cachegrind mpocoyoudvel Tov TpéT0 Pe Tov onolo To TEoYEoUUd AAANAETL-
dpd pe TV tepapyia TS xpunc UvAUNG xou (TpooupeTind) TV TEOBAedn Sroxhddw-
onc wag pnyavic. Ilpocopoidver war unyovr| ye oveEdptntee eviohés TEMTOU
emméEdOL xou xpuPEC uvhuee dedopévey (I1 xou D1), mou urootnpilovton and pia
evomoinuévn xpuen uviun dedtepou emnédou (L2). Autd touptdler axpBoe ye
BLaOEPOOY) TOMGY GUYYEOVWY UNYAVEYV.

Qo1600, oplopéva obyypova unyavigota éyouvv tela ¥ téooepa eninedo xpu-
ong pviung. o autd ta unyavipata, to Cachegrind mpocouoidvel Tic xpupég
UVAUES TEMTOL ot TeEAeLTalou eminédou. O Adyog Yo autrv TV emhoyT ebvan dtu
N %ELPT| YVHUN TEAELTAlOU EMTEDOL EYEL TN UEYURDTERT ETULEEON GTO YPOVO eEXTERE-
ong, xadog xahintel Tic npoofdoelc oty xOpta uviurn. Enouévwe, to Cachegrind
avapépetan Tévta oTic xpugéc wvAues I1, D1 xou LL (tedeutaio eninedo).

H Aemtopepric dnuovpyia mpogih TEoowevAC UVARNG Xl SLXAEBWoTS UTOEEL
va glvat ToAD yYeAoIT YLl TNV XATOUVONOT| TOU TEOTOU UE TOV OTol0 TO TPOYPUUd
oM NAemdpd ue to unydvnuo. Emnfong, xoddg exteheiton wa eviols avdyvewong
TNC TPOCWEIVAC UVAUNG avd EVTOAY) ToU exTEAE(TOL, AVOXUAUTITEL TOCEC EVTOAEG
extelolVTAL avd yoouun, xdTL mou umopel va ebvan yerolo yio Ty nopadootaxt
AvEALGT HODLXQL.

Massif

To Massif eivan éva epyaheio avdhuone tne puvAune cwpol (heap memory),
%30 UETEA TOOT Uviun oweol Yenouwlonotel To mpdypouud. Autd mepiaufdvel
1600 TOV YEPNOWO YWpeo 600 Xl Ta emmAéov byte mou deouedvovton. Mnopel
eniong vo petprioel to uéyetog tng otolfoc tou mpoyedupatoc. H dnuoveyla
Tpopih owpol unopel va Bondnoel oty pelwon e tocdtnTag TNG UVAUNG TOU
XENOWOTOLEL TO TEGYEUUMAL.

Erilong, undpyouv opiouéves Blappoéc yweou mou dev evrtonilovtal and Toug
TopaBoctoxols EAEYXTES Slappowy. Autéd cuuPoivel emeldr) 1 wviun Bev ydvetow To-
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¢ (amouével évag delxtne oe autrv) oAAd dev yenowonoteitar. Ilpoypdupota tou
€Y 0LV BloppEoéc OIS aUTYH UTopel Vo aVENCOLY doXOoTa THY TOCOTNTA TN UVANG
TOU YENOWOTOOLY PE TNV Tdpodo tou ypdvou. To Massif unopel va Bondroel
GTOV EVIOTUOUS QUTGY TeV dlappowdv. Etvon onpavtind ot to Massif Aéet oyt udvo
TOOY UVAUY 0wEoL yernotuotolel To Tpdypouua, ahhd Tapéyel eniong ol Aento-
uepelc TAnpogoplec mou uTodevUoUY oL PéEY) TOL TEOYEdUMATOG Elvar UTELTUV
YioL TNV EXYOENON TNS UVAUNEG 00EOoU.

MICA

To MICA (Microarchitecture-Independent Characterization of Applications)
elvon éva epyareio Pin, to onolo emitpénel oto yprotrn va cUAAEEEL Wia oElpd and
YOPAUXTNELO TIXG. TROYPAUUATOS YOl VAL TOCOTIXOTOLACEL T CUUTEELPORE TOU Tpo-
YEAUPATOSC XATE TOV Yeovo exTtéleong. Ta yapaxTnelo Tixd auTd apopoly TNV Xa-
TNYOELOTOINGT TV EVIOANDY YaUNAol EMTESOU, TO ATOTUTWHA UVAUNG, TNV TEOBAe-
N SLonhaBoEWY, X AT, AUTE To YUEUXTNEIC TIXE TOU TEOYPAUHUATOS EVAL EVIEANDS
aveEdpTNnTo omd TN ULXPOUPYLTEXTOVIXY] OTNV omolo Ylvovtal oL YETENoE;, OF o-
vtlleon pe dhhec TeEYVIXEC YOEUXTNEIOUO) TOU TEOYEAUUTOS TIOU YENOHLOTOLO0Y
TPocoUoloN N HETENTES amddoong VALXOD.

PinTool

To PinTool eivou éva epyorelo Pin, to omolo emitpénet otov ypnot vo cUAREEEL
TOMAGL Y oEAXTNRLO TLiXd TPOYEaUUATOS entiong xaTd Tov yedvo extéleons. To epya-
Aelo autd cUAREYEL TANPOYOplec o aPopolV Tig aptduiTinés TRdEels, TOV ENeY YO
POTC, TOV UTOAOYLOUS TV emavolfPewy av évog XAEBoc ywpeloTtel ot ouddeg ena-
VOAAPEDY, H.AT.

Mnyovixd Mddnor (Machine Learning)

H Mnyavue Mddnon elvon évag xiddog tne Teyvntic Nonuoolvng xou tng
Eniotiunc twv YTrohoyiotdv nou ectdlel otn yehor Sedopévwy xou ahyopld-
HwV yioe TN pignon tou tpémou pdinone twv aviedtwy, Bektidvovtag o todloxd
v axelBeid tng. Elvon éva onuoavtind medlo tou avantucoduevou toufa tne -
o ThuNg Twv Acdouévev. Ou akydprduol pnyavixhic udinong dnuiovpyoly éva
povtélo mou Baoiletan oe Belypota BEBOUEVLY, YVWOTE w¢ dedouéva exnaideuong,
Tpoxeévou va xdvouv mpofAédelg N va malpvouy amogdoelg ywelc vo etvar entd
TROYEAUUHATIONEVOL Vo To xdvouy. Autol ol adydprduol yenoonolobvTol oe yla
MEYAAN ToLaAio EQUPUOYDY, OTWS GTNY LUTELXY, TNV AVAYVORLOY OWALag xou TNy
6p0CT) UTOAOYLOTAY, 6Tou elvan 80OX0A0 1 AVEPIXTO VoL avamtuyBoly cupfBaticol
ohyOpLIIOL YL TNV EXTEREDT) TWV ATUEALTNTWY EQYACLOV.

Enutneolpevy MdOnon (Supervised Learning)

H Emtnpotuevn Mdidnon etvar 1 dradixacio Mnyovixnie Médnong yio v ex-
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pddnon woc ouvdptnone mou avuotowyiler Tic peToPAnTéc €l0680L (X) UE Lot
petafBinT e€68ou (Y) péow evie ahyopiduou pe padnuatnd oyxéon Y = f(x).
O teyviés twv alyoplluwy EMOTTEVOUEVNE UNYaVXNC Hddnong Tepthou3dvouy
Yoouu xou AoYLo Ty TaAvOEOUNoY), TaEvOUnoy TOAATAGY xhdoewy, dévtpa
amo@doewy o Unyoveég unootheEng davuopdtwy. H emontevduevn pdinon o-
noutel Tor OESOUEVOL TTOU YENOHLOTOLOUVTAL YLl TNV EXTUBELGT, ToU ohybpLiuou va
€youv 1o emonuovdel ye cwotég amavtrioelg. I topddelypa, évag alyoprduog
Tagwopunone Jo wdder vo avoryvepiler {oda agol exntoudeutel oe éva alvolo de-
Sopévev emdvev Tou givon XatdAANha emonUacuéves Pe to eldog tou {wou xou
OPLOUEVAL YOLUXTNELO TIXE. VLY VOPLOTG.

Ta enitnpolpeva podnotaxd tpoBAfuate uropoly tepautépw va oyadorotnto-
Ov ot npoPAfuota Regression (ITohwvdpdunonc) xou Classification (Tafwdunong).
Kou ta 800 npofBArpata £0uy we 6TOY0 TNV XATAGKELT| EVOC GUVOTTIXO0) OVTENOU
mou pmopel vo tpoBAédel Ty T tne e€opTNuévng HETOBANTAC amtd TIC TWES TWV
aveldptntwy yetafAntdyv. H diapopd petalld twv 300 epyaotdy elvot To YEYOVOS
OTL 10 eE0PTNUEVO YopoXTNELOTLIXO Efval aptdunTixd Yo TOAWVSEOUNCT Xl XATNYO-
etd Yo Tagvounon.

ITohwwdpdbuncr (Regression)

H TTohvdpdunom etvon o emtneoluevn teyvixt| unyavixnic uddnong mou yern-
olgonoteitan yioo Ty medPAedn cuvexdy Ty, O andtepoc otdyog evig ahyopld-
HOU TAAVSEOUNCTC elvol Vou OYEBLAGEL Ui YROUUT] | Wiot XOUUTUAT] TTOU OMOTUTIEIVEL
xohOtepal TNV oyéor pevald twv dedouévwy, Omwe delyvel To mapaxdTe oYHUL.
Bondd otn dnuiovpyia woc oyéone Yetald tov UETUBANTOV EXTIUOVTIC OGS 1) ko
petoBAnTA enneedlel Tnv G
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X
Syfua 1: TTodwvdpdunon

To&wounon (Classification)

H tagwounon elvon éva poviého mpodfiedng mou mpooeyy(lel Wit ouvapTnom
avTiotolytong and UeTaBANTEC ElGOB0L Yo Vo Tpoadloploel Sloxpltés peTofAnTég
eZ6d0ov, ot omoleg umopel va elvon etixéteg 1 xatnyopiec. H ouvdptnom yaptoypden-
one Twv ohyoplduwy tagvéunong eivor uneduvn yio ™y TpoBredn e eTéTag 1
e xatnyoplog TV BeBOYEVKY UETUBANTOY E6HB0U, STWS QPUIVETOL OTO TOPOUXETE
oyfuo. Evoc ahyoprduoc ta€vounone unopel va éxel 1éco dlaxpltéc 660 xou Ye
mporypotixy| o&lor petaBAntée, aAAd amantel tor mopodelypata vo Totvoundoly oe
ulo and 800 1 neplocdtepeg (AATELC.
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class A

class B

Syfua 2: Tagivounon

IIpotewopuevo Epyaiesio
MeYodoloyia

Avuth 1 epyaoio Eexwvd pe évav Code Generator mou mapdyer 700 apyeia C
GUUPWVOL UE OPIOUEVES TIEOBLAYPOPES. L TN CUVEYELX, AUTA ToL TEOYEAUUOTY EQalp-
uolovtaw oto epyaieia Profiling to onola ye v oeipd toug e€dyouv mollTIHES
TANpopopleg EVE TIC CUYXEVTRPOVOLY ot €va apyelo csv mou ovoudletar dataset
xon mepiéyel tic X petofintéc. Hoapddhnia, yio to 700 mpoypduyota mparyUato-
molelton PETENOT TNE HATAVOALOXOUEVNS EVEQYELNS OTTV EVOWUATOUEVT TAATQOEU
TOU EPYACTNEIOU, XoU TO AMOTEAECUATO GUYXEVTPWVOVTOL OE €va deUTEPO apyElo
ue 1o 6vopa dataset_energy mou amotehel v uetaBAnTt Y. Méow autov twv
datasets, o povtéro Yo exmoudeutel. XN cuvEyELd, xoTaoxevdleTal Eva HOVTEAOD
IoAwvSpounone Bootopévo otov alyoprduo Lasso xou ol mopduetpol tou anotelo-
Ov avtixelyevo Bedtiotonoinone. Axololdwe, 56 benchmarks yAwoocog C and to
PolyBench Suite e@appolovton ota epyareia Profiling axpBoe dnwe to 700 op-
Yelot xdduxa xan To apyelo test_dataset dnuovpyeiton xou mepéyel Tic peToBANTEC
X_test. Metd and dhor autd tot friporta, E{UAGTE ETOLLOL VoL YENOULOTOLCOUPE TO UO-
VTEAO it VoL tpoPBAEPOLUE TNV XATAVIAWGCT EVERYELS oUTOY Twv 56 benchmarks.
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Téhog, oL evépyeleg Tou xoatovoldvouy autd To benchmarks (Y_test) uetpdron
enione mpoxeévou va cuyxptdoldy pe Tic npofienduevec evépyeies (Y _pred) xon
vo aZtohoyniel n axpifelo e npdBredme tou epyaieiov.

To emépoug otddia Yo avaAudody TEpautépey 0T CUVEYELA.

C Code Generator

IMpoxewévou va dnuovpYoouUe €val apXETd UeYdAo GOVORO BESOUEVLY EXTIO-
{devong, dnuovpyroaue éva script mou dnpoveyel xOdixeg Yawoooag C e to yo-
EOXTNELOTIXG NS UToEENC EPPWAELUEVLDY Bpdywy. Autdc o TOTOC TPOYPUUUETLY
Yewpelton Wiaitepa evBlopépov, xadde 1 xoTavdAwor evépyelas xatd T Sidpxeta
NG EXTENEOTC TWV EPPWAELUEVWLY Bpdywy yiveTton e€oupetind LYY, Autd cupPa-
tvet, A6y Tou peydhou aptduol ahudtwy tou petenth npoypedupatos (PC), xadde
xol TNG 4N BEATIOTNG CUUTAHEWOTNE TN XEUPHEC UVANS.

O moparybuevol xwdneg Eexvoly pe v dnuovpyla €m¢ xou 4 mvdxwy o-
#(EPALWV OELUUMY X0l TO TOAD 4 TVaXwY aptipdy xvNTHS UTOBLIG TOARE, TTOU €Y OUV
70 ol 6 Bl tdoelc o xdde didotaon neptéyet To toAb 1000 ototyela. Autd ta
YOEAXTNELO TIXE EVTAGGOUY TOUC XWOIXES aUTOUE UECO OTO TAXIOLO TWV TEOYEO-
UATOV YOUNAGY XL HECOIWY EVERYELNXOY anatTHoEwY. Autdc o TOTOC TPoYpEoy-
HaTov elvon outde Tou auTé To gpyaheio Vo pddel vor exTUd evepyeLoxd.

Koddg ohoxhnpddveton 1 mpoetoydacio, ol napamdve tivaxeg Aopfdvouy tuyono-
TOWNUEVES TLES, oUUPWVA UE ToV TOTO UeTABANTOY xde mivaxo xou exyweeitol o
xat@AAnhog 6yxog pviune. To otouyelo xdde mivaxo €yel wior T xou To O
"enBopUUEVO’ TURAUO TOU XMOxa elvan €Too var Eextviioet.

X1n GUVEYELR, TO TUAUO TOV ELPWAELHEVWLY Bpoywy avahouBdvel. Apyixd, 1 o-
onyla #pragma scop” tormodeteitan mpwv and tov TpKTO Ppdy 0, TEOXEWEVOU VoL EVY-
uepdaoel To script avdiuong 6t Eexwvd 1 evotnta. Méoa atoug évietoug Bedyoug,
TepthopPdveton évor TuAua UTOAOYIoHOU, 6Tou oL THToL UTohoYlopoy (tpdodeon,
agaipeon, molhanhaotoouds, dwdpeon) xadopilovtan tuyoia. Metd 1o wheiowo
Ohwv TtV PBedywy, wa dedtepn odnyia ”#pragma endscop” tomoveteiton xdtw
and TNV teleutaior ayxUAN. Auté evnuepddvel To script avdiuong 6t 1 evotnTa
TWV EUPWAEUPEVLY Bpdywy Exel ohoxhnpedel. O TapoydUEVOS XWBIXAC TEAELDVEL
e €va tedeutofo TUe ameheLTERMONC TOU YPNOULOTOLOVUEVOU YDEOU UVAING Kol
O CUVEYELN ETLOTEEPOVTOS TO 0, EVIUEPDOVOVTIS OTL 1) EXTENETT) ONOXATPOVETAL
CWOTA.

Anulovpyia Twv Datasets

‘Evo python script pe 6vouo ”total_analysis.py” etvar umedduvo yia tn 8n-
wovpyio mpopih twv 700 mpoypauudTwy, xadde epoapuolel xdde TEdYEUUMA OTA
téooepa vnocpyaielor Profiling mou mepiypdgnxay nopamdve. 3tn cuvéyela, ava-
ntd ta e€ayduevo Twv epyoheinv apyeld TOU TUEEYOVTAL YOl VO GUYXEVTRMGEL
T TAnpogopieg Tou meplEyouy. Avagopxd ue To .cachegrind out-file, to script
SUANEYEL peTprioElc T6oO0 Yior OAOXxANEo T0 Tpdypoppa (cUvodn) boo xa yio Tov
eugpwievpévo Bedyo Eeywetotd. Auth elvon 1 @don mou 1 odnyia #pragma Porn-
V4 mporypotind. Aeutepeudvine, to apyelo .massif out-file divel tc eayduevee
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TAnpogoplec Yo éva oTtypldTuo. e auTtd TO 6TAdlo, To Script xotagpépvel va
e€dryel T Thnpogoplec oto oTiywoTuno peak, to omolo Aaufdveton xotd Tr) Sidpe-
XELOL TWV EUPWAEVUEVLV Bpoywy. Xtn cuvéyela, ta apyela e£68ou twv MICA xou
PinTool nopéyouv mhnpogopiec mOU TEOCOUOLOVOUV T1 GUUTERLPOES OAOXATEOU
TOU TTPOYPAUUOTOS PE DlapopeTind. eyl Topadlpnv 1 SLUpopETIXEC TAUTPOPHES.
'Etot, to script total_analysis.py e€dyet dheq auvtéc tic mhnpogopiec. Télog, av-
Téc oL yprowes TAnpogopiec (cuvolixd 141) culhéyovton yior xadéve omd Toug
700 x@dixeg mou dnuoveydnxay xou To script Tic eyypedyel ot €va apyeio csv Tou
ovoudleton dataset.csv. Autéc ol petprioeic elvon mhéov to features tou dataset
exmaldevone X xou anewxovilovion we othres, eved ot 700 xwdixol aneixovilovton
WS YPOLUES.

IMopdAAnha, meénel vo yivel 1 UETENON TNG XOUTAVOAOXOUEVNS EVERYELNS OU-
TV Twv 700 mpoypouudtwy Tpoxeiwévou va dnuiovpyndel to dataset y xon va
exmawdevtel o povtéro. T autdv tov A6Yo, éva dhho script pe to bvopa col-
lect_train_codes_energy.py €yet avomtuydei oto target unydvnua Tou epyastnelou.
H yétenon mpaypatomoleiton eXTeA®dVTAC T0 exdotote mpdypouua 20 Qopéc xou
Ootepa Blanpddvtoe Ty T Tou peteidnxe ye 20, dote va emtevydel peyohite-
en oxplBela oty uétenon. Auéong petd tn uétenom, To script xatoypdgel xdde
T oe éva apyelo csv wac otAlng mou ovoudleton dataset_energy.csv, to omoio
TENXE TEPLEYEL TNV XATAVIAWOY eVEpYELag Twv 700 apyeiny xmdua. Ot xwdxeg
anetxovilovtal ¢ Oelpéc dTWE XaL TPV, ot OAEC QUTEC OL TEOYUOTIXES EVEPYELEC
amoteholy Théov TNV UeToBANTY .

Exnoaideuorn tou Movtélou
ITpoostotpacia

Etvor onuovtind va ovagpépouue 6Tl oL TEPLOCOTERES OO TS GUVOPTATELS Xol
Toug akyopliuoug mou axoloudoly anoteroly uépog Tou Scikit-learn, enlong yvw-
o100 w¢ sklearn, to omolo elvan o Biaotinn unyovixhc uddnong eieddepou
hoylouxo0 yia TN YAWooo Tpoypeopuotiopol Python.

Ye autd to onuelo, mou Ta cUVOAa dedouévwy exmaldeuong X xa y elvan €tol-
pa, ebvon n oOpa va emheydel o mohvBpountric mou Toupldlel OTIC AVEYXES TOU
TeoBAAUaTOC X Vo eLpeolY oL XUAUTERES TOPdUETEOL Yo TN BeATio Tonoinoy Twy
mpoPBAédewyv. T tov oxond autd, éva véo script pe Gvopa set_up-Regressor.py
OnuoLeYRINXE YioL TNV LAOTOMON AUTWY TWY EPYUCUBY Yol To TUNUOTA TOU TEQL-
YEAPOVTOL TOQUXATE).

Q¢ npTo Prua, T cUVOAA BESOUEVRY TIOU BLELUXPLVIG TNXAY THEATAVY ELGEYO-
vt xou optlovtan w¢ dataset X xou dataset y. To X avagépeton oe dAo ol yopa-
ATNELO TS TOU XEPE XA XL TO Y AVOPEPETOL OTNV EVERYELN TOU Xd¥e XWX
H Nota X éyel oyfpa (700,141), evéd n Mota y éxet oyfua (1,141).

TN ouvEyELd, TEENEL VoL YIVEL VOIS Do WPLOUOC TROXEWEVOL VoL OPTICOUUE VoL
opotel To péyedog doxurc ot oyéon pe 1o uéyedog exnaideuong. H avoloyio tou
emhéyOnxe elvon 1/5, nov onuaiver ot yio 560 ypopuéc exmaidevong, ol unéhotneg
140 ypopuéc avtiotoryoby oe doxiuy. Topa, dnuoveyfoaue too X_train, y_train,
X_test xou y_test, ye oxond v doxiuy) TOAAGY CUVBUUGHUMY.
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Koaldoe npdxerton var yivouv tuyaieg mahivdpouioeic Ye ) xehor Twv dlayw-
PLOUMY TIOU TEPLYPAPOVTOL TUPATAV®, elvon yeYiowo vo dnutovpyniel éva pipeline
Tou oamoteleltan and d0o pépm: To pépoc tne mpoenelepyaoiouc (scaling) xou to
pépoc Tou Tovdpounty (regressor).

Ye auto to onuelo, elvar TOAD YEHOLLO VoL XAVOUUE XATOLX XAVOVIXOTOINOT OTIC
Tiég e petaBintic X mpoxeévou va Bondoouue tov nadwdpounth. Eivar mo
B0ox0ho YloL aLTOHVY Vo Blayelplotel TIES PE YeYdho elpog, YU autd emhéEope Vo
yenouoroioouvue TV cuvdptnor StandardScaler() yio va pewdoovye To TAdTOC
TV TWOV Ty yopaxtneotikdy. H StandardScaler() xavovixonowel évor yopo-
ATNPLO TG OPOLEVTAS TN UECT) TULH XL OTH CUVEYELX XALUAXOVEL OE Uovadlola
dlacduavor. Movadiotar Stacdpavor onuaivel Tt Slonpolue OAEC TIC TWES UE TNV
Tomx andxhor. H cuvdptnorn StandardScaler() xdvel tn péorn T tne xotovo-
ung 0 xou tehxd oL teploodtepeg TwéS Yo Bploxovton puetald -1 xou 1.

Movtélo Lasso

Kébe npdBinuo tedBredme éxel évav xotdhinio odydprduo mou toupldlel xo-
ANotepa 610 mEOPANua. ‘Etol, pa Yewpntinn épeuva unopel va xoteudivel tov
TPOYRUUUATIOTH GTOV XUTIAANAO ohyopidpo, ohAd meénel vo yivel Boxiy mpo-
xeWévou va emheyel owotd o xatdAinioc. To xpithplo olugwva ye to omolo
ouyxpbvaue toug ahyoplduoug Tahvdedunong HTay To UECO TETEAYWVIXS GO
(MSE) tnc npdBiedne nov €ytve e TOV BLoywplopd ToU oLVONOU JESOUEVLY TS
Teplypdpnxe mapamdve. Aoxudo tixay noAlol akyderduol xou To anoTEAECHATA
TopOoLGLELOVTOL TUPUXATE.

Regression Model Mean Squared Error

Ridge 2.3933
Lasso 0.5310
Random Forest 37.223
Stohastic Gradient Descent o0

Bayesian Ridge 1.3658
K-Nearest Neighbors 40.239
Gradient Boosting 39.317
Decision Tree 39.743

Syfua 3: Xoyxpion Moviéhwy

To mpogavéc anotéeoua auT®Y TV doxav civon 6Tl o Lasso Regressor tau-
ptalet Béltiotar 0T0 TMEOBANUS poc. Autd Yoy mpwtiotwg avauevéuevo, xodog
T0 0UVOAO BEBOUEVLV TIOU YenolonoloUue efval apxeTtd oyx@deg xou To features
ouoyetiCovton apxeTd.

22



To Lasso onpaiver Least Absolute Selection Shrinkage Operator, 6mou 1 cup-
pixvoor (shrinkage) opileton w¢ meplopiopde otic moapapétpovs. O otdyog Tng
nohwvdpounone Lasso etvon va Angdel unddiy uévo 10 uTOGUVORO TWY TEOPBAETTHY
Tou eloytotomolel To opdipa TEOBAEYNS Yia Por TocoTXY| UETUBANTY amdxplong.
O aryopriuog Aettoupyel emPBdihovtog Evay TEPLOPLOUS OTIC TOPAUUETEOUS TOU Uo-
VTIEAOU, TOU TPOXUAEL CUEEIXVWOT] TWY CUVTEAECTWY TAAVIPOUNOTE YL OPLOUEVES
HETOBANTES TPOC TO UNBEV.

O petoPAntég pe ouvteeoTy| mahvdpdunong (0o ue undév petd Tn diadixo-
ola oupplinvwong amoxielovtar and to wovtéro. O uetoBAnTéc ue un undevixoic
CUVTEAECTEC TTAALVOEOUNONG METOPBANTOV CUVDEOVTAL O LoYURA UE T UETOPBANTY
amoxplong. Ov eneénynuotinég uetofAntéc unopel vo elvoun eite Tocotixée, elte xa-
Tyopixéc elte xou ta 6Vo. Auty 1 avdAvor takvdpdunorg lasso elvon ovolao Tixd
wo pédodoc cuppixvwong xou emhoyhg YetoBAnTedy xou Bondd toug avahutég va
xadoploouY TToloL and TOUS TEOY VWO TIX0VE TopdyovTes elvon To onuavTixol.

O ahyéprdpog nakvdpdunone Lasso mpotudton Wiaitepa 6tay umdpyet vn-
A moAvcLYYeopuxdTNTA 6T0 GOVORO Bedouévey. H mohuouyypauuxdTnTa 0T0
oUVoAo dedouévwy onualvel 6Tt oL aveédptnteg petoPAntéc oyetiCovton oe peydho
Bordud uetadh toug xon W uixpr) oAhory) otol dedouéva Umopel Vo Tpoxahéoel pe-
Y&An ooy otoug cuvteheo Tée Tahvdpounone. To duxd pac obvolo dedouévwy
€xet LYNAY ToAuoUYYpUIIXOTNTA, XM EXEL LOYUPY CUCYETION HETOEY TWV o-
veZdptntwy YetoBANTdY, xat oautds elvar 0 x0plogc AOYOC TOU O GUYXEXPULEVOC
ahyopripoc divel Tor XOADTERO AMOTEAEGUATOL IO T CUYXEXPWEVY) EQUPUOYT.

H duaduxaota tne oupplxvwaong npaypatomnoleiton péow tne L1-xavovixonoinong,
XATE TNV OTOolol TLWEOVVTOL OPIOUEVL PEATURES GE EVal WOVTEAOD, TPOXEWWEVOU Vol
datnendoldy pévo ta mo onupavtxd features, ypnolpomowdvtag gl TOEdUETEO, TO
alpha. ‘Otav To alpha eivar 0, 1 noAwdpdunor Lasso mapdyel toug (Bloug cuvte-
AecTéq pe pat ypouu todwdeouncn. ‘Otav to alpha elvar tohd yeydho, 6hol ol
ouvteheotéc etva undevixol.

Grid Search xou Cross-Validation

Grid Search elvon war ey Vi) yior TNV €TAOYT) TOU XAADTEPOU LOVTENOL UNy 0
VIXTE UGInong, TOPOUETRPOTONUEVO antd €val TAEY A UTEPTORUUETE®Y. Aoxiudlel
6AOUC TOUS GUYBLAOUOUE TAEYUOTOC THPUUETEWY YL EVOL LOVTENO X0l EMLO TREQEL
HE TO XUAUTERO GUVORO TaPOETEWY Tou €xel TNV xohlTtepr Baduoloyio anddo-
onc. To Cross-Validation etvon o pédodoc emovaderypatoindioc mou yenoito-
Tolel DLapopETNE TUAUUTA TWV BEBOUEVWLY Yial T BoXY| xaL TNV exXTaideuon evog
povtélou oe dlapopeTixég enavolfdelc. Ewbixotepa, to Cross-Validation k-folds
elvon évoc tomog Cross-Validation, énou ta dedopéva exnaidevong ywellovta o
k-unoolvoha. Ané autd, (k-1) umocivola yenoylomololvTton yior T exntaideuon
xot 10 k-0076 unocUvolo yenouonolelton yiot TRV Soxiuy) Tou LOVTEAOU.

H Swduocio auth Eexwvd ye tov oplopd tou Tuyaiou TAEYUOTOC TWV Topd-
uétpwyv. Extéc and 1o alpha, mou elvon 1 mo onuovtue napdueteog dTwe avapép-
Ynxe mponyoupévwe, eunioutioope to tuyaio TAEypa Ye BV0 axdun ToEUUETEOUC.
O uéyiotog aptiude enavarewy xodoplleton and tnv TopdueTeo max-iter, eve
n avoy!| vt T Behtio tomoinon xodopileton amd TNy mapdueteo tol.
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Metd ) dnplovpyio Tou Tuyalov Théyuatog, emhéyeton 1 teyvixr) Repeated K
Fold o va yiver o €yxupo to Cross-Validation. H cuvdptnorn RepeatedKFold()
éxave 10 doywplopoie xon 20 emavolfideic 6T0 cUVoho dedouévwy, mou onuaivel
200 Siopopetinée meptnTdoe. AUTEC oL TEPITTWOoES aflohoyinxay UEcw NG
ouvdptnone Poduoréynone Negative Mean Squared Error (NMSE). Metd v
TPOCUPUOYY TwV dedopévwy = xou P oto mAéyua, €youue Tta axdroudo omote-
Noparto:

e Negative mean squared error of the best_estimator: -1.5002

e Parameter settings that gave the best results: 'regressor__alpha’: 0.3, 're-
gressor__max_iter’: 200, 'regressor__tol’: 0.01

Avutéq oL napduetpol Yo epappoctoldy otov toAwvdeounth Lasso xou Yo oynua-
Tloouv aUTO TO POVTEND PMyovixAc Wdinone.

Iewpapatixd AnoteAécpaTto

Metd tnv £0peon Twv xOALTERKY ToEUUETEWY Yia To LovTéAo Ue Bdor Tov ahyopLd-
no Lasso, dnuovpyridnxe éva véo script ye dvopa Predict_energy.py. ¥e oautéd to
script nepvdue and oplopéva test avdluong twyv features, tpoxepévou vo egoydo-
OV oupnepdopota oYETIXd Ye T onuooia Twy features mou yenowwomouinxay yio
Ny exnaidevon tou poviéhou. Enlong, yio v alloAdynon tou yenoiponouidnxoy
mparypotixd benchmarks mou Afpdnxav and to Polybench, uia cuihoyr bench-
marks mou Jewpeltar avTITPOCWTELTIXY Yiot EVowPaTwUéveS e@apuoyés. To ev
Aoyow benchmark suite emAéydnxe eneldy| napéyel otov mpoypaupaTioTH TN duva-
TOTNTAL HETOYADTTIONG OE GUVOAa SeOUEVLV BlapopeTixol peyédoug (Blapopetind
pevEDdm mvéxov). T to nopdy épyo eTAEEAUE VO YPNOULOTOWCOUPE ToL IXEG X0l
ueoato chvola Sedopévwy Yo To 28 axdhovda benchmarks . Auty n emhoyt| éyive
yia vo oploet ta benchmarks o¢ mpoypdupotor YounAdY xol YECAY EVERYELOXMY
amUTHOERY. AUTO oNPlvel OTL TO GUVORO TV TPOYPUUUATOV doxiung anoTeAeiTol
and 28x2=56 xwdxeS.
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Benchmark

gramschmidt

Description

gemm Matrix-multiply C=alpha.A.B+beta.C
jacobi-2D 2-D Jacobi stencil computation

heat-3d 3-D Heat stencil computation

trisolv Triangular solver

symm Symmetric matrix-multiply

trmm Triangular matrix-multiply

atax Matrix Transpose and Vector Multiplication
durbin Toeplitz system solver

covariance Covariance Computation

gemver Vector Multiplication and Matrix Addition
gesummv Scalar, Vector and Matrix Multiplication
syr2k Symmetric rank-2k operations

syrk Symmetric rank-k operations

2mm 2 Matrix Multiplications (D=A.B; E=C.D)
3mm 3 Matrix Multiplications (E=A.B; F=C.D; G=E.F)
bicg BiCG Sub Kernel of BiCGStab Linear Solver
doitgen Multiresolution analysis kernel (MADNESS)
mvt Matrix Vector Product and Transpose
cholesky Cholesky Decomposition

Gram-Schmidt decomposition

correlation Correlation Computation

lu LU decomposition

ludcmp LU decomposition

floyd-warshall Floyd—Warshall algorithm

adi Alternating Direction Implicit solver
fdtd-2d 2-D Finite Different Time Domain Kernel
jacobi-1D 1-D Jacobi stencil computation

seidel 2-D Seidel stencil computation

Eyua 4: Alota e ta mpoypdppata afloAdynong

Avutd ta 56 benchmarks nepvolv and to script "real_test_analysis.py”. Auté
7o script elvon mavouoldtuno ue to “total_analysis.py”, mou mapovcldoTxe TEoT-
youuévee. Me auth T dadixaoia, ta spyoaheio oxarypdpnong meopih cuAAEYouv
ol o dedouéva xan dnutovpyoLy to X test dataset. Ilopdhhnia, meénel var yivel
N U€TENoN NG XATAVIAWONS EVERYELNS TV Twv 56 benchmarks, npoxewpévou
vou oLy xpLloLY oL TEaYHATXES EVERYELES Toug PE T TpofAemoueves. Iia To Adyo
autd, exteleiton oo target-platform to script ye évopa collect_energy.py. Autd
To script elvar Tapduolo pe o collect_train_codes_energy.py, mou mapoucLdC TNXE
TEONYOLUEVKC ol dnuloupYel To y test dataset.

To script Predict_energy.py exivd pe tnyv eloaywyy| Twy train xou test datasets.
To train dataset nepiéyel toug 700 mopayduevous xWBxes xou To test dataset me-
ptéyet Ta 56 benchmarks mou meptypdipnxoay Tapamdve.
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Enpavtixotnta twy Features

Ye autd To oNuEio EMXEVTIPWVOUUCTE 0T oNpacia Tou divel o moAvdpounThc
Lasso ota features. O Aéyoc yla tov onolo emaé€apue vo Bdhouue mohhd features
OTO GUVORO DEBOUEVWLV BEV NTAV HOVO YLot VoL BWCOUUE dEXETEC TANEOQYORIEC OTO
povtého, agol o Lasso Regressor xdvel pio emhoyr features xou Sev o droyerpile-
To OAQL, OAAGL YO YLl VO TTROYWEHCOVUE OE XATOLOL 0VEAUCT) OYETIXG HE TN onuaaio
Tou divel 0 TOAVBPOUNTAC OTIC LETPIXES OGOV APOPA UE TNV XATAVIAWGT] EVERYELAC.

Onwe avapépdnxe mponyouuéveg, o Lasso Regressor eqapudlet évav cuvte-
Aeo ) Bdpoug ota yapaxtneotixd. To neplocdtepa and tar yopaxtTnelo Tixd cuppet-
AVOVOVTOL GTO UNBEV X0l Tol UTOAOLTIOL Yapax TNELo Tixd €xouy éva Bdpog mou ovo-
paleton onuavtxotnta. H avdluvorn twv yopoxtnelo Ty apy(lel ye v ebpeorn
TOV YORUXTNELC TIXWY TOU €XOLY UN UNBEVIXY] ONUAVTIXOTNTA XL XEVOLY TOV Ta-
AvBpounty| vo emituyel To BéEATIoTa anoteréopata. O xatdhoyoc mou ano@doloe
va xpatrioel o Lasso Regressor nopoucidleton mopondte.

find the important Lasso coefficients
: Dimr_total has Lasso non zero importance: 0.05392
: DLmr_total has Lasso non zero importance: 0.11928
: Dw_total has Lasso non zero importance: 0.68814
: Bc_total has Lasso non zero importance: 0.18763
: Bcm_total has Lasso non zero importance: 0.18580
: mem_heap_B has Lasso non zero importance: 0.37906
: ilp has Lasso non zero importance: 2.48196
: 1lp.1 has Lasso non zero importance: 0.00165
: 1lp.2 has Lasso non zero importance: 0.03192
: ilp.3 has Lasso non zero importance: 0.04219
: 1lp.4 has Lasso non zero importance: 0.02634
: itypes has Lasso non zero importance: 0.01440
: itypes.3 has Lasso non zero importance: 0.32430
: itypes.5 has Lasso non zero importance: 0.09939
: memfootprint has Lasso non zero importance: 0.43879
: memfootprint.l has Lasso non zero importance: ©.33088
: stride.1 has Lasso non zero importance: 0.24014

Syfuo 5 YnuovTixdtnta Twv XopoxTneloTixey

‘Onwe alveton, To o oNUoVTLXd YapaxTnelo Tixd eivon ta e€ic:

e Toa Dlmr_total, DLmr_total xou Dw_total avagépovtar oTic avoryveaoelg xou
EYYPAUPEC OMOXATPOU TOU TEOYEAUUITOS Xol AUTES Ol AetTovpYleg uviung elvon ToAd
Baptéc and evepyelaxt| drodn. Edxd ov eyypapéc Sedouévev golveton vo €youv
HEYSAN eniBpaon 0NV EVERYELUXT XATAVAAWGST) TOU XX
e Ta otoiyela Be_total xan Bem_total avtiotouyolv otig extelolueveg und dpoug
Blanhadoelc xou oTic Aavdaouévo mpoPBiendueves utd bpoug BLaXAABDOELS O-
AoxAnpou tou npoyedupatos. O petentic mpoypdupatoc anodnxedel tn Siebuvor
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UVAUNG TNG EMOPEVNC EVTOMAC Tou mpdxeital vor extehectel xou dtav yiveton plo
BlaAGBwao, o UeTENTAC Tpoyeduuatog Tou eneepyaoty| thieton oty Véon g
EVIOMAC GApATOC, Tpdyua Tou elvar e€aipeTind damavnpeo.

e mem_heap_B nou avagépeton ot UvAun owpoU, 1 omolo elvor Wit vy Tou pol-
pdlovTal OAoL TOL VAROITOL TTOL EXTEAOUVTOL GTNY EQapuoYT). Autr 1 uviAun ennpedlel
ONUAYTIXA TNV o0 ot TN XeNOT EVERYELIS TOU GUVOAIXO) GUCTARATOS BLIXOUL-
o).

e ilp, ilp.1, ilp.2, ilp.3 xou ilp.4 ta omola avticTOLYOUV OTNY TOESAANAN 1| Tow-
o) POV EXTEAEDT WLog oxohoLDiag EVIOA®Y OE TEVTE DlapopeTixd mopddupa evTo-
MOV (to mapddupo peyédoug 16 gaiveta va efvon Loxpdy TO XopaxTELOTIXG UE TN
peyohUtepn emppor]). O IMapdhhnhoc Hpoypoppatiopdc odnyel oe Beltinon e
anédoong, ahhd 1 avTaAAoryY) SESOUEVWY XaTd TNV EXTEAEST] HECW TIEPLOY WV KON
uvAune odnyel oe udPmidtepn xatavdhwon evépyeLas.

e itypes, itypes.3 xou itypes.5 avtiotoiyoly 6Tov apidud TV avoyveOoE®Y UVAUNG,
TV apLIUNTIXOY UTOAOYLOUMY xou TNS Yenone otolBac. Ou aprduntixol unoloyt-
ouol ebvou pa Baptd epyacio mou Suoyerpileton 1 oprduntind/Aoyixh wovéde (ALU)
e CPU xou ouyvd amoutel moAhn evépyela, Wiwe otny neplntwon tng dadpeong.
H yeYion ¢ otoifoc galvetan va elvon eniong onuavtixr] yla Tov ToAvdpounty,
x0OC 1 GWOTH XATAUVOUN UVAUNG OBNYEL OE YAUNAOTERT XUTAVIAWGT] EVERYELOG.
o To otowyelo memfootprint xor memfootprint.1 avopépovtoan otov aptdud Twv
unhox (64-byte) xou twv oeridwv (4KB) nou ayyilouv ot Sieudivoeic dedouévemv.
To péyedoc tne xbplac UvAUNG ou yenotpomotel 1 avopépel éva TGy XoTd
Ny extéleot] Tou anotekel Baoixd mapdyovta yio tov Lasso Regressor.

e To stride.l avtiotoiyel oTic anootdoelc enavaypnoonolnong UAUnNG o o-
VOPEPETOL €V GUVTOMIAL OTIC AMoEdTNTES OAAXYEC XpUPTC UVHUNS Tou efvar TOAY
ONUAVTIXES, xoddC 600 UeYahlTEPES elval aUTEC OL amocTdoELS, T600 o Poupd xa-
TUATYEL Vo £Vl TO oY EOUUL.

Yuoyétion twyv Features

Avut n emhoyy yopoxTneloTiXGY Tou Tpayuatonolel o nahvdpountic Lasso
Yewpeitar Aoy, ‘Oung 1 avdhuoT TV YaeaxTNelo TIXwy Teptéyel €va dhho xpiot-
po pépoc, tov €heyyo cuoyétone. Lo to oxomnd autd e€etdleton 1 cuoyétion
Spearman, xadwg afloroyel tn povotovxr oyéon uetald 800 petafintdv. H
draduxaoia avth uroloyilel évav cuvteheo Ty Yo xdde yopoxTnEoTiXG, 0 onolog
xupaivetan etagl -1 xan +1, pe to 0 vo onuaivel 6L Sev undpyet cuoyétion. Ot ou-
oyetloeg -1 1 +1 unodnAvouy oxe3n povotovint| ayéon. Oudetinég ouoyetioelg
umodnhdvouy 6Tl xordig audveton To X, avgdvetar xan to y. Ot apvnTixég cuoye-
tloelg unodNAdVoLY 6Tl xadwg avgdveTon To X, pelwvetal o y. Ta anoteAéoporta
autol Tou test mapouctdleTon TUPUXATE.

27



STRONG X-y CORRELATIONS
: DImr has Strong Spearman correlation: 0.975110
: Ir_total has Strong Spearman correlation: 0.979055
: Dr_total has Strong Spearman correlation: 0.978974
: Dw_total has Strong Spearman correlation: 0.977122
: Dimw_total has Strong Spearman correlation: 0.975812
: DLmw_total has Strong Spearman correlation: 0.977342

: #INS has Strong Spearman correlation: 0.979055

WEAK X-y CORRELATIONS
: memstackdist.9 has Weak Spearman correlation: -0.017775
: memstackdist.13 has Weak Spearman correlation: 0.074254
: SP has Weak Spearman correlation: -0.022092
: FDIV has Weak Spearman correlation: -0.014320

Yyfua 6: Ioyueéc xou Aodeveic Luoyetioeig

To oyuptds cuoyeTlOUeVa UE TNV EVERYELX YURUXTNELOTIXG elvor Tor e€ng:

e D1lmr, to onolo avagépetar 0T aoToyleg avdyvwong tng xeughc pviune D1
Tou TpfuaTog Bedyou. Autd onualvel 6TL ol actoyieg avdyvwong tou cuuPoivouy
OTO ECWTERIXO TWV EUPWAELUEVQLY Bpdywv elvor TOA) ETULBRAUCTIXES EVERYELOXAL.

o Ir_total xou #INS, ta omolo peTpolv Tov aprlud TWV EVIOADY TOU EXTEAEC T
X0y Xou €lval o o GUOYETILOUEVA YOPUXTNELO TIXE UE TNV XATAVIAKGT EVEPYELAS,
xad¢ TepLypdpouy TeoxTixd to uéyetog Tou EXTENOVUEVOL TROYPAUUATOC.

e Dr_total, to onolo avtiototyel otov aprdud Twv avary voOoewy uviunsg ohoxinpou
Tou Tmpoypedupatoc. Mo Asttovpyia avdyvemong uviung petagépet TNy emuunTy
AEN otic ypoppée diedduvone xar evepyorotel T ypouph eAEYYOL avdyvemone.
Koo o apriude autde avidvetar, auEdvovtat xou ol anattioELs EVEPYELIC.

e Dw_total, to omolo avtictoyel otov apriud TV EYYEUPOY UVAUNG OAOXAT-
pou Tou mpoypdupoatos. Mia Aettoupyia eyypaprc pvAung petagépet t dSiebuvon
e emduuntrc Aé&ne otic ypaupée diebduvorng, uetagpépel To bit dedouévev tou
TEOXELTOL VO AmOVNXEUTOUY OTH VAU OTIC YPoUUES ElodBoL dedouévmv. Auth 1
daduxaoia Exel UeYIAN EMBPACT OTNY AATAVIAWOT) EVERYELOG.

e Dlmw_total xan DLmw_total, To onola avtioToly0lv 0TIC aoToYlEC EYYPUPHC
™™g xpupnc uviung D1 xaw g xpupric pvAung LL. ‘Otav cupPaivel wioa actoylo
eyypaphc, amoutelton amd TNV eQUEUOYN VoL xdvel yia deltepr) Tpoomddelo EVIOT-
ool TV BEBOUEVWY, aUTTH TN Qopd EvavTl TNg To apYhS xUptag Bdone Sedopévwy
xou oty 1 Staduasion Exel UPNAG evepyeloxd xHGTOG.

Ta amotehéopota auTd ovadeVOOUY T1 ONUACTN TV AELTOURYLOY TNE XEUPHC
puviung 6oov agopd Ty xatavdiwor evépyelag. {l¢ ex tolTou, elvon e€apeTixd
ONUAVTIXS VAL YENOLLOTOLOUVTAL EVOWUATWHUEVH CUC TAULATO UE TEODLOYPAUPES HEU-
phc wvAUNG Tou Tpocopuélovton oTNY EQUPUOYT| (.. TONNamAG eninedor xpuprc
HVAUNG) X vor oyedLEleTon 0 XMBXAG UE TEOTO TTOL Val UELOVEL TIC 0o Toy(EC TNG
XPUPHC UVAUNG, Tpoxeévou va emiteuy Vel x0T evepyelaxy| oamodoor,.

Ano Ty dAAN mAgupd, Tar aotevie cuoyeTlOUEVaL YapaxTNELoTIXG elvaL:
e memstackdist, o omolo avagépeTton 0TIC AMOCTICES EMAVAYENOHLOTONOTC
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e uviune. T xdde avdyvwon uvAung, npoodlopileton to avtiotolyo umhox xpu-
onc Wvhung 64 byte xou yio xdde pmhox xpupric uviung oto omolo yivetar tpbdoPa-
o1, npoodiopiletatl 0 apLiUoS TV LOVABXDY UTAOX XPUPTC UVAUNG OToL oTtola EYLve
Tpocacn and TNy TeAeuTalol Popd TOU EYLVE AVAPOEE GE AUTO, YENOLLOTIOLVTAS
wa otoifo LRU. Ilpdxerton yior pior ToAO Aemtoyept| petpixn) mou umopel vo Bon-
V1oL oTNY TEPUITERW AVAAUGT), IAAG O)L TOGO TIOAD OGOV APORE TNV XATAVIAWST)
EVEPYELOG.

e SP, 10 onoio elvar 0 aptdpds Twv TEdewy xvnThig UTOdLC TOMS Hovrc oxpiBetag.
Avuth 1 yetpinr] ebvar Aoyixd aoVevdc cuoyeToPéVn, XM HETEd Evay TOAD Gu-
YUEXPWEVO TUTIO apldunTixy Tpdenmv.

e FDIV, 10 onolo avagépetar otic npdleic dodpeons (xvntic umodiac ToAAS) xou
dev cuoyetiletal T6G0 TOAD UE TNV XATAVIAWOT| EVERYELAC, VIO TUPOUOLOUS AGYOUE
pe to SP.

Egoapuoyy tou Movtélou

To cbvoho dedopévwy exmaldevone X mepvdel omd tn dladxacia Tng Tpoene-
Eepyaoiac. T Ty epyooio auth, yenowwonoteiton 1 cuvdptnon StandardScaler()
yio T peleon tou TAdTouS TwY TGOV TV yopaxtneloTxdy. H StandardScaler()
TUTOTIOLEL €VOL YOROXTNELOTIXG QPULEOVTAS TN HECT] TN X0 GTY) GUVEYELDL XOVOVL-
xomotel oe povadiaio dtaxdpavor. Movodialo Sioaxbuavor onuaivel dlalpeon Ghwy
TV TWOY pe v Tum andxion. H StandardScaler() xdver ) péon ) e
xatovopunic 0 xon tehixd ol teploodtepeg Tég Yo Bploxovton puetald -1 xou 1.

Y1n ouvéyela, elodyouue tov LassoRegressor() xou tov opiloupe pe Tic mo-
poétpoug mou mpoéxuday and to script set_up_Regressor.py mou napouctdotnxe
oTo mopandve. O napdueteol mou npoéxuday ureviuvuilovto eniong oe autd T0
onueto:

e Parameter settings: 'regressor__alpha’: 0.3, 'regressor__max_iter’: 200, regres-
sor__tol’: 0.01

Ta clvolo Bedopévwy X train scaled xou y train npocopuolovion GTov ToA-
BpounTr xou To HoVTEROD pac elvor Théov €touo va alohoyniel uéow Tev TporypoTi-
xwv benchmarks. Apywd, To cOvolo dedouévev X test petacynuotileton and tov
scaler, X0 T0 LOVTENO eEXTTUBEDTNUE UEGL XAVOVIXOTONUEVLY BEBOUEVLV. X1
GUVEYELDL, O TUAVOPOUNTAC XENOWOTOLEL QUTO TO XAUAXWUEVO GUVOAO BEBOUEVLV
X test scaled v va mpofrédel Tig evépyelec Twv benchmarks. Anuouvpyeiton to
cUVolo dedouévwy y pred, mou mepléyel TIC TPOBAENOUEVES EVEQYELEC XL TO UO-
viého pog etvar €tolwo yia alohéynon,.

A&Lolb6ynom tou Movtéhou
H oxpiBela oe éva povtého naiwvdpounone elvon ehagpede doxoho va Baduo-
hoyniel. Efvor adOvato yio éva povtého va mpofrédel tny oxpl3h Ty, ahhd elvon

amopoftnto va eZetacTel 1660 x0ovtd elvar N mpOBhedn oe oyéomn pe v mpoy-
pater) T, T ™ Boduordynor tne anddoong evog HovIEAOL TahvdEOUNoN,
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uTdpy oLV BLdPopES PETEXES oL aElohoYoLY TNV axpifeia Twv tpofiédewv. Ol ye-
TewEC 0€loAOYNoNE ToL ETAE Y INXaY Yidl TO POV €pY0 ToEOVCLALOVTOL THPUXAT:

e Spearman Xuoyétion. H cuoyétion Spearman eivon éva un mopopeTol-
%6 TE0T MOV Ypnoiwornoteiton yior T pé€tenom tou Paduol cuoyétiong ueTall Twy
TROYHOLTIXOVY TGOV eVERYELNG ToL peTeridnxay oto target-machine xan towv Tigov
evépyelog mou poéfiede to wovtéro. Mia téheta cuoyétion Spearman +1 B —1
TEOXUTTEL 6Tay xdde W amd TiC YeTUBANTES elvon pLor TEAEL LOVATOVY) GLUVAPTNOT)
NS GAANG, EVG wo cLoYETION 0 LTOBNAGYVEL OTL BeV UTAPYEL TAON Yia TS HETOPBAN-
Té¢ va ebvan yior LovoTtovn cuvdptnon 1 wa e GAANG.

e Mean Squared Error (MSE). To MSE eivau éva andhuto pétpo tne xo-
A mpoocopuoyhc, xodoe unohoylletar and to dfpoloud TV TETPAYOVWY TWV
OPaALATOY TREOBAePNS xou 6T cUVEYELR dloupeiton e Tov apLiud Twv TpoBiédewy.
Alfvel évay andluto aptiud oyetind e T0 OO To TEOBAETOUEVA AmOTENECUATY
anoxAilvouv and tov mparypotind aprdud. Etvon ndvta o Getind Ty mou pewdvetal
x9S 10 opdiua Thnotdlel to 0.

e Mean Absolute Error (MAE). To MAE eivon o amhf] peToLxt| TOU UTOAO-
yiler Ty andhutn Blapopd UETAED TEOYHATIXWOY Xl TEOBAETOUEVKDY TIoY. Eivow
évag apliunTiXog YUEcog 6poC TWV AMOAUTWY CPUMIATOV Yiol x&le meoryorTiny xon
TpoPAenouevn Ty xon Yewpelton oavdextiny otic axpaies Twée. O otd)0¢ Elvol Vo
emtevyVel éva ehdyioto MAE, to onolo wavixd va mAnotdlet to 0.

e R squared (R?). To R? eivor o petpixd mou delyvel v ambdoon evéc po-
vTéhou moAvdpounone xou ebvar enione yvwot wg Coeflicient of Determination
(Buvtereothic Kadopiopo). Avtideta ye 1o MAE xou MSE nou e€aptdvton and
Tic Téc TV dedopévwy, 1 Bodpohoyie R? elvon aveldptntn and avtéc. ‘Eto,
pe To R? éyoupe éva baseline yio vor ouyxpivoupe dhhor poviéha, duvatdTnTa TV
omola dev mapéyeL xaplo amd Tic dhhec petpée. H muh tou R? xupadvetor petald
0 xon 1 xon wiar eyoAOTeeT) TH UTOBNAGOVEL XUAUTERT] TEOGUEUOYY UeTal TeoBAe-
e xou mparypotixic Tuie.

Emniéov, n axplBela tng npoBhedme yivetan mhfpwg xotavonth Yéow yeopn-
pdtwyv. Tao Blorypduuotor GOXELONG TV TEUYUATIXAWY EVOVTL TWV TEOBAETOUEVWY
TGV OmoTEAOVY Lol Ao TIC TAOUCLOTERES Lop@éc omTixomolnone dedouévev. Ou
TROYUATIXES THEC EVERYELAS, TOTOVETOUVTOL OTOV dEOVA T, EVE Ol TPOBAETOUEVES
and T unyavixr pdinon twéc evépyelag tonodetolvtar otov d&ova y. O Tyée
oToug dfoveg T xau Y €youy yovdda pétenong 1 Joule. Ta onpeio otn ypopixy| na-
pdotaon Yo oynuatilouv woavixd v evldela y = x, 1 omola palveton e€acievnuévn
pe umhe yeopa. Ta onuela Tou TEOXUTTOLY EMGNUAVOVTAL UE XOXXIVO Y POUA.

Téhog, xadne mopoxdte atohoyolpe autd 0 Hovtéro Y€ow 56 benchmarks,
UTAPYEL €VOL DIAYPOUUA TTOU CUYXEIVEL TIC TTRAYHATIXES Xou TIC TpoBAenoueveS evEp-
veleg yia x&e benchmark eywplotd, avagépovtac To Gvoua xdde TpoYpduuaTos.
Avutd tonodetolvtan otov d€ova x, eved oL TpoBAemoueveS THES evépyelag LPKVO-
vt xatd tov d€ova y. Alo umdpeg mou avogpépovial oto (Blo benchmark Yo
(pTdooLy Wavixd oo Blo Ldog.
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A&oloyTMoT péow tou Dataset

e autd 1o onuilo, To clvolo Bedouévmv mou mepthopfdvel Toug 700 Topo-
yéuevoug xwdixole ywelleton oe xhipaxa 1/5. Autd onuaivel 6Tt oL xMBixeg mou
XENOWOTOOUVTAL Yo TNV exnoddeucy Tou poviéhou elvon 560 xan oL xOOIXEC TOU
yenolponolovvton yio T doxur etvor 140.

Ot téooepic petpnég mou delyvouy Ty motdtnta 1wy TeofBiédewy Tou yovtélou
poc TapouotdlovTol TapaxdTe:

Yyfuor 7: Metpuég A&ohdynong Movtéhou

Ta anoteréopota deiyvouv mohd xohf axpifela otic npoBiédelc, Wiwe 6cov
apopd to R Auté oy avapevopevo, xodds To Lovtéro TPoPAETEL TIC EVEPYELD-
XEC TWES TEOYPUUUATELY TOU €Y0UYV CUYXEXQULEVOL YUEAUX TNELO TIXH, TUEOUOLL UE ToL
TpoYEdUUaTa IOV To exmaldevoay. AvahuTixdTepa:

o H udmir} ocuoyétion Spearman peto€d TWV TEAYHATIXOV TGV EVEQYELNS YOl
Twv TpoPhenduevev tpooeyyilel to 1, mpdypo mou onuoiver OTL OL TEOYUOTIXES
evépyeleg elvan TapOUOLES UE TIC TPOPBAETOUEVES.

e To MSE 8ev eivon mohd younhé. Autd mdavede cupgfoiver Aoyw tou ueydhou
test dataset mou ypnouwlonoteitar.

e To MAE Bploxetoan oe %ol eninedo, umodeixviovioag 6Tl 10 ddpolopa Twv o-
TOANUTWY Blopopddy PETAE) TV TEAYHATIXWY Xal TV TEOBAETOUEVWY THIMV Bev
elvan peydho.

e H Bouduoroyio R? eivon peydhn xou debyvel 6Tt o mpoypatinéc o ol TpoBhe-
mopeves Tée evépyetag elvon oyeddv tautéonues. Aclyvel mwe to 98,89% ohwv
TWV PETABOAGY TNE EVERYELUXNAC XOTAVAAWOTNG TwV test codes xotaypdpetal and
TO TPOTEWVOUEVO UOVTENO eXTIUNONC EVERYELIC.

H obyxpion TV meaydaTiedy xot TwV TEOBAETOUEVKY TWWV EVEQYELNS OTEL-

xovileton oto mapoxdtw oy, Ou Tée evépyelag otov dEova & xou GTov dEova
y xugaivovton pyetadd [0, 8] Joules.
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Evaluation through Dataset
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Syuo 8: Ipoypatinée Twée évavtl Ilpofrenduevev Tiumy

‘Onweg PAénoupe undpyouv TOAAG ONUElN CUYXEVTPWUEVA GTNY APy TWV -
Eovwyv. To to Adyo autd, oto emduevo oyfua oL GEOVEC T Xou Y XUUoVOVTOL
petad [0, 0.6] Joules, eotidlovtog 0TOUC XOBDXES UE YOUUNAA XATAVIAWOT EVER-
Yewg.

Low Energy Codes
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Syhua 9: Hpoypotinég Tyég évavtt Ipofrendpevoy Twy oe Koddineg Xauning
Evépyelag

Eivor pogavéc 6t to R? 0,9889 enaknieletor P€ow auTMY TWY YRUPNUAITOV.
Ta neptocdtepa onuelor cuYXEVTEWVOVTOUL TOAD XOVTE GTNY LBAVLXY Blory VLA YEo-
wn, emPBeBarcyvovtag to VPNAS eninedo oxpifBetac TEdBAedne.
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A&loloyMnoT péow tou Polybench Suite

To mo onuoavtixd 6tédlo g allohéynone Tou Yovtéhou eivon 1 epopuoyy 56
Bevenuoexs tne coultoc IloAdBeven oo povtélo yag, mpoxelpévou va egetaotel 1
TOLOTNTO TWV TEOPBAEPEWY GE U TOPAYOUEVOUS HOBIXES.

Ou téooepic YeTpixéc eEeTdoTNXAY GTO LOVTEAO HOG XOL TOL UTOTEAEGUATOL To-
povactdlovtol TapaxdTe:

Syhua 10: Metpuée AZohdynone Movtéhou

‘Onwe yivetow e0xoha avTIANTTO, ToL ATOTEAEGUATA UVTATOXPIVOVTAL GTO OXOTO
Tou mopovTog épyou. Ilo avehutind:

o H un\f ouvoyétion Spearman yetald TwV TEAYHATIXGY XU TwV TEOBAETOUE-
VOV TGOV evépyelac TAnoldlel To 1, npdrypa Tou onuoalivel OTL OL TRy UOTIXES TUUES
evépyelag Twv 56 benchmarks nou peterdnxay elvan mapduoleg pe Tic avtictoryeg
TWéC evépyelog Tov TpoBAede To HoVTENO.

e To MSE mnou nAnotdlel to undév dnhvel 6t dev udpyouv colupd ueydha oQai-
potal HETAE) TOV TEAYHOTIXDY Xl TwY TEOBAETOUEVOY TULOV.

e To MAE Bploxeton okl xovtd oty {(Bio td€n, umodetxviovtag 6t to ddpotopa
TWYV ATOAVTWV SLOPOPMY UETAED TV TROYUATIXGDY XL TWV TEOBAETOUEVLY TULMY
elvon oe yaunAd emnlneda.

o H Baduoloyio R? eivon peydhn xou debyvel 6L o mpoypatinéc xou oL TpoPhe-
TOPEVES TWES EVEPYELNG Elvan oyedbv Towtdonues. Autéd onpaiver L to 96,03%
OAWV TWV PETUBOADY TNS XATAVIAWONS EVEQYELNS TWV DOXLUACTIXMY EQPUPUOY WY
AATOYPAPETOL OO TO TPOTEWVOUEVO UOVTEAO EXTIUNONG EVEPYELNC. DTNV TEAYMUA-
TxdTNTa, To eninedo 0,960387 unopel va anoteréoel v baseline T autod Tou
povtéhou unyavixie uddnong, dniady éva oxop mou dnuiovpyel xivnteo yio va
Eenepaotel 0TO YEANOV.

H obyxpion TV meaydaTiedV xou TwV TEOBAETOUEVKY TYLWOY EVEQYELNS OTEL-

xovileton oto mapoxdtw oy, Ou Tée evépyelag otov dEova & xou GTov dEova
y xuyaivovton pyetadd [0, 8] Joules.
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Evaluation through Benchmarks
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Syfuo 11: Tpaypatixée Twée évavtl Ipofiendpevev Tyuody

‘Onwe BAémouye undpyouv TOMG onuela CUYXEVTPWUEVO 0NV opYY TV o-
Eovov. Autd ocupPaivel emeldn €youv yivel TOAES BOXUES HOBXDV UE YOUUNAT
xatovdAwon evépyetag. ot to Aéyo autd, oto enduevo oyfua ot dEoves T xou y
xupodvovton petold [0, 1.2] Joules, eotidloviog 6TOUC XMBIXES UE YOUNAT XOrTo-
VAAWOT EVERYELS.

Low Energy Benchmarks
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Syue 12: Hpaypatiég Tée évavti IpoBienduevey Tydv oe Koddixee Xauning
Evépyelag

’ L 2 ’ / , ’
Etvou mpogavéc 61t 1o R® emoniedetor yéow autdv tov yeapnudtwy. Tao
TEPLOCOTEPA ONUEN CUYXEVTEMVOVTOL TOAD XOVTA GTNY 18AVIXT Bloty VIO YRoUUY),
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emBefoudvovtag 1o LPnAS eninedo oxplBelac npdPredne. IlpoBinuotilel to yeyo-
vO¢ OTL 6TO YedpNnua, 1 TedBAedr) unepexTiud we entl to TAeloTov To TEAYUXTIXG
anotéheopa (y > x)eldd oTic younhéc evépyelec, ahhd Oyt oe eninedo mou va
HELOVEL TNV emiTuyio TV TPOBAEPEWY.

Avutd o anoteréopata Twv TpoBredewy Unopoly Vo YIVOuY armohlTwe XaTavor-
TA GLUYXPIVOVTAC TNV TEAYUATIXY Xal TNV TEOBAETOUEVY] EVEQYELO TIOU XOTAVUAGVE-
Ton and xdde pepovowpévo benchmark. Mto axdiovda oyfpata toapovoldlovTol o
TEOYUOTIXES O OL TIEOBAETOUEVES TWES EVEpyelag Twv benchmarks youninc xou
peoalac evépyeloe Eeywptotd. Avagépetan enlong to Gvoua tou xdlde mpoypduua-
ToC.

Low Energy Benchmarks

. True
B Predicted

Yyhua 13: Heoypotixée Tyée évavtt IpoBhenduevov Ty oe Kddixeg Xaunidv
Evepyelaxdyv Anoutrioewy
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Medium Energy Benchmarks

. True
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Energy Values

N

Syhua 14: Hporypotixég Twée évavt Ipofrendpevwy Tuwy o Kddixee Meoainy
Evepyelomdv Anotioeny

Onwe gaiveton xabopd, oTic TEQPIOOOTEPES TEPLTTWOEL Ol TEOBAETOUEVES Ti-
uéc evépyetag elvon TOAD xovid ot mpayuoatixéc. To mococtd cpdipatog otny
npoBiedn évepyelac Twv benchmarks younAodv evepyelox®y anouTHOEWY TOU o-
VOPEQOUE TPONYOLUEVWLS, Hrtopel vor Slamiotwiel oto Lyfua 13. And v dAAn
TAELEE, N TEOPBAEYN EVERYELNG OE XWOBIXES TOU €YOUV EVERYELOXES AMUTHOELS OTO
ebpoc [0.4, 1.2] elvan dxpoe emtuyhc.

Supnepaopotind, n axpifeio e npdPredne Peloxetor o mohd xohd eninedo
xou 1 Paduoroyio R? 0.960387 eivon évo amoutntind baseline yio vo Eenepaotet
07O UENNOV.

Aoxipr Tng Ke¥OB0L OE EVAAANAKTIXY] CUCKELY]

Evo and tor TAeovexTHUATO TOU gpyahelou glval 1) BUVATOTNTA EMAVACTOYEVOTC.
To povtého exmandedtnne PEow TWV EVERYELOY Tou UeTednxoay oTtnv mhaxéta
Nvidia Jetson TX1, ypnowonowwvtog tov aucdntrpa oylog INA3221. Suvena,
oL TpoPAEYelc TOU TPAYUATOTOLEL TO HOVTENO AVOPEPOVTAL O TUES EVERYELNG TIOU
Yo xotavah 3oy av 0 ¥eHoTng EXTEAECEL TNV EQPUPUOYY) TOU OTNV CUYXEXQLUEVT|
auth mhaxéta. Ilopddnha, duwe, T0 gpyahelo auTd UTOPEl VO TPOCUPUOCTEL GE
onoldNnoTe dAAN cuoxevy|. ‘Eva mopddeiypa auTAC NG EPUPUOYNC EYVE HE TN
yenon e mhoxétag NVIDIA Jetson Xavier NX, 1 omolo ypnotonotdnxe yio
HETENOT TWV EVERPYELWY TOoO Tou training dataset 6co xou Tou test dataset. To
HOVTENO BEV TEOTOTOLUNXE XAl T AMOTEAEGHUATO TAPOUCIALOVTOL TAEAUXET:
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Syhua 15: AZioddynon e pedddou oe GAAT GUOXELT

To anoteréopota auTd delyvouy wa ToAD LPNAT cuoyétion UeTal TwV TEofBhe-
TIOUEVGY X0 TWV TEOYUOTIXGY TH®Y, 1) ontola tpoceyyilel oyedov to 1. E&dhov,
t0 anotéheopo MSE 0,03 dewpelton egonpetind younid xon delyvel 6t dev undp-
YOLY OBV xarddAou c@dhuaTa UETOEY TOV TEOYUATIXWY Kol TLV TEOBAETOUEVELV
TV, Auté emBeBacyveton enlong hopfdvovtog urodn TNy oA younih Baduo-
roylo MAE. Ané tnv dhn mhevpd, 1 Baduoroyio R? Bev elvor mohd umhy oe
oUyxpton ue to 0,96 mou emitelydnxe Ye T0 evepYeloxd GUVONO BEBOPEVLY TN
mhaxétac Nvidia Jetson TX1, ahAd to eninedo 0,77 Yewpelton ixavomointixd.

Yuunepaopatixd, 1 doxuur auTy amodelxviel OTL TO HOVTEAO awTd umopel va
yenoworomdel yio Ty o3 TedBredm e xatavdhwong evépyelag o BLdPopeS
TAaxETEC. Xe o UEAAOVTIXY eappoYT, o xerfiotng Ya unopel va ‘tpoc¥éoel’ o
UNYOVA-0TOYO OTOV XATIAOYO GUGKEUMV-GTOY WY %ol Vo TEOPBAEYEL TO evepyelaxd
%€60T0¢ ToU *OBLXA dTay EXTEELTAL O AUTH AXEBOC TN GUOXELH-GTOYO.
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YuunepdouoTa

O o16y0¢ autol Tou €pyou HTav va dnuouvpyniel éva ebypnoto epyaleio mou Va
unopel va Bonfcel €vay TEOYpoUUATIOTH TNV oedlaon xmdxo pe xohltepr -
vepyelwoxn] anédoorn. H yvodon tne evepyelonic xATavIAWONS TOU TEOYEIUUITOS,
ywelc ™ xeron onoloudnrote acInTiea YETENoNS EVERYELNGS, UTopel Vo oBnyrioeL
oe evepyeloxd Bldolpous TedToug Tpoypouuatiopol. MoOAc o mpoypopuaTio TS
Teheldoel T obvTaln Tou XWOWa, elvon oe Véon vo eAéyEel TNV TEOBAETOUEVT,
AATUVIAWCT) EVEQYELIC XL VO ETOVACYEDLACEL TOV XX UE TILO ATOBOTIXS TEOTO
epooov ypeewdletar. O mpoypauuotio T unopel enione vo udidel onuavtixés tinpo-
(Qopleg OYETIXA UE TN CUUTERLPORE TOU XOOIXA HECEW TOU GUVOAOU BEBOUEVWY TIOU
cUANEYETOL Xou {0WC VoL AAGEEL TO YENOWOTIOLOVUEVO UNXO.

IMopoucidotnxe éva axpBéc HOVTEND eXTIUNONG TNG EVERYELIC VIO TROY AT
XOUNAGY xou Yeoalwv evepyelaxmy anarthoewy. Me 0 oxaypdgnon xuplwg tng
GUUTEPLPOPES TNG UVAKNG TOU TEOYEAUUATOS, TO LOVTEAD TIOU TUPOUGLACTNXE OO
vel oe e€anpetnd anoteréopata. Elvon Sounuévo pe tétolo t1pomo, WoTe Vo Unopel
va yenowonomndel wg éva anhé epyoahelo mou umopel va emitoyUvel T dadixactio
exTlunong NG eVEPYELNS X0 GUVETKE TNV AVATTUEY] TWV EVOOUITWUEVDY CUGTY-
pdtwyv. To povtého avomtdydnxe ue Bdon por TAat@oppa LA xou 1 axpeiBela
NG EXTIUNONE Yiol YLt OELRS EQOPUOYWY amtd TN couita egapuoydv PolyBench #tav
96,03%.

H duvotdtnta emavac TOYELoN EVOL €VaL aXOUO TAEOVEXTNHA TOU TPOTEWVOUE-
vou uovtélou pag. Metpdvtag TNy evepyelony| xotavdhwor twv 700 toporyduevwy
mpoypaupdtwy (train dataset) oe pia dpopetind| TAatpdpua-otéyo, elvan edxo-
Ao va yenowonoindel o wovtého -Blywe xoaulo tponomoinom- yio Ty TEOBAEd
NG EVEPYELOXNG XUTAVAAWONE XATE TNV EXTEAECT) EVOC TROYEAUUATOC OE QUTY TN
véa mhat@opua. Koatd cuvéneia, autd to gpyaheio da tav modd Bonintind otnv
emhoyy Tou xotdAAnhou hardware mou Toupldlel oe Yo CUYXEXELWEVT] EQUPUOYT.

AopPdvovrog unddm étL éva epyaheio extipnong evépyelag pe T duvatodTnTA
vo mpotelvel petaoynuatiopolg oyedioong do unopodoe va elvon TOAD yperouo,
YewpoLpe 6TL évac Acixtne Metaoynuatiopdv Bedyou (Loop Transformations
Indicator) eivon évac mdavde otéyoc Y TIC UEAROVTIXES ERELUVNTIXEC EPYUOIES
pac. Ilpoc auvth v xatedduvon, ov odnylec ”#pragma scop” xou ”#pragma
endscop” Yo unopovoay va Bondcouv otny évdelln tou PBapltepou Bpdyou’ xau
OTN) GUVEYELL OTO UETACYNUATIORO auToU UE Evary TiLo BUOCLUO EVERYELUXY TEOTO.
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Teoénoc Xpriong touv Epyaleiou

ITewv 0 xpRoTne YeNOoWOTOoEL TO EPYUAEID, UTEEYOUY OPLOUEVES AMOLTAOELS
Tou mpénet va e€acpaioel. Apynd, npénet va eyxatactioel to Valgrind xou to In-
telPin otov unoloyio Ty Tou. Emmiéov, ta paths twv scripts real_test_analysis.py
xou predict_energy.py mpénel vo aAAGEOUV TEOXELWEVOU VO TEOCUPUOGTOUY OTIC
BiBhotixec tTou unoloyio T Tou. Aol dievdetrioel Ta Topandve, o YeRotng elvon
€TOLWOC Vo YpnoLoTolioeL To epyaleio.

H ypfon autol tou gpyodeiou elvan mohd amhr xou anoteAelton amd teio Bruo-
to. Ilpdta, 0 ypRomne mpémel va oploel tov “emBapuuévo’ Beoyo Bdlovtag ta
"#pragma scop” xau " #pragma endscop” €€w omd autdy, mpoxelwévou vo Porn-
Orjoel Ty avdAuor. Xtn cuvéyela, npénel vo exteAéoel To script real_test_analysis.py
vt To apyelo mycode.c mpoxepévou vo dnuovpyrioet to apyeio dataset.csv, 6mwg
TO TOPOXATL TOPADELYUOL:

$python real_test_analysis.py mycode
Télog, o ypNotne meenel va exteréoel To script predict_energy.py yio to apyeio
mycode.c yio VoL del TNV TEOBAETOUEVT] XATAVIAWOT) EVEQYELIS TNE EPUPUOYNE TOV,

OTWS GTO TMOPOXATL TORBDELYUOL:

$python predict_energy.py mycode
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Chapter 1

Introduction

In the past decade there has been a large increase in use of electronic systems.
The vision of a world where the latest technology is in the hands of everyone
has almost become a reality and the ease of use has brought speed and comfort
to the user’s experience. Plenty of devices such as computers, cellphones, cars,
televisions, etc., are connected to the internet, so they can share data with other
Internet of Things (ToT) applications, connected devices, industrial machines
and more. These internet-connected devices use built-in sensors to collect data
and, in some cases, act on it, so they can adapt to the user’s needs. This
large amount of available data lets machines train, learn and predict. Machine
learning (ML) is a subset of Artificial Intelligence (AI) that provides the system
with the ability to automatically learn and improve from experience rather than
explicit programming. This is considered a major technological revolution that
can analyze a massive amount of data, and interpret patterns and structures to
enable learning, reasoning, and decision making outside of human interaction.
The Internet of Things and Machine Learning promise many positive changes
for health and safety, business operations, industrial performance, and global
environmental issues.

At the same time, the global energy demand has reached the highest point
and has become one of the main aspects of scientific research. The environmen-
tal concerns, such as global warming and local air pollution, scarcity of water
resources for thermal power generation, and the limitation of depleting fossil
energy resources, raise an urgent need for more efficient use of energy and the
use of renewable energy sources (RESs) [1].

With the rise of IoT and ML, the implementation of them on energy chain
and electrical grids is not an exemption, even more it is the driving force of
world-scale changes. IoT can be employed for improving energy efficiency, in-
creasing the share of renewable energy, and reducing environmental impacts of
the energy use. Besides, ML can can improve energy generation consumption
predictions, which thereby improves the stability of an energy system.

As follows, it is a necessity for industries and developers to focus on Green
Software Engineering. The two big fields of sustainability and Information and

40



Communication Technology (ICT) are Green IT (how can we make ICT itself
more sustainable) and Green by IT (how can we encourage sustainability by
ICT). Taking a deeper look, software links these two areas: Regarding Green
IT, there are a lot of solutions to build and use hardware in a more energy
efficient way, manufacturing embedded systems that adapt to the needs of the
exact application. But the debate how energy-intensive software might be is
just beginning [2]. The fields of Green Software Engineering are being shown in
Figure 1.1.

The purpose of this project is to use ML in order to dynamically predict
the energy consumption of low and medium energy, C language programs. The
definition of low and medium energy codes given below:

o SMALL: Around 128KB of memory. The problem should not fit within
the L1 cache, but may fit L2.

e MEDIUM: Around 1MB of memory. The problem should not fit within
the L2 cache, but may fit L3.

When executing a code in a specific machine, it is very important for the
developer to know the upcoming energy cost, and thereafter design it in a more
efficient way or execute it in a different machine. In a bigger scale, the knowl-
edge of the energy consumption of codes can help industries to avoid any waste
of energy resources and design applications in the direction of Energy Sustain-
ability.

Green Software Engineering

Green IT Green by IT

Process
Product
Design
Libraries
Usage

Cloud Computing
Internet of Things
Virtualization
Dematerialization
Grid Management

Figure 1.1: Aspects of Green Software Engineering
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1.1 Related work

One of the core challenges in system designs is the necessity for fast and accu-
rate prediction of both performance and power consumption of real world appli-
cations and benchmarks. Applications often exhibit significant power and per-
formance variations, where estimation of time-varying performance and power
traces can provide useful information for optimization of both hardware and soft-
ware. Early analytical models focused on the evaluation and study of microar-
chitectural variations on pipeline and instruction-level parallelism. More re-
cently, statistical and regression-based methodologies have emerged and evolved.
Some of these works motivated us during the process of this Thesis.

Accurate Phase-Level Cross-Platform Power and Performance Es-
timation, Xinnian Zheng, Lizy K. John, Andreas Gerstlauer[3]

LACross is a a fine-grained phase-based approach, where the learning al-
gorithm synthesizes analytical proxy models that predict the performance and
power of the workload in each program phase from performance statistics ob-
tained through hardware counter measurements on the host. During the train-
ing stage, a set of sample programs are executed both on the host machine
and a reference target model. The target and the host do not necessarily have
to be of similar architectures. For each workload LACross obtains, at phase
level, various hardware performance features from the host as well as reference
performance and power from the target. LACross formulates the problem of
the latent relationship between the host and target, into a statistical learning
setting, and derive prediction models for both performance and power on the
target. A set of performance features is obtained at phase level and used as in-
puts to the prediction model in order to produce an estimate of the performance
and power on the target. The tool predicts the number of executed cycles, while
the prediction of the program’s execution speed gives a comprehensive view of
the performance. Regarding power, LACross predicts the energy consumption
in relation with the runtime of the program. On the other hand, this tool neces-
sitates 5 separate runs of the program on the Intel host to obtain 14 features,
and its training dataset consists of only 157 sample programs. Despite these,
this tool gave us a lot of ideas for designing the proposed methodology.

An accurate instruction-level energy estimation model and tool
for embedded systems, Mostafa Bazzaz, Mohammad Salehi, Alireza
Ejlalif4]

An instruction-level energy estimation model and tool for microcontrollers.
It adopts a measurement-based method and it can be used to estimate the en-
ergy consumption of the processor core with good accuracy. The model is based
on parameters such as instructions type, number of executed shift operations,
register bank bit flips, weight and Hamming distance of the instruction words.
Also, different type of memory accesses and pipeline stalls have been considered.
However, it targets only on microcontrollers and it is based on a specific ARM-
based Instruction Set. Furthermore, this approach uses a very limited dataset
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of 60 programs.

Worst-Case Execution Time Prediction by Static Program Analy-
sis, Reinhold Heckmann, Christian Ferdinand[5]

Abstract interpretation can be used to efficiently compute a safe approxi-
mation for all possible cache and pipeline states that can occur at a program
point. These results can be combined with ILP (Integer Linear Programming)
techniques to safely predict the worst-case execution time and a corresponding
worst-case execution path. This approach can help to overcome the challenges
listed in the previous sections, however this kind of tools are extremely slow,they
are not so accurate and they can support only specific architecture models.

Energy consumption and execution time estimation of embedded
system applications, Callou G, Maciel P, Tavares E, Andrade E,
Nogueira B, Araujo C, Cunha P.[6]

This work proposes a mechanism for supporting design decisions on energy
consumption and performance of embedded system applications. In order to
depict the practical usability of the proposed methodology, a real case study
as well as customized examples are presented. The estimates obtained through
the conceived model are 93% close to the respective measures obtained from
the real hardware platform. Although, this tool proposes a stohastic evaluation
approach through discreet event simulation and it is performed in a definite
microprocessor.

Ithemal: Accurate, Portable and Fast Basic Block Throughput Es-
timation using Deep Neural Networks, Charith Mendis, Alex Renda,
Saman Amarasinghe, Michael Carbin[7]

Ithemal (Instruction THroughput Estimator using MAchine Learning), is
a novel data—driven approach to predicting throughput for a block of instruc-
tions, inspired by advances in Deep Neural Networks (DNNs). Ithemal models
the throughput estimation problem as a regression task and leverages a DNN
to learn to predict throughput by using a large corpus of labeled data, mapping
assembly sequences to real valued throughputs. More concretely, Ithemal uses
a hierarchical multiscale Recurrent Neural Network (RNN), which generates an
independent embedding for each instruction, then sequentially combines the in-
struction embeddings to predict throughput.

Studying those works helped us shape the idea of making a cross-platform,
dynamic analysis tool that profiles an amount of 700 representative generated
sample programs, trains a Lasso-built model and predicts the energy consump-
tion of a test program.
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1.2 Thesis Outline

In chapter 2 some technical mandatory background will be given in order to
better understand the broader use of energy measurements embedded systems,
profiling tools, regression and classification models as the two subcategories of
machine learning.

In chapter 3, the proposed tool will be shown. More specifically, the way
of profiling programs, building training and test datasets, and constructing the
regression-based model will be analyzed extensively.

Following, in chapter 4 the experimental results will be presented. In detail,
some comparisons between the feature importance, the characteristics of the
model and the evaluation of the tool will be displayed.

Finally, Chapter 5 shows some conclusion drawn from the previous results,
as well as some suggestions for future work.
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Chapter 2

Technical and Theoretical
Background

2.1 Energy measurements in embedded systems

In purpose of the energy measurements, boards and power sensors have been
used. Those embedded systems are located in the Microprocessors Laboratory
and Digital Systems Lab (MicroLab) laboratory of the School of Electrical and
Computer Engineering of NTUA and are listed below.

Nuwidia Jetson TX1

NVIDIA Jetson TX1 is an embedded system-on-module (SoM) with a GPU
integrated 256-core NVIDIA Maxwell and a quad-core ARM Cortex-A57 CPU
and memory of 4GB LPDDRA4. Useful for deploying computer vision and deep
learning, Jetson TX1 runs Linux and provides 1TFLOPS of FP16 compute
performance in 10 watts of power. The block diagram of NVIDIA Jetson TX1
is shown below.
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Figure 2.1: NVIDIA Jetson TX1 Block Diagram Module

NVIDIA Jetson Xavier NX

NVIDIA Jetson Xavier NX is an embedded system-on-module (SoM) with
a GPU based on architecture Nvidia Volta 384 CUDA and 6-core 64-bit CPU
NVIDIA Carmel ARM v8.2 . It has 2-level cache (6 MB L2 + 4 MB L3) and
8 GB 128-bit LPDDR4x RAM. It is perfect for high-performance Al systems,
and accelerates the NVIDIA software stack in 10 watts of power. The block
diagram of NVIDIA Jetson Xavier NX is shown below.
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Figure 2.2: NVIDIA Xavier Block Diagram Module

INA3221 Power Sensor

The INA3221 is a three-channel, high-side current and bus voltage moni-
tor with an I2C- and SMBUS- compatible interface. The INA3221 monitors
both shunt voltage drops and bus supply voltages, in addition to having pro-
grammable conversion times and averaging modes for these signals, that allows
power measurement of various applications.

2.2 Profiling Tools

As mentioned before, the purpose of this project is to predict the energy
consumption of programming codes. In order to accomplish that through ML,
we chose to use some profiling tools to extract useful data about the codes,
especially data related to memory access. The tools that have been used are
some subtools of Valgrind and Intel Pin.

Valgrind is an instrumentation framework for building dynamic analysis
tools. There are Valgrind tools that can automatically detect many mem-
ory management and threading bugs, and profile programs in detail. It was
originally designed to be a free memory debugging tool for Linux on x86, but
has since evolved to become a generic framework for creating dynamic anal-
ysis tools such as checkers and profilers. The Valgrind distribution includes
seven production-quality tools: a memory error detector, two thread error de-
tectors, a cache and branch-prediction profiler, a call-graph generating cache
and branch-prediction profiler, and two different heap profilers. It also includes
an experimental SimPoint basic block vector generator.

Pin is a dynamic binary instrumentation framework that enables the cre-
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ation of dynamic program analysis tools. Some tools built with Pin are Intel
VTune Amplifier, Intel Inspector, Intel Advisor and Intel Software Develop-
ment Emulator (Intel SDE). The tools created using Pin, called Pintools, can
be used to perform program analysis on user space applications on Linux, Win-
dows and macOS. As a dynamic binary instrumentation tool, instrumentation is
performed at run time on the compiled binary files. Thus, it requires no recom-
piling of source code and can support instrumenting programs that dynamically
generate code. Pin provides a rich API that abstracts away the underlying
instruction-set idiosyncrasies and allows context information such as register
contents to be passed to the injected code as parameters. Pin automatically
saves and restores the registers that are overwritten by the injected code so the
application continues to work. Limited access to symbol and debug information
is available as well. Pin was originally created as a tool for computer architec-
ture analysis, but its flexible API and an active community (called ”Pinheads”)
have created a diverse set of tools for security, emulation and parallel program
analysis.

The specific subtools of Valgrind and IntelPin that have been used are shown
below:

Cachegrind

Cachegrind simulates how the program interacts with a machine’s cache
hierarchy and (optionally) branch predictor. It simulates a machine with inde-
pendent first-level instruction and data caches (I1 and D1), backed by a unified
second-level cache (L.2). This exactly matches the configuration of many modern
machines.

However, some modern machines have three or four levels of cache. For these
machines (in the cases where Cachegrind can auto-detect the cache configura-
tion) Cachegrind simulates the first-level and last-level caches. The reason for
this choice is that the last-level cache has the most influence on runtime, as it
masks accesses to main memory. Furthermore, the L1 caches often have low as-
sociativity, so simulating them can detect cases where the code interacts badly
with this cache. Therefore, Cachegrind always refers to the I1, D1 and LL (last-
level) caches. Cachegrind gathers the following statistics (abbreviations used
for each statistic is given in parentheses):

e I cache reads (which equals the number of instructions executed), I1 cache
read misses and LL cache instruction read misses.

D cache reads (which equals the number of memory reads), D1 cache read
misses, and LL cache data read misses.

D cache writes (which equals the number of memory writes), D1 cache
write misses, and LL cache data write misses.

Conditional branches executed and conditional branches mispredicted.

Indirect branches executed and indirect branches mispredicted.
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These statistics are presented for the entire program and for each function
in the program. You can also annotate each line of source code in the program
with the counts that were caused directly by it. Detailed cache and branch
profiling can be very useful for understanding how your program interacts with
the machine and thus how to make it faster. Also, since one instruction cache
read is performed per instruction executed, it finds out how many instructions
are executed per line, which can be useful for traditional profiling.

Massif

Massif is a heap profiler. It measures how much heap memory your program
uses. This includes both the useful space, and the extra bytes allocated for book-
keeping and alignment purposes. It can also measure the size of the program’s
stack(s). Heap profiling can help in reducing the amount of memory the program
uses. On modern machines with virtual memory, this provides the following
benefits:

e It can speed up a program — a smaller program will interact better with
the machine’s caches and avoid paging.

e If a program uses lots of memory, it will reduce the chance that it exhausts
your machine’s swap space.

Also, there are certain space leaks that aren’t detected by traditional leak-
checkers. That’s because the memory is not ever actually lost (a pointer remains
to it) but it’s not in use. Programs that have leaks like this can unnecessarily
increase the amount of memory they are using over time. Massif can help iden-
tify these leaks. Importantly, Massif tells you not only how much heap memory
the program is using, it also gives very detailed information that indicates which
parts of the program are responsible for allocating the heap memory. Massif
also provides Execution Trees memory profiling.

MICA

MICA (Microarchitecture-Independent Characterization of Applications) is
a Pin tool, developed by Kenneth Hoste and Lieven Eeckhout (Ghent Uni-
versity), which allows the user to collect a number of program characteristics
to quantify runtime program behavior. These program characteristics are to-
tally independent of the microarchitecture (cache configuration, branch predic-
tor, etc.) on which the measurements are done, in contrast to other workload
characterization techniques using simulation or hardware performance counters.
MICA tool contains eight types of analysis:

e Instruction-Level Parallellism, available for five different instruction win-
dow sizes (16, 32, 64, 128, 256).

e I-types, which is the instruction mix analysis and is evaluated by cate-
gorizing the executed instructions of x86 architecture assembly in nine
categories(memory read, memory write, control flow, arithmetic, floating-
point, stack, shift, string, sse)
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e Instruction and data memory footprint. The size of the instruction and
data memory footprint is characterized by counting the number of blocks
(64-byte) and pages (4KB) touched. This is done separately for data and
instruction addresses.

e Memory reuse distances. For each memory read, the corresponding 64-
byte cache block is determined. For each cache block accessed, the number
of unique cache blocks accessed since the last time it was referenced is de-
termined, using a LRU stack. The reuse distances for all memory reads
are reported in buckets. The first bucket is used for so called ’cold ref-
erences’. The subsequent buckets capture reuse distances of (27, 2(+1),
where n ranges from 0 to 18. The first of these actually captures (0,2),
while the last bucket, (2'8,219), captures all reuse distances larger than
or equal to 2'8. In total, this delivers 20 buckets, and the total number of
memory accesses (the first number in the output), thus 21 numbers.

e Branch predictor of the conditional branches in the program, in 4 different
configurations (global/local branch history, shared /seperate prediction ta-
ble(s)), using 3 different history length (4,8,12 bits). Additionally, average
taken and transition count are also being measured.

e The register traffic is analysis, in different aspects such as average num-
ber of register operands, average degree of use and dependency distances.
Dependency distances are chosen in powers of 2 (i.e. 1, 2, 4, 8, 16, 32, 64).

e Data stream strides, that are the distances between subsequent memory
accesses in four categories (local load (memory read) strides, global load
(memory read) strides, local store (memory write) strides, global store
(memory write) strides). Local means per static instruction accesses,
global means over all instructions. The strides are characterized by powers
of 8 (0, 8, 64, 512, 4096, 32768, 262144).

MICA also allows to measure the characteristics either for the entire execu-
tion, or per interval of N dynamic instructions. It also allows custom selection
of which of the above types to be analyzed.

PinTool

PinTool is an IntelPin tool developed by Charalampos Marantos (ECE NTUA)
that collects plenty of program characteristics. PinTool contains ten types of
analysis:

e Single precision floating point operations.

Double precision floating point operations.

Integer operations

e Division operations.
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e Control-flow operations, like if, then or else statements.
e Memory operations, such as load and store operations.
e The number of instructions executed.

e No Conflict

o Stride 0 (local and global)

e Branch divergence related features. For example, if you split all branches
in sets of 16 iterations, it will calculate the number of these sets. In fact,
this analysis provides sets of 16, 32, 64, 128, 512 and 1024 iterations.

2.3 Machine Learning

Machine learning is a branch of artificial intelligence (AI) and computer
science which focuses on the use of data and algorithms to imitate the way that
humans learn, gradually improving its accuracy. It is an important component
of the growing field of data science. Machine learning algorithms build a model
based on sample data, known as training data, in order to make predictions
or decisions without being explicitly programmed to do so. These algorithms
are used in a wide variety of applications, such as in medicine, email filtering,
speech recognition, and computer vision, where it is difficult or unfeasible to
develop conventional algorithms to perform the needed tasks.

2.3.1 Supervised Learning

The majority of practical machine learning uses supervised learning. Su-
pervised learning (SL) is the machine learning task of learning a function that
maps input variables (x) and an output variable (Y) through an algorithm with
a mathematical relation Y = f(X). Techniques of Supervised Machine Learn-
ing algorithms include linear and logistic regression, multi-class classification,
Decision Trees and support vector machines. Supervised learning requires that
the data used to train the algorithm is already labeled with correct answers.
For example, a classification algorithm will learn to identify animals after being
trained on a dataset of images that are properly labeled with the species of the
animal and some identifying characteristics.

Supervised learning problems can be further grouped into Regression and
Classification problems. Both problems have as goal the construction of a suc-
cinct model that can predict the value of the dependent attribute from the
attribute variables. The difference between the two tasks is the fact that the
dependent attribute is numerical for regression and categorical for classification.
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2.3.2 Regression

Regression is a supervised machine learning technique which is used to pre-
dict continuous values. The ultimate goal of the regression algorithm is to plot
a best-fit line or a curve between the data, as Figure 2.3 shows. It helps in
establishing a relationship among the variables by estimating how one variable
affects the other. The different types of regression algorithms include:

Simple linear regression

With simple linear regression,the relationship between one independent
variable and another dependent variable is estimated using a straight line,
given both variables are quantitative.

Multiple linear regression

An extension of simple linear regression, multiple regression can predict
the values of a dependent variable based on the values of two or more
independent variables.

Polynomial regression
The main aim of polynomial regression is to model or find a nonlinear
relationship between dependent and independent variables.

Logistic Regression

Logistic regression is a type of regression technique when the dependent
variable is discrete. This means the target variable can have only two val-
ues, and a logistic function shows the relation between the target variable
and the independent variable.

Ridge Regression

It is usually used when there is a high correlation between the parameters.
This is because as the correlation increases the least square estimates give
unbiased values. It is a powerful regression method where the model is
less susceptible to overfitting.

Lasso Regression

Lasso Regression performs regularization along with feature selection. It
avoids the absolute size of the regression coefficient. This results in the
coefficient value getting nearer to zero, this property is different from what
in ridge regression.This helps avoid the overfitting in the model. But if
independent variables are highly collinear, then Lasso regression chooses
only one variable and makes other variables reduce to zero.

Bayesian Linear Regression

In Bayesian linear regression, the posterior distribution of the features is
determined instead of finding the least-squares. Bayesian Linear Regres-
sion is a combination of Linear Regression and Ridge Regression but is
more stable than simple Linear Regression.
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e Decision Tree Regression
It has mainly attributed that include internal nodes, branches, and a ter-
minal node.Every internal node holds a “test” on an attribute, branches
hold the conclusion of the test and every leaf node means the class label.

e Random Forest Regression
Random forest, as its name suggests, comprises an enormous amount of
individual decision trees that work as a group or as they say, an ensem-
ble. Every individual decision tree in the random forest lets out a class
prediction and the class with the most votes is considered as the model’s
prediction.

X

Figure 2.3: Regression Model

2.3.3 Classification

Classification is a predictive model that approximates a mapping function
from input variables to identify discrete output variables, which can be labels
or categories. The mapping function of classification algorithms is responsible
for predicting the label or category of the given input variables. A classification
algorithm can have both discrete and real-valued variables, but it requires that
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the examples be classified into one of two or more classes. The different types
of classification algorithms include:

Logistic regression
In this algorithm, the probabilities describing the possible outcomes of a
single trial are modelled using a logistic function.

Naive Bayes

Based on Bayes’ theorem with the assumption of independence between
every pair of features. Naive Bayes classifiers work well in many real-world
situations such as document classification and spam filtering.

Stochastic Gradient Descent

A simple and very efficient approach to fit linear models. It is particularly
useful when the number of samples is very large. It supports different loss
functions and penalties for classification.

K-Nearest Neighbours

A type of lazy learning as it does not attempt to construct a general inter-
nal model, but simply stores instances of the training data. Classification
is computed from a simple majority vote of the k nearest neighbours of
each point.

Decision Tree
Given a data of attributes together with its classes, a decision tree pro-
duces a sequence of rules that can be used to classify the data.

Random Forest

Random forest classifier is a meta-estimator that fits a number of decision
trees on various sub-samples of datasets and uses average to improve the
predictive accuracy of the model and controls over-fitting.

Support Vector Machine

Is a representation of the training data as points in space separated into
categories by a clear gap that is as wide as possible. New examples are
then mapped into that same space and predicted to belong to a category
based on which side of the gap they fall.
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Figure 2.4: Classification Model
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Chapter 3

Proposed Tool

3.1 Overall Methodology

In this chapter, every stage of the methodology will be presented. This
project begins with a Code Generator that produces 700 individual C-files un-
der certain specifications. Then, a script profiles these C codes and extracts
valuable information while it includes them in a csv file called dataset. Along-
side, the 700 codes are been measured and collected as in terms of energy con-
sumption on embedded platform, as a second file named dataset_energy is been
illustrated. By these datasets, the model will get trained. Next, a Lasso model
Regressor is been constructed and its parameters are a subject of optimization.
Likewise, 56 C-language benchmarks from PolyBench Suite are been profiled
just like the 700 code files and a X test_dataset is been made. After all these
steps, we are ready to use the model in order to predict the energy consumption
of these 56 codes. Finally, the test codes are been also measured on the board
in order to compare them with the predicted energies and evaluate the accuracy
of the tool’s prediction. The following schematic 3.1 recapitulates the overall
methodology. The details of every step will be the focal point in the next sec-
tions.
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Figure 3.1: Overall Methodology

3.2 C Code Generator

In order to create a large enough training dataset we created a script that
generates C-language codes with the characteristic of nested loops existence.
This type of codes is concerned to have a particular interest, as the energy con-
sumption during the nested loops gets extremely high. This happens, because
of the large number of jumps of the program counter (PC), as well as the not
optimal fill of the memory caches. Avoidable memory accesses and cache misses
cause low performance and high, unnecessary energy effort. Embedded Systems
analysis has focused on impugning this waste of energy resources, by creating
specific technical tricks like loop transformations. Ideas of contributing in this
aspect, by this tool, are given in the Future Work section.

The codes begin with the initialization of a maximum of 4 integer arrays and
a maximum of 4 float point arrays, that have a maximum of 6 dimensions and
every dimension contains a maximum of 1000 elements. These characteristics
put these C codes inside the frame of Small & Medium weighted codes. This
type of codes is the one that this tool will learn to estimate energy-wise.

As the initialization completes, the arrays above receive randomized values,
according to each array’s variables type and the proper memory volume is been
allocated. Every array’s element has a value and the code’s most burdened
section is ready to begin.

Then, the nested loops part takes over. Firstly, the directive ”#pragma
scop” is been placed before the first loop, in order to inform the analysis script
that the section begins. Inside the nested loops, a computation part is in-
cluded and the types of computations (addition, subtraction, multiplication,
division) are randomly determined. After closing all the loops a second direc-
tive ”#pragma endscop” is being placed under the last bracket. That informs
the analysis script that the loop section is finished. An example of the loop
typification is given below:
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#pragma scop
for(i=0; i<18; i++){
for( =0; j<150; j++){
for(k 0; k<87; k++){
AOf] k] = AL * AL )]/ AL 5] )
} BOi] [j][k] = B1[i][j][k]-BL[i}{j] (k] /BL[] [} (k] *BL[][j}K];
}
}
#pragma endscop

The generated code ends with a final section of freeing the used memory
space and then returning 0, informing that the execution completes properly.

3.3 Profiling

A python script named ”total_analysis.py” is responsible for profiling the 700
codes. It begins by running five commands that are shown below:

e gcc -g code.c -0 code
By this command, GCC compiler is called and it compiles the source code
while producing the executive file. The -g flag is used for debbugging info

e valgrind —tool=cachegrind —branch-sim=yes —cachegrind-out-file=code.cachegrind

./code

This command calls Valgrind’s tool Cachegrind. This tool simulates the
first-level and last-level caches, and with the special option enabled, it col-
lects of branch instruction and misprediction counts. An output file named
code.cachegrind is produced and it contains Ir (I cache reads), Ilmr (I1
cache read misses), ILmr (LL cache instruction read misses), Dr (D cache
reads), D1lmr (D1 cache read misses), DLmr (LL cache data read misses),
Dw (D cache writes), Dlmw (D1 cache write misses), DLmw (LL cache
data write misses), Bc (conditional branches executed), Bem (conditional
branches mispredicted), Bi (indirect branches executed) and Bim (indirect
branches mispredicted) for the whole program.

e valgrind —tool=massif —stacks=yes —massif-out-file=code.massif
./code
With this command another Valgrind’s tool Massif is called. It measures
how much heap memory your program uses. This includes both the use-
ful space, and the extra bytes allocated for book-keeping and alignment
purposes. It also measures the size of your program’s stack. An output
file named code.massif is produced and it contains mem_ stacks B (size
of the program’s stack), mem_heap_extra B (extra heap bytes allocated),
mem_heap_B (useful heap bytes allocated) and the time it was taken to
execute the whole program.

98



e ../../../pin-3.18-98332-gaebd 7ble6-gcc-linux/pin -t ../../../pin-3.18-
98332-gaebd7ble6-gcc-linux/source/tools/ MICA-master/obj-intel64 /mica.so
— ./code
By this command MICA tool is called. Multiple output files (ilp_full_int_pin.out,
itypes_full_int_pin.out, memfootprint_full_int_pin.out, memstackdist_full_int_pin.out,
ppm_full_int_pin.out, reg_full_int_pin.out, stride_full-int_pin.out) are pro-
duced that contain ilp (Instruction-Level Parallellism for four different
window sizes), itypes (instruction mix, evaluated by categorizing executed
instructions like mr, mw, control flow, arithmetic etc.), memfootprint
(instruction and data memory footprint), memstackdist (memory reuse
distances), ppm (conditional branch predictability) and stride (distances
between subsequent memory accesses).

e ../../../pin-3.18-98332-gaebd7ble6-gcc-linux/pin-t ../../../pin-3.18-
98332-gaebd7ble6-gcce-linux/source/tools/NewPinTool/obj-intel64/all_in_one.so
— ./code
This command calls the last tool, PinTool to collect some useful informa-
tion related to CPU. It produces an output file named Pin_tool_resuls.txt
and contains branch divergence rate information.

3.4 Building Datasets

The procedure of total_analysis.py script has not finished yet. Subsequently,
it searches for the out-files produced by the tools to collectively gather the infor-
mation they contain. According .cachegrind out-file, the script collects the met-
rics mentioned before for both entire program (summary) and the nested loop
only. That is the phase when the #pragma directive actually helps. The script
finds the position of the nested loops in the source code file, noting the numbers
of the lines the nested code exists. Afterwards, it searches the .cachegrind file
for that precisely line numbers and drugs the metrics counted inside this section.

Secondary, the .massif out-file gives us exported information for a snapshot.
In this stage, the script manages to drag the information at the peak snapshot,
which is taken during the nested loops. So, except time which refers to the
whole program, the heap memory used refers to the loop nested loop section.

The out-files from MICA and PinTool provide information simulating the
whole program behavior with different window sizes or different platforms. So,
the total_analysis.py script extracts all those information.

Finally, all those (141 in total) useful metrics are collected for each of the
700 generated codes and the script writes them in a csv file named dataset.csv.
These metrics are now the features of the X training dataset file and they are
depicted as columns, while the 700 codes are depicted as rows.

Alongside, the measurement of those 700 codes energy consumption has
to be done in order to create the y dataset and train the model. For this
reason, another script named collect_train_codes_energy.py is been developed in
the target platform. The script compiles the source file producing the executive
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file just like the total_analysis.py script. Then, it runs the following command:

e python measure_time_energy.py ./code 20
This measure_time_energy.py script is responsible for measuring the energy
of the code. The number ”20” stands for the repetition of code’s execution.
The code executes 20 times, and this energy is measured by the sensor.
Then, this value is divided by 20 and gives us the energy cost of a single
execution. This technique is implemented to achieve a better accuracy in
terms of energy measurement.

Immediately after the measurement, the script writes every value to a 1-
column csv file called dataset_energy.csv, that finally contains the energy con-
sumption of the 700 codes. The codes are depicted as rows just like before, and
all these real energies are now the y training dataset file.

3.5 Training model

It is important to mention that most of the functions and algorithms that
follow, are part of Scikit-learn, also known as sklearn, which is a free software
machine learning library for the Python programming language.

At this point, when the X and y training datasets are ready, it is time
to construct the model that fits to our prediction needs, and select the best
parameters to optimize the predictions.

3.5.1 Preparing the model

A new script called set_up_Regressor.py is made for implement these tasks,
and its sections are being described below.

In this first step, the datasets clarified above are imported and set as X and y
datasets. The X refers to all the code features and y refers to the code energies.
The X list has a shape of (700,141) while the y list has a shape of (1,141).

Then, a split has to be done in order to let the set the test size in relationship
with the training size. The chosen proportion is 1/5 which means that for 560
train rows, the rest 140 rows correspond to test. Now, we have made X_train,
y_train, X_test and y_test. The reason of this split is to make try out many
combinations and see the results in the GridSearch() algorithm that we will
discuss in the next section.

As it is going to make random regressions using the splits described above,
it is useful to create a pipeline that consists of two parts: the preprocessing
(scaling) part and the regressor part.

At this point, it is very useful to do some scaling to the X dataset in order to
help the regressor. It is more difficult for it to manage values with large variety,
so we chose to use the StandardScaler() to reduce the width of the feature
values. StandardScaler() standardizes a feature by subtracting the mean and
then scaling to unit variance. Unit variance means dividing all the values by
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the standard deviation. StandardScaler() makes the mean of the distribution 0,
and finally most of the values will lie be between -1 and 1.

The selection of this specific regression algorithm will be a matter of discus-
sion in the next section. This pipeline will scale every partition of the dataset
before it applies to the GridSearch() function.

3.5.2 Lasso Regression Model

During the stonework of this project, many regression algorithms were tested.
Every prediction problem has a suitable algorithm that fits to the problem well.
So, a theoretical research can direct the developer to the perfect model, but it
has to be a matter of testing in order to choose properly the best model. The
criterion according to which we compared the models was the Mean Squared
Error (MSE) of the prediction made by splitting the dataset as described above.
Many algorithms were tested and the results are been shown in 3.2.

Regression Model Mean Squared Error

Ridge 2.3933
Lasso 0.5310
Random Forest 37.223
Stohastic Gradient Descent o0

Bayesian Ridge 1.3658
K-Nearest Neighbors 40.239
Gradient Boosting 39.317
Decision Tree 39.743

Figure 3.2: Regression models comparison

The obvious result of these tests is that the Lasso Regressor suites to our
project optimally. That was primarily expected, as the dataset we use is large
enough in terms of features and these features are strongly related to each other.

Lasso stands for Least Absolute Selection Shrinkage Operator wherein shrink-
age is defined as a constraint on parameters. The goal of lasso regression is to
obtain the subset of predictors that minimize prediction error for a quantita-
tive response variable. The algorithm operates by imposing a constraint on the
model parameters that causes regression coefficients for some variables to shrink
toward a zero.

Variables with a regression coefficient equal to zero after the shrinkage pro-
cess are excluded from the model. Variables with non-zero regression coefficients
variables are most strongly associated with the response variable. Explanatory
variables can be either quantitative, categorical or both. This lasso regression
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analysis is basically a shrinkage and variable selection method and it helps an-
alysts to determine which of the predictors are most important.

Lasso regression algorithm is highly preferred when there is high multi-
collinearity in the given dataset. Multicollinearity in the dataset means in-
dependent variables are highly related to each other, and a small change in
the data can cause a large change in the regression coefficients. Our dataset
has high multicollinearity, as it has strong correlation between the independent
variables, and this is the main reason this algorithms gives the best results for
this application.

The process of shrinkage is performed through Ll-regularization, wherein
it penalizes the number of features in a model in order to only keep the most
important features, using a parameter, alpha. When alpha is 0, Lasso regression
produces the same coefficients as a linear regression. When alpha is very large,
all coeflicients are zero.

3.5.3 Grid Search and Cross-Validation

Grid Search is a technique to select the best of the machine learning model,
parameterized by a grid of hyperparameters. It tries all combinations of pa-
rameters grid for a model and returns with the best set of parameters having
the best performance score. Cross-validation is a resampling method that uses
different portions of the data to test and train a model on different iterations.
Especially, k-fold cross-validation is a type of cross-validation, where the train-
ing data is split into k-folds and (k-1) folds is used for training and k-th fold is
used for validation of the model.

This process begins by defining the random grid of the parameters. Except
alpha, which is the most important parameter as mentioned before, we enriched
the random grid with two more parameters. The maximum number of iterations
is specified by parameter max_iter, while the tolerance for the optimization is
specified by tol.

After creating the random grid, the Repeated K Fold technique is chosen
to make the cross-validation more valid. The RepeatedKFold() function made
10 splits and 20 repeats to the dataset, which means 200 different cases. These
cases were evaluated through the Negative Mean Squared Error (NMSE) scoring
function. After fitting X and y data to the grid, we get the following results:

e Negative mean squared error of the best_estimator: -1.5002

e Parameter settings that gave the best results: 'regressor__alpha’: 0.3, 're-
gressor__max_-iter’: 200, 'regressor__tol’: 0.01

These parameters will be applied to the Lasso regressor and form this Ma-
chine Learning model.
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Chapter 4

Experimental Results

After finding the best parameters for the Lasso-based model, a new script
called Predict_energy.py was created. In this script we are going through some
feature analysis tests, in order to draw conclusions about the importance of
the training dataset’s features, as well as evaluate the model using real test
benchmarks taken from Polybench, a collection of benchmarks that is consid-
ered as representative for embedded applications. These benchmark was chosen
because it provides the developer the option of compiling in different sizes of
datasets (different sizes of arrays). For this project we chose to use the small
and medium datasets for the 28 following benchmarks. This choice was made
to define the benchmarks as low and medium energy demand programs. This
means that the test dataset consists of 28x2=56 codes.
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Benchmark Description

gemm Matrix-multiply C=alpha.A.B+beta.C
jacobi-2D 2-D Jacobi stencil computation

heat-3d 3-D Heat stencil computation

trisolv Triangular solver

symm Symmetric matrix-multiply

trmm Triangular matrix-multiply

atax Matrix Transpose and Vector Multiplication
durbin Toeplitz system solver

covariance Covariance Computation

gemver Vector Multiplication and Matrix Addition
gesummv Scalar, Vector and Matrix Multiplication
syr2k Symmetric rank-2k operations

syrk Symmetric rank-k operations

2mm 2 Matrix Multiplications (D=A.B; E=C.D)
3mm 3 Matrix Multiplications (E=A.B; F=C.D; G=E.F)
bicg BiCG Sub Kernel of BiCGStab Linear Solver
doitgen Multiresolution analysis kernel (MADNESS)
mvt Matrix Vector Product and Transpose
cholesky Cholesky Decomposition

gramschmidt Gram-Schmidt decomposition

correlation Correlation Computation

lu LU decomposition

ludcmp LU decomposition

floyd-warshall Floyd—Warshall algorithm

adi Alternating Direction Implicit solver

fdtd-2d 2-D Finite Different Time Domain Kernel
jacobi-1D 1-D Jacobi stencil computation

seidel 2-D Seidel stencil computation

Figure 4.1: List of Benchmarks

These 56 benchmarks go through the "real_test_analysis.py” script. This
script is identical to the ”total_analysis.py” script, that previously presented in
Section 3.3. By this procedure, the profiling tools collect all the data and create
the X test dataset. Alongside, the measurement of those 56 test codes energy
consumption has to be done in order to compare the real test energies with the
predicted ones. For this reason, the script named collect_energy.py is run in
the target platform. This script is similar to the collect_train_codes_energy.py
script, that was presented in Section 3.4 and creates the y test dataset.

The Predict_energy.py script starts by importing the train and test datasets.
The train dataset contains the 700 generated codes and the test dataset contains
the 56 benchmarks described above.
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4.1 Feature Analysis

The next section of this script is the Feature Correlation section. In this
section we focused on the importance the Lasso Regressor gives to the features,
as well as the Spearman’s correlation between the features and the energy. The
reason why we chose to put many features in the dataset was not only to give
enough information to the model -since Lasso Regressor does a feature selection
and does not manage all these 141 features-, but also to move on to some analysis
on the importance of the metrics according to energy consumption.

4.1.1 Feature Importance

As mentioned before, Lasso Regressor applies a weight coefficient to the
features. Most of the features are shrunk to zero, and the rest of the features
have a weight that is called importance. The feature analysis begins by finding
the features which have non zero importance and make the regressor achieve the
optimum results. The list Lasso Regressor decided to keep are shown in Figure

find the important Lasso coefficients
: Dimr_total has Lasso non zero importance: 0.05392
: DLmr_total has Lasso non zero importance: 0.11928
: Dw_total has Lasso non zero importance: 0.68814
: Bc_total has Lasso non zero importance: 0.18763
: Bcm_total has Lasso non zero importance: ©.18580
: mem_heap B has Lasso non zero importance: 0.37906
: 1lp has Lasso non zero importance: 2.48196
: ilp.1 has Lasso non zero importance: 0.00165
: 1lp.2 has Lasso non zero importance: 0.03192
: 1lp.3 has Lasso non zero importance: 0.04219
: ilp.4 has Lasso non zero importance: 0.02634
: itypes has Lasso non zero importance: 0.01440
: 1types.3 has Lasso non zero importance: 0.32430
: itypes.5 has Lasso non zero importance: 0.09939
: memfootprint has Lasso non zero importance: 0.43879
: memfootprint.1 has Lasso non zero importance: 0.33088
: stride.1 has Lasso non zero importance: 0.24014

Figure 4.2: Lasso feature importance

As it seems, the most weighted features are:

e Dlmr_total, DLmr_total and Dw_total refer to the reads and writes of the
whole program, and these memory operations are too heavy energy-wise.
Especially the Data writes seem to have much effect in the code ’s energy
consumption.

e Bc_total and Bem_total correspond to the conditional branches executed
and conditional branches mispredicted of the whole program. The pro-
gram counter stores the memory address of the next instruction to be
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executed and when a branch is taken, the CPU’s program counter is set
to the argument of the jump instruction, which is extremely costly.

e mem_heap_B which refers to heap memory, which is a memory shared
by all executing threads in the application. This memory significantly
impacts the power and energy utilization of the overall server system.

e ilp, ilp.1, ilp.2, ilp.3 and ilp.4 which correspond to the parallel or simulta-
neous execution of a sequence of instructions in five different instruction
windows (16 size window seems to be by far the most influential feature).
Parallel Computing leads to performance improvements, but the exchang-
ing data at runtime through shared memory regions lead to higher power
consumption.

e itypes, itypes.3 and itypes.5 correspond to the number of memory reads,
arithmetic calculations and stack usage. Arithmetic calculations are a
heavy task that is managed by the CPU’s arithmetic/logic unit (ALU)
and often efforts a lot of energy, especially in case of division. The usage
of the stack seems to be also important for the regressor, as a proper
memory allocation leads to lower energy consumption.

e memfootprint and memfootprint.1 refer to the number of blocks (64-byte)
and pages (4KB) touched by data addresses. The amount of main memory
that a program uses or references while running is a key factor for Lasso
Regressor.

e stride.l corresponds to the memory reuse distances and briefly refers to
the necessary cache memory changes, which are very important as the
longest these distances are, the heaviest the program ends up being.

4.1.2 Feature Correlation

This Lasso Regressor feature selection is theoretically considered reasonable.
But the feature analysis contains another critical part, the correlation test. For
this purpose the Spearman’s correlation is applied, as it evaluates the mono-
tonic relationship between two continuous or ordinal variables. This procedure
calculates a coefficient for each feature, that varies between -1 and +1 with 0
implying no correlation. Correlations of -1 or +1 imply an exact monotonic
relationship. Positive correlations imply that as x increases, so does y. Negative
correlations imply that as x increases, y decreases. The results of this test are
been shown below in Figure 4.3.
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SPEARMAN STRONG X-y CORRELATIONS
: DImr has Strong Spearman correlation: 0.975110
: Ir_total has Strong Spearman correlation: 0.979055
: Dr_total has Strong Spearman correlation: 0.978974
: Dw_total has Strong Spearman correlation: 0.977122
: Dimw_total has Strong Spearman correlation: 0.975812
: DLmw_total has Strong Spearman correlation: 0.977342

: #INS has Strong Spearman correlation: 0.979055

WEAK X-y CORRELATIONS
: memstackdist.9 has Weak Spearman correlation: -0.017775
: memstackdist.13 has Weak Spearman correlation: 0.074254
: SP has Weak Spearman correlation: -0.022092
: FDIV has Weak Spearman correlation: -0.014320

Figure 4.3: Strong and Weak Correlations between Features and Energy

As follows the strongly correlated features are:

e Dlmr, which are D1 cache read misses of the loop section. This means
that the read misses that happen inside the nested loops are very effective
according to energy.

e Ir_total and #INS, which are both measuring the number of instructions
executed and are the most correlated features to the energy consumption,
as it practically describes the size of the executed program.

e Dr_total, which corresponds to the number of memory reads of the entire
program. A memory read operation transfers the desired word to address
lines and activates the read control line. As this number goes high, the
energy requirements increase.

e Dw_total, which equals number of memory writes of the whole program.
A memory write operation transfers the address of the desired word to
the address lines, transfers the data bits to be stored in memory to the
data input lines. This procedure has high effectiveness to the energy
consumption.

e Dlmw_total and DLmw_total, which correspond to the D1 cache and LL
cache write misses. When a write miss happens,it requires the application
to make a second attempt to locate the data, this time against the slower
main database and this procedure is highly costly according to energy.

These results highlight the significance of the cache memory operations when
it comes to energy consumption. As follows, it is extremely important to imple-
ment embedded systems with cache specifications that adapt to the application
(e.g. multiple cache levels) and design the code in a way that reduces the cache
misses in order to achieve energy efficiency.

On the other side, the weakly correlated features are:
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e memstackdist, which refers to the memory reuse distances. For each mem-
ory read, the corresponding 64-byte cache block is determined and for each
cache block accessed, the number of unique cache blocks accessed since the
last time it was referenced is determined, using a LRU stack. This is a
very detailed metric that may help in further analysis, but not that much
in terms of energy consumption.

e SP, which is the number of single precision floating point operations. This
metric is logically weakly correlated, as it counts a very specific type of
arithmetic operations.

e FDIV, which refers to the division operations (floating point) and is not
so correlative to the energy consumption, due to similar reasons with SP.

4.2 Model Implementation

By the time the theoretical analysis is done, and the X and y datasets are im-
ported, it is time for the preprocessing part. The X train dataset goes through
the scaling process. For this task, the StandardScaler() is used to reduce the
width of the feature values. StandardScaler() standardizes a feature by subtract-
ing the mean and then scaling to unit variance. Unit variance means dividing
all the values by the standard deviation. StandardScaler() makes the mean of
the distribution 0, and finally most of the values will lie be between -1 and 1.

Afterwards, we import the Lasso Regressor and define it with the parame-
ters resulted by the set_up_Regressor.py script that was shown in the previous
chapter. The resulting parameters are also reminded below:

e Parameter settings: 'regressor__alpha’: 0.3, 'regressor__max_iter’: 200, 're-
gressor__tol’: 0.01

Then, the X train scaled and the y train datasets are fitted to the regressor.
Our model is now ready to be evaluated through the real benchmarks. Firstly,
the X test dataset gets transformed by the scaler, as the model was trained
through scaled data. Then, the regressor uses this X test scaled dataset to pre-
dict the benchmarks’ energies. The y pred dataset, that includes the predicted
energy values, is created and our model is ready for evaluation.

4.3 FEvaluation

Accuracy in a regression model is slightly hard to illustrate. It is impossible
for a model to predict the exact value but it is appropriate to grade how close
the prediction is against the real value. For grading out the performance of
a regression model, there are various metrics that evaluate the accuracy in a
regression model. The evaluation metrics that were chosen for this project are
shown below:
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e Spearman correlation between true and predicted values Spear-
man correlation is a non-parametric test that is used to measure the degree
of association between the true energy values that were measured in the
target machine, and the energy values that the model predicted. A perfect
Spearman correlation of +1 or —1 occurs when each of the variables is a
perfect monotone function of the other, when a correlation of 0 indicates
that there is no tendency for the variables to be a monotone function of
each other.

e Mean Squared Error (MSE) MSE is an absolute measure of the good-
ness for the fit, as it gets calculated by the sum of square of prediction
error which is real output minus predicted output and then divide by the
number of data points. It gives an absolute number on how much the
predicted results deviate from the actual number, and it is often used to
compare against other model results. It is always a positive value that
decreases as the error approaches 0.

e Mean Absolute Error (MAE) MAE is a simple metric which calcu-
lates the absolute difference between actual and predicted values. It is
an arithmetic average of the absolute errors for each true and predicted
values, it is considered robust to outliers. The aim is to get a minimum
MAE, ideally approaching O.

e R squared (R?) R? score is a metric that shows the performance of a
regression model and it is also known as Coefficient of Determination.
Unlike MAE and MSE which depend on the data values, the R? score is
independent of these values. Thus, with R? we have a baseline to compare
other models, a capability that none of the other metrics provide. The
value of R? ranges between 0 and 1, and a higher value indicates a better
fit between prediction and actual value.

Additionally, the prediction accuracy is fully understood through graphs.
Diagrams of actual vs predicted are one of the richest form of data visualization.
They true energy values, which are measured in the lab’s target machine, are
set in the x axis. The machine learning predicted energy values are set in the
y axis. The energy values that are set in the x and the y axis have a unit of
measurement of 1 Joule. The points on the graph would identically form the
function’s y = x graph line, which is fades with blue color. The actual points
are highlighted with red color.

Finally, as in Section 4.3.2 we evaluate this model through 56 benchmarks,
there is a chart that compares the actual and the predicted energies of every
benchmark, mentioning the name each benchmark. These benchmarks are set
in the = axis while the predicted energy values are set in the y axis. The two
bars that refer to the same benchmark would identically reach the same height.
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4.3.1 Evaluation through Dataset

In this step, the dataset that includes the 700 generated codes is split to a
scale of 1/5. That means that the codes used for training are 560 and the codes
that are used for testing are 140.

Prediction Rate Metrics

The four metrics that show the predictions quality of our model are presented
below:

coefficient

Figure 4.4: Dataset Evaluation Metrics

The results show a very good accuracy in the predictions, especially regard-
ing R%?. That was expected, as the model predicts the energy values of codes
that have specific characteristics, similar to the codes that trained it. In more
detail:

e The high Spearman correlation between the true energy values and the
predicted ones is approaching 1, which means that the actual energies are
facsimile to the predicted energies.

e The MSE is not very low. This probably happens because of the large
test dataset that is used.

e The MAE lies in a good level, indicating that the sum of the absolute
differences between actual and predicted values is at low levels.

e The R? score is great and shows that the true and the predicted energy
values are almost identical. This means that 98.89% of all variations of
the test codes’ energy consumption are captured by the proposed energy
estimation model.

Visual Display of the Results

The actual and the predicted energy values comparison is illustrated in 4.5.
The energy values in the z axis and the y axis range between [0, 8] Joules.
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Evaluation through Dataset
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Figure 4.5: True vs Predicted Energy Values

As we see there are many points concentrated at the beginning of the axes.
For this reason, Figure 4.6 is illustrated below and ranges the x axis and the y
axis between [0, 0.6] Joules, focusing on the low energy consumed codes.
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Figure 4.6: True vs Predicted Low Energy Values

It is obvious that the R? of 0.9889 is verified through these graphs. Most
of the points are concentrated very near the ideal diagonal line, confirming the
high level of prediction accuracy.
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4.3.2 Evaluation through Polybench Suite

The most important stage of the model evaluation is the application of 56
benchmarks of Polybench Suite to our model in order to review the quality of
the predictions in non-generated codes.

Prediction Rate Metrics

The four metrics that show the predictions quality of our model are presented
below:

coefficient between

Figure 4.7: Model Evaluation Metrics

As it easy too see, the results are justifying the purpose of this project. In
more detail:

e The Spearman correlation between the true energy values and the pre-
dicted ones is approaching 1, which means that the measured energy list
of the 56 benchmarks are facsimile to the predicted energy list of these
exact programs.

e The zero approaching MSE declares that there are no seriously large errors
between the true and the predicted values.

e The MAE lies much about in the same order, indicating that the sum of
the absolute differences between actual and predicted values is at a low
level.

e The R? score is great and shows that the true and the predicted energy
values are almost identical. This means that 96.03% of all variations of the
test applications energy consumption are captured by the proposed energy
estimation model. In fact, the level of 0.960387 may be the baseline of
this machine learning model, and a score to overcome in the future.

Visual Display of the Results

The actual and the predicted energy values comparison is illustrated in Fig-
ure 4.8. The energy values in the z axis and the y axis range between [0, 8]
Joules.
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Evaluation through Benchmarks

Predicted Values

-
&

o

o 1 2 3 5 6 7

4
True Values

Figure 4.8: True vs Predicted Energy Values

As we see there are many points concentrated at the beginning of the axes.
This is happening because there have been a lot of testing codes with low energy
consumption. For this reason, Figure 4.9 is illustrated below and ranges the =
axis and the y axis between [0, 1.2], focusing on the low energy consumed
codes. Just like the previous graph, the = axis represents the measured in the
lab’s target machine true energy values, while the y axis represents the machine
learning predicted energy values. The y = x graph line is also fading and the
actual points are coloured red.

Low Energy Benchmarks

12

o 4 =
o @ o

Predicted Values

0.2 o i

0o oo >
4?? g
0.0 0.2 0.4

0.6 0.8 1.0 1.2
True Values

Figure 4.9: True vs Predicted Low Energy Values

It is obvious that the R? is verified through these graphs. Most of the points
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are concentrated very near the ideal diagonal line, confirming the high level of
prediction accuracy. It is a matter of concern that in the graph, the prediction
was mostly overestimating the actual outcome (y > x), but not on a level to
reduce the success of the predictions.

These prediction results can be completely understandable by comparing the
actual and the predicted energy consumed by each individual benchmark. The
following Figures 4.10 and 4.11 show the actual and the predicted energy values
of low and medium energy benchmarks separately. It also indicated the name
of each benchmark.

Low Energy Benchmarks

0.40 . True
mm Predicted

Figure 4.10: True vs Predicted Low Energy Values

Medium Energy Benchmarks

. True
8 mm Predicted

Energy Values

Figure 4.11: True vs Predicted Medium Energy Values
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As can be clearly seen, the true and predicted energy values always belong
to the same size class and in most of the cases the predicted energy values are
very close to the actual ones. The failure rate in the prediction of the extremely
low energy benchmarks, that we mentioned before, can be can be ascertained
in Figure 4.10. On the other hand, energy prediction in codes that have energy
requirements in the range [0.4, 1.2] is very successful.

Concluding, the accuracy of the prediction is at a very good level and the
R? score of 0.960387 is a challenging baseline to overcome.

4.4 Test the method on alternative device

One of the tool’s benefits is retargetability. The model has been trained
through the energies measured on the Nvidia Jetson TX1 Board, using the
INA3221 Power Sensor. Therefore, the predictions made by the model refer
to energy values that will be consumed if the user runs his application on this
particular board. Although, this tool can be adapted to any other device. An
example of this application was done using the NVIDIA Jetson Xavier NX
board, which was used to measure the energies of both the training and the
benchmark datasets. The model was not modified and the results are been
shown below:

Figure 4.12: Evaluation of the method in alternative device

These results show a very high correlation between the predicted and the
true values, almost approaching 1. Besides, the MSE score of 0.03 is considered
to be very low and shows that there are almost no errors between the true
and the predicted values. This is also confirmed considering the very low MAE
score. On the other hand, the R? score is not fulfilling compared to the 0.96
achieved with the Nvidia Jetson TX1 Board energy dataset, but the level of
0.77 is considered to be satisfying.

In conclusion, this test proves that this model can be used to predict accu-
rately the energy consumption on different boards. In a future implementation,
the user will be able to "add” a target machine in the target device list and
predict the energy cost of the code when run in this exact target device.
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4.5 Comparison with alternative approaches

This tool is made for predicting the energy consumption of low and medium
energy-wise codes. The predicting accuracy, as we showed in the previous chap-
ter, is fully satisfactory. Especially according the R?, which is also known as
Coefficient of Determination or Goodness of fit, the results are startling, consid-
ering any possible additional experimental error like measurement fluctuations.
Looking back to other approaches that we presented in Section 1.1, our energy
estimation reaches a high level of success. More analytically:

e The approach [3] was undoubtedly an inspiration for us. An important
difference in the architecture approach is that in [3] the focus is on splitting
the program into phases and analyse them, while in this project we analyse
the whole program and focus on the loops. The prediction accuracy of
0.97 was almost reached, according to R?. Besides, the training dataset
we chose to use is much larger (700 sample programs instead of 157 sample
programs).

e The approach [4] is slightly different as it is designed on the basis of
a specific microcontroller and a restricted instruction set, while in this
tool is designed for managing any low and medium C language program.
Therefore, the prediction accuracy of 0.9987 in terms of R? was almost
unreachable. Despite this, the dataset we used is an order of magnitude
larger (700 sample programs instead of 60 sample programs).

e Compared to [6], the prediction accuracy of 0.95 was slightly overtaken.
Besides, in [6] the focus is on predicting the worst case scenario in energy
consumption. Such approaches seem to be extremely slow and they can
support only specific architecture models.

It is important to mention that in the approach we designed, there has been
a feature analysis section in order to highlight the important features energy-
wise. Additionally, the project is structured as a tool that can be easily used
by a developer. These comparisons consolidate the quality of our approach and
motivate us for more successful implementation and results in the future.
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Chapter 5

Discussion Conclusions and
Future Work

The aim of this project was to create an easy to use, handy tool that may help
a developer in programming with better energy efficiency. The knowledge of the
program’s energy consumption, without using any energy measuring sensor, can
lead to sustainable ways of programming. Once the developer ends up writing
the code, he is able to check the predicted energy consumption and re-design the
code in a more efficient way, if needed. The developer can also learn important
information about the code behaviour through the resulting dataset, and maybe
change the used hardware.

An accurate energy estimation model for low and medium energy programs
was presented. By mainly profiling the memory behaviour of the program,
the presented model leads to great results. It is structured for being a simple
tool, much simpler than most proposed models that can speed up the energy
estimation process and therefore the development of the embedded systems.
The model was validated against a physical hardware platform, and the accuracy
score of estimation for a number of applications from the PolyBench Benchmark
Suite was 96.03%.

Retargetability is another advantage of our proposed model. By measuring
the energy consumption of the 700 generated codes (train dataset) on a different
target-platform, it is easy to use the model -without any modification- for pre-
dicting the energy consumption when running a program on this new platform.
As a consequence, this tool would be very helpful in selecting the right hardware
to suit a particular application.

Considering that an energy estimation tool with the capability of proposing
design transformations could also be very helpful, we consider that a Loop
Transformation Indicator is a possible candidate for our future research works.
In this direction, the ” #pragma scop” and ” #pragma endscop” directives could
help in indicating the ”heaviest loop” and thereafter transform this loop in a
more sufficient energy-wise way.
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Appendix A

How to use the tool

Before using the tool, there are some requirements that the user has to
manage. First of all, he has to install Valgrind and IntelPin on his computer.
In addition, the paths in the real_test_analysis.py and the predict_energy.py
scripts have to be changed in order to adapt those scripts to his computer.
After managing the above, the user is ready to use the tool.

The use of this tool is very simple and consists of three steps. First of all,
the user has to specify the "heaviest” loop by putting ”#pragma scop” and
”#pragma endscop” around it, in order to help the analysis. Then, he has to
run the real_test_analysis.py script for his mycode.c file in order to create the
dataset.csv file, just like the example below:

$python real_test_analysis.py mycode
Finally, the developer has to run the predict_energy.py script for his mycode.c
file to see the predicted energy consumption of his application, just like the

example below:

$python predict_energy.py mycode

These steps are been shown in Figure A.1.
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How to use the tool

put run the run the

! |#pragma scop real_test_analysis predict_energy

! |and script, script and

gpragma endscope a file named see the estimated

i |around the dataset.csv energy consumption
"heaviest" loop is produced of your code

Figure A.1: Steps for using the tool
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