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ITepiAndm

O 7opéac tou Earth Observation avoarticoston ypryopa yden otnv ulovetno
big data Teyvoloyiwy. Autd eivar SuVOTO YdEN OTIC ATOTEASCUATIXES UTOOOUES
amodrxeuong xou enelepyaoiog DEBOUEVWY, AAAS xLELWS YT OTNV AVATTUEY EQaE-
HOYOV oVBAUOTC DEDOUEVMY UE TEYVIXES UMy ovixhc expdinonge.

‘Eyouv avantuydel ocpxetéc QapuoYES TOU TEOYUATOTOLOUY oVl VEUOT) AhAAY OV
o€ 6opLPopéC exoveg Tou Barth Observation pe tn foryleta povtérwy unyavixic
expdinone. H e&étaon twv ahhaydv uiog xadoployévne Teployfc OE Lol Yeovixy
Teplod0 ToPdYEL UEYHAD OYXO BEDOUEVKDY TIOL 00NYEL o UPNAEC amautoEl OoOoV
apopd TN Yeryoen Teocluct, TNV amoUhXEUCT] XAl TOV UTOAOYLOUO. ME QUTH
N Oimhwpatixy gpyaoio, eoTIdCouUE O Wial TETOL EQEUOYT, 1) ontola dnuLovpYel
Yevixolg ydptec aviyvevone ahhay@yv yio CeOyn owdoyway dot products tou
dopupopou Sentinel-2 tou avTitpocwnedoOLY axEB®S To (B0 OTTING TEdiD. 2TOY O
¢ Otatelfric etvan 1 Bedtiwon Tou ypdvou andxplong Tou epyaielou ywplc artwAeia
oxpBetac. To To oxond autd, allomololue TNV UTOAOYLOTIXY oYU ETEPOYEVGDYV
Topwv, otoyevovtag To FPGA tng Intel Strarix 10 xou yenowonolotue tnv HLS
OpenCL yio vor Onutoupyiooupe Evay anoTeAeoUatind emtoyuvty|. H yehétn pag
UTOAOY{CEL TEWTA TO YEOVIXO TEOPIA TV EPUPUOYOY TEOXEWEVOU VO EVTIOTIOEL
Toe onuela ouuPéENoNC ATMOdOoNC.  LTN CLVEYELX, E0TIUCOUNE TIC TEOoTddEéC
HOG Yo ETLTEyUVOT 01N BeATIoTOTOMNOT TV onuelwy cuugdenong ue tn Pordela
EVOWUATOUEVWY TEYVIXOY Behtiotomoinong epyaielnv HLS xadoe xon apyttex-
TOVIX®Y ol ohyopduxay PBedtiotonotjoewy.  XenotdornotoVue fine-grain and
coarse-grain TopUAANMONG xat EEEQEVVOUUE TOV YMEO GYEBLICUOD YLl VoL EVTOTI-
GOUUE BEATIO TOTIONUEVES UPYLTEXTOVIXEC UE DLUPOPETIXOUC GTOYOUS, ONAADY| TOGO
v enidoon(performance) 6co xou v mopoywywodtnTa(throughput). O ent-
ToUVTHC EIVAL EVOWUATWUEVOC OTNV oy txY| EQapuoyT) python xat allohoyeitoun og
mpoypaTxeg ewoveg Sentilel-2. H xohltepn opyitextovins) Tpoc@epel GuVoAXT
EMTAYLYON X7 OE OYEOT UE T1) Bacixn Yeouur) Aoyiouxov.

A€&eig KAewdid — Ilohuvypovixr) Aviyveuon Aoy oy, Kodixormoinon emévey,
Intel Stratix 10, High Level Synthesis, OpenCL, Teyvntd Nevpwvixd Aixtua






Abstract

The Earth Observation domain is rapidly flourishing thanks to the adoption
of big data technologies. This is possible thanks to efficient data storage and
processing infrastructures, but most importantly thanks to the development of
data analytic applications with machine learning techniques. Several applica-
tions have been developed that perform change detection on Earth Observation
satellite images with the help of machine learning models. Examining changes
of a designated area over a period of time produces a big amount of data leading
to demanding requirements in terms of fast access, storage and computation.
In this diploma thesis, we focus on such an application, that creates generic
change detection maps for pairs of time-consecutive Sentinel-2 data products
that represent exactly the same field of view. The goal of the thesis is to im-
prove the response time of the tool without loss in accuracy. For this purpose,
we leverage the computing power of heterogeneous resources, targeting an Intel
Strarix 10 FPGAs and utilize the OpenCL High Level Synthesis framework to
create an efficient accelerator. Our study first performs application profiling
in order to identify the performance bottlenecks. We then focus our acceler-
ation efforts on optimizing the bottlenecks with the help of built-in HLS tool
optimization techniques as well as architectural and algorithmic optimizations.
We employ both fine-grain and coarse grain parallelism and explore the design
space to identify architectures optimized towards different objectives, i.e both
performance and throughput. The accelerator is integrated into the original
python application and evaluated over real Sentilel-2 images. The best archi-
tecture delivers an overall speedup of x7 over the software baseline.

Keywords — Multi-Temporal Change Detection, image encoding, Intel Stratix
10, High Level Synthesis, OpenCL, artificial neural networks






FEuyapiotieg

Euyaplote depud tov emBAénovta xadnynty| pou, x. Anuiteio Xolvten, ylo
TNV EUTIOTOOUVY TIOU UoU €0ELEE Xt TNV Euxatplol Vo EXTIOVACL ouTH T1) OLTAW-
wotxny epyaocio péow tou gpyactnelou tou MicroLab. "Eva peydio cuyoaploto
otnv urodrigia dddxteopa x. Kwvotavtiva Koloyemeyn xou otov Enixovpo Ka-
Unynty| tou Xapoxodmeou Iavemotnulou, x. Xothielo 200N, yio TNV axolpaoTn
xadodrynomn xou TV ToAUTIUN Bordelo Tou pou mpocgepay. Ao Rieho oxdua
VoL EUYOPLOTHOW TOug QiAoug You Tou GUVEBAAAXY GTo Vo Yivouy Tor oLt Tixd
Yeovia €var amd Tar o euydpto o Taldlor Tne Coric pou. Télog €va TepdoTio gu-
YAELO T OTNV OLXOYEVELDL LOU YLl TNV OVIBLOTEAY| EUTLO TOGUVY ot UToo TNEEN Tou
Lo €0wooy xord)” OAN TNV axodNUixT| Lou Topela.
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Extetapevn Iepiindn

Entoxdnnon o Auatog

To epyaheto Aviyvevone Metaforwv (Change Detection tool) etvon pia eqopuoy
TOU YENOWOTOLEITOL YIa TNV XWOIXOTONOT X0l TOV UTOAOYLIOUO TNG DLopopdc oV
otouyelo avdpeoa ot 800 exdvec. Ot dlagopéc autég utoroyilovtar ue T Borlela
EVOC TEO-EXTALOEVUEVOL povTEROL Tou Baolleton oTa TEYYNTA VEUPOVIXG dixTua,
T0 omolo dpa ot UXEd xoupdTIor TNS aEyxhc ewovas. To povtého anaptiCetan amo
800 otpwuata enelepyaoiog Tou emdpolY Ve ot exdveg dlaotdoewy (5,5,4). H
TOANUTIAOXOTNTA TOU €V AOY W ahyopituou Boloxeton oTny TapaywyT) EVOS TERAOTIOU
oELIUOL AMOTEAECUATWY XOl YO EVAY PEYHAO 0ptdUd EXOVOV.

Kotd tn ddipxetor tne exteheonc tne dodaotoc mopdyeton xan UeToBdAheTan
UEYShoC aprduog BEBOPEVKDY. Mio oy NUATIXY ATEXOVIOT TG CUVOAXTC DlepYaoiag
ATOTUTVETAL GTNY ExOVA 1. Apyd, oL 500 EXOVES PORTWVOVTAL GTOV YEOVO EX-
TENEONC ATO TNV UVAUT. 2N CLVEYELY, apol ohoxAnewiel 1 dladixacio eCorywync
XoTE TNV OToloL Ol EOVES amoXTOLY UTOAOYLoTiXO Bdtog, Eexwvd o xOplog Bpdyoc
eneéepyaoioc. Méou o exelvov yiveton emAoyT| Lol opddog exovewy yia xdde o
amo Tic 0Vo apywéc. H oudda autd umdxeiton mEdTa O Uiar SLadAGiol XAVOV-
IXOTOINONG TWV TV TNG EVK OTN CUVEYELXL OL EXOVES avaoynuatilovion e [l
LoE®T, eavT| Vo TpooTeE Aol xou Vol ETECEQYAOTEL UMb TO TEO-EXTOUOEUUEVO VEUER-
wvixo dixtuo. To povtého amoteheitar amd Eva otpua emnEdOTONONC TWV OE-
OOUEVWY, %0Td TO OTO{0 OL TELGOLAO TUTES EMOVES PETAOY NUATICOVTAL OE LOVOOLdO-
Tatoug Tivoes, xooe xon évor ITuxvo Btpdua (Dense Layer). To anoteiéo-
uotar Tou Dense Layer xavovixomoloOvton péow Wiac dlepyastac mou ovoudletal
L2 Normalization mpoto) emotpédouv oto xuplwe mpdypapua. To enelepyao-
UEVO BEQOUEVA TWV OUABWY apatoolVToL avd otolyeio xat amoUnxebovTal e Evoy
Telx6 mivaco. H daduxcacio emavolopuBdvetar péyplc 6Tou OAEC oL OPddES TwWV
QEYIXWDV EXOVWV EYOLY UTOAOYLO TEL.
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Ewoéva 1: Mynuotind) Avanopdotaon

EZ" autiog tou peydhou 6yxou Oedouévmv Tou TEETEL Vo eMECEQYACTOLY, 1)
cuvolut) Olepyaota yivetar uio xooToPBopa xou yeovofBopa dadixacio. O xiptog
Beoyoc enelepyaotiog omatard nepinou 74% 10U GUVOAIXOU YEOVOU TNS EQUPUOYNG.
O evanopelvwv ypdvoc yenowlonoeitor otNy e€oywyr| TWV EXOVOY Xl TNV TO-
Ufxeuorn toug otn uvhiun. Me Bdon avtéc Tic peTprioelg, xplveton amapaitnTo Vo
oTeEdPoule TNV TEocoy Y| wog otov xiplo Bedyo enelepyacioc. And to profiling
NG EPUPUOYNG UTOXTHOOME [LOL UXOUN EUPUTEQRT) EXOVA YL TO OLUUOLOUCHUO TOU
Yeovou oTic emepoug dtadxaoiec. H xavovixonoinorn mou yiveton xotd tnv apym
Tou ahyoplipou evdivetar yio To 72% Tou Ypovou Tou Bpdyo xou TER(TOU Yia TO
Wo6d ouvolixd ypdvo g egapuoyhc. To undroino 28% 6ideton yiow To xoppdTL
e mpoBAedne xota 23% xon €vor 5% Yior AVUCYNUTIOUS TwV OUEd®Y SESOUEVKV
XolL AOLTEC TESEELC.

Oeswentixd YT roBadeo

Ocewpla otnv Aviyvevorn MetofSorwv Ewxodvag

"Evag amd toug TAE0V anodoTiXOTEROUS TEOTOUC Lol aviy VEUST) UETOBOAGY UeTal
500 N TEPLOGHTEPWY EXOVWLY Elvat Y€ Twv Teyvntodv Nevpwvixov Awxtiwy (Ar-
tificial Neural Networks-ANN). Ta Nevpwvixd Alxtuva tpoonodoly va gundoiv
TOV TEOTO [UE TOV OTOL0 BOUVAEVEL O AVUPOTIVOC EYHEPAAOS, DNULOVEY VTS EVAL OiX-
TUO GTO OTIOLO XATOLOL VEVPWVES EVOL GUVOEDEUEVOL UE XATOLOUS JANOUC ETOL (OTE
VoL UTIOPOUY VoL UETABMGOLY TANEOYORIES xou VoL Tdpouy arogdoclc. Me otdyo tnv
"meoBhedmn’ wiog edvag, oe auTH TN BtmAwUaTiX Yo ooy ohndolue uovo e €va Te-
cloptopévo xouudtt Twv ANN, oTpégovtac TNV Tpocoy T UiC ATOXAEIC TIXE OE EVal
TAEYpa and vevpwveg, 1) Dense Layer, 6mwe yenowonotetton amd tnv BiBiodxn
¢ Python.
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Ewoéva 2: Ytpduo Neupdvwv-Avanopdotaon

Mio oynuatix avamoedcTacT ToU TAEYUATOC OTO VEVPWVES (QUivETOL OTNV
EXOVOL 2 EVE YOl TOV UTIOAOYLOUO Tou xa) evoc amd To amoTeAEouota o, Yive-

ToL YENoT TNS CLVAETNONG:

a=f ((Tgwlpl) +b)

‘Otoy ToL ATOTEAEGUAUTA TOU TOAATAAGIACUOL €Y OUY UTOAOYIGTEL, Bpat ot Luvdptnon
Evepyornoinong(Activation Function) dote vo petotpédet o yvouevo otny tehix
Ty €€6dou. XN O o mepinTtworn yivetow yerorn tne ouvdptnone Leaky
Rectified Linear Unit (Leaky ReLU) n omnoio avtipetwnilel anoteheoyatixd to
TEOBANUA TWV VEXPOY %xOuPwv. Loy Tedsutalo Brua Ttng dwdixdotag, yivetal
xavovixomoinon Twv otolyelwy e£6dou ue uia dtadxaocio tou ovoudleton L2 Nor-
malization ot vhomoleitan Y€ow TNg ouvdptnong:

flz) =

0.1z, ifx <0
x, otherwise

Epyoheia High Level Synthesis

To epyoleior High Level Synthesis (HLS) Sivouv tnv euxatpio otov oyediactr va
00UAEYEL oE éva ueYaAUTERO EMIMESD aPalpETTC EVE XATAPEEVOLY VoL BNULOURY Y-
couv anodotxd hardware. Ilopddhnha mpocgepouv ctoug software developers
£V €0X0NO TEOTO VoL ETILTOLY Y OVOUV ToL UTOAOYLO TS Y POVOBOR0 XOUMSTLOl TOU oh-
yopiduou toug mévw oe Field Programmable Gate Array (FPGA) 7 dhkec mhor-
popuec High Performance Computing. To FPGA npoc@épouv apyttextovinég
e ueydha enimeda ToapahAnionoinone xow 0QEAT TNy ENIBOCT), TO XOGTOC XAl TNV
EVEQPYELXL OE OYEDN HE TOUC TOPUBOCLOXOUS EMEEEQYATTES
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H por yerione tov HLS, oty nepintwon yac, to Intel FPGA SDK for OpenCL[2]
amoteheiton amd 6V0 UEpn: TOV TMEOYEUUUATIONO o TapaywYr Tou FPGA bit-
stream xou 1o host mpdypoupa mou Sryetplletan TNV epapUOYT xadde xaL Tov
emtoyuvTth). O xevipinde muprvag, uteduvog yia TNV TopaywYY| Tou bitstream
elvan yoopuévoc oe OpenCL xou mepvder mpwTo omd €ver otddlo hardware com-
pilation yio va dnuiovpyniel eva apyeio to onolo ‘Bofdleton’ and 1o host mpo-
Yeouua oTe To TeAeutalo va yenowonoloel To FPGA. Ytnv mieupd tou host,
T0 TEOYEoppa eivon youuuévo o C/C++ xou ouvdéetan Ue Tig avtioTotyeg BiP-
MoOrxeg g OpenCL. O oyediaothc cuVIETEL TOGO TOV XWOLXA TOU TUETVA,
o omoloc Yo "tpéel’ oto FPGA, 600 xar autév Ttou host, o omoloc extehel-
TOL OF EVOWUATOUEVO EMEEEQYACTY YEVIXOU GXOTO0 ol EAEYYEL TOUC VAOTIOLNUE-
voug muprvec Tou FPGA. Kottwvtag and éva udnidtepo eninedo, o host, yenot-
worotel to eminedo mhatgopuac OpenCL API yia vo umofdiel diepyaoieg oTig
OUOXEVES X %ol VoL OLaYELRlo Tel To oUYOAXO POETO gpyaoiog xatd To TAd-
TOC OAWY TWV CUCKEUMDY XUl TWV OLEQYUCI®OY. LTI OIMAWUATIXY Jac epyaoia,
Yo eXPETOAAEUTOUUE TO LPNAG ETUTEDD OAOXAPWONC TV EPYUAELDV QUTMV XO-
YOS XU TIC EVOWUATOUEVES OTUTNYIXES BEATIOTOTONOTE TOU TEOGPEPOLY Yia VoL
ONULoLEYYoOUNE amodoTxd hardware yéoa and Evay eVOEAEYT) OYEDLACTIXO YWOEO
eepelvnone (design space exploration).

Intel Stratix 10

H Intel Stratix 10 GX 2800 etvar yioe olyypovn cuoxeur) upnirc entdoong mou
Tepléyel meploadtepa amo 2,7 ex. Ltotyela Aoyixrc (Logic Elements-LEs). Ta
LEs anoteholv Ty mxpedtepn yovado hoywrc uéoa ot éva FPGA xou npoc@épouy
meonypéva yopoxtnoloTixd. Emmiéov, o Intel FPGAs anotehodvtar ano Kopud-
o Hpooopuolopevne Aoyrc (Adaptive Logic Modules-ALMs) ta onolo etvan
douxd otolyela oyedlaouéva va BEATIOTOTOOLY TNV ETUBOCT) XAl TNV XATAVIAWGT).
Kdde ALM, eviuloxdver mpooapuoloueva Lookup Tables(LUTs) évoav miren
odpoloTr) Twv 000 bits (FA) xadcde xou téooeplc xaorywenteg. Axoua ulo povéda
e Stratix 10, eivon opddec Aoyxdv douwy, ta, logic array blocks(LABs), ta
onola anoterolvton ano mohhomhd ALM. Ta LABs unopolv va oyedloctody €tol
(OTE VoL VAOTIOLOVLY OTIOLUONTIOTE OIS GUVERTNOT) oL ETWUUEL O YO TNG, OTWS
optduUNTIXES 1) cUVOPTHOELC XaToywenTt®y. H cuoxeur unootnellel cuvolixd 640
bits dual-port SRAM oe »xdie vionomnuévo MLAB. Téloc, o Ilivoxac 1 mepleyet
CLUYXEVTPWTIXG TOUC DLAIECIIOUC TOPOUC TNE CUOXELYC, TdVW OToug omotoug Yo

YTICOUNE TNV EQUEUOYT UOG.
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Hivoxag 1: Awdéowpor TTopol tne Intel Stratix 10

H LEs \ ALMs \ Evoopatwpévny Mviun \ DSPs H
2753000 | 933120 244 Mb 5760

Apyitextovixeg BeAtiotonowjoeic ueocw HLS

ITepuvypapry Movtélou TIpbBAedng

To TE®TO XOPPATL TNG EPYACIUC HUC ETUXEVTPWVETOL OTNV TROGEYYLOY] TOU TEO[-
AMuatoc and e dtagopetixy oxomid. Kotd v enthuon tou alyoplduou amd
Aoyouo, 1 xdie exodva ywelletow oe uno-ouddec. Kdlde uio omd autéc etvan
OVTIXEIUEVO LG OELRAC OO PETACYNUAUTIONOUS £TOL WOTE Vo Umopel vau Yivel 1
eneéepyaoio Toug and Tic PBAodxeg Tou yenotonoovvton. H dadixactior outh
ametxovileton oynuotixd otnv Ewxdva 3, exel émou 10 xdie otoyelo tng umo-
opddog petatpéneton amd évav mivoxa peyédouc 100 oe évav peyédoug (5,5,4).
Auto 1o otovyelo ot cuvéyeta ebvar Blayelplodo amd TO TEO-EXTIUOEVUEVO UOV-
T€ho TpdPAednc. Méou oto poviého, map” Ol auTd, oL Ewdveg avaoynuatiCov-
Ton oxopa piot popd oe Evary mivoxar 100 otovyelwy mou yenowonowolvTal Yo ThV
TOEUYWYT) TV 25 emduuNTOV anoTeAecudtwy. Auty 1 dtadixaoto uropel va Yew-
enVet we HapaAdnhiouds oe eninedo Oudoag apol to Sedopéva enelepydlovTal oe
Lop®1| ouddac uEow tng yenone tTwv BiBAodnxwy tne Tensorflow xou tne Python.
Hop" 6hat awtd, 0 xdde avtixelyevo elvon aveldeTnTo on6 Ta UTOAOLTO, ETOUEVWC
oL utoloytopol pumopoly vo yivouv oe xdlde €va EeywploTtd, OTwe anexovileTal
otnv Ewxodva 4.

normalized batch of
batch batch reshaped predicted
sub-images batch
prediction model
—> —> —>

Ewova 3: Toppodinhiouog oe eninedo Ouddoc(Software)
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distinct element of

batch normalized element

predicted element

Ewova 4: Topahknhioudc oe eninedo Xtoryelov(FPGA)

H dwdwascto tnv omola Yo axohoulicoude yiot TOV OYEBLUOUO TOU DLXOU U

novTtélou Teofiedne ouvoldileton emrypopuuaTd ToEoXdTe:

1. Agaipeon Méong Twng 1 Kdde pio and tic 100 téc tou otoryeiov

TEETEL VoL PetwVel xatd TNV péor Ty Tou delyuatoc. Ot utoloyiopol ylo Ty
eV AOY® Oladxacto eivol:

1
Lmean — L — N ZZE
OTIOU TO X AVOPEPETAL OTIC TYES TOU OELYHATOC-ELIGOOOL.

. Auwalpeon pue Tumxy Andxiiwor @ H odwdiacio cuveylletar pe tnv
otabpeom TV oTotyelwy Tou delyyatog ue TNV TUTXY| Toug amoxior. H ucon
Tin Tou delypoatog Vo meEnel var utoloyloTel ovd Yo To VEO Oelyua, 0TS
aUTO TEOEXUPE amd TO TEONYOLUEVO Briud.

xmean

Tstd =
Z|xmean_,u|2
N

. Dense Layer : E@6cov to 5eD0UEVH THEUUEVOUY GTOV TUETVOL Xal OEV OL-
EVEQYOUVTAL EYYQPUPES OTY VAN, ToL OelyUoTar Umopoly Vo yenotuortoimnioly
amevelog oav mivoxac 100 otoryelwy yio to Dense Layer. To Bruota tne ev
ANOY Dladixactag Teplyedpn oy Topamdve oTo TUAUN TNS Vewplac.

. L2 Normalization : H dwducacio oaut) haufdver ywpo 6oy tor 25 anoteléo-
Hotar €xouy TaparyUel amo To TEONYOUUEVO GTADLO xol ATOTEAEL GAAT) Lol LOP®N
XAVOVIXOTIOINONG TWV BEOOUEVWLV.

Avapoppwon tng Iepapylog tne Myvrung

Mo tpwtapy x| Ty vixr fertiotonolnone mou Yo eQupudCOUVUE apopd TNV ETLAOYT
¢ Bértiotne lepopyioc Myvrunc. Autd To XOUUATL ETIXEVTIPWVETOL GTO XATd TOGO
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7 OLlOUVOEST) UE TNV XEVTPIXT| UVAUT UTOPEL VO aTtOTEAETEL XA OPLOTING TaEdYOVTA
OTOV TEPLOPIOHO TNE EMDOOTC TOL TUEY|VAL.

I'evind, €va design udmArc enldoone enw@eleiton and tnv YeyloTinolnon tou
ebpouc LoOvne e uvAune (memory bandwidth). O Intel compiler npoonaiel
vo Beel TNy BEATIOTN TEY VXY DLCUVOESTC UE TNV 0L VAN, cOUpove cOU-
(POVAL UE TO UOTIBO TPOOTENACTC OTY) UVAUY, OTWS QUTO TERLYPAPETAUL OTOV XWOXA
TOL TUEHVA, WoTE Vo dnuovpyroel uoe Movdda Poptwone Anodixeuone(Load
Store Unit-LSU). Burst-Coalecsed povédec dnutoupyolvior oTny Tepintowot| poe,
yeyovog mou fBertiotonolel To bandwidth goptovovtag ta meplocodTepar duvaTd
OedoUEVAL IOV 0 oYEdLaoUOC xodopllel UG To X6GTOC TNE YENOooTolnoNS TEPLO-
c6TERWY TOPWV. Mio xohr) Toox Ty BeATiwoNE TOU OYEBLAOUOY EVOL VOL UELOVOUUE

Mean red Std div. Dense Layer L2 Norm

outputy
data dat data output

Hierarchy1

Global Memory

out_buffer

Mean red. Std div. Dense Layer [—» L2 Norm

X data dat: data output
Hierarchy2

Global Memory

data_buffer out_buffer

Meanred. | —>» Std div. —> | Dense Layer |—>» L2.Norm

X data output
Hierarchy3

Global Memory

Ewova 5: Emoxonnon Apyitextovixdv-Iepapyio Mviung

70 TANUIWE TWVY BLICUVOECEWY TWV TURHVWY UE TNV XUELAL UVAUN UE OTOYO TNV UEL-
WUEVT XATAVIAWOT) TOPWY TOU CUCTAUATOS Xal TNV ETTdyyuvon Tou design. H
ewova D Oelyvel TOV TPOTO TOU ETUOLOEAUE VO TO ETUTUYOUUE OTI] CUYXEXQLIEVT
nepinTtwon. Xenowponotolvtor exteves xoataywentéc (buffers) ;mou mopopévouv
OaY UVAUES XOVTE GTOV TUPNHVOL X0 oV TIXao TOOY TIC BLUOUVOESELS UE TNV x0pLa
uvAun. To amoTEAEOUUTH TWV APYLTEXTOVIXWY £lvol OLttEoUUOL TOROXATE:
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Hivaxag 2: Xoyxpon otn yerion MvAung

Design MLABs | RAM Blocks
Hierarchy 1 201 425
Hierarchy 2 181 432
Hierarchy 3 1845 262

Latency Gain

12

10

Gain(%)

Hiera‘rchyl Hierarchy2 Hierarchy3

Ewéva 6: Enidoon twv apyitextovixmy

Teyvixn) BeAtiotonoinong Automatic Loop Unrolling

To EedinAwua Bodyou(loop unrolling) amotehel pia SLEoNUN TEYVIXT GTNY TOEAAANAN
enelepyooia xol CUVETEYETOL TNV OVOTUEAYWYT| TOU OWUATOC Tou [Bpdyou Toh-
AEC PopEC WOTE Vo yenotuorotniel yiow TNV emTdyLVOT Tou ahyopiluou xou 1
uelowon tou x6cTouC Tou PBeodyou.  AmnopaltnTn mpoumddeon Yo va vAomoinUel
auUTH 1) TEY VXY Elvon oL TEdEelC PETAE) TV DEDOUEVGLY Vo efvor aveldoTNnTES o
t67¢ 70 loop unrolling Bonvder oty pelwon tne xaduoteépnone Tou alyopliuou
yevixodtepa. T'ar vor xododnyriooupe tov compiler va Eedimiwoet Bpdyoue, yenot-
uoToloVUE TNV eVIoAf #pragma unroll eve Yo mpémel vo xadoplcOuuE oL TOV
ToEdYOVTOL TOU ETLUUHOVUE.

YTV TEpInTWwon pog, xou epoocov to Change Detection elvon uior omontniny
UTIONOYLO TIXE. EQUEUOYT|, XEiVETaL amapditnTo Vo xdvouue unroll 6mou autd el
var epto. Extoc and v eCwtepu enavdhiew)n tou Bedyou mpoPredne tng
EOVOC, 1) TEYVIXT| EQapUOleTal o€ OAOV TOV UTOAOLTO x(OOXA Ywelc TeoBAnuo.
To amoTeAEOUOTA TN EPUPUOYTC TNG TEY VKNG QUTHC Efval DLaXELTd OTNV TR T
EXOVOL.
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Automatic Unrolling Speedup

254

204

154

Speedup

10 A

No Loop Unrolling Partial Unroll x2 Partial Unroll x4 Full Unroll x100
Ewéva 7: Emtdyuvon and teyvics) Auto Unrolling

ITepoutepw Teyvixec BeAtiotonoinong

Kuxiuer Awalpeon Iivaxa

Tao mponyoLueva anoteAéouata, Top” OTL VETING, OEV CUUTEQLPECOVTAL UE TOV BEATIOTO
TEoTO, ool Yoo LeTOAYMa pe mopdyovTa 100, o muprvoac xatagépvel vo TEECEL
HOMC 25 Qopéc YpryopdTepa. 2To XEPdAoo autd avalntroouse AOOELC O Yelpoxiv-
NTeEC TEYVIXES, OTwe ebvon 1 Kukhikn Awaipeon Ilivaxa, 1 oynpotixt| pop@n tng
ornotac gaivetar oty exdva 8. To anoteAéoyuta TN oTEATNYIXAC AUTHS Elval -
pavy) oty 9 eve ToedhAnia avalNTACOUE TEOTOUS VO GUVOUACOUUE TNV TEYVIXY)
QUTY| UE TIC EVOWUATOUEVES TEYVIXES TOU TEOTYOVUUEVOU tw’woctog(pramga unroll)
ToL amoTEAEOUATA TV oTolwy Beloxovtar otny 10.
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data (global memory)

0 1 2 3 4 R . 100
4 96 1 5 97 2 6 98
x1[25] x2[25] x3[25] x4[25]

Calculate partial products in loop

Ewova 8: Kuxdur Awadpeon - Lymuater) Avarapdotoon

Cyclic Partitioning Speedup

254

20

Speedup

10

ol
No Loop Unrolling Cyclic Partition x2 Cyclic Partition x4 Cyclic Partition x25

Ewdva 9: Kuxdux Awidpeon-Enidoon
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Cyclic Partitioning & Automatic Unroll Speedup

1004

80 -

60 -

Speedup

404

20

Cyclic Palrtition x2 Cyclic Paﬁition x4 Cyclic Pa&ition x25

Ewoéva 10: Emtdyuvor - Juvouatixée Ltpatnyixég

Avadiapdppwon Myvrung

ANAY i opyITEXTOVIXY) UE TNV omolo TElpopaTioTAxoue elvar auth) e Avadi-
apdppwons tns Myrung, wa viormoinorn mou BaciCetar oto vectorization twv
OEDOUEVWY UE OX0TO T1) PElWOT Tou x6GTouC Tou indexing yeoa otov miveca. Mo
OYNUOTIXY| UTELXOVIOT| TEOOPERETAL OTNY ExOvVa 11, eved o mivoxag 3 mepléyet uLa
o0y xpLon HETA U un BeATio Tomoinpuévou hardware, xou hardware oo onofo €youue
mpoc¥Ecel TNV evioAr] #pramga unroll. H avadioaudppmon tng uvAung ue autov
ToV TEOTO QaiveTon Vo anotelel Abon oTo TEOBAnUe Tou TNe Uelwong g enidoong
Tou auTouaTou Letuhiypatoc. H cuyxexpyévn apyttextoviny Yo yenowonondel
EXTEVWC OTA ETOUEVO XEPEAALIL, LG XL TPOCPEREL TNV XAAUTEQRT) ETUOOOT Ywplg
VoL ETBUEOVEL UE TEQLTTY| XATAVIAWOT) TOPWY TNV CUGKELT).

data on global memory

0 1 2 3 . . . 98 99

R G —__

1 4 |

98,99

private structure x

0 1 2 3 49

Ewodva 11: Xynuatuer Avropdotoor Avadopopgponone MyAung
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Hivaxac 3: Entdoon yuo éva Tile - Avadiopdppeworn Mvhung

Design No Loop Unroll | Auto Full Unroll
Original 7095ms 282ms
Reshape x2 6162ms 144ms
Reshape x4 7351ms 70ms
Reshape x8 7580ms 67ms
Reshape x16 7095ms 69ms
Reshape x32 7863ms 70ms

Apytextovixeg Elayiotonolnong Kaduotepnong

O teyvixéc mou mponyRinray anoteloly eva TpwTo eninedo mapariniiouod. H
anodoon umopel vo Bedtiodel mepoutépw cuVBLAloVTUC TIC XAAVTEPES TEYVIXES
UEYPL TP UE XATOLEG AUTOUNTES TEYWXES BEATICTOTOINONG TOU TUPEYOVTUL AT
to HLS.

Or teyvixég Tou xeparalou autol emxevipnvovton oty exveloor tou Coarse-
Grain mapahhnAlogo0, To omolo EMTUYYAVETOL OTaV €va TEOYEoud YwelleTto
oe Ueydheg Olepyaoiec mou extehovvton TopdAAnha. O tpdTOC UE TOV OoTolo Yo
ETUOLWEOVUE XATL TETOLO Elval péow Twv dladéotuwy OpenCL directives, ta onolo
ToEOVCLECOVTOL GUVOTTIXG ¢ EENC:

e num__compute__units: Ilpdxeiton yior ploe teyvind) mou oxonedel oty
ueiwon tne xaduo tépnone TnNg cuVolxc oyedlaonC HECW EXTEVEGTERNC XATAVIA-
WONG TWV TOPWY ToLU cUCTAUNTOC. O TEOTOC PE TOV OTOl0 TO ETULTUYYAVEL
elvor UG TNG AVTLYRAPTC TNG 0N UAOTIOINUEVNC LoVadaS enelepyaciog XaTd.
eva apdryovta mou opilel o yerotne. H enthuon tou npofiAuatoc enopévng
OLoqolpdlETAL GTOUC TURTVES TIOU EYEL XaoploEL 0 YENOTNG HE EVOY AUTOUATO
TEOTO.

« num_ simd_ work_items: To directive auté tpomomolel Tov @oépTO €p-
yaotog plog povadog enelepyactioc wote va unoloyilel TEplocoTERH BEOOUEVAL
oTov Bl yeovo. Ilapdho mou ol mpoofdoelc oTny uviun peELvovTaL ovd
wovdoa enelepyaotoc, 1 TeY VX auTy| TEoo¥ETEL cLY VA apExeTd Bdpoc oTNY
XATAUOAEUT) TOU Texol design.

« reqd__work_size: Méow tng evtohric autric, o compiler emBdAiel BertioTomolr-
OELC OTNV TOTUXOTNTA TOU OYEDLUCUOV YwElC Vo OTUTHAOYTOL TOPOL TOU GUC T
wotoc. Katagpépver €10l var ONoupyfioel anodotixr) 0pOUOAGY O AVAUESH
oto threads , mpdrypo avaryxofo yia enthuon peydhou yeyedoug mpoBhnudtwy.

Hopoxdte mopovotdlovton ta xVpLol ATOTEAEGUATA TOU TEOXVOTTOLY ond TNV
OLEPEVVNOT) AUTMV TWV UPYLITEXTOVIXMV.
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Comparison - CU Replication & SIMD
2.32

CuU=1,5IMD=1
CU=2,5IMD=1
CU=3,5IMD=1
CU=4,5IMD=1
CU=1,S5IMD=2
CU=1,5IMD=4
CU=2,5IMD=2

2.0

1.5

1.0

0.5

0.0-

Speedup(x) Avg. Resources

Ewova 12: X0yxpion petad Movddevy EneZepyaotac(CUs) & SIMD Apyttextovixmy

3 Compute Units - Varying Local Size - Execution Time

3.01 - 128
—e— 256
—&— 512
259 —— 896
—a— 1024
—— 1792
2.0 1
m
E
'_
1.0 1
0.5

103 104
Problem Size (threads spawned)

Ewova 13: Metofols| enidoong yia 3 Troroylotinés Movddeg

Apyrtextovixeg via AUEnon tng Aexnepatlwong Epyoaoiody

To xe@dhato auTO EMUEVTPWOVETAL TNV ONuiovpYlo apyttextovixwy Fine-Grained
T0 omolo onualvel 6Tt To xUplwe TEORANUA YwelleTon ot UixpdTEPES BlepYaolec Tou
eXTEAOUVTOL TOESAANANL VG 1) ETUXOVWVIAL TOU BtacpahiCetal YEow KavaAiwy, Tou
uropolv va Yewernioly we FIFO buffers. To xavdhio yenotponotobvton Adyw tng
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udmAfc Toug amodoone xon yaunAhc xaduotéenone. Mia oynuatr avamopdo-
Taon NG Tpoavagepleicac apyltexToViXrg dlvetar oto oyfua 14. Ye autAv TV
nepintowon, xdie xoupdtt Tou ahyopliuou, O6Twe auTd €yEl oploTel oTo TEONYOUL-
MEVOL XEQIAoLa, amOTEAEL évay EeyweloTo muprvar mou eivon umebYuvog yia Tov
UTOAOYLOUO EVOC UEPOS TOU GUVORLXOU TEOBAYUTOC.

Fine Grain Parallelism

Mean Standard L2
Dense Layer

—> Reduction Deviation Normalization|

FIFO Buffer FIFO Buffer FIFO Buffer

A

Global Memory

Ewéva 14: Thonolnon Movol Pipeline

Levind, apyttextovixéc autol Tou eidoug odnyody oe AydTtepo xoctofopa de-
sign xan enweerolvTUL and PeYdha ueYEUT TeoBAnudTey. Mia diepedvnon oyeTxd
ue To TARjoc TV Tapdhhniny pipelines dievepyiinre 6w, To amOTEAEGUATA TWV
omolwv elvan Tor e€¥c:

Pipelines - Writes/iteration Graph

1313 1 Ch. Write/lteration
12 4 12 HEl 2 Ch. Writes/Iteration
B 4 Ch. Writes/Iteration
B 8 Ch. Writes/Iteration
10 - 16 Ch. Writes/Iteration
8 -
Q
3
k3 6
a
n 6
4 3.9 3.64
5 2
1 1
0
1 Pipeline 2 Pipelines 3 Pipelines

Ewéva 15: EEENEN ypdvou extéheonc o cuvdptnon ue to mhdoc twv Pipelines
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Evowudtwon o Aoyiopixd

210 teheutalo xEQIANMO TNG OMAWUATIXNAG, YIVETOL Lot CUYXELTIXY TopouciooT)
OVAUETA G OAEG TLG UAOTIOINUEVES URYITEXTOVIXES OE CUVOUNOUS UE TNV eNdpaoT)
Tou data movement and xou tpog To FPGA. AweuxpwiCeton o tpdTOC e Tov onolo
emxowvwvoly ta host & device , eved téhog mpotelveton Uiar LAoToINoT TOU APoEd

TNV EVOWUATWOT| TNG XUADTEPNG UEYLTEXTOVIXHC UE TO AOYLOUXO.

160+
140

1204

60 1
40 4

20+

Hapbdro mou 1) BEATIOTN EXdOYT Hag eTITUY YAvEL 7X BeATiton oTov Ypovo UTOA-
OYLOUOU TOU UOVTEAOU, O TEOTOC OLUCGUVOECTC TOU UE TO AoYlouxo elval avomoTe-
AEOUOTINOS KOl ETUOEYETAUL TEQUTERW DOUAELSC.

Different Approaches - Comparison

Computation

I Data Movement

latency-FF  latency-UF  Latency-UH  Pipes-FF

Pipes-UH

Pipesl Best

Latenéy Best

Ewéva 16: X0yxplon Thomounuéveoy ApyitexTovix®y

Tile Comparison

3.5
Computation

mmm Data Movement

3071 mmm Overhead

2.5

Time (s)

1.0

0.5 1

0.0

Software

e
Optimized Hardware

Ewoéva 17: Xoyxpon tifpous Evowupatwuévne Xyedioong
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Chapter 1

Introduction

With the advent of the Copernicus program and its wealth of open data, the
Earth Observation domain is increasingly adopting big data technologies. This
adoption is firstly made possible by efficient data storage and processing infras-
tructures, but most importantly by the development of data analytic applica-
tions with machine learning techniques. In this context, Thales Alenia Space
(TAS) proposes to develop an application of change detection on Earth Ob-
servation satellite images time series. Examining changes of a designated area
over a period of time enables applications in many sectors, such as security,
emergency, maritime and land surveillance[4].

TAS change detection tool provides generic change detection maps for pairs
of time-consecutive Sentinel-2 data products that represent exactly the same
field of view. The application can be considered as a pipeline with distinct parts,
the first of which being the download of the two images in the form of data prod-
ucts from one of Copernicus access platforms. They are then transformed and
preprocessed to produce a single Sentinel-2 Image with the bands of interest.
After the images have been sorted in by time-series in chronological order, the
computation of the change detection map begins. This computation is based
on a pretrained neural network model, which is robust to lightning and atmo-
spheric condition differences. Neural network algorithms help us detect features
such as shapes, edges and motion in digital images. The resulting change detec-
tion maps are geoTiff rasters with the same size and geo-reference as the images
they have been calculated by, and whose pixel values range between 0 and 1.
These values represent the probability that a change has occurred between the
acquisition dates of the two images[5][6].

The repetitiveness (every few days) and the free access of Sentinel-2 (S2)
satellite images result in massive datasets. An important challenge in multi-
temporal change detection is the fast access and storage of a big amount of
data and the computationally-intensive processing which is necessary. Further-
more, another challenge of change detection is sensitivity to atmospheric dis-
tortions, such as cloud or aerosol optical thickness. Given these circumstances,
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we propose a solution concerning the acceleration of the design, allowing better
accuracy and improved response times.

The algorithm throughout its execution creates and processes an immense
amount of data, thus bottlenecks make their appearance at the total execution
time. It seems necessary to turn our attention towards hardware acceleration.
With this technique, a complex algorithmic system can be build to run effi-
ciently while not being resource hungry. However, designing a HW accelerator
with Hardware Description Languages such as VHDL or Verilog can be time
consuming and a difficult to debug task. Using HLS (High Level Synthesis)
Tools removes these barriers, as the functional description of an algorithm in
the form of a C function is automatically translated into a hardware descrip-
tion. Although a HDL build offers the best possible outcome performance-wise,
utilizing HLS tools enables quick development cycles, hence the exploration of
a wide variety of architectural characteristics which is almost impossible to
achieve in HDL given a small amount of time.

Our work consists of an exploration about the last part of the Multi-Temporal
Change Detection computational part of the pipeline. We start of by analyzing
the Change Detection tool as a process. Its profiling revealed bottlenecks in
performance, since about 75% of the time spent in the module is used for the
computation of the change detection map inside the main loop. Subsequently,
the theoretical backround, necessary for the reader to understand the main
terms that will be used, is presented. Information concerning the mathematical
backround as well as the way that our tools work are included. In order to
reduce the time consuming-part of the Change Detection tool using hardware
acceleration, we developed a prediction model with the help of HLS Tools. The
exploration continues with the application of several techniques and strategies
with the intention of accelerating our prediction model to match the speed
achieved by software or even surpassing it. At this point, the process is split
into two parallel semantic ways, the one comprised of latency optimized archi-
tectures and the other of throughput based ones. Both these approaches man-
age to achieve desired outcomes, while they handle the performance-resource
consumption tradeoff in different ways. Latency optimized designs offer better
performance when predicting a predefined problem at the cost of utilizing more
area, whereas throughput based architectures lack in performance for smaller
problems, but are as competitive as latency ones for larger problems, while oc-
cupying significantly less area. At the end of this diploma thesis, an integration
with the original software is proposed. The reader is offered a start-to-finish ex-
planation on how the best-performing design is implemented to work alongside
the software.

In this diploma thesis, we explore a big amount of both micro-architectural
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traits and general architectures concerning hardware with the ultimate goal
of accelerating the original design. In Chapter 2, a brief overview of Multi-
Temporal Change Detection application is presented. The main parts of the
algorithm are broken into distinct pieces. Bottlenecks that come up from ap-
plication profiling when run on a general purpose processor are also included.
Chapter 3 is about the theoretical background of neural networks, parallel com-
puting and the design tools and platforms used for the acceleration process. In
Chapter 4, a reconstruction and a first implementation code is presented as
well as some base code level optimizations. Latency and Throughput opti-
mized architectures are demonstrated in Chapters 5 and 6 respectively. Lastly,
in Chapter 7, we propose an end-to-end implementation using Docker and the
ctypes module. C++ and Python interconnection is also issued whereas 8 con-
tains the Conclusions of the entire diploma thesis.
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Chapter 2

Problem Overview

Change Detection Analysis

Change Detection is an application that is used to encode and calculate the
per element difference between two large images. Inference tasks that operate
on small fragments of an image in order to focus in one or multiple areas of
interest within a single image are also examined. This technique is adopted
by the change detection tool that was developed from Thales Alenia Space
and computes the differences between time-consecutive Satellite images of the
same field of view. These differences are identified by a neural network model
that performs the detection on small tiles of the original images. The model
comprises of two layers and operates on 4-channel 5-by-5 pixels tiles. In this
case, the complexity lies in executing an immense number of inferences for an
unbound number of images. Throughout the process, a great amount of data
is produced and processed.

Originally, the workflow of the application starts with loading the two images
from memory. They are then transformed into datatypes that can be processed
by the libraries utilized. Before entering the main processing loop of the algo-
rithm, they are extracted to gain extra per pixel depth. Once the main loop
starts, a batch of size (batch size, 10976,100) is issued for each one of the two
images. Each batch is normalized before getting predicted in a process that
contains casting the correct datatype, reducing the mean value and dividing
with standard deviation across the third axis. The normalized data are then
reshaped into smaller images of size (5,5,4) resulting in a total amount of (batch
size)x10976 images. These images are passed into the prediction model which
consists of a Flatten Layer, where the images are reshaped into arrays of 100
elements, a Dense Layer of size 25, which inputs arrays of 100 and outputs 25
features and a L2 Normalization Layer where the 25 features get normalized
through a process we will examine in the next Chapter. After the sub-images
from the two batches have been predicted they are subtracted element-wise
and appended to the output array. The loop iterates for every batch in both
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images. Once the loop is over and every batch has been normalized, predicted,
subtracted and appended to the final array, results are reshaped into an im-
age of size (10976,10976) and after user-defined masks have been applied, the
output image is stored back to memory and the process ends. A graphical
representation of the complete process is presented in Figure 2.1.

Each Satellite image is about 350MB in storage size and corresponds to a
large image of an area. Software loads them in rgba mode with & bit unsigned
integer precision, which leads to 480 MB in RAM utilization per image. The
extraction part scales this data into 12 GB of 8 bit unsigned integers and shape
(10976,10976,100) for each image. Once the main computing loop starts, each
batch is transformed into its float representation of 16 bit precision in order
to get normalized and inserted in the prediction model. Once the prediction
model is finished, the data are in 32-bit form. Same precision remains until the
application ends. Table 2.1 shows how data dimensions and precision changes
for each image throughout the process whereas size reflects the total amount
of load generated by the two images that the system has to sustain at every
step. Batch size is specified by the user and can be equal to 64,128 or 256. Bigger
batch size means more RAM utilization which can lead to systems crashes since
every iteration of the prediction loop holds and processes more data at once.

Table 2.1: Data specifications throughout the process

| Processing Step | Data Dimensions | Data Precision | Size (MB) |

Image Load 10996,10996,4 8bit unsigned int 967.3
Image Extraction 10976,10976,100 8bit unsinged int 24945
Batch Selection 128,10976,100 8bit unsigned int ~280
Normalized Data 128,10976,100 16bit float ~560
Prediction Output 128x10976,25 32bit float ~280
Output Image 10976x10976 32bit float 480

Calculate for every batch
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Figure 2.1: Change Detection Schematic Representation
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The code is written in Python using some of the most popular libraries avail-
able. Numpy and math are utilized for main data processing parts such as
setting specific data-types or calculating the mean value. GDAL library which
is capable of programming and manipulating geospatial data is used for loading
image metadata and storing the output as a .tiff extension image, a format
useful when storing raster graphics images. Nonetheless, the heaviest part of
the computation relies on the Tensorflow library, which is an open source plat-
form, mainly used for training machine learning models while offering effective
solutions in dataset preprocessing or normalization tasks. In Change Detec-
tion application tool, Tensorflow is responsible for loading the input images in
rgba form and extracting them through a process that is similar to applying a
Convolution Layer to an image. After the batches have been split, Tensorflow
normalizes them and predicts the intermediate image outputs using a pretrained
model. Lastly, it reshapes the output image and applies the mask on it before
GDAL stores it back to memory. Although Tensorflow and all the utilized li-
braries are widely used and contributions for further development are made to
them every day, they struggle to keep up with a real-time application which is
so compute intensive such as Change Detection. In the following subsection we
will examine why and how this incident occurs.

Application Profiling

Due to their large total size, as we saw from Table 2.1, producing the output
of the extracted images becomes a resource-full and time consuming process.
Results from Software profiling for 3 different values of batch size revealed the
slowest parts of the algorithm as found in Figure 2.2. Loading the two images
takes up to 17% of the total time. The main processing loop which was discussed
in the previous subsection takes a total of 74% of the time. The remaining
time is consumed in extracting the input images and writing back the output
one, equal to about 9% of the total time. Taking into consideration these
measurements, it feels necessary to turn our attention towards the main loop.
Inside it, we split and calculate the difference between two predicted batches
and append it to an output array in every iteration. From main loop profiling we
find out that normalizing two full images in steps of size (batch size,10976,100)
is rather costly and equals to 72% of the loop time consumption or about half
of the total time that the complete application runs. The rest of time is spent
on predicting the batches and reshaping and appending to the output array.
Lastly, it is interesting to focus on how time is spent across the normalization
part of the algorithm. Figure 2.3 indicates that standard deviation division part
is the most time consuming one with a 60% time share. Of course, that is to
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Figure 2.2: Profiling

be expected, since it requires the most compute intensive calculations relative
to the other two. Mean reduction and correct Datatype casting are responsible
for the rest of the remaining time.

Datatype Casting

14%

. 26%
Mean Reduction 60%

Standard Deviation Division

Figure 2.3: Normalization Profiling

Talking with absolute numbers, the complete algorithm spends about 110s
when run on a high-performing general purpose processor. This amount of time
is restricting for real-time applications where an unbound amount of images are
passed in the model every second. This thesis will focus on trying to create a
more effective environment for the algorithm, targeting its acceleration through

the exploration of micro-architectures and complete build architectures on Intel
Stratiz 10 FPGA.
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Chapter 3

Theoretical Backround

Backround information on Image change detection

One of the best ways for detecting changes between two or more images is
through predictive Artificial Neural Networks. Neural Networks try to imitate
the way that human brain works, creating a network where some neurons are
connected to some other in order to pass information and make decisions. In
this thesis, for the sake of predicting an image, we are going to deal with a
limited amount of the vast ANN field of studies, turning our attention solely to
a layer of neurons, also known as a Dense layer in Python’s Tensorflow library.
A single input neuron can be seen in 3.1.

Inputs General Neuron
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Figure 3.1: Single Input Neuron|1]

A single input neuron can be seen in Fig.3.1. A scalar input p is multiplied
by weight w and summed with bias b to form the summed output n. This n
product goes into the activation function f which calculates the neuron output
y [1]

A single input neuron however is practically of no use on its own. Multiple
inputs z should be applied on a neuron in order for it to be useful. This topology
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is called a multiple input neuron or perceptron and its goal is to classify a set
of inputs z in a successful and desired way [7], e.g used to implement an AND
logic function. The equation responsible for producing the result is:

v=Jjan

Figure 3.2: Perceptron

When more complex problems are on the line, perceptrons fall short. A
single-layer network of S neurons are able to solve these kind of problems and
will be the centre of our attention, as seen in Figure 3.3. This model is used
in this thesis for predicting the two images. As input, there are 100 elements
which produce 25 outputs. This model is used for the prediction of the two
complete images of the application, whose per-predicted element difference we
are eager to find.

The primary role of an Activation Function is to transform the produced
sum from the computing node(s) into an output value. Activation functions
introduce an additional step to the process but its computation is worth it,
because without it, every neuron would be performing linear transformations on
the inputs. There are several types of activation functions, such as Binary Step,
Linear and Non-Linear activations. In our case, leaky Rectified Linear Unit
(or ReLLU) is implemented, which is a subcategory of linear transfer functions.
Leaky ReLLU deals effectively with the problem of dying nodes, which is noticed
when the neuron becomes stuck in a perpetually inactive state and "dies". The
equation that will be realized in this thesis is shown below :

0.1z, ifz<0

x, otherwise

-]

Another important part of the process is normalizing the output. The goal of
normalization is to change the values of numeric columns in the given dataset to
a common scale, without distorting differences in the ranges of values. Normal-
ization in this case is useful because the algorithm does not make assumptions
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Figure 3.3: Layer of S neurons [1]

about the distribution of the data. It is performed on the predicted 25 features
and contains division for each element by the sum of the square of input x.
This method is called L2 normalization technique and is realized by the model
to normalize the output batch, as shown below:

output = ————
Siso 7

High Level Synthesis Tools

High Level Synthesis Tools give the designer the opportunity to work at a higher
level of abstraction while creating high-performance hardware. It provides soft-
ware developers with an easy way to accelerate the computationally intensive
parts of their algorithms on a Field Programmable Gate Array (FPGA). The
FPGA provides massively paralleled architecture with benefits in performance,
cost and power over traditional processors. The main part of the application
is thus executed on the systems’ processor while a part of it is transformed
into a Register Transfer Level (RTL) implementation that is synthesized into a
bitstream that can run on the FPGA.

The flow of using HLLS, in this case the Intel FPGA SDK for OpenCL is briefly
descripted in Fig.3.4. Applications using the Intel FPGA SDK are composed
of two parts: the FPGA programming bitstream(s), and the host program
that manages the application and FPGA Accelerator. The kernel, written in
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OpenCL, is firstly compiled to an image file that the host program uses to
utilize the FPGA. In host side, the program, written in C or C++4, is compiled
and linked to the OpenCL runtime libraries. The designer synthesizes both
kernel code, that is to be run on FPGA, and host code, which is run on a
general-purpose embedded processor and controls the kernel(s) implemented
on FPGA. At the top level, the OpenCL host uses the OpenCL API platform
layer to query compute devices, submit work to them and manage the workload
across compute contexts and queues([2],[8]).

HLS tools provide the ability to work in a organized and structured way in
order to implement optimizations or other iterative modifications in the design.
Every step of the process serves as a checkpoint for identifying functional errors
and performance bottlenecks. At first, the ability to verify the functional cor-
rectness of the algorithm is granted by running the design in simulation mode,
achieving that in a faster pace than traditional Hardware Description Languages
do. After that, the synthesis of the design is issued as an intermediate com-
pilation step. By doing so, the RTL design is produced while HLS offers the
ability to control the OpenCL synthesis process through optimization strate-
gies allowing the creation of specific high-performance implementations. Once
synthesis is complete, the Intel FPGA SDK creates a reports/report.html file
which contains valuable information about the design[3]. By reviewing this file,
we can detect potential resource or data performance bottlenecks in our design
and fix them by consulting the suggestions of Intel SDK. The RTL compilation
output from the Design Tool is provided in the industry standard Hardware
Description Language format of Verilog and is split in a base.v and a <kernel
name>.v file. At the last step, the RTL implementation is integrated into a
hardware system, in a process of full build compilation, which takes several
hours to complete, producing a .aocx binary file that host can use.

One of the pros of using HLS tools is that they can compile any C code into
an implementation of high performance while maintaining an efficient resource
usage. This is accomplished by adding HLS-defined strategies, such as pragmas,
that are taken into account during RTL compilation process and result in op-
timized IP builds. HLS creates the optimum implementation based on its own
behavior, constraints and strategies that the user defines. The optimization
strategies are selected so that the architecture satisfies the desired performance
and resource consumption goals.

The report.html file that is produced from synthesis is a first step of esti-
mating how the hardware build will perform and how many resources will be
spent on it. After analyzing the report, optimization strategies can be applied
to refine the implementation towards a more desired outcome[3]. It is hence
useful to understand what kind of information we extract from the report file
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Figure 3.4: HLS flow using Intel FPGA SDK for OpenCL|2]

and what kind of metrics are used to assess performance in a design generated
by HLS. Some of these metrics are :

e Resource Usage: Indicates how many hardware resources are spent for

the implementation of the design. Lookup Tables (LUTs), Flip Flops (FFs),
RAMs, and Digital Singal Processing blocks (DSPs) are the kind of re-
sources that FPGA combines to synthesize and implement a design. An
assessment of their usage is found in report file whereas after hardware im-
plementation is complete, report contains the actual number of resources
utilized (might be slightly different).

Latency The latency of a function or computing block is the number of
clock cycles that are required to complete their execution.

Initiation Interval The Initiation Interval (II) is the amount of cycles
before a loop can accept new data. When II cannot be defined, the report
file presents other characteristics of the loop such as thread capacity.

Kernel Memory Usage After the user declares memories for the design,
the offline compiler checks the structure of the code, the loops and calcu-
lates potential bottlenecks. It is then decided whether some memories get
replicated in order for more threads to be run in parallel, practically for
the sake of increasing II.
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OpenCLs” main component is the kernel. A kernel, which is represented by
a set of blocks in the report.html file, is a unit responsible for implementing the
algorithm the designer describes in his/her code. OpenCL kernel runs the code
in parallel inside the FPGA over a predefined N-dimensional computational
domain, called NDRange. These N elements are called "work-items" and can
be grouped into batches called "work-groups'. An NDRange kernel is beneficial
for the design when multiple concurrent threads can run in parallel without any
data dependencies occurring between them|[8]. More often than not, providing
a standard work-group size can help speed up the overall FPGA performance.
Fig.3.5 depicts how work-groups are scheduled and queried inside a NDRange
kernel.

Work-group Queue
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Completed Work-groups
Figure 3.5: Scheduler Workflow after Local Size is specified

If N is equal to 1, the kernel is described as a single work item and in this case,
the compiler applies different techniques aiming to accelerate it. Another useful
component are loops. In single work item’s case, the compiler tries to accelerate
every loop in the design to allow multiple iterations to execute concurrently.
On the contrast, NDRange loops do not get pipelined, but they can accept
multiple work-items at the same time to be executed in parallel[3].

Every high performance computing design benefits from the potential ability
of its HLS Tool to be able to maximize memory bandwidth. Intel FPGA SDK
Compiler tries to recognize the global memory patterns of the design and realize
the appropriate Load-Store Unit (LSU) for each separate occasion. Some of
the most characteristic LSUs are Burst-Coalesced, Prefetching, Local Pipelined
etc. Unfortunately, the designer cannot impact the LSU implementation in a
direct way, however there are techniques that are used to "hide" global memory
bottlenecks and increase total build throughtput. These techniques lie on the
correct selection of memories inside the design. OpenCL supports three types
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of memories other than global : local, constant and private. Local memory is
visible to all the work-items across a work-group, constant memory resides in
global but the kernel loads it into an on-chip cache and is shared by all work-
groups at runtime and lastly private memories are visible to a single work-item,
implemented using registers or block RAMs and provide the most bandwidth
among all the memory types. Last but not least, two useful kernel components
are channels and pipes, operating in a similar manner. They are mainly used
for inter-kernel communication, in cases when one kernel produces some data
and another reads them.

In addition to a general guideline that we are trying to follow by using
effectively the components we discussed so far, Intel HL.S Tool provides us with
some extra strategies to optimize the design. Optimizations can be applied on
loops or the complete design. In Table 3.1 some of them are briefly descripted.

Table 3.1: HLS Optimization Strategies

| Strategy | Description \

#pragma ivdep The ivdep pragma instructs the compiler that there
are no loop carried dependencies between

the iterations of a loop resuting in potential
reduction of logic utilization.

#pragma unroll Used to replicate a loop body multiple times reducing
loop control overhead and therefore latency.
#pramga coalesce Directs the compiler to form a single loop out of

two or more nested loops. Kernel area is thus reduced by
eliminating some loop control overheads.

reqd_ work group size | Specifying the local size instructs an NDRange

kernel to perform aggressive scheduling in work-items, resulting
in more work-groups working in parallel. The size of local size
should evenly divide the global problem size.
num__compute_units | Specifies the number of times that the kernel

is replicated inside the FPGA. Compiler distributes work
-groups across the compute units dynamically.

Stratix 10 device specifications

The Intel Stratix 10 GX 2800 FPGA is a modern high-performance device,
containing more than 2.7 million Logic Elements (LEs) inside its kit. LEs form
the smallest Unit of logic inside the FPGA and provide advanced features.
Intel FPGASs are also composed of Adaptive Logic Modules (ALMs), which are
building blocks designed to maximize performance and utilization. Each ALM
encolses adaptive LUTs, a two-bits full adder (FA) and four registers. Another
unit of Stratix 10 is a logic array block (LAB) which is made of multiple ALMs.
LABs can be designed to realize any kind of function the user wants, such
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as arithmetic or register functions. Combining up to a quarter of the total
available LABs to serve as memory blocks forms the memory LABs (MLABs)
in the FPGA. A maximum of 640 bits of simple dual-port SRAM is supported by
every MLAB. Dual-port SRAMSs are low-latency devices that only take a clock
cycly to perform a read/write operation([9],[10]). A vast amount of Digital
Signal Processing blocks (DSPs) that are used to accelerate multiplications and
accumulations are also provided.

Table 3.2: Intel Stratix 10 available resources

H LEs \ ALMs \ Embedded Mem. \ DSPs H
2753000 | 933120 244 Mb 5760

Intel Stratix 10 uses M20K blocks as RAM. They can be configured as true
dual-port, simple dual-port and single-port RAM and ROM. Each M20K block
supports three clock-enable controls which gives the opportunity for either
clock-enable controls or no gating clock control. Clock muxing is balanced,
which prevents skew between clock paths.
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Chapter 4

HLS Architectural Optimizations

So far, the Satellite Image Change Detection tool has been analyzed, the li-
braries it utilizes to perform its tasks as well as the main bottlenecks that
prevent it from being effective as a real-time application. We then examined
the theoretical backround of encoding an image using neural networks, the HLS
Tools that help us construct applications and the specifications of the device
our application will be run on, the Intel Stratix 10 FPGA. In this Chapter,
an embodiment of the Satellite Image Encoding Application in the FPGA is
presented as a prediction model firstly. Subsequently, strategies and techniques
that are available in OpenCL will be examined, how they are being applied
to our prediction model and in which way they impact the model separately.
These optimizations will either occur on a memory hierarchy level (Chapter 4),
micro-architecturally inside some code’s structures (4 and 4) or through speci-
fications concerning the mathematical operations of the architecture (Chapter
4).

Prediction model description

As we examined in Chapter 2, Satellite Image Change Detection is a compute
intensive task. Analyzing and profiling the application revealed bottlenecks that
concern mainly the processing part rather than the input image loading and
output image storing parts. In that sense, it is thought-provoking to experiment
with FPGAs and check whether they can help us with the optimization of the
main loop execution part. In this first subsection, a prediction model that will
be realized inside the FPGA is presented, in order to replace the most time
consuming part of the algorithm, as that is inferred by Section 2.

In software code, every batch that gets processed is subject to a number
of reshapings that occur on it. Starting with batches of shape (batch size,
10976,100), every element of the sub-matrix (batch size, 10976) gets normalized
across the third axis of size 100. An element of the sub-matrix is then turned
into an image of size (5,5,4) which is a manageable data form from the pre-

51



trained tensorflow’s prediction model. Inside the model however, images are
again reshaped into a flattened array of 100 values that are used to produce
the 25 outputs of the Dense Layer. A schematic representation is given in
Figure 4.1. A specific element is highlighted to represent the changes that
occur throughout the process. Every element is independently normalized and
predicted from one another.

normalized batch of
batch batch reshaped predicted
sub-images batch

N

prediction model

—> > >

Figure 4.1: Batch Level Approach (Software)

distinct element of

batch normalized element

predicted element

Figure 4.2: Element Level Approach (FPGA)

The above described approach can be presumed as batch level parallelism,
in the sense that the data get processed in a group-like way using Python’s and
Tensorflow’s libraries. However, every element inside the batch produces its
results self-reliantly and hence calculations can occur in every distinct element
of the batches freely and in an out of order style[11]. Figure 4.2 shows how every
elemenent will be treated inside our implementation. Our desire is to build a
kernel that inputs threads accompanied by 100 data values which output 25
values with the ultimate goal of scaling the design for a complete image. We
chose this element-wise parallelism in order to take advantage of OpenCL’s
ability to schedule a large amount of threads using the NDRange kernel cast.
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The total problem size will be equal to the size of the first 2 dimension of the
input batch, which is (batch size,10976) in a two-dimensional space or (batch
size)x10976 in a one-dimensional space, and these are the amount of threads
that will be deployed in total. Each thread corresponds to an element of a batch,
"carrying" 100 values and it follows the procedure below in a strict manner in
order to produce the predicted element:

1. Mean Reduction : Each one of the 100 values has to be subtracted by
the dataset’s mean value. The output of the first step is calculated as:

1

xmean:x_ﬁzx

where x is equal to the input values.

2. Standard Deviation Division : The process continues with the division
of the elements by their standard deviation value. Mean value has to be
calculated again from the mean-reduced dataset. The formula for this step

1S:
Lmean

Lstd =
Z|xmean_u|2
N

3. Dense Layer : Since data remains in the same kernel (values are in
buffers) and no write-backs to memory occur, they can be immediately
used as an array of 100 in the input of a Dense Layer. Dense Layer and
the steps that are followed was analytically discussed above in subsection
3.1.

4. L2 Normalization : This method occurs once the 25 outputs from Dense
Layer are calculated and constitutes another normalization method applied
in the design overall; its steps are found in subsection 3.1 as well.

Prediction Model

__________________________________________________________________________

Weights

Global Memory

Data

Figure 4.3: FPGA Image Encoding Prediction Model

A systemic overview of the the algorithm is found in Figure 4.3. Weights
are used as read only values, whereas data are inserted and change throughout
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mean reduction and standard deviation division until used by Dense Layer.
Lastly, bias is also needed for Dense Layer calculations, but it is provided as a
constant array of 25 values. The output of the Dense layer is based on the dot
product between 2 matrices, the data and the weights. Weights come in the
form of a (25,100) matrix and every time, a column is issued in order for the
product to be calculated. Figure 4.4 shows a schematic representation of this
process. Every value of the weights column is per-element multiplied by the
data ones. After the dot product has been computed, the corresponding bias
value is added to it, the activation function, leaky ReLU, is applied and hence
the output is produced. This process is repeated until all outputs have been
calculated.

wl . .. wi data bias output

—Activate—>»

2XXX,

Figure 4.4: Dense Layer-Dot Product Flow

Lastly, as an intro for the next Sections, we present the OpenCL implemen-
tation of the complete prediction model we have discussed so far. In the next
parts of Chapter 4, our main focus will be to find architectures and HLS tech-
niques to optimize certain parts of the code and integrate them with software.

__constant float bias[25] = {-0.03938436,1.77568137..};
__kernel void prediction_model(__global float data,
__constant float weights,
__global float output)

int element = get_global_id (0);
float mean,sum,mean_sum;

int oof, off,of1l;

ofl = element*100;

for (int j = 0; j<100; j++){
mean_sum += datalofl+j];
}

mean_sum /= 100.0;
for (int j=0;j<100;j++) {
datalofl1+j] -= mean_sum;

for (int i=0; i<100;i++){
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mean += datal[ofl+i];
}
mean /=100.0;
for (int i=0;i<100;i++){
sum += (data[ofl+i] - mean)*(datalofl1+i] - mean);
}
sum /=100;
float devl = sqrt(sum);
for (int i=0; i<100; i++) {
datal[off+i]/=devl;

off = element *x25;
for (int index=0; index<25;index++){
output [off+index] = 0.0;
for (int i=0; i<100; i++){
output [off+index] += datalofl+i]*weights[index*100+i];
}
output [off+index]+= bias[index];
if (output [off+index]<0) {output[off+index] *=0.1;}

sum = 0.0;

for (int i=0; i<25; i++){
sum += output [off+i]*output[off+i];
}

sum = sqrt(sum);

if (sum<0.0144)sum = 0.0144;

for (int i=0; i<25; i++){
output [off+i] = output[off+i]/sum;
}

Listing 4.1: Prediction Model Implementation

Memory hierarchy configuration
Technique

As a first optimization technique, optimal memory hierarchy configuration will
be issued. Data are inserted as a parameter in our prediction kernel whereas
an output buffer carries the correct output values. This first subsection focuses
on whether global interconnection can play a decisive role in limiting the per-
formance of the kernel. Note that in this section, weights parameter will be
ignored from the schemas since its relative size is far smaller than that of the
data and output one and it is used as read only variable. It is hence passed as

a __ constant float parameter of size 10kB, which means that at runtime, it is
read and written in a memory fragment near kernel, as discussed in Chapter
3.2.
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Generally, a high-performance design benefits from maximizing its memory
bandwidth. Intel SDK compiler tries to find the optimal global interconnect
method based on the kernel code and the memory access patterns in order to
construct a Load Store Unit (LSU). In our case, the Burst-Coalesced Units
which are formed, optimize the bandwidth by buffering the largest possible
amount of data the design specifies in the cost of utilizing more resources. The
compiler modifies some Burst-coalesced units when data dependencies need
to be resolved, e.g a Read After Write (RAW) hazard, by adding a write-
acknowledgment signal, or when memory accesses are not aligned to the external
word size by matching the correct addresses. Naturally, modifications lead to an
extensive usage of FPGA’s resources and may cause throughput reduction|[12].

Figure 4.5 depicts a high level overview of the architectures we will examine.
The code of the first implementation (Hierarchyl) is the one found in Listing
4.1. A total of 12 global interconnections are formed, two for reading and one
storing the mean-reducted data, four for the deviation-division part, two for
reading the data and weights in dense layer and one storing back, and lastly
two for reading and normalizing the output values.

It is generally a good practice to try and reduce the per-kernel global inter-
connection, as proposed by Intel SDK Best Practice Guide and by reviewing
the report.html file, resulting in reduced resource usage and an accelerated de-
sign overall. In that sense, the private address space is utilized. By declaring a
variable or an array as __ private, the compiler tries to infer a register as it im-
plements them. Registers are used whenever dynamic indexing is not required
and they can lead in very efficient hardware, performance and resource-wise.
The two remaining builds of Figure 4.5 make use of private arrays, the one (Hi-
erarchy2) using a buffer of size 25 in Dense Layer’s calculations as this consists
the most compute intensive part of the algorithm, and the other one (Hierarchy
3) utilizes a buffer for input data as well, resulting in a total of 1 global read
and 1 global store.

Results

Figures 4.6-4.9 depict how area consumption is distributed and how it affects
the performance while changing memory hierarchy. Hierarchy 1 that holds
the most global interconnections is averaging more resources than the other 2
designs without performing well enough. The last design that holds a single
global load and a single global store is performing about 12% better than the
first while occupying less FPGA area.
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Table 4.1: Memory Usage Comparison in Units

Design MLABs | RAM Blocks
Hierarchy 1 201 425
Hierarchy 2 181 432
Hierarchy 3 1845 262

Latency gain is relatively low although we are using buffers. Private mem-
ories are implemented through MLABs and their performance is close to an
SRAM structure since they utilize LUTs. However, Intel Stratix 10 contains
M20K RAM blocks which are occupied in the cases where data are read directly
from global memory. Table 4.1 shows how MLABs’ and RAM blocks’ utiliza-
tion changes between the designs[9]. This means that in applications where a
bigger amount of data are processed less times, RAM utilization will perform
as good as using private memories. In our case though, a small amount of data
are processed repetively until the output is produced hence private memories
are used.

In general, we will use extensively the last model presented here (Hierarchy
3), since it is the only one that offers further optimization techniques to be ap-
plied on the design. Extensive usage of global interconnections leads to wiring
over-utilization and designs fail to build. One global load and one global store
help us experiment with some strategies such as loop unrolling and data reshap-
ing, that we will experiment with further in this Chapter, as well as techniques
that are applied directly on the kernel and scale the total design, as will be
presented in Chapter 5.

Automatic Loop Unrolling

Sections 4 and 4 focus on finding ways to increase architectural granularity and
play a decisive role in speeding up the design in the cost of resource consump-
tion. The first technique that will be applied and tested is Automatic Loop
Unrolling and it is provided as an OpenCL pragma addition[3].

Unrolling a loop is a famous design concept among parallel and high per-
formance computing and it means replicating a loop body multiple times in
order to speed up the algorithm and reduce loop control overhead on the
FPGA[13][12]. In cases where there are no data dependencies and the com-
piler can perform loop iterations in parallel, unrolling loops can help reduce
latency. The Intel FPGA SDK unrolls simple loops on its own during compi-
lation time but further defining unroll factor through #pragma unroll N can
help speed up the total build. Inserting pragma unroll N before a loop instructs
the offline compiler to unfold the loop by a factor of N. If N is not defined, the
compiler tries to fully unroll it, whereas specifying N equal to 1. prevents the
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loop from unrolling at all. Of course, unrolling comes with the price of utiliz-
ing more resources and the danger of the compiler failing to build because of
resource over-utilization.

Consider the code fragment below which calculates the result of a single
multiple input neuron. By assigning a value of 2 as the unroll factor, the offline
compiler is directed to unroll the loop twice, resulting in a total of 50 iterations
instead of 100.

#pragma unroll 2

> for (int i=0; i<100; i++)A{

result += x[il*w[k+i];

}
Listing 4.2: Unroll Example

Image Change Detection is a compute intensive application. We firstly need
to normalize the 100 elements through mean reduction and standard deviation
division for each element, then use the normalized dataset to predict 25 output
values and lastly perform a L2.Normalization on the output values. However,
calculating the mean value or the standard deviation one can occur in parallel
since the data responsible for producing them are read-only and independent
from one another, although they have to be calculated in a sequential manner
and not out of order. We can implement #pragma unroll in every distinct
section of our code, reducing the total amount of iterations that need to occur.
This way the compiler is instructed to unroll the loops 100 times. Listing
4.3 shows how standard deviation division is computed and applied when we
instruct the compiler to fully unroll the loops. We experimented with unroll
factors 2,4 and 100 to check how they affect the overall performance and area
usage.

#pragma unroll

> for (int i=0;i<100;i++){

sum += (d[i] - mean)*(d[i] - mean);

}

5 sum /=100;

float dev = sqrt(sum);

7 dev = 1.0/dev;
s #pragma unroll

9

10

11

for (int i=0; i<100; i++) {
d[i]*=dev;
T

Listing 4.3: Standard Deviation division per element using loop unrolling technique
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Figure 4.11: Auto Unrolling Resources Consumed

Figures 4.10 and 4.11 depict how unrolling helps the architecture. Resource
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consumption for full loop unroll falls of as far as control logic is concerned while
DSPs and RAMs get utilized more. Partial Unroll x2 seems to be the most
resource hungry architecture without performing that well. Partially unrolling
by a factor of two speeds up the design by 1.8 times, auto unrolling 4 times
results in a 3.9x speedup whereas fully unrolling the loops speeds up the design
by 25 times. The last speedup seems to be problematic since compiler was
instructed to unroll 100 times but performance hit a roadblock, possibly because
of data dependencies that the compiler cannot resolve on its own. In the next
Section, we will try to understand why this incident occurs and present a way
to manually overcome this difficulty.

Advancing HLS Granularity

Cyclic Partitioning

A way of increasing the amount of operations that occur during a loop iteration
is through Manual Unrolling. Although directives and strategies provided
by Intel SDK are optimized and help accelerate a design, manually instructing
the compiler to build a desired architecture is always an interesting approach
when hardware-specific applications, and therefore FPGAs, are concerned.

data (global memory)

0 1 2 3 4 . . 100
0 4 96 1 5 .. 97 2 6 98
x1[25] x2[25] x3[25] X4[25]

Calculate partial products in loop

Figure 4.12: Cyclic Partitioning - Calculations’ Flow Schematic

Cyclic Partitioning is about splitting the data in separate files and distribut-
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ing them in the files in a cyclic way[14]. Figure 4.12 shows, firstly, how this is
done when a 4 cyclic partition is issued. This way, we are certain that when,
for example, a multiplication is issued, the four arrays are parsed in parallel
without extra logic added for the loop to complete. In order to avoid data
dependency bottlenecks, four variables are used to calculate the partial prod-
ucts. Lastly, the weights file is written as a constant near core and report.html
file informs us that it automatically gets replicated to ensure the maximum
cache hits ratio possible. When the partial products are ready, they are being
added in a tree-based way to ensure maximum data independence until the
final result is ready. In the next section we will see that this method can be
implemented during compilation time, making the design easier to read without
any performance loss.

We experimented with this technique as seen in the example in Listing 4.4.
The same part of the code as in Listing 4.2 is presented so that the reader can
easily spot the transformations and thought process we followed to achieve it.
The size of the arrays is equal to 25 and contain the 100 data of an element,
split in a cyclic way.

for (int i=0; 1i<25; i++){
offset = 4%i;

resultl += x1[i]l*wl[k+offset];
result2 += x2[i]l*w[k+offset+1];
result3 += x3[i]l*w[k+offset+2];
resultd += x4[i]l*w[k+offset+3];
}

resultl+=result2;
result3+=result4;
result = result3+resultl;

Listing 4.4: Unroll Example

Memory Reshaping

OpenCL supports custom data structures to be implemented in a design. In
this sense, we experimented with Private Memory Reshaping. The way in which
this idea is realized is presented in Listing 4.5 for an unroll factor of 4; the same
part of the code is once more issued, whereas Figure 4.13 shows how data are
distributed from global memory into a private float structure. Practically, it
is a similar way of manually unrolling a loop, splitting data in a sequential
rather than a cyclic manner. We refer to them as Memory Reshaping in our
measurements to differentiate them semantically from the previous technique
and since we alternate the way the memory is used, approaching a more simd-
like way of parsing the data[l5].

#pragma unroll

> for (int j = 0; j<100; j++){

£1=j&(0%0003) ;
mean_sum+=d[j/4].dat[f1];
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}
¢ mean_sum /= 100.0;
7 #pragma unroll
« for (int j=0;3j<100;j++) {
9 £2=3j&(0x0003) ;
10 d[j/4].dat[f2] -=mean_sum;
11 }

Listing 4.5: Implementation Code

data on global memory

0 1 2 3 98 | 99
L J L )
B Y -
private structure x 0.1 2,3 98,99
0 2 3 49

Figure 4.13: Reshape Partitioning Schematic

Results

Figures 4.14 and 4.15 show the speedup achieved after applying Cyclic Unrolling
and the resources consumed. The performance of the first two builds are slightly
better than that of automatic unrolling by about 4% whereas the utilized area
remains almost the same. However, cyclically Partitioning the input array by
a factor of 25, that is 25 arrays of size 4 each are created, speeds up the design
by almost 25x and reaches the performance of mazrimum automatic unroll.
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We experimented with combining the techniques and built in directives pre-
sented in 4, to achieve maximum speedup in the cost of utilizing more resources.
For that reason every loop in the design will be assigned with the #pragma un-
roll specification alongside the two discussed techniques. OpenCL has to deal
with a smaller amount of iterations since it is instructed to support more op-
erations at once. Figure 4.16 holds the results of performance when automatic
unrolling is also applied to the loops. The same amount of resources is utilized
across every design of the combinations of manual with auto unrolling, indepen-
dently from the unroll factor. However, a huge speedup can be seen, reaching
the scale of 100x when compared to the original - no unroll - architecture. In
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general, wiring’s , ALMs’ and FFs’ utilization is reduced whereas DSPs’ and
RAMS’ are increased.

Cyclic Partitioning & Automatic Unroll Speedup
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Figure 4.16: Combinational Unroll Speedup

Table 4.2 refers to the Memory Reshaping technique and contains the results
when different reshape factors are applied to the data. The first column results
refer to the loops remaining as they are, whereas the second ones are the results
from pramga unroll effect. There are a couple of things to notice: the -no
pramga- architectures are slower than the original version of the design since
some logic is added to resolve the indexing of the matrix, however applying the
pramga addition seems to overcome the bottleneck presented in Figure 4.10.

Table 4.2: Tile Prediction Performance - Memory Reshaping

Design No Loop Unroll | Auto Full Unroll
Original 7095ms 282ms
Reshape x2 6162ms 144ms
Reshape x4 7351ms 70ms
Reshape x8 7580ms 67ms
Reshape x16 7095ms 69ms
Reshape x32 7863ms 70ms

Applying #pragma unroll to the Memory Reshaping technique leads to re-
source consumption identical to the Cyclic Partitioning with #pragma unroll.
In general, these two combinatorial designs are very similar as far as perfor-
mance and resources are concerned. However, Memory Reshaping will be ex-
tensively used from now on, as this design strategy helps us utilize and experi-
ment with FIFO buffers effectively, as will be examined in Chapter 6. What is
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more, Reshape factor x4 is selected instead of 8, since it occupies 5% less wires,
which is crucial when scaling will be issued in the next Chapters.

Optimization of Arithmetic Operations

Automatic Tree Balancing

As a last optimization technique, we will deal with balancing floating point
operations in our design. Intel SDK for FPGAs provides the ability to instruct
the compiler to follow a balanced-tree implementation when the order of arith-
metic operations is somewhat complex. By assigning -fp-relazed option while
constructing the architecture, the compiler tries to expose the accumulations
of an expression in order to prioritize heavier computations, such as multipli-
cations and divisions, before additions or comparisons.
Consider an example like this

result = ((AxB)+C)+ (D*x E))+ (F xG);

The compiler implements this equation based on parenthesis priority if no bal-
ancing option is specified, resulting in a schematic design as seen in Figure
4.17. However, specifying the -fp-relaxed option, the resulting design is depicted
in Figure 4.18. This balancing generates less consuming hardware implemen-
tations since less control logic is required for intermediate stalling. Another
suggested technique from Best Practice Guide is that of floating operations’
rounding reduction, achieved by adding the -fpc option during compilation time.
However, this option is not realized in our architecture, since we are already
disturbing data precision by storing back half precision floats of 16-bits as we
saw in the previous Section.
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This compilation option is an automatic implementation of tree-structured
Typically, if we design the architecture in a manual tree-based
way, e.g. as in Figure 4.12, informing the compiler to use fp-relazed fails to
build the design and the compilation stops immediately. However, applying this
option to the rest of the designs helps reduce drastically the area consumption.
RAMSs get 31% less utilized, ALMs 2% and FFs 11% decreased whereas
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the achieved Fmax is increased by 2.5%. Lastly, since the order of operations
changes, we checked whether the results’ quality drops off. As a worst case
scenario, the results differ by 0.001% when compared to the original.

Avoiding Expensive Arithmetic Operations

Last but not least, dividing with any wvalue has been exchanged with multi-
plications with 1/value. Cases where this change applies is during division of
the dataset with the standard deviation value and L2.Normalization on output
array. By making this adjustment, resource consumption is heavily decreased.

Table 4.3 shows briefly how multiplying instead of dividing in every occasion
affects the area consumed. It is crucial to produce low-area cost and low-latency
performing designs because in the next Chapters scaling and scheduling will be
tested. The quality of the output results remains unchanged throughout the
tested samples, whereas the execution time gets a 2.4% boost alongside the
area gains.

Table 4.3: Applied Directives and their parameters

Resource % Decrease
ALUT 75
FF 56
RAM 33
DSP 27
Logic Utilization (Wiring) 16
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Chapter 5

Latency Optimized Architectures

Coarse Level Parallelism

In Chapter 4 we examined ways to effectively create RTL based on structural
modifications of the C code as well as HLS directives and strategies that re-
fer to the micro architecture of the accelerator. Although we achieved a first
level of optimization, the performance can be further improved by combining
these modifications with HLS directives that refer to the general architecture
of the build. In this section, we are going to showcase how OpenCL and Intel
FPGA SDK helps us achieve coarse-grain parallelism and how it impacts our
accelerator overall.

Coarse-grained parallelism means a program is split into large tasks that
execute in parallel[16]. OpenCL and its HLS directives offer multiple ways to
optimize an application, the selection of which depends on the nature of the
algorithm under study. For our case, the selection of directives for the Satellite
Image Encoding application is driven by our desire to accomplish instruction
level parallelism. We will inherit our best performing and most efficient micro
architectures from Chapter 4 and use them to synthesize a solution that is
latency optimized through some HLS directives. For this reason, we will use as
a base implementation the one that contains:

1. Buffers, visible only to the work-item that utilizes them. Global data
are firstly imported into the kernel and saved temporarily into private
memories (4).

2. Buffers that hold the data inside the kernel get reshaped into a structure
of size 25, each containing 4 elements (4).

3. Each loop of the design gets further automatically unrolled (4).
4. During compilation, -fp-relazed option is enabled (4).

5. Every division operation is replaced by multiplication (4).
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As discussed in Section 3, the total size of a problem is defined by NDRange.
The NDRange is decomposed into work-groups forming blocks that cover the
index space. Each work-group is composed of work-items. The index space
is also known as global size and the work-groups as local size. Referring
to Intel FPGA SDK Best Practice Guide[3], a first level strategy of improving
our kernel’s performance is by specifying the max_work__group_ size or
reqd__work_group_ size. These attributes allow the compiler to perform
aggressive optimizations to match the kernel to hardware resources without
excess logic, thus scheduling work-groups more effectively. Specifying a smaller
work-group size than the default, that is 256, might lead to excessive hardware
consumption. The reqd_work group size attribute instructs the compiler to
allocate exactly the correct amount of hardware to manage the number of work-
items per work-group. This allocation results in hardware resource savings and
improves efficiency in the implementation. Last but not least, host side code
has to match this exact local size, otherwise the kernel fails to launch during
run-time.

Another HLS directive we experimented with was num__compute__units
and num__simd__work__items|[12]. Both attributes boost throughput by in-
creasing the amount of hardware on the platform. The num_ simd_ work__items
attribute modifies the amount of work a compute unit can perform in parallel
in a single work-group whereas num__compute__units modifies the number
of compute units to which work groups can be scheduled, which also modifies
the number of times a kernel accesses global memory. A graphical comparison
between these two is found in Fig.5.1. More often than not, the best practice is
for both techniques to be applied on the architecture at the same time, as seen
in Fig.5.2. Next subsection will present an exploration on the impact that the
aforementioned directives have on our best performing architecture.
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Application on Original Code

Increasing the number of compute units in a design is an easy to execute but
relatively risky technique for scaling the architecture. The original problem is
firstly split into N identical kernels, each one taking over a split amount of the
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total problem. There are hence formed N times more global interconnections,
which are independently used by the kernels they refer to[9]. A potential bottle-
neck by using this technique is that wiring gets immensely utilized, resulting in
bigger critical paths and therefore the achieved Fmax drops off for each kernel,
or in cases, designs might fail to be built. Figures 5.3 and 5.4 present the scal-
ing graph and resources consumed when replicating the compute unit described
above. For the case of four compute units, each kernel gets an Fmax equal to
146 Mhz which is a 39% decrease compared to the original one, thus resulting in
an identical OpenCL execution time to the three replications, while consuming
more area. Although resources are proportionally distributed while replication
grows, scaling indicates that when small Image Prediction problems are issued,
replicating the kernel does not result in an observable acceleration. However,
as the problem size grows, so does the value of the technique. In Full Image
prediction, three compute units with averagely three times more area utilized,
score 2.33x faster than the base one, whereas two compute units complete the
task in 1.88x less time.
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Figure 5.3: Scaling Graphs for Multiple Compute Units
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As far as the Single Instruction Multiple Data method is concerned, the two
following graphs show how the execution time scales and how many resources
are spent on them. The problem of Fmax is visible here for the SIMD=4
case. Table 5.1 contains the achieved maximum frequency for every case, with
maximum among them being SIMD = 2. Instructing the kernel to issue 2
data values at once at every operation speeds up the design by 49% whereas
quadrupling this instruction results to a 10% additional speedup with resources
not following the performance gain and instead getting rather bigger.

Table 5.1: Fmax for SIMD

No SIMD | SIMD = 2 | SIMD = 4
256 MHz 295MHz 219 MHz
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To complete our exploration space concerning the replication of the kernel
and the usage of SIMD architecture, we checked how a combination of both
these techniques affects the design overall. Fig.5.7 shows a cumulative com-
parison of the HLS strategies. It is obvious that replicating the kernel 4 times
and using SIMD equal to 4 do not produce the desired performance, since
they achieve same or less speedup compared to other designs while steadily
consuming more resources. Although combining the techniques offers a slight
performance advantage, wiring utilization reaches its limits. Instead, we will
use the design which contains the optimal kernel, replicated 3 times and further
explore the other strategy discussed in the beginning of 4 about local size.
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Figure 5.7: Compute Units and SIMD Comparison

As a last metric for this Chapter, local size is issued. Concerning a single
compute unit and local sizes up to 512 that are a power of 2, the performance
seems to be identical as the problem grows, Fig.5.8 shows. Specifically, for a
low thread number, the performance varies for a maximum of 10%, but while
the problem size widens, this variance drops to about 1%. Fig.5.9 shows how
the scheduler copes with the threads when 3 compute units are realized. One
might notice that no size specified and 6/ local size are absent. This occurs
because compiler fails to build the design, as it lays an immense amount of
workload onto the scheduler that cannot be programmed. For a thread count
of 128, 256 and 512 the architecture seems to work reliably, whereas increasing
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the locality size leads to an unpredictable behaviour. The performance spikes
for both high and low data thread loads.
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Last Performance Tips

Measurements so far have made it clear what our best design for a latency
optimized architecture should look like. 3 compute units are utilized, each one
requiring 256 work-items per work-group. The kernel body is the one described
in Listing 4.1 with #pragma unroll added before every kernel. Input data
are read from global memory and written to a private structure of size [25,4]
responding to memory reshaping equal to 4. Weights are passed as constant
floats and data in 8-bit unsigned character form. Output is in half precision
mode to reduce output data movement overhead. Dividing a dataset with
a value, as in standard deviation or L2.Normalization part, is replaced with
multiplication with 1/value for less area and faster operations. The overall
design is speeded up by a 213x factor when compared to the original prediction
model, presented in Section 4.

As some last optimization tips, further reshapings were issued for the data.
Reshaping the data into a [4,25] matrix instead of [25,4] speeds up the design
by 18% in OpenCL execution time. Furthermore, informing the compiler about
the values of the weights as a hw__parameter matrix, that means writing weights
in a separate file and using them as constant instead of a kernel parameter, is
beneficial for the performance. Figures 5.10 and 5.11 present how scaling and
resource consumption changes when they are written as static values. RAMs
are used more whereas FFs and ALMs less, but performance gets an overall
increase by almost 22%.
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Figure 5.10: Weights scale comparison
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To sum things up, the latency optimized design space exploration achieves
its goal. The overall latency gain when compared to the unoptimized one is
equal to 330x. Integration Chapter7 will further compare this performance
with software counterpart and the limitations put by data movement. Next
Chapter, however, focuses on creating a throughput-optimized designs, using
as less as possible resources while performing as effectively.
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Chapter 6

Throughput Optimized Architectures

Fine Grained Parallelism

In contrast with the case we examined in Chapter 5, this part of the the-
sis focuses on creating fine-grained architectures, capable of predicting a large
amount of sub-images while consuming less resources. The idea is that images
are being sequentially streamed into the design and thus we are trying to fo-
cus on a more throughput-based architecture. Fine-Grain Parallelism means
a program is split into tasks which execute in parallel and communicate with
each other when sharing results is necessary[16]. In Satellite Image Encoding
Algorithm, the parts that the design can be broken into are rather distinct and
Channels will be utilized to achieve high speed communication between the ker-
nels. We, hence, enforce the application to acquire a pipeline-execution model,
which is not available by default when creating NDRange kernels in OpenCL.
The main parts of the code are :

1. Mean Reduction.

2. Standard Deviation Division.
3. Dense Layer

4. L2 Normalization

Each one of these semantically defined elements will be constructed as separate
kernels.

The mechanism which provides the ability for data to be shared among
various kernels is OpenCL Channels. Channels are FIFO buffers, allowing
kernels to communicate directly with high efficiency and low latency and are
enabled to be used by adding :

#pragma OPENCL EXTENSION cl_intel_channels : enable

in the code. In the majority of cases, due to memory access patterns inside the
algorithm, FPGA cannot utilize the maximum memory bandwidth, available in
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the device. A way to overcome this bottleneck is through private memory inte-
gration as we saw in Section 4 which results in a rather big MLAB utilization.
Another way to highlight the maximum available memory bandwidth is with
channels, which realize a smaller amount of memory blocks overall. Fig.6.1
presents how memory interconnections are replicated when compute units in
Coarse-Grain Parallelism are created, each compute unit being responsible for
predicting a portion of the total problem from start to finish, whereas Fig.6.2
indicates how the algorithm is approached when FIFO buffers are used. Each
distinct kernel calculates a part of the prediction model algorithm and writes
the results to a buffer-channel. The channel is then read by the next kernel, and
so on, up to the point where data are written back to memory. In reality, Fig.
6.2 depicts our first implemented architecture when fine grained parallelism is
approached.

Coarse Grain Parallelism

____________________________________________

A
4

. »| Compute Unit Compute Unit € ]
Global E E Global
Memory, i E Memory

Compute Unit

Global Memory

Figure 6.1: Coarse Grained
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Fine Grain Parallelism
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Figure 6.2: Single Pipeline Implementation

A major issue concerning channel buffers is multiple work-item ordering. In
general, Intel FPGA SDK consults the designers to avoid using channels along-
side NDRange casts, as channel-ordering problems might occur and output
values being wrong. However, multiple work-item accesses can be useful in sce-
narios where data in the channel are independent or when they are implemented
for control logic. In our case, each element is independent from one another
and we are certain that every kernel executes the same amount of channel ac-
cesses, since no branch conditions in channel reads or writes are presented. A
deterministic ordering of the multiple work-items’ accesses is hence guaranteed.
Even though by defining local work size in the kernel, we instruct the FPGA
to execute multiple work-items in parallel, channel execution follows a serial
execution pattern. This means that work-items with smaller IDs execute first.
Channels support a maximum of one write and one read per clock cycle and
can be implemented both in a blocking and a non-blocking way. Here, blocking
reads and writes are implemented as we are trying to avoid non-deterministic
patterns in the design which may lead to inaccuracies or executions failing to
complete.

In order to further explore architecture optimizations, a general analysis of
the code and implemented kernels is needed. Latency is not equally distributed
across the kernels, thus a potential bottleneck appears in the design described in
Figure 6.2. Mean Reduction kernel’s performance is lowered due to loading the
images from global memory. Ideally, we would like each kernel to read data in
the fastest possible pace from channels rather than communicating with global
memory. To alleviate this latency bottleneck from Mean Reduction kernel, an
input kernel and as well as a buffer intermediate one are implemented. The
complete architecture is depicted in Figure 6.3. Input kernel reads data from
global memory and writes them to a channel. Of course, mean reduction kernel
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could instantly read from that channel, however no problem would be solved,
as further stalls would occur between mean kernel reading from channel and
input kernel writing on it. By realizing an intermediate kernel, working as a
buffer, mean reduction can read the input while input writes to buffer.

! Global

Global 1
: Buffer Mean o :
Mem ! + Mem
> Input Kernel Reduction Std Division Dense Layer| L2 Norm. : N

N :
FIFO Buffer FIFO Buffer FIFO Buffer| FIFO Buffer| FIFO Buffer]|

Figure 6.3: Single Pipeline & Buffered Input Implementation

Channels cannot be used alongside num__simd__work _items, that means ker-
nels using channels cannot be vectorized. Vectorizing such kernels creates mul-
tiple channel accesses inside the same kernel and requires arbitration, which
negates the advantages of vectorization. However, a last technique involving
hard-copying the kernels and channels twice is presented here, as seen in Fig.6.4,
which can lead to two images being casted at once and executed in parallel us-
ing their own Fine Grained Architecture. Next Section contains measurements
about scaling and resource consumption about all the designs.
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Figure 6.4: Double Pipelines & Buffered Input Implementation
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Application on Original Code

The Application part of the code contains measurements from the three, so far,
discussed architectures as well as a wider exploration concerning the amount of
writes that occur in a single cycle relatively to the amount of pipelines imple-
mented. Concerning micro-architecture specifications, we will once more use
the best optimization techniques that resulted from Chapter 3 analysis. Data
are inserted in unsigned character form and stored in a reshaped structure of
size [25][4]. Every loop in the designs, other than the loading and outer Dense
loop, get fully unrolled by #pragma unroll and inside every loop, manual un-
roll follows the data structure. Data are stored back in 16-bit float precision
and every distinct kernel requires a fixed number of 256 work-items as its lo-
cal size. The two Figures below present how the prediction model scales by
utilizing these techniques and how different the resource consumption is, when
compared to each other.
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Figure 6.5: Performance Scaling - Throughput
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Figure 6.6: Resources - Throughput

Realizing an input kernel and an intermediate buffer speeds up the design by
about 35% without consuming more resources, whereas duplicating it results
in a 65% increase in performance. Of course, duplicating the design means
RAMs and DSPs are consuming proportionally more area. When comparing to
the latency optimized builds of Chapter 5, we notice that for a lower number of
threads, latency optimized builds score higher performance, however as thread
size increases, throughput based architectures are gradually closing the gap and
even outperform the latency optimized ones. This comparison refers to identical
builds, for example double throughput based architecture and 2 compute units
from latency optimized design. In a real-time application, if we could implement
the application to be running constantly, throughput based architectures should
be implemented, whereas if 2 images need to be predicted statically, latency
designs should be considered.

In order to conclude the exploration of the best architecture, a case study
concerning multiple pipelines and writes per iteration is presented. Channel-
buffers in OpenCL are elements of variable width and can be altered to fit
wider words. This feature will be exploited to design an architecture that
writes more than one element on the buffer at once. Memory Reshape tech-
nique we examined in Chapter 4 will be extensively used to achieve this kind
of communication between separate kernels. Of course, in order for the rest
of micro-architectural options to remain the same, input and output logic has
been added to match the communication standard whereas the core of each
kernel remains untouched. The Pipeline variable is presented to showcase that
more than 2 parallel pipelines will be realized. However, when pipe amount
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reaches 4, all designs but the original fail to build due to extensive resource
usage. Figures 6.8 to 6.11 depict in which way the execution time changes
for a specific write/iteration number compared to the amount of pipelines im-
plemented. Fig.6.7 presents a cumulative comparison in the speedup achieved
when compared to 1 write/iteration for different pipeline architectures. By ob-
serving these results, we can deduct that for a single and three implemented
Pipelines, writing 4 elements at once on the channels performs the best. On
the contrary, when 2 Pipelines are realized, writing 16 elements at once on the
buffer offers a slightly better performance.

Pipelines - Writes/iteration Graph
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Figure 6.7: Pipeline and Write/Iteration execution time development
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Figure 6.9: Two Elements Channel Enqueueing
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Chapter 7

Integration

The last Chapter concerns the procedure we followed in order to integrate the
design, both locally, using "dummy" datasets, and in a look-alike environment
in addition to the Python software, replacing the compute intensive parts with
our code. The first one was done to check data movement overhead whereas
the second in order to check the validity in output data when compared to the
original software algorithm.

Experimental Setup

Implementation Using Host Code

A host code is used to implement the built design. After the compilation pro-
cess is successfully completed, a .aocz file is created. The host code, usually
written in C/C++, loads the kernel into the OpenCL runtime by utilizing
the clCreate Program WithBinary function from CL/opencl.h library. After the
cl_program has been created, clBuildProgram function is used to create the ex-
ecutable program for the specified device. clCreateCommandQueue generates a
host command queue for a device, through which kernels, created by clCreateK-
ernel, can be run on. clCreateBuffer is used to produce the buffers that contain
the data necessary for the kernel to run, clEnqueuWriteBuffer connects the
buffer from host side into device memory and starts passing the data through
a PCIE card. clEnqueuNDRangeKernel instructs the host runtime to execute
the created command queue(s) and thus the realized kernel(s) on the FPGA.
This command is cast before EnqueueReadBuffer which reads the data from a
buffer device object and maps them back to host memory. Once the process
is complete, clReleaseFvent funtion is called to remove an event from runtime
memory|8].

In OpenCL, most runtime API functions return an error code so that er-
ror handling is easy to perform, whether successful or not. Events and syn-
chronization are also offered by the libraries. clFinish(queue) synchronizes the
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asynchronous operations running on the device, such as NDRange enqueuing,
by waiting for all events in the device queue to finish. Lastly, events are used to
access profiling information for the operation they represent. Queue profiling is
enabled by adding CL. QUEUE PROFILING ENABLFE flag in the command
queue function and is useful when the profiling of the algorithm is of great im-
portance. In our case, we want to measure both OpenCL device Execution time
and data movement, input and output, overhead. The OpenCL execution time
was our driving force for optimizing the prediction model algorithm in Chapters
4 through 6.

A significant note to be made at this point would be the difference between
executing a single latency optimized kernel (Chapter 5) and multiple through-
put optimized kernels (Chapter 6). As far as a single kernel is concerned, only
one command queue is created for the process to complete, even if the ker-
nel is replicated by a number of times through num__compute units OpenCL
command. The FPGA handles the splitting and scheduling of the total given
problem. On the contrast, issuing multiple kernels that communicate through
OpenCL channels or pipes, requires the user to manually instruct each kernel
to run autonomously as a separate problem solving unit. Regarding the archi-
tectures presented in Chapter 6, a command queue is created for every single
kernel and therefore, an NDRange cast is issued for everyone of them in an or-
dered style. The user himself has no authority over the channel buffers, rather
than simply instructing the kernel that utilizes the channel to execute, as briefly
explained in Fig.7.1 below. Host side is also responsible for generating and map-
ping the input and output data for the FPGA to use as well as their general
usage policy, such as READ ONLY, WRITE _ONLY or READ_WRITE.
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Figure 7.1: Host-Device Execution Preparation

Docker - application deployment

Docker is a software framework for building, running and managing contain-
ers on servers and the cloud. A container is a standard unit of software that
packages up code and all its dependencies so the application runs quickly and
reliably from one computing environment to another. A Docker container im-
age is a lightweight, standalone, executable package of software that includes
everything needed to run an application: code, runtime, system tools, system
libraries and settings. Containerized software will always run the same, re-
gardless of the infrastructure. A schematic representation of Docker is seen in
Figure 7.2. The Docker approach to containerization focuses on the ability to
take down a part of an application to update or repair, without having to take
down the whole app. We will use Docker to build and integrate our application
quickly. This way we can control everything, necessary for the application to
run. Moreover, when deploying a docker image, we can freely connect folders
from our local system to the docker and get root privileges on them.

As we discussed in Chapter 2, the software application utilizes a great
amount of Python Libraries to be able to run. A docker image is deployed
containing the FPGA device as well as the OpenCL root folders. Inside the
docker, we install and troubleshoot potential problems about libraries. Specif-
ically, the original Satellite Image Encoding Software runs on Python 3.6, ten-
sorflow 2.4.1, psutil 5.8.0, confluent-kafka 1.6.0, Pillow 8.1.0 etc. A problem
occurs when gdal library, responsible for decoding all geographic location in-
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Figure 7.2: Docker Overview

formation in the algorithm, is issued and is resolved by installing with —global-
option=>build__ext —global-option="-1/usr/include/qdal’” GDAL=="%(gdal-config
—version). Docker was firstly used for Software Profiling, the results of which
were presented in section 2.

Python-C++4 interconnection

The goal of last thesis’ section is to integrate our best performing FPGA-based
application into the existing software algorithm. We want to replace the slowest
parts of the algorithm with our implementation and check whether a speedup is
accomplished and if it is good enough for the application to be used for real-time
applications. This will be done by using an extra Python library, called ctypes.
Ctypes provides C compatible data types and allows calling functions from
shared libraries. The .aocr that will be used is the one created and presented
in Chapter 5 which is a 330x faster implementation than the original prediction
model, presented in 4.1 . As far as the host code is concerned, the base host
code will remain the same, adding the extension extern "C" in the beginning
of the code. The compilation command is changed into g++ -shared -fPIC -
W1,-export-dynamic which produces a .so file. Python utilizes the ctypes. CDLL
method to load the shared object. After having set the input and output
arguments’ types, acceptable by ctypes, the shared object’s function is called
by its name. Note that between the two applications, data are being handled
in a different way. An extra alternation has to occur in software code before
calling the function, and that is all data have to get serialized, a process similar
to the models’ Flatten Layer.
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Figure 7.3: Integrated Process Diagram

A complete overview of the integration we have discussed so far is seen in
Fig.7.3 and is provided as a schematic explanation of the process we followed
in order to integrate the application. The gray-delimited box contains the ex-
ecution and connection part between host and fpga side, the details of which
are found in 7 Section. The host prepares and maps the data before executing
NDRange command so that FPGA starts processing the data. The part that is
found in this subsection concerns the rest of the diagram outside the gray box.
Python runs as is up to the point where we want to accelerate the design. At
that point, Python calls an acceleration function which belongs to the host side
through ctypes. The interconnection between the data occurs through pointers
to memory, both for input and output values. After the results have been com-
puted, Python reads from the output pointer and continues with its execution
as before. The part of the code that is replaced by our FPGA acceleration
architecture is the one of Main Computing Loop, the impact of which is crucial
to the total performance of the application, as seen in 2.

Impact of Input Data Compression

Technique

Before deploying the integrated version with Python, global memory intercon-
nection is optimized. As seen in Table 2.1 in Chapter 2, data are extracted in
uint8 numpy form and exported in 32bit float precision as an output. In this
Section, Input Data Compression will be issued for our prediction model and
tested in order to check whether we can take advantage of simpler to manage
datatypes without losing in output precision.

Utilizing private memories in the kernel lets us choose the preferred datatype
independently from global memory interconnection. OpenCL contains a suite
of functions called convert T which provides a full set of type conversions
between supported scalar and vector datatypes. Furthermore, vstore command
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is used to write an element back in memory, also supporting popular scalar and
vector data. The uint8 datatype form utilized in Python is similar to unsigned
char for the FPGA. Given the fact that FPGA global memory is about 32GB,
by inserting unsigned character of 8-bits as our data precision, the kernel can
calculate a complete image in one NDRange run. Tests in this section were
conducted for 32-bit float input and output, 8-bit unsigned char input and 32-
bit float output, 8-bit unsigned char input and half precision 16-bit float output
which is the simplest possible global memory interconnection available for our
application. Of course, inside the design, all input data are transformed into
32-bit floats and mathematical operations occur with float precision from start
to finish, hence cannot be considered as a data precision scaling exploration.

Results

Figures 7.4 and 7.5 hold the performance, area usage and achieved Fmax for the
pre-discussed kernels and concern OpenCL execution time. Area usage is about
the same across all kernels, the biggest value of frequency is achieved for half
float output as well as some gain in OpenCL execution time is noticed there,
equal to 15% when compared to float precision output. A reason why this occurs
might be that half precision data are getting stored back to memory faster than
floats, so kernel "makes room" for the next threads in a faster pace overall.
Of course, since half precision is implemented, it is crucial to check whether
output data precision falls off. Mean output precision divergence between 32bit
16bit float in output array is 0.01%, which is acceptable, and is due to the
normalization part of the code that holds the dataset from getting immensely
diverged.

On the sense of implementing the design with our host code, data compres-
sion has a huge impact on the created data movement overhead, that is writing
the total of input data to global memory and reading back from it. The two
following graphs depict how changing the length in data affects the data move-
ment bottleneck. Specifically, changing from float input datatype to unsigned
characters and utilizing convet T function inside the FPGA with the cost of
utilizing more DSPs, increases the performance by a 42% factor for the same
amount of data written into the device’s global memory. Changing the output
datatype precision speeds up the design by a 50% in complete image predic-
tion time whereas a 19% decrease is found for lower sizes. We have to take into
account some notes regarding the architecture and what grounds these compar-
isons are made on. When input data are considered, unsigned characters are
the 1/4th of floats in bit length. When an X amount of float data are passed
into the kernel, a 4x amount are at the same time passed inside the unsigned
char precision kernel; thus the first one has to further stall and wait for data to
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be written so it can continue its execution. The device we experimented with
has a total of 34GB available as global memory. A complete image’s size is
equal to about 12GB when passed as unsigned character values. This means
that float precision cannot support a full image prediction in one NDRange
cast.
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Figure 7.6: Input Data Compression Overhead
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Fully Integrated Application - Measurements

To sum up with our whole design space exploration of this diploma thesis, the
current subsection presents crucial information and comparisons in performance
between all different kinds of realizations that were encountered throughout
the entirety of our work. A comparison in the fully integrated design is also
presented, as that is seen in 7.3, and concerns a fraction of the total image
prediction time.

Firstly, Fig.7.8 shows the performance achieved by some of the main designs
that resulted from Chapters 4,5 and 6. For the sake of not overloading the graph
with additional information, only designs that showed substantial progress in
performance are included. Starting with the first 3 depicted designs, the im-
pact of compressing is visible, as data movement overhead is reduced heavily.
A quite similar behaviour can be seen for pipeline implementations as well,
however that specific overhead is relatively smaller, since the problem is split
into smaller tasks, one of which is to just inform a kernel about the existence
of input data, during which time the rest of computing kernels are already
running. However, pipeline implementations reach an upper performance limit
and latency optimized build progress once more. The best Pipeline-performing
architecture is selected to be the one of 4 parallel architectures (see Chapter 6
and is performing slightly worse than that of latency optimized-best case (5).
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Figure 7.8: Comparison between Main Implementation Strategies
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Out of the total of 8 depicted above implementations, we selected the best
performing one to compare with Python software counterpart. First of all,
Fig.7.9 shows how much slower is our first design, the one found in 4.1 when
compared to Software with Python being about 26x faster than hardware.
That is to be expected since Tensorflow libraries that play a decisive role in
normalizing and predicting the image are constantly improving to perform in
the most effective way.
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Figure 7.9: Hardware Unoptimized Comparison

However, our exploration and the usage of a rather power-full device, as
that is Intel Stratix 10, lead us to a rather desired outcome. Fig.7.10 shows
how much faster our best-performing implementation works when compared
to Python for the full image prediction process. The FPGA scores an overall
of 7.7 sec for complete image normalization and prediction resulting in an
overall 7.14x speedup compared to software. On the throughput optimized
spectrum, the best build performs about 5.79x times faster than software, with
its computation times dropping even lower than that of latency optimized,
however data scheduling places a heavy overhead on them. In general, it would
be a great practice to increase the problem size for the FPGA, since that is where
NDRange thrives. The more the problem increases, that more the benefits result
from implementing FPGA kernels.
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To conclude with the integration part, Fig.7.11 shows the results from re-
alizing the idea given in Fig.7.3. Although the gray-delimited box performs
quite better than software, as we saw above, the overhead from Python-C++
Interconnection is far bigger and a general delimiter to the application perfor-
mance. This overhead scales accordingly to the problem’s growth. That means
that for a 128 tile size (responding to 1404928 threads) the overhead is about
15% bigger that than of 64 tile size, 256’s is about 10% bigger and so on. This
overhead is due to an amount of issues, some of them being Data Alignment.
FPGA demands 8-byte data alignment in order to use its Direct Memory Ac-
cess (DMA) feature. However, our limited time did not give us the opportunity
to manually construct these kind of datatypes on the software side, hence the
overhead results mainly from replicating the data inside the host and writing
the output through a loop.
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Chapter 8

Conclusions

Thesis Summary

Detecting multi-temporal changes over the same field of view in high resolution
images poses a big challenge in the area of image processing. The ever grow-
ing amount of calculations than need to occur as well as the movement of a
rather big amount of data make the application a difficult to implement task.
Python’s high levels of integration gives an advantage to the designer through
a wide range of libraries, such as Tensorflow, to effectively complete the task
without dealing with complex arithmetic functions. Nonetheless, the amount
of operations remains immense, and even the constantly evolving and sophisti-
cated libraries fail to leave up to the task when general purpose processing is
involved. In this thesis, an exploration on whether HPC can help alleviate the
extended response times in the processing part of the algorithm is presented.

In our thesis, HLS tools are utilized in order to create efficient hardware
that will deal with the Image Encoding problem. Firstly, a new approach to
the prediction model is demonstrated in the name of exposing a bigger amount
of threads, since OpenCL and FPGAs thrive when dealing with larger prob-
lems than that of general purpose computers. The exploration begun by creat-
ing an unoptimized hardware implementation and by using HLS Tools as well
as architectural techniques, we tried to improve the overall performance with
respect to the total resources consumed at each step of the process. The micro-
architectural exploration revealed high amounts of performance gains relative
to the original hardware, whereas scaling the most -performance and resource-
effective design further improved the overall response time. In the end of our
design, we created an architecture that can predict a full high resolution image
in one run, as opposed to a time-consuming loop, realized in software. Lastly,
an integration with software was conducted in the direction of suggesting an
overall solution to the problem.

Results of applying micro-architectural optimizations achieved an overall of
100x speedup whereas combining these techniques with scaling the whole de-
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sign produced a 330x acceleration when compared to the original, unoptimized
hardware implementation. The software design was accelerated by about 7x,
however this speedup hit a roadblock when integration with software was is-
sued. Data aligning and generically ctypes place a sizeable overhead to the full
implementation.

Future Work

Although the design space that was explored was quite large, there is always
room for a more thorough study to be conducted. What is more, integration
chapter’s results revealed bottlenecks that leave room for further improvement.
There are various ideas and techniques that one can take advantage of and fulfill
this thesis’ suggested propositions.

Reducing Integration Overhead: The main problems with integration
are that data are not aligned and ctypes puts a time barrier between run-times.
Intel Stratix 10 requires an 8-byte data alignment in order to use its Direct
Memory Access protocol that offers high transfer speed from host to device
and vice-versa. An exploration on how to effectively pass data from Python
software to host application should hence be conducted. Furthermore, ctypes
could be replaced by other Python-C++ Interconnection modules, or even the
subprocess library could be used, since host application’s responsibility is to
just set the data for the FPGA and no heavy data processing is conducted
during its execution.

Output Accuracy Improvement: Since hardware implementation has
proved to effectively and reliably calculate the prediction part of the algorithm,
the precision in calculations and hence the output accuracy of the module could
be increased. If we manage to increase the accuracy of the total prediction
without performance taking a heavy toll, the application overall would act in a
more robust way and therefore be used in other areas as well, such as detecting
climate-related hazards and natural disasters in all countries.

Comparison with HPC Devices: As a last direction, a comparison be-
tween other HPC devices could be issued. For example, comparing Statix 10
FPGA with Xilinx FPGAs could be interesting, since they possess other tools
of architecturally improving hardware, although both are utilizing OpenCL.
Another comparison could be conducted between FPGAs and GPGPUs, since
GPGPUs give the opportunity of approaching the problem in a more fine-
grained way.
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