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Me emupbOhaln navtdg SuxoniuaTos.

Anoayopebeton 1 avtiypagpy), anodixeuct xou diovour| Tne mopoloos epyactiog, €€ ohoxhfpou 1| Tuua-
TOC QUTHG, Yid eunopxd oxomd. Emtpéneton 1 avatdnwon, anodixeucn xo diavouy v oxond un
xeEBOOKOTUXG, EXTAUBELTAC 1) epeuVNTXTC QUOTNE, UTd TNV TEoUNEVeoT) Vo avapépeTon 1) TNYY| TEO-
€hevong xou vo dlatnee(ton To mopdy uhvupa. Epwthuata mou agopolv TN yerion tne pyosiac yio
%eEBOOXOTIXG GXOTO TEENEL VoL aneLYOVOVTOL TEOG TOV CLYYPUPEA.



ITepirndm

O eqapuoyéc mou xatoxALouy T cUYYEOVN aYopd, OTWS N Unyovixy udinon, 1 enelepyaoia Pneplaxol
ofuaToc xou oL eapuoyés 5G, amoutody ohoéva xan o aUENUEVN utoloyioTixy SUvoun. To télua oo onolo
xoTapTéveL o vépoc tou Moore odhd xou to Ttéhoc e xAdxwone tou Dennard, édwoav to évauoua yia
v e€epEVYNOT ETEPOYEVHV UPYLTEXTOVIXMY XOU ELBLXWY ETUTOYLVTWY LAV, Tépay TwV Baduwtdy Loviduwy
enelepyaoioc (CPUs), npoxeyévou oL nopamdve anoutAcels vo ixavorotndoly. Ot undpyovoes Aloewe, dnwe
oL povédeg enelepyaocioc Ypapdv (GPUSs), ou dnglaxol enelepyactéc ohpatoc (DSPs) xa ol custouyleg emi-
6wy Tpoypoppatilouevey Tuhev FPGAS, eite ndoyouv oe {IntAuota uvhune elte n avdnuévn teyvoyvwoia
nou amoutolv epnodilel Ty evpelo evowudtwor Toug oty ayopd. Xtny xatebduvon auth, N Xilink oyedlaoe
xou avETTUEE Wit VAL YEVIAL LoYLEWY, UBELBIXMY, UTOAOYIO TIXWY TAATPOPUWY ovouatt Versal - Adaptive Com-
pute Acceleration Platforms (ACAPs), nou cuvdudler tn Badunth enelepyaocio, v npoypoupatilduevn
roywr) xan edixolc emtayuvtée ToAD ueyding nopariniioc. Tauvtdypova, avantiydnxoay xat o avtioToly o
TEOYPAUUUATIO TLXE EPYOAELR Yia TIC TAATQOPUES AUTES, To OTold TPOCPEPOUY TOANATAY ETineda apalpeons UE
%xVPLO YVOUOVO TNV TEOYEAUUUATIO TIXT EUXOALA.

3t nopoloo Simhwuatixy epyocio eEEPEVVACOUE TIC SUVATOTNTES TWV XOUVOTOUWY AUTY UPYLTEXTOVIXDY
XoU EQYUAEIWY, HE OTOYO TNV ETUTEYUVOT) EQUOULOYOY UNyovixfic uddnone nou exteholvton 6To «dxpoy (edge-
computing). ITio cuyxexpuéva, Slakéyouue tnv epyacia Tou Super-Resolution, tne adénone, dnhadA, tne
TOLOTNTOC WAS EXOVOC PUE TNV YPHOT EVOS CUVENXTIXOU VEUPWVIXOU BIXTUOU, EV TPOXEWWEVW, TOU LOVTENOU
ESPCN. Xt duddeon pog éxoupe tnv mhatgpopuo VCK190, tne oepde Versal Al Core, n omolo elvon etdixd
OYEDLACUEVY VLol TNV EMTAYVVOT VELPWVIXADY BixTOmY xan Stardétel 400 AT Engines. Iapouscidloupe, hotndy,
800 evahAaxTIXEC UNOTIOWGELS TOU poavapepUévtog wovtélou. Mio 1 omola €xel oyediaotel xou avamtuydel
UE YVOON TOU UAXOD %ol GTOYO TNV EXUETIAAELOY] TV BUVITOTATWY OAWV TWYV UTOAOYIOTIXMV TUPNVWY
e mhatpdpuoc (hardware-specific) xou pio 1 onola yenowponotel to hoyiopuxd Vitis Al to onolo anotehel
éval aUTOUATO EPYARElD Yiot TNV avdmTuln povtéhwy Al agoup®dvtac amo Tov YeRoTn TNV avayxn yio Yvohon
npoypopatiopol Tou kol (hardware-agnostic).

Juyxplvouue TiC UAOTIOCELS HAC €XOVTAC WS avapopd TNV VAOTONGCT TOou HOVTENOU oE ETINESO AoYL-
ouwol mou exteheitan otnv CPU tng mhatgdpuog VCK190. To anotehéopota mou haufdvouue eivar mold
eviappuvtixd. H hardware-specific uhonoinon nopovoidlel e€oupetinéc emdboelc ptavovrog to 518 FPS xou
napovotdlovtag UEYLoTn emtdyuvon xatd 1,87x oe oyéon ue v CPU xa 1,36x oe oyxéon ye v Vitis Al
viornolnom, ywelc vo eEavTholUE TOUE TOPOUC TNG TAATPOPUS XO UE ENGYLIOTES ATDAEIES GTNV TOLOTNTA TNG
ewovac. H Vitis Al vlonoinon wotdoo, BAénovye 6Tl ndoyer o VEuoto xoL TOLOTNTAC EXOVOG AANS Xau

emBOGEWY, AVUBELXVIOVTOG TN CTUAVTIXOTNTA TOU SIAAAUATOS KETUBOCELS - TEOYPUUUATIO TLX EUXOALLy.

AéEeic KAeoud

Etepoyevelc Apyitextovinée, Evowyatwpéva Xuotiuata, Versal ACAPs, Al Engines, Vitis Al, ZuveAi-
xTxd Nevpwvind Aixtua, Super Resolution.






Abstract

The applications flooding the modern market, such as Machine Learning (ML), digital signal
processing, and 5G applications, require ever-increasing computing power. The impasse reached
by Moore’s law and the end of Dennard’s scaling, gave the impetus for the exploration of al-
ternative, heterogeneous architectures and hardware accelerators, beyond the conventional scalar
processing units (CPUs), in order to satisfy the above requirements. Existing solutions, such as
graphic processing units (GPUs), digital signal processors (DSPs), and field-programmable gate
arrays (FPGAs), either suffer from memory issues or their increased hardware expertise prevents
their widespread market adoption. In this direction, Xilinx developed and launched a new gen-
eration of powerful hybrid computing platforms, called Versal - Adaptive Compute Acceleration
Platforms (ACAPs), which combines scalar processing (CPUs), programmable logic and dedicated
accelerators of very high parallelism. At the same time, a set of programming tools to support
the programmability of these platforms, was developed, with multiple levels of abstraction and the
main focus on ease-of-use.

In this thesis, we explored the potential of these innovative architectures and tools, aiming to
accelerate ML applications running at the "edge” (edge-computing). More specifically, we chose
the task of Super-Resolution (SR), that is, increasing the quality of an image using a Convo-
lutional Neural Network (CNN), in our case, the ESPCN model. We have at our disposal the
VCK190 platform from the Versal AI Core series, which is specifically designed for accelerating
deep neural networks and has 400 AI Engines. We present two alternative implementations of
the aforementioned model for this platform. One that is designed and developed with knowledge
of the underlying hardware and aims to exploit the capabilities of all the computing cores of the
platform (hardware-specific) and one that uses the Vitis AI tool, which is an automatic tool for de-
veloping ML applications, removing from the user the need for hardware programming knowledge
(hardware-agnostic).

We compare our implementations with reference to the baseline software implementation of the
model, running on VCK190 device’s CPU. The results we get are very encouraging. The hardware-
specific implementation shows excellent performance reaching 518 FPS and presenting a maximum
acceleration of 1.87x compared to the CPU and 1.36x compared to the Vitis Al implementation,
even without reaching the resources’ limits and with minimal losses in image quality. The Vitis
AT implementation, however, suffers both in terms of image quality and performance compared to

what we expected, highlighting the importance of the ” performance - programming ease” trade-off.

Keywords

Heterogeneous Architectures, Embedded Systems, Versal ACAPs, Al Engines, Vitis Al, Con-

volutional Neural Networks, Super Resolution.






Euyapiotieg

H napoloa SimAoyotiny) ongatodotel to tého¢ 5 €TtV Blapxolc Tpoomddelog xal andXTNoNg
yvoone. Awoddvopor v avdyxr, Aoiméy, va euyoplo TAoW Toug avlp®Tous ToU CUVTEAECAY OTNY
TEPATWOT TNEG X UE GUVTPOPELGAY Oha T T Ypovia. Apyxd, elpon ey VoUWV otov emPBAénovTa
xadnyhTn x. Anurtelo Yolvien Yl TNy EUTo TooUVN Tou, TiC GUMBOVAES xai Tig euxatpieg TiC ontoleg
pou mpooégepe. To mdldog Tou yio TNV xawvotopio xan 1 WiNon mou Blvel GTOUC POLTNTEC WOTE Vol
eZehyBoly, elvon ocuyxvntixd. Xuveyilovtag, euyoplotd anepdptota Tov unodripo diddxtopa Arr
uiteto Aavomouro yiot Ty xododhynon, ) dlapx Tou utoo ThEEN xat Tapovaio. Puotxd, euyaplo T
ToUg cLVABEAPOLE xau pihoug pou ‘Avva, Euyevio, Acutéen xou xupieg Ayyehm] xaw Nuixddnpo yio tic
doyeg ouvepyooieg, Tnv aAAnhoo il %o Tic dpopgec otypés. ISaltepo euyaploTdd ogeliw cTOV
IMovorydn, v v Bordeio xou v opépiotn aydnn. Téhog, euyaploTdd amd xaEdLdC Xal APLECHOVE
NV Topodoa BIMAWUATIXY OE OAY] HOU TNV OXOYEVELX XL WOLdTepa 0TOUS YOVELS Uou, Boyyéhn xau
EXévn, xodod¢g amotehel v xegaionononon twv Bucudy xal Twy XOTWY TOU EXAVAV - XL XAVOUV -

OOl UTEL T YEOVLAL YL VOL UOIC TIPOCPEQOLY EVAL XUAUTEPO UENNOV.
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Extetopevn Ilepiindmn

Ewaywy?n: Ou TeXVOAOYIXES TEOXANCELL TOUL OBNYTNOAY
otnv onuoveyla Twv Versal ACAP

H teyvohoywr| emoyy) otnyv onola Beloxopacte yapoxtneiletor and 2 avuixpoudueveg cuvITxeg,
oL omnolec yevvolv mpoxifoelc yia Ty Blounyavio twv nuaywyoyv. H mpdtn agopd otn poydalo
aOENCT TWY UTOAOYICTIXGOV ANAUTHOEWY Twv olyypovwy Machine Learning (ML) egoappoydv mou
xataxA0louv Ty ayopd. H ahyoprduxéc xouvotopieg xau 1 éxpnén dedopévwy odnyolv oe uio exdetixn
OENOT TWY UTONOYICTIXOY ATAUTHCEWY, oL ontoleg dirhactdlovta tepinou avd 3.5 uAvee ) oTiyun Tou
0 véuoc tou Moore dithactaldtoy “wévo™ xdie 18 prvee [13]. To téhoc tng avayevvnoloxhc Teptddou
yioo Ty BeAtiotonoinor Tou LoV, Tou ENETEETE 1) XAWdxwaon Tou Dennard e cuvduaoud e Toug
vopoug twv Moore xou Amdahl, arnotelel tn dedtepn cuvidrixn 1 onolat 08y NoE TOLC XAUTACKEVACTES
Vol 6TpapolV Tpog TNy e€epelivnon etepoyevdy, domain-specific apyitextovindy.

Yy xateduvor aut avartOydnxay ol Aeyduevol very large vector processing umohoylotixol
nuprveg, énwe to DSPs xou ot GPUs. O cuoxeuéc autéc ewpnuixd neptxAbouy gofepy) UToAOYIOTIXN
1oy, ©¥OTOG0 1 pealloTix Toug amdBooT meplopiletal amd TNV TEPAOTIA Blapopd oG EMBOCELS TOU
ene€epyaotinod mupnva xou e uviung. To mapadootoxnd FPGAs épyovtan wg Abon npocpépovtog
npoypoppatiowotnTa xou e€edixevon. Iopdtt duwe BeAtidvouy Ty yeovix xaductéonon, 1 avéyxn
XATOVONOTE TOU UAXOV X0l 1) TROYRUUUATIOTIXY) Tou Buoxolla, anotpénel TNy eupela EVOOUATWGT) TOUC
oTNV AYopEd.

H Xilinx, npoomaddvtag Vo avTYETWTIGEL ATOTEASGUATIXA OMAL TOL TIOPAUTEVW, ToEOUGIAEL pial Ve
YEVI& £TEPOYEVMV cuoxeLOY ovopatt Versal - Adaptive Compute Acceleration Platforms (ACAPs).
Ot mhotpdpueg aUTEC OYEBLACTNXAY UE YVOUOVA TIC VYNAEC EMBOOEL, GE UTOAOYIOTIXG OMOULTNTIXESG
epapuoyéc 6mwe 1o ML 7 1o 5G xou 1 mpoypaupatiowotnta. Ilepiéyouv woyveéc CPU, Bedtioto-
noinuévn mpoypoppatilouevn hoyixy, DSPs xau emniedv eldixolq emtayuvtég ulxol. O emitayuvTég
autol ovopdlovtar Al Engines xat undéoyovion enavactatixég endooel o€ eQuproYEs omwe 1 Podeld
uddnom, xpatdvtac youniny Ty xotavdiwor woybos. Téhog, n anaitnon Tne mEoYEUUUATIOWAOTN-
Tag €pyetan var xahuglel amd pio oelpd TEOYEAUUUATIO TV EpYalelwY TOU TEOoPEpouy Wa TANGhea

APALPETIXWY ETUTEDWV AVAAOYA UE TIC UVEYHES TOL YENOTN.

Oeswpntixd YTro6Badpo

Mrnyovixy) Mddnon

H Mnyavixry Médnomn anotelel mopaxhddL twv evpbtepwy 6pwyv Teyvnt Nonpooivn xow Emotiun
Twv Troloyiotdv. Ltoéyoc tng Mnyavixic Mdinong elvon 1 andxtnomn tng iavotnTag Tng Yevixeu-

one and plo “unyavy”. Iho cuyxexpyéva, apopd otny avdntudn ahyopldunmy LXavdy va extadeutody

13



og éval GUVOAO BeBoUEVLVY PE oTdY0 TNV emTLUY N TEOBAedT anoteleoudtwy ot éva eupUTEPO GUVORO
gpyootOdV ywelc vo €youv mpoypouutiotel €€ apyNc, ouyxexpwéva, YU auTtéc T epyasiec. Mmo-
polUE Vo xdvouue AOYO Yl TEElg xatnyopiec cuotnudtwy Mnyaviic Mdadnone, tny EmpBienduevn
Mddnon 6mou o ohyoprduoc exnadeletan oe €val GOVOAO omd YVwoTd dedouéva elg6dou-eE6dou,
Mrn-Enienduevn Méinon 6mou to chotnuo xahelton va amopovdel yia dedopéva ywel eTxéteg xou
ywelc mpoxadopiouévn dour) xou v Evioyutxr Mdidnon 1 onola nepiéyet éva unoxeipevo - mpdxtopa,

o omolog dpa o€ €val TEPIBAAAOY ETULYELROVTOC Vo YeYioTonooel Ty ‘EmBpdBeuor” twv dpdoewy Tou.

Teyvntd Nevpwvixd Aixtua

To teyvntd vevpwvixd dixtuor (TNA) elvon LTOAOYIOTING CUCTAUATA EUTVEVGUEVO OO TOV OV-
YeWMVo EYXEPAUAO YO TO O BNUOPIAES UTOGUVOAO TNG Unyovixrg Udinong. Aettoupyolv wg éva mo-
PEAANAO xa xaTavEUNUEVO VO TNUN eTeéepyaoiag Tou anoteelton and TOAAUTAOVS, CUVBESEUEVOUC,
amhoUg UTOAOYIo TiX0UC xOUB0oUEC TTOU €YOLY T1) BUVATOTNTA VA ATOXTOVY EUTELOIXY| YVMOT and TO TE-
pBdANov toug xar vo Ty amodnxedouy yia peAhovTie yerion[14]. Autol ov urohoyisTxol x6uBot
ovopdlovton TeEXYNTOl YEUPWVES, 1) OAG VEURMVES, KOl OVTIGTOLYOUY GTOUG VEUPWYVES TOU avipmivou
eyxepdiov. Miudoluevol 11 AelToupyIXdTNTOL TOU EYXEPANOU, 1) YVOOT omoXTdToL HECW [ULoC BladLxa-

olag pdinone xou anodnxedetan oTIC CUVBESELS HETAED TWV VELRPOVLY - TO LOOBOVAUO TwV avIp®OTVLY

ouvdewy.
(a) M (b)
‘ W
dendrites axon
W & »
X: NZxw )= ¥
=1
cell body ?ﬂ '
TS X~ w.
terminal axon (d)
Input 1¢* hidden 27 hidden Output
layer layer layer layer

% %&j

synapse

ExApor 1: Biohoyixd xou texvntd vevpwvixd dixtua xou veupdves: (o) Brohoyixde veupdvae: (B) teyxvntoc
vevpvac: () Bloroyée cuvddec xan (8) ouvdderc TNA [1].

To povtélo evbe teyvntol veupdva etvor 1 Bdon omotoudritote TNA xou poidlet pe to avtiotolyo
Blohoyxd yovteho. Ta xdpia pépn tou elvan ta cuvamtxd Bdem, o aldpoloThcC xou 1 cuvdeTnoT evep-
vomnoinong. To cuvoantixd Bden aviinpoownebouy tn d0voun wac cOVOESTE TOU AVTIOTOLYOUY GTIC
Blohoyixéc ouvdeic. Ta ofuarte el0680uU evoc veupmvo Tolhamhactdlovton Ue To cuvanTxd Bder Tou
YOl TOL ATOTEAEGHUATO TOU TOMATAAGLOGHOU TPoc TIeEVTaL 6TO GMA TOV, ToVv adpola Ty, OTwe QalveTal
oto oyfua 1. Téte, n cuvdptnon evepyornoinong eivan unedduvn yia Tov teploptod Tou adpolopatoc.
Yuyvd npootileton wa eEwtepinf) O wor oty €€0do tou aldpoloTh mpoxewévou vo audnidel ¥ va
pewwdel 1 Siéyepon TNC cuvdpTNoNe evepyonoinong.

ITohhamhol VEUPMVES GUYXEVTROVOVTOL GE GTEMUATA Yiot Vo oynuaticouy wo tomohoyio TNA.

Yuviidwe, undpyet éva eninedo eloddou, éva eninedo e£6Bou xan éva 1) neplcodTERA XEUPE ETtineda.
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Kdde x6pfoc evoc emimédou cuvdéetar pe évay x6ufo evog dhhou emnédou, petadidovtag mhnpogopiee
HeTAED Toug xou oe 6ho To dixtuo. ‘Evag veupdvag houfBdver éva ofjua, to enelepydletan 6K
TEQLYPAPETOL THPATAVEY XL GTY) CUVEYELOL AVAAOYOL UE TO OMOTEAECUN TNG CUVRTNONG EVERYOTONOMNG
Blvel oYjuo 6TOUC GUVDEBEUEVOUS OE AUTOV VEUPWVES WOTE VoL EXTEAEGOUV Xal exelvol Ty (Bla epyaoia.

H Swdwooio pédnone, i cuvidoe 1 exnaldevon (training), evéc TNA pmopel vo eivon emBhe-
ToUevN, un emBAendpevn 1) va yenotwomolel To Yovtélo evioyutixic udinone. e outh T Soteln
xenowonotelton 1 Sladixacior Tne emPrenduevne udinong, YU autd Yo eoTIdoOUUE oTr cuVEyELX EXEL.

H emonteuduevr Swbixacio exudinone yenowonolel exnaideucy) oe nopodelypato SedoPEVLY Yo
var augroet v axpiBela tpdBredng tou TNA ye tnv ndpodo tou ypdvou. Ta dedouéva éxouv T wopen
YVWoTev Leuydy elo6dou-e€660u. To mpwto Brpa tne exnaideuong elvan to Aeyouevo forward-step, to
omolo, Boactlouevo otov utohoyiopd Tou ototouévou adpolopatog 6w avaAIUNXE TEOTYOLUEVLC,
npaypatonolel T tedBhedn. L1n cuvéyela, N tedBredn cuyxpeiveton ue TNV €€060 GTHYO KAl TO GQIAUL
npoPhedne opileton Yéow piog cuvdptnong amwietas. Autéd to opdhua Swdidetow oe 6ho to Bixtuo
xernowonowvrog évav alyopiduo back-propagation xon mpoxohel TNV TEOCUQUOYT) TWV GUVITTIXWY
Bapddv tou Bixtlou. Metd and €vav menepacuévo aptdud emavokfpewy, N TedBAedn yiveton moAD
axpPnc xan 1 Braduxacto exmaldeuone otopatd. H yvoon mou anodnxedeton oto dixtuo elvon otny
TEAYHATIXOTNTO TA TEOCUPUOCUEVA ouvanTixd Bdpen xou to forward-step yio v mpaypatonoinom

TpofAédewy Yetd TV exnoddevon ovopdleton inference.

Yuvehxtind Nevpwvixd Alxtua

To cuvehxtind vevpwvixd dixtua (ENA) elvou évac tonoc TNA eunvevopévoc and 10 ontixd
clotnua Twv {OWY xou YpNoYoTolodvTaL XUplwe Yo EpYAOiES TaEvoUNoNG ot GpaoTS UTOAOYLOTHOV.
Ta ENA axoroudolv v Bl axpiBae dtadaoio exmaldevong xaw e€aywynic npofrédewy mou nept-
yedpeton mopandve yiar to xovovixd TNA. H Sapopd €yxettar oto yeyovog 6t ta XNA yvwpilouv
7 eloodoc¢ toug Yo elvan ecdva, To 0molo TOUC EMTEETEL VO XWOLXOTOLACOUV OPLOUEVEG BLOTNTEC OTNV
ARYITEXTOVIXY) TOUC. AUTEQ oL IBLOTNTES Aotmtdy, Oyl uévo xdvouv Tty vhonolnon tou forward-step mo
anoTEAECUATIXY 0N eTtiong 0dnyolv ot axpalo Yeltworn Tou optduod TwV EXTUBEVCULWY TUPUUETEWY
670 dixtuo, dnhadh Twv cuvanTxoy Bopdy xon tpoxatafipeny [15].

M apyitextovixy ENA onoteheiton and teel x0ploug tonoug emnédwy: Luvehixtixd (Convo-
lutional - Conv) enineda, Pooling (Pool) enineda xou Ihhpwe Zuvdedepéva (Fully-Connected - FC)
eninedo.  Katd xavova, 1 Bl 1 ewdva eilc6d0u ovoudletar atpmua elcddou evoc LNA. To dida
Tplo enineda pmopolv va otoBdlovton Ye SLapopeTixols TEOTOUS Yiol Vo BLLopPOCOLY BLPORETIXES

apyttextovixée XENA. Ac avahboouye ev cuvtopio ta enireda Tou "NN:

- Mtpopa el06dou: Yuyxpatel Tic TWES Twv pixel Tng exdvag ewwodou. Ou Blaoctdoelg Tou

oTpwpatoc TauTiovTion YE TIC BIHOTACELS TNS EMOVOS ELGOB0U.

- Yuvehixtixd otpopa (Conv): To Paoxd dopxd otoyeio evoc TNA. Etov unoroyiopd
Tou mepthauBdvel teelg xOpleg évvoleg: €va eninedo elo6dou 6mwe e&nyinxe mponyouuévwg,
éval pilTpo, YVwoTd xou o¢ kernel, xou évav ydptn yopaxtneoixody (feature map). To ¢iktpo
elvan Booixd to mapddupo e cuVvEAETNG, évac BdLdo Tatog mivaxas Popdv mou avtiotoyileTto
o€ UL TOTUXT) TEPLOYTH TNE EMOVOC COUPWVOL UE TIC DLUCTACELS TNG, TO AEYOUEVO Tedlo UTodOYHC
(receptive field). Avtde o tuprhvac ohoBaivel oo eninedo ewwddov and apiotepd npog To delLd
X0 oo Ve TEoS Tal xdTw utoloyilovtag ta avtiotorya yvépeva. Auth n Sdwaoio, Yvwo
we oLVENEY, yenowloroteliton otor XNA yia e€arywy YopaxTneloTixedy xot 1 €£080¢ Tou ovo-
pdletan ydptne yopaxtneio iy, O opidudc xan oL BLIC TUCELS TWV YUPTWY YoROXTNELO TIXDY

e€6d0u e€aptidvian amd To PEYEDog ol Tov opliUd TWV CUVEAXTIXGOY Tuphvwy, To Bruc tne
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oLVEMENC xou to mdavd padding. Téhog, xdle cuvelutind otpwya epopudlel tia GUVEETNOM
evepyornoinong 6nwe ReLu, Sigmoid ¥ Tanh nou unogel vo Yewpniel we éva emniéov otpmdua,

10 oTpGMA evepyOTOinoNC.

- Ytpdpa Pooling: M popen un yeouuxhc unoetypatodndlag. Iopduota e tov cuvehixtind
nupAva Tou culNThdnxe Topandvw, To pooling otpdua ohoBaiver Evay TupHvaL XaTd WHXOC TNG
ele6dou, Tou dev Exel Bdpn xou epappolel UOVo wLo GLVEETNOT cuValpolong 6To TEdlo UTodoyHC.
To pooling otpduo cuyfdiher otn otadoxy Uelwon Tou ywexol yeyédous TS avomnapdo to-
ong, ot pelworn tou aptiuol Twv exmtadeloldny TapauéTeny, ot Bedtinvon Tne anddoone o,
CUVETMOC, OTOV TEPLOPLOIS Tou Xdvvou uneprpocappoyhc (over-fitting). Trdpyouv apxetéc un

YOUUUHES CUVORTHOELS YL TNV UAOTIOMOY TOU GTEMUATOS auTOV, UE TLO X0 To max pooling.

- IIMjpwc ocuvdedepévo otpopa (Fully-Connected - FC): Yta cuvelixtind otpduata
TIOU TERLY PAPOVTOL TORUTAVE, Ol VEURWVES CUVDIEOVTOL UOVO UE Eva UEPOS TOL OYXOL ELGGBOU, TO
receptive field. Avtideta, xdlde vevpwvog oe éva FC atpmua cuvdéetar ameudelog ue xdde évoy
%x6pfo Tou mpornyolpevou emnédou, axpBne 6mwe o xavovixd TNA. Autéd 1o enlnedo extelel
v ek tadvounon pe Bdon ta yapaxtneloTxd tou eEfydnoav oe mpornyolueva eninedo.
To enineda autd cuUVRTWS YENOWOTOLOUY Wl CUVAETNOY EVEpYOoToinoNe TUToL softmax yia vo

napdryouy Wwa mdavotnta omd 0 émc 1 yio var Touptdlouy Ue TiC avayxes TaEvounonge.

‘Eva nopdderypa apyrtextovixic XNA pe dho to mpoavapepdévto xipta Souixd oTotyela anelxo-

vileton 6TNY ToROXATE EXOVAL

Vectorised )
Input image Feature maps Pooling window feature maps_ ,
'\\:) e O
/ Ok = &
ri Pooled Feature maps e (U
'_,_,*//# (. feature maps s = O
= m\‘“ R - Pooled ) (‘_,1 ’al
7 - . feature maps ry e N
I Qt:\ ; e
l:_. m—— | i l,) (_‘ » ( 71
Filter Convolution and Pooling  Convolution and  Pooling
activation activation Vectorisation Output
Input layer Convolutional layer Convolutional layer Fully connected layer

EyxApo 2: Apyitextovinr; ENA[2].

Super Resolution

H epyooio tou Image Super-Resolution (SR) agopd otnv avaxataoxeun etxévev uhnifc avéiuong
(HR) ond dedopévee emdvee yopunhnc avdiuone (LR) xau eivon évac and toug onuavtindtepous Touels
e bpoaone LTOAOYIOTAOV xou TNne encéepyaoioug ewmdvos. Extoc and to axadnuoind xou epeuvnund
evllapépoy, Eyel enione TOAVGEIIUES EPUPUOYEC OTOV TRUYUTIXG xOCUO, OTWC 1 BopupopIxY| ATEL-
%xOVIOT), M) LTELXT) AMEWAVIOT), 1) ETULTHENOT XU 1) ao@dieia. Llotdoo, To SR elvan éva apxeTd amoantnTind
TEOPRANUA, xodde LTdpyoLY Tdvta ToAAES edvee HR mou avtiotouyolyv oe plo pévo ewdva LR. Xt
BiBhoypapia, utdpyel TANYwea xhaoixwy teyvixwy SR, onwe autéc mou Bactlovton otny mpdfBiedn
1 ot otatlo . QoTtéo0, e N Biddoon TS Unyavixic Ydinone, €xel TeoxVPEL Uiot ONUOVTLIX XoL
TOAG unooyduevy épeuva oe tpooeyyioelg Bathde uddnong yio v avtiyetonion tou SR, 1 omola ou-
Y V& anogépel emdooelc ouypnc. Mia mowaia apyitextovixwy Bothde uddnong, cupnepthauovouévou
wwv ENA éyouv mpotodel xadide xou tor xouvotdpo povtéha avtoaywvio i uddnone (Generative
Adversarial Nets - GANs).
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H apyitextovixyy ESPCN

Ipoxeévou va aVTIIETWTLOTOOY TEPLORIOUOL TNV UTOAOYIO TIXH TOAUTAOXOTNTA Xl GTNHV TOL-
6mta tou SR, mpotddnxe 1o dixtuo ESPCN (Efficient Sub-Pixel Convolutional Neural Network).
To dixtuo oWt ewodyel oty opyttextovixr Tou XNA éva anoteleopatind cUVEMXTXO eninedo Tou
Baotleleton otny te) VX TOL sub-pixel. ¥to dixtuo ESPCN 7 ab&nom tne notdtntog o tautdypova
Twv dlaotdoewy yivetaw oto téhog tou Bixtbou, To omolo onuaivel 6Tl dev amoutelton xdmotot eldoug
interpolation yi v eloodo xau étol to bixTuo elvon oe Béom va pdidel wio xoAOTERT avTIo TOlyloM
peta€ld v Leuyov LR-HR exévwv. Enlong, o yewwyévoc dyxog eiobdou amoutel pixpdtepo Leyeédn
QIATEWY, UEWOVEL TNV TOAUTAOXOTNTO TV UTOAOYLOUMY Xl ETOUEVGLE TO dixTuo yiveTtan ehapeitepo.
Avth 1 Behtiwuévn andédoon xadiotd o ESPON doavixn emhoyn yio epyaoieg SR axdun o oe Bivieo
HD e npaypotind yedvo.

Ilepiypopry ApxitexTovViXng

To yovtého ESPCN avapével w¢ eloodo uia ewxdvo LR xon Evav axépato enl tov onolo Yo molhamho-
oo TolV oL SloTdoel Tne etoédou (upscale factor). H ewdva LR mapdyeton pe uné-derypatohndio
Twv exévwy HR tou cuvdlou Sedopévwv clupwva pe to upscale factor. Xtnv mpoaypotixdnta, n
eloobog tou Buxtou Pewpeiton 6TL elvor HOVO TO XAVEAL PWTEWVOTNTIC OTOV YewUaTixd yheo Y CbCr.
H ¢Zodoc¢ Va eivon 1 avaxotaoxevaopévn, SR edva.

H apyitextoviny) tou ESPCN anewxovileton oto yAua 3. T éva dixtuo nov anotekeiton omd L
enineda, ta mpdtat L — 1 efvon xhaowxd eninedo Conv yia e€orymyn YApaxTnelo Ty Xol To TeAeuTaio
elvon umebYuvo Y TNV avToTOlYLON GTOV XWPEO LYNAGY dlacTdoewy, clugpwva pe to upscale factor,

gotw r. Autd to TENXO eninedo elvon to amoteleopatixd sub-pixel cuvehxtixé eninedo.

Low-resolution image (input) n, feature maps n,, feature maps r2 channels High-

.

es

o

lution image (

(]

{ B
o
(=
=3
°
c
=

fixfy

Hidden layers Sub-pixel convolution layer
EyxApo 3: H apyrtextovixd tou poviéhou ESPCNI3].
Koatéd xpto Adyo vy to ESPCON woybelr L = 3 xon avahutixd ta eninedo tou dxtiou €Youv Tic
axdhovleg BLUCTAOELS HOUL THPAUUETEOUS:
- Eninedo eio6dou: Trodétouue btL €xouyue €va oTpdpa EL06d0U YE exdva dlaotdoewy [B, C, N, N].

- Ipwto otpwua Conv: 64 @iktea pe uéyedog muprva 5 X 5, Brua 1 x 1 xou padding 2 X 2,
axohovdolyueva oo €va otenua evepyonoinong Tanh.

- Aeltepo otpidua Conv: 32 giktpa ye péyedog nuprva 3 x 3, Brua 1 x 1 xou padding 1 x 1,

axoloudolyeva and éva otpwua evepyonoinone Tanh.
- Telto otpwpa Conv: ®htpa C' X 7 X 1, pe wéyedog mupriva 3 X 3, Briwa 1 x 1 xou padding 1 x 1.

- Yrtpouo PixelShuffle: H hettoupyio tuyaiag avaxatavourc twv sub-pixel mou divel oty euxdva
eZ6dou Tic emduuntéc dotdoele, dnrady [B, C,r X 7,1 X 7).
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H ocuvénrn Sub-Pixel

310 00O TN ATELXOVIONG HLOC XAUEPAS, AOY L TWV TEPLOPLOUMY TOU OTTIXOU aioINTHEd, Ol EOVES
neplopiCovtan otny apyix) avdhuon pixel. Enouévwe, ta avTixelleva Tou Tpaypatixod XOGUOoU OE Ui
eova xPoavtilovta ywexd oe aut T otadepn avdAuvor. 261660, OTOV UXPOOXOTIXG XOOUO UTHp-
YOLV pxpooxomxd pixel petall 800 YELTOVINGDY PuUOKY pixel. Autd To uixpooxomixd eovoototyeia
ovoudZovton sub-pixels xou anetxovilovta oto oyfpa 4. Kdie pixel tou cuc thuatoc anewxdviong etvon
oTNV TeayHATIXOTNTA Xdde TETEdY VN TEploy T Tou oplleTon and TECOEPA HOXXWVOL TETPAY WV, OOV
oL yopee xouxxideg elvan o sub-pixels. H axpifeia twv sub-pixels ymopel va pudulotel avéroya
pe to interpolation peta€d twv yertovxdv pixel. Me autdv Tov TpéTO0, N avioTolyion and pixpés
TETPAYWVES TEPLOYES OE PEYAAES TETPAYWVLXEC TEpLOYEC Umopel var vhortondel uéow interpolation twv
sub-pixels. [4]

n
.
.
.

n
.
.
.

n

| EEEY B PRy Py |
I
R A A

SyxApo 4: Avanopdotaoy twv sub-pixels [4].

H ouvéh&n sub-pixel, enlong yvowoth we PixelShuflle, eivo wio and tic mo a€oomnueiwte pedddoug
nou eloriydnooav péow tou ESPCN. IlepihapfBdver yio yevinr| hertoupyio cuvéMEng mou oxohoudeiton
omo o ovadLdTaEn v miEekg yenowonowdvtoe T Yewpla twv sub-pixels. To xavdh e€685ou tou
tehevtalou emnédou mpénel va elvan C' X7 X7, €10l WOTE 0 GUVOAXOS apLiudc Twy pixel va elvar cuvenhc
pe v HR edva tou cuvdrou dedopévwy. 3tn ouvéyela, 1 ouvdptnor PixelShuffle cuvdudlel xdde
sub-pixel oe ydETEC YUPAXTNELOTINOV TOANATAGY XAVOALOY OE ULol TETEUYWVIXT TEPLOYN T X T OTNY
exova e€6dou. 'Etol, xdde pixel otoug ydptes yopoxtnelotixdy elvar 1oodlvouo pe to deutepelov
sub-pixel oty nopayouevn ewdva e€bdou:

High-resolution image (output)

Sub-pixel convolution layer

SyAuwe 5: H dwodixacio PixelShuffle[4].

H opyitextovixr, twv Versal ACAPs

H oepd Versal nepiauBdver €€1 xatnyopieg ouoxeuwy mou Baoilovton otny te)voroyio Tnm Fin-
FET xou éyouv oyedlactel povadnd yior vo Tapéyouy xopupala ETEpOYEVY] ETITAYUVOT Yio €val €upl

pdoua epappoy®y and to edge €wg to cloud. Autég ol mpocupUoc TIXES TAUTQOpUES ovouaTt Adap-
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tive Compute Acceleration Platforms (ACAPs) cuvdudlouv Scalar Engines, Adaptable Engines
xon Intelligent Engines pe wa Suvatdtnto anpdboxontng emxovwvias uéow evoc npoypaudati{ouevou
Network on a Chip (NoC). Eniong, pall ye autéc Tic ouoxeuéc xuxho@benoe xau Wit TANYOea ep-
yorelwy, Bihodnxay, IP xa framework yio vor utostneiouv TNy TEOYEAUUUATICIOTNTO TOUS XAl TIC
analTAOELC VLol Younhd time-to-market.

Ye auth) ™) Simhwyate epyacta Jo doukédouue pe tn oepd Versal Al Core xan cuyxexpiuéva
o VCOK190 Evaluation Kit. Autr n oeipd mapgéyer tnv uPniotepn amddoor yio Al Inference xon
enelepyaoioc ofjpatoc yio egopuoyéc cloud, network xou edge [16]. To VCK190 System on Chip
(SoC) nepiéyet TAAYOC LoYLEMY LTOAOYLGTIXMY TOPMY Xl SLUCUVIESEWY. LTIC ENOUEVES EVOTNTES, Va

TeptypapoLy Bteodixd oL xupLdtepoL and autolc.

Tao AT Engines

I v Eexviicouye v avdhuon autrc tne e&elypévne apyltextovixnie, ag dodue éva high-level
umhox didypoppo evoe Versal ACAP pe éva array and Al Engines (AIE) pali pe toug dhhoug xlploug
Toyele, to olotnua enelepyaocty (PS) xou tny npoypoppatilouevn Aoy (PL):

Versal ACAP
Al Engine Array
Al Al Al Al Al [
Engine Engine Engine Engine Engine -
Tile Tile Tile Tile Tile — - AI Engine T”e
Al Al Al Al Al k31
Engine Engine Engine Engine Engine @
Tile Tile Tile Tile Tile S Al Engine Data Memory
o
14
~ E
N
Al Engine Array Interface A H N
~. = Streaming Interconnect
N e
~ 2
~ £
Horizental NoC | RS 8 Debug Hardware Tile
~. Trace P DA
e Profile Oeks
Programmable Logic N H
o
z Gigabit
= RAM CLB o
=1 Transceivers
&
3
=
DSP Integrated
Engine P

Horizontal NaC

Processor System

][] =]

e

EyApo 6: Versal Device Top-Level Block Diagram [5].

][]

XPIO

DDRC

‘Onwe propolye va Solye, 1 apyrtextovint) AIE mepihayuBdver tpla tepapyixd enineda. To mpdto
eninedo oe authv v tepapyia eivar to Al Engine Array. Eivow Boowxd yia cuctoyia 2 o tdoewy
an6 Al Engine Tiles, ta onola anoteholv 1o deltepo tepapyind eninedo. Autd ta tiles evowyatvouy
uviuec, dlacuvdéaelc xon to Yepehiddeg umhox tne Al Engine apyttextovinfc, 1o Aeyéuevo Al En-
gine. Ilpdxetton ovolaoTixd yio évay e€arpetind BeAtiotononuévo, single instruction - multiple data
(SIMD) xou very large instruction word (VLIW) eneepyoaot. H ouotouyia AIE yenowwonowel mohu-
dprduec Senagéc mou xootolv ta AIE ixavd v emxovwvoly petal toug odAAd ot Ue to undiolo
Versal SoC.
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Ac avalbooupe thpa xdde éva and o tpoavoapeptévta douixd otolyela, Eextvavtag and to Yeuelt-
wodeg, to AT Engine. 'Onog avagépinue nponyoupévene, uihdyue yio évoay xouvotogo VLIW xa SIMD
nuphva eneepyaoiac mou unootneilel axplBela otodepric xou xvNTAS UTOBIKGTOAAS. LTO TopoxdTe
OLdrypauar HTopOVUE Vo BoluE Ohal Ta YapoxtneloTixd tou AlE:

Memory Interface
| Scalar ALU | Fixed-Point Vector Unit |

Non-linear
Functions | Floating-Point Vector Unit |

Scalar Unit Vector Unit

=R
& Decode Unit
Load Unit A Load Unit B Store Unit

EyApo 7: Al Engine [6].

- Register Files: To AIE vnootnpilouv Baduwtols xatoywentés, edinolc XatoymenTés, dlo-
vuopatixolg xatoywentéc mhdtouc 128 - 1024 bit yia vo emtpénovtar ot evioréc SIMD xou
accupLAaTop Xataywentée 384/786 bit yio Ty anodixeucn twv onoTeEAEoUdTWY THS JVUOUs-
TxAC Sladpounc Sedouévwy.

- Instruction Fetch & Decode: Méypl entd Aertovpylec pnopolyv vo exdodolv mopdAAnia
xenowornowdvtoc pla VLIW Aé&n dhec tic Aettovpyixée povddec. To péyedog tng uviung meo-
yeduuotog elvar 16 KB.

- Load & Store Unit: Trndpyouv tpia data memory ports, 80o yia @éptwon xou pio yio
ano¥rixeuon mov Umopoly va AeltouvpyoLV Tautoyeova. O avtiotolyec povddes mopoywyNe
dievdivoewy (AGU) urnootnpilouv ) dnwovpyia Sieudivoewy Fast Fourier Transform (FFT)
yioe Tolhamholc Tpdnoue devduvoloddtnone (fixed, indirect, post-incremental, ¥ cyclic). Ta
dedouéva poptwvovTal 1 anodnxedovial ot YVAUN dedouévey yloo Ty omolo Yo WANooLUE

apYOTERA.

- Scalar Unit: 32-bit RISC eneepyaotric ue general purpose pointer xau configuration register
files. Trootnpilel un yeouuixés cuvopTACELS xou HETATEOTN TOTWY dedouévemy LETAE) Barduwtdy
fixed-point aprdumdv xow Boduwtodv aprdudy xivntic unodlacTtolic. Evowpatdvel eniong o
Barduwt ALU pe Boduntd nohhamhaclacth 32 x 32 bit.

- Vector Fixed-Point Unit: IlepilopBdvel tpeic Eeywplotés xou oe peydho Podud aveldptnteg
Biodpoyuéc dedouévwv, t dadpour) multiply - accumulate (MAC), tn Swdpopr) upshift xou
) dwdpopy| shift-round saturate (SRS). YTrootneilel tawtdypoves hettoupyiee oe morhamhéc
Stavuopatiés Awpideg xou dlardétel Thfen povdda permutation ye 32 bit granularity. Mnopet
vo extehéoel €we xou 128 MAC/x0xho yio tparypotixole teheotéc 8-bit xor 8 MAC /xUxho yio
oOvdetouc teheotéc 16-bit.

- Vector Floating-Point Unit: TS0 permutation xat concurrency ue to Vector Fixed-Point
Unit. Trootnpilet 8 floating-point MAC/x0xho.

To AIE opyavovtow oe Al Engine Tiles. Ta tiles elvon 1o peoaio eninedo otnv tepapylo tne

apyrtextovixic AIE xou anotehelton omd tor oxdhovdas
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SxAuo 8: 'Eva Al Engine Tile

- Tile Interconnect Module: Tnootnp(let AXI4-Stream xou memory-mapped AXI4 xivnon.
To AXI4-Stream emtpénet tn yetoxivnon dedopévev petald un yertovwov AlE tiles 1 petold
Tou AIE ot tou PL 7} tou NoC. To memory-mapped AXI4 unopel vo 0dnyndei extdc tou AIE

array on6 omotodrnote AXI4 master nou unopel vo cuvdedel oto NoC.

- AIE Memory Module: Awdéter 32 KB pvriune dedopévwy, wor dienogpry uviune, DMA,
HAEWBOUATY XU LoVAadeg eAEYyou, trace xau debugging. ‘Otav 7 emixowmvio Tpoyuotonole(ton
péoa oe éva AIE tile 1} peto€d amevdeiog yertovixdv AIE tile, to shared memory module
xenowonolelton ye vrnootneiln ping-pong buffer xau xheldwpdtwy yia cuyypovioud. dotéoo,
yioo un yertovxd AIE tiles, mopdpota, ahhd pe avgnuévn xaduotépnon xow népous, emxovwvia
unopel vo dnuovpynel péow tou DMA oe xdle povdda pviune.

- To AI Engine: 'Onwg neplypdpetol Topandve.

‘Onwe gaivetaw oto oyfua 6 to AIE tiles eivan opyavwuéva oe évav dididotato mivoxa, to AIE
array. O apduodc twy tiles xon xotd cuvETEL 0 dELIUOC TWV CELREOY XAl TV GTNAGY eE0pTdTon Amd TN
ouoxevy]. o v mhaxéta VCK190 Suotidevton to péyioto twv 400 tiles opyovouévo oe o SLdtagn
2 daotdoewy, 8 x 50. Emlong, énwe unopolue va dobue oto umiox didypopua 6, 1 tekeutala oelpd
tou AIE array @uhoZevel ta interface tiles, o onola napéyouv tnv amopaitnTn ActtovpyedTnTa Yo TN

Blacvdeon tou AIE array ye tnv unéhoinn cuoxeur. Trdpyouv el tumol interface tile:

- Al Engine configuration interface tile: Tndpyel axp3iq éva avd AIE array. Ilepiéyet éva
PLL vyt tn dnwovpyla tou pohoyiob tou Al Evytve xou dhkeg hettoupyieg xadohixol eréyyov,
6mw¢ interrupt controllers, global reset control xou ™) Aoy DFx.

- AI Engine - PL interface tile: Ilepiéyet plo povddo PL nou guio&evel éva memory-mapped
AXI4 xou évav daxontn AXI4-Stream, plo stream Sienapy) petald AIE xouw PL xou pio povdda
ehéyyou, trace xau debug. Ilopéyoviouenione aclyypovec FIFO yio tn Sayelpion tou clock

domain crossing.

- AI Engine - NoC interface tile: Ilepiéyel wa povédoa PL émwe neplypdpetar mapandve xou
enione pa povéda NoC pe Swouvdéoelc tpoc v master povédo NoC (NMU) xou v slave
povéda NoC (NSU). Enedr; to NMU xou to NSU Bpioxovton oe dtagpopetind touéo toybog and

o AIE anouteiton level shifting.
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Ixhua 9: H tonoroyia twv PL xouw NoC Interface Tile

H npoypoppatilopevr Aoywxy (PL)
H npoypappatilouevn hoywy (PL) eivon to 'FPGA’ pépoc twv Versal ACAP, yio tnv amotehe-

opatix) vhomolnon onolacdnnote Aettoupyloc edixol oxomob oto hardware. To Versal PL mepiéyel
wor eVields emavaoyedlaouévn yewd ano configurable logic blocks (CLBs) ue téoocepic gopéc me-
plocdtepn hoyud) ywentxdtnta, dnhodh 32LUTs/64 slice flip-flop oe avtideon ye ta 8 LUTs/16
slice flip-flop otnv mponyoluevn yewd twv UltraScale cuoxeuwy. Emlong Swdéter po mAndopa e-
cwtepxdy pvnuey (CLB 64-bit RAM, Block RAMs, UltraRAMs), unyavéc DSP xou dienagéc pe
OTIOLOBATIOTE GANO EVOWOUATWUEVO LAXG TNne mAaxéTag, omwe to AIE xou 1o obotnua enelepyooiog

(PS).

To vnoloyiotixd chotnua (PS)

To cbotnua eneepyaocioc (PS) anoteheiton and duo ARM Cortex enelepyastéc, T Lovido ene-
Eepyaolug epapuoydy (Application Processing Unit - APU) otov topéa mAfipous toytog (Full Power
Domain - FPD) xou t povéda enelepyooioc mpoypatixod ypdvou (Real-Time Processing Unit -
RPU) otov topéa yaunhic xatavéiwone (Low-Power Domain - LPD) xou didpopa nepupepetaxd I/0.
To PS, pall pe tov eheyxth dwyeipione mhatpdppac (Platform Management Controller - PMC)
ot to Coherent PCle Unit (CPM) opadonototvtor otov Control, Interface and Processing System
(CIPS) IP nuptva.

To Network-on-Chip (NoC)

To Network-on-Chip (NoC) epmhoutiler v napadootaxy Swoivdeor péow touv PL fabric xou
eMTEENEL emxowVeViot LYNANG ToyvTNTAC OE ETUNEDO GUGTHUATOC LETAUED TWY TOAVAPLIUWY ETEROYEVHV
YOEAXTNELOTIXAY, cuureptlopBavouévwy twv AIE, tou PS, tou PL xa tou eheyxty uvAune DDR.
Mrnogel va dlapoppoidel yenowwomowdvtog o AXI3, AXI4 ¥ AXI4-Stream yio Ti¢ dienopéc master
xou slave xou extelveton 1600 oe opwldvtiec 600 xan ot xddetec xateudivoels UEypL TIC AXPES TNG
mhaxétoc. H dioapdppwon 1 o npoypopuationds tou NoC yiveton xatd tnv exxivnon péow tng diemaprhic
npoypappatiopod NoC (NPI) xou eivar mhipwe avtopatonomuévos xou extelolpevoe and tov PMC.
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Epyoaieio

Vitis Unified Software Platform

To hoylouxé Vitis Unified Software Platform etvou éva epyahelo mou cuvbudlel 6hec Tic mTuyéc
e avantuEng Aoylouixol yia Teotévta tne Xilinx oe €va ohoxAnpwuévo, evonoinuévo tepBdAloy yia
v emtdyuvon edge, cloud xou hybrid eqopuoydv. Emtpénet tnv avdntuén evowpatwuévou Aoyl
OUIXOV O ETILTOYUVOUEVWY EQUQUOYNV OF ETEROYEVELS TAatpdppec Tne Xilinx, cuunepthauPoavouévwy
wwv FPGA, SoC xou Versal ACAP. To Vitis mpoogépet wia software-centric npocéyyion yla v
avdnTuEn 1600 UAXOU 660 o AOYLoWIX0U TUEEYOVTUG GTOV YeHoTn TN duvatdtnta va emAé€el To
eninedo agaipeone mou ypewdleton [12].

Caffe

Domain-specific § v XILNX MLINK MATLAR . Partner
development O PyTorch i. VITIS (. VITIS SSIMULINK p Development
environments *ensar Environments

Video Analytics SDK Bleckehain Sclution Model Composer Metworking

Vitis
Vision & Image Math & Linear

Vitis Compiler & Linker
. . T n Ttis Al
Vits core Vitis HLS RTL Kernel Wizard | Al Engine Compiler Vit analyzer
development kit

Xilinx runtime: library (XRT)

Vitis target »
platform Vitis target platform

T @ Wl < Pu

Zyng-7000 Alveo Cards Kria SoM Varium Cards Versal Cards

Zynq
UltraScale MPSoC

ExAwe 10: H otoifa tou Vitis Unified Software Platform [7].

To Vitis evowpatdvel eniong oty pon avdntuine accelerated eqopuoydv xau to Vitis High-
Level Synthesis (HLS), éva epyohelo odvdeone udmhod emnédov. To Vitis HLS efvar vredduvo yio
N ety Ao TTION Twv hardware Tuphvwy yia to epyoheio Vitis extehdvtog obvieon vdnhod emnédou.
Avtol ot tupriveg Yo emttayuviolv oty Teployf Tou PL twv cuoxeudv tne Xilinx ol onolot uropody
va, ypaptovv oe C/C++ xow OpenCL.

Vitis Al

To Vitis AI elvon pror mhotoppa avdntuing epapuoydv oyedioouévn and ) Xilinx yua vo mpo-
opépetl edxoha hardware-accelerated Al inference oe Xilinx cuoxevés, cuumepthouBovouévemy xou
TV ouoxeuwy edge ok xou Tewv data center xopTdv emitdyuvong Alveo. Anoteheiton oo Behtioto-
romuéva IP, tic deep-learning eneepyootinéc povadec (DPU), epyaheio, Pihodfixec, frameworks,
¢roa Al povtéha xan moAAG napadelypota. H Baowr tou 1déa elvon var mapéyel udmhn amddoor xon
guxoliot 6T yeRom, oElOTOLOVTIC GTO UEYLOTO TG SUVITOTNHTES emtdyuvone epappoyov Al oe Xil-
inx FPGA xou ACAP cuoxevée. Ilpog autr v xoatetduvon, 1 otoiBa tou Vitis Al unootnpilet
mainstream Al frameworks émwe to PyTorch xou to TensorFlow xau yio ebyenotn epyahetodun:
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User Application

Al Compiler | Al Quantizer | Al Optimizer

Vitis Al Al Profiler | Al Library
Development Kit

Xilinx Runtime library (XRT)

Overlay

ExAwe 11: H otoifa tou Vitis Al [§]

ITeootewodpevn Egopupoyr xow YAormoinon

Yxedlaopmog Tou Muoctriuatog xou Ilpoetolpacio Tou dixtdOUL

‘Onwe nepiypdgetar oty Evétnta , o yovtého ESPCN yenowonolel tpec tonoug emmédwy: L
Yuvehixtind eninedo, L — 1 Tanh eninedo evepyonoinong xou 1 eninedo PixelShuffle. ' tnv napotoa
dlatplPr) oxohoudninxe N napadooiony ntpocéyyion tou ESPCN 3 emnédwy, ondte oplooue L = 3. H
vhonoinon tou povtélou oto Versal SoC o mpénet var yiver oOU@oVA UE TIC UTONOYIGTIXES oVaYXES
ToU GV EMTEBOU AN xoU TIC UTOAOYIGTIXESC BUVATOTNTES TOL Blardéaipou LAV,

Eftvou mepittd va dei€oupe 6tL 1 Aettovpyia Tne cLVEMENC Elvar 1 O OTOULTNTIXY UTOAOYIOTIXS Xol
oTL elva auTr) Tou yeetdleTal TNV MO LoYUEY EMTAYUVOT U€ow Tou UAoU. o to Aéyo autd xou
TPOXELEVOU VO, ELOTIOACOVPE TIC UTOAOYLOTIXES BUVATOTNTES TwV xouwvoTtouwy Al Engines (AIE),
Yo vhomojooupe ta enineda Conv tou povtélou oto AIE turua tne mhaxétoc. Me tnv xatdAAnin
avodtdtaln Twv Sedopévwy, 1 cUVENEY Umopel Vo UETATEANEL 08 TOAATAACLUOUS TUVEXWY XL Vol
Behtiotonowmiel dote va egappootel anoteleopatind oto AIE array.

Alo emhoyéc e€etdotnxay Yo TRV ukomolnon e cuvdptnone evepyomoinone - Tanh: o) wa

dlavuopatixr] vhomoinoy oto AIE ypnollonoldvTag Ty TOAVGVUULIXY TeocéYYLoT:

(27 + 2?)

xou B) wa vhomoinon pe mivaxa avalAtnone (look-up table - LUT) mou Baociletor 6Tto tuhApe g
npoypauuatilouevne Aoyic e ovoxeuic (PL). H a€iohéynon xat twy 8o vlontotioewy €del&e 6Tt o
UTIOAOYLOTIXEG OVEYXES TOU TOALWVOUOU eV cLYXUALPUTXY and T Slavuouatononon Twy Ted&ewy
oto. AIE. Enopévwe, 1 viomoinon pe LUT EZenépaoce tny xatd mpocéyylon vlonoinon téco otny
axp{Bela, 600 xou ot taytnTa. Enlong, n ouvdptnon PixelShuffle xou 1 avadidtaln towv Sedopévewv
TTOL amouTE(TON YLOL TN UETATEOTY| TNE GLVEAENC O TOMATAAGLUOUS TvaXwY TepthauBdvouy scalar byte

Aertovpryiec o alknhemdpoly pe read/write pvipec. Enouéve xon autd To 00VORo Aeltoupyiddw efvor
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xatdAnho yia epopuoyh oto PL xou 6yl oto AIE array. Téhog, anoutelton 1 vlonolnon nuphvmy
peTapopds dedouévwy oto PL yio tv emxowvwvio ye Ty DDR péow tou NoC.
H npotewvéuevn avtiotolyion tou dixtiou oty Versal cuoxeun xou 0 oYEBLACUOS TOU GUCTAUATOS

napouctdlovtal 6To axdroutdo umhox Sudypouo:

.

g ™

- - ) Conv Layer 1
_—
mmzs Data Rearrangement

NoC » Datamover & Tanh Activation . A

“
A

M

Conv Layer 2
‘_I

Data Rearrangement
& Tanh Activation e @@/

- ~

s2mm
. -
~—— ___,_./ h Datamover i Conv Layer 3
Data Rearrangement

& Pixel Shufie _

T T T
NoC Programmable Logic Al Engine

SxApa 12: Mnrhox dudypaupa Tou Tpotevouevou cuotiuatog yia Ty HW-specific vhonoinon.

H software ulomoinomn tou povtéhou ESPCN, dniadr ol xodeg v tnv exmofdeuon xou tny
a€lohdynon mopéyovton and to enlonuo Github repositories tne PyTorch [17]. To oUvoho dedopéviv
Tou yenowonotfdnxe yio Ty exnaideuon ftav o BSD300, to onolo nepiéyet 300 eixdvec avipdmivey
unoxeévmy. O exdvee ywpilovtor oe éva oet exnaideuone 200 emdvev xou oe éva doxgaoTind
oet 100 ewdvwy. To povtélo, xau otnyv exnaldevon xa oty aloAdynoT, Acltovpyel Ye TO XovdAL
puTEVOTNTOC TN avanopdotaone YCbCr, dnhady) o xoavdil Y.

XeNoWOTOLOVTAS TOV xWBLxa eEXTUUBEVOTC, eExtoudelooye To dixtuo Yéoa ae éva Google Colabora-
tory pe pot NVIDIA Tesla T4 GPU. It awtr ) Stateif3n, AauPdveton unddn évag upscale factor icog
HE 2, Yo elXOVEC elo6dou peyédouc 16 x 16. Eniong, n exnaldevon éywve yio 350 enoyéc e nococtd
uddnong (oo ye 0,001. Metd tnv exnaldevon, to Bden xou oL Tohwoelg e€Nyincay YenoloToLdYTaC
v dadixtuoxd| egopuoyy) Netron [18].

Hardware-Specific Custom YAonoinon

AT Engines: To XuveAuxtixd Eninedo

‘Onwe avapépinxe xou oTny TEONYOVUEVT UTOEVOTNTA, 1) Aettoupyia Tng cLVEAMENS elval auTH TTou
Yo avtioToiylotel oty meploy) twv AIE yio emitdyuvon. Lougwva xan ye to mapddetydo tou LeNet
Tou napéyeton and tn Xilinx [19], n Aettoupyia e cuvENENG anogacileton va petatpanel o TOMo-
mhaotaopol mvéxwy (MMul) yio tepoutépw adlonoinon twv duvatotitey twy AIE. O npotevéyevos
oyediaopde yenotonotel enione éva oyfua dimhol tiling twv mvdxwy yia ™y e€orywyn Tou Yéyiotou
nopoAAnAiopol péow twv AIE array xou tou AIE APIL To AIE API eivou yiot popnt| Tpoypaotio Ti-
x1) Biemapy, mou vhoroieiton wg C++ header-only BiBodrxeg xou Tapéyel TOTOVE Xal AetTovpYiES TTOV
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petappdlovton anotereopatind ot low-level eviohéc (intrinsics) xou agarpéoeic udmidtepou emnédou,

6me iterators xon moludidotatous ivaxes [20].

H @wé€9080¢ Im2Col

To Im2Col onpaiver Image to Column xan efvor war teyvixy mou petateénel T Aettouvpylo Tng
oLvéNENe oe Aettoupyie MMul. Ac unodéooupe dti €xovue évav dyxo edvag eloddov 1 X 4 x 4
X €voy cUVENXTIXG Tuphva peyédoug 2 X 2. O mivoxag g ewxdvag elcddou Vo yetatponel o évay
nivaxa ooV ot othheg Vo amoteholy patches tne edvac eloddou, clupwva Ue Tic SLUCTAGELS TOU
@lhtpou TNg cLVENENC, oL eV TpoxelWéve elvar 2 X 2, to Brua e ocuvélEne xou To mdavd padding,

OTWE PAVETOL OTO TOPUXATL Ty

Image Patch 1 Image Patch 2 Image Patch 2
[1., 2., 3., 4.1 [ 1., ‘2., 3., 4. ][ 1., 2., (3., 4.]
[5., 6., 7., 81[ 5., B, 7., 8.1[ 5., 6., [Fay 8]
[ 9., 18., 11., 12.] [ 9., 18., 11., 12.] [ 9., 18., 11., 12.]
[13., 14., 15., 16.] [13., 14., 15., 16.] [13., 14., 15., 16.]

Image Patch 4 Image Patch 5 Image Patch 6 [ ; ’ i" i’ :" g" ;" 1;" ii’ i;]
[ 1., 2., 3., 41[1., 2., 3., 4.1[1., 2., 3., 4.] |:> [ 5 ’ pe ? 7 ’ 9 ’ m” 11" 13" 14" 15‘]
['s., 6, 7., 8] [ 5., EWm?., 8.1[5., 6., 7., B.] [5-, s , 9., 18, 11., 13., 14., 15.]
[ 8., 18., 11., 12.]1 [ 9., 8., 22}, 12.] [ 9., 18., 11., 12.] [ 6., 7., 8., 10, 114, 12., 14., 15., 16.]
[13., 14., 15., 16.] [13., 14., 15., 16.] [13., 14., 15., 16.]

Image Patch 7 Image Patch 8 Image Patch 9
[1., 2., 3., 41[1., 2., 3., 41[1., 2., 3., 4.]
[5., 6., 7., 81[5., 6., 7., 8.][5., 6., 7., B.]
[(8., 18., 11., 12.] [ 9., 1@., 11., 12.] [ 9., 18., [41.,712.]
[13., 14., 15., 16.] [13., 14., 15., 16.] [13., 14., A5.57164]

ExAno 13: H petatpond tne emxdvag eiloddou ot évav nivaxa and patches [9].

To anotéheopa etvon évac mivoxag and patches diactdoeswy 4 x 9. Eriong, to 2 X 2 ¢lhpo Yo
peTaoynuotiotel oe évay mivoxa 1 X 4 olugwva pe TNy teyxviny) im2col xon tehxd 1 Aertovpyla Tng
oLVENENC umopel va vhomomdel wg evag 1 x 4 x 9 MMul.

ITpotewoduevo oxrua Tiling

A¢ mdpoupe v mapdderypa 1o mewto eninedo Conv tou dxtbou. Epyaldpacte ue exdveg ue-
védoug 16 x 16, Sotnpwvtag wévo 1o xavdht Y e YCrCh avanopdotacyc toug, dnwe meplypdpetal
otny evotnta . ‘Etot, uia eixdva e106d0u yeyédoug 1 X 16 x 16 pe nuprva cuvéMEng b x 5, 64 xovahio
e€60ov, padding 2 x 2 xau stride 1 x 1 moapdyet évay nivaxa eio6dou yeyédoug 25 x 256 clugpuwva e )
uédodo Im2Col. Xtn cuvéyeia, o mivaxac twv Bapdv éxel péyedog 64 x 25. Extelolue zero-padding
%o Ylot Toug dVo mivaxeg o €youpe tov axdrouto 64 x 32 x 256 MMul:
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ExAua 14: Ipotewdpevo oyfuo Tiling yio o mpdto cuvehixtind eninedo.

‘Onwg pnopolue vo dolue oto oyfpa 14, ol mivaxeg ywplCovton oe tiles peyédoug 16 x 16 xon
16 x 64 vy ta Bdien xon v eicodo avtiotoiya. 3tn cuvéyela, avtiotorylovpe xdde tile Tou mivaxa
eZ6dou oe éva AIE tile. "Etot, v to mpddto otpidua ypewalouoaote 16 AIE tiles mou Yo extelolv and
évay 16 x 16 x 64 MMul.

It v vhonoinon Tou MMul yenowonolotye To class template aie::mmul tou nopéyetar and to
AIE API. Auté to template nopopetponoteitar avdhoya e to oy, M x K x N, tou MMul, toug
TOTOUC BEBOUEVV XA, TROMPETLXG, TNV amoutoVUevn axpifeia yia to accumulation. I to oyédLd pag,
xenotponototvtan floating-point apripol, emouévwg emiéyoupe oyfuo MMul and ta emitpendpeva (o
pe 4 x 2 x 4.

Enopévac, éyoupe 16 AIE tiles, xodéva and to onolo extelel éva 16 x 16 x 64 MMul o€ ymhox tov
4 x 2 x 4. Auto onuaiver 6L ypnowworotfioope éva oyfuo dimhob Tiling: Inter-Tiling e empepiopd
Tou unoroytlopol oe molhamhd AlIE tiles xou Intra-Tiling exteAddvtag blocked MMul yéoa oe xdde
AIE tile. "Etot, cuvohixd, to péyedoc tou MMul, to emheypévo oyfua tiling ot o oprduoe twv AIE
tiles mou amattoVvTaL o€ xdie oTpMU Topovatdlovian oTov oxdrovdo mivona:

ITivaxoag 1: Tyhua Tiling vy xdde Conv otpduo

Stpopa | Awaoctdosie MMul | Awaoctdoeig Tiling | ITA49og AIE Tiles
Convl 64 x 32 x 256 16 x 16 x 64 16
Conv2 32 x 576 x 256 8 X 576 x 8 128
Conv3 4 x 288 x 256 4 % 288 x 16 16

ITpoypappationods twv Al Engines
O mpoypoppationds wwv Al Engine anoutel 500 timoue apyeinv xddixa:

- Touc kernels (ny kernel.cc), Tou elvor oL x0piec UVOPTACELS LTONOYLOUOV IOV LAOTIOLOUY TNV
Aoy Tng epappoyrc. Ebvar ypopuévol otny Yhwooo npoypopuatiopod C++, emotpépouy void
xau yenowonooly e€edixeupéva intrinsic calls mou otoyedouv Tov dlavuopatind enelepyaoty
VLIW xou Aeitovpyolv oe pogg dedopévey. Ev mpoxeévw, €8¢y VAOTOOUUE TNV Aoyixr Tou
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MMul péow twv ouvaptioewy tou mapéyel o AIE API, yenowonouwdvtoe po window-based
emxovevia Yo Ty elcodo xa €080 Twv dedouévwy, dnhadn o tughvac BAEneL Bedouéva elo6B0U
xon mapdyet dedouéva e€600u o umhox ouyxexpiuévou peyédouc. Emmhéov, yenowonooue
10 C++ Kernel Class Support nou vrootneilel 1 mhatpdpua wote va avtiotolyioovpe xdde
kernel object pe 1o anapaitnto chvolo Bapdy xou mohdoewy. H 8HAwon twv xhdoewy xot Twy

kernel functions tonodeteiton oe éva Eeywplotéd header-file (my kernel.h).

- Tov adaptable data flow yedpo (ADF) o onoloc anoutel éva top-level application apyeio
(my graph.cpp) xou éva Eeywplo 16 header-file (ny graph.h). ‘Evac ADF ypdgoc anoteheiton ond
x6uBoug xou axpéc 6mou, ol xouPol eivon Tt kernel functions nou exteloly toug uTooYLOUOUC
X0l OL UXUES OVTITPOCWTEVOLY TIC GUVDECELS Bedopévey petald toug. To header-file npénel va
neptéyel Ty xegohida tne Pihodixne ADF (adf.h) xau tic Snhdoeic twv kernel functions (ker-
nel.h). Xpnowonowdvtag v xhdor adf::graph opilouye to ypdyo tne epappoyic, Snhdvouye
Toug xopPouc/Tuphves xou Tic elodBouc/eE68ouc Tou Ypdpou. Lto nupdy cloTnua dev UTdp)EL
emxowvwvio JeTag) TV XOUBwV OTOTE TEOXELTUL OUCLAC TG ol GUUPWVY UE Tov Thvoxa 1 yia

16 + 128 + 16 AIE tiles nou alknhemdpoiv e 1o PL péow twv mho Yupdv etcddou/eEddou:

bufz4 Output: DataOutll B ( data/ll_64plio_out/tiles. txt )
fil nfq}

amory Wl stream

intrmdtRes
mmull_top

i
buf28 Output: DataOutll 12 ( data/I1_64plie_outtilel2.txt)
n(a)]

pr— | Fem—
wgts
layerl[12] .»-—"{'f
buf3 dis S b
e 1

intrmdtRes
mmull_top

Input: DatalnL1_0 (data/l_64plio_tiles/|32x256_coltiled_Baplio.txt )
1 bufd Output: DataOutl1_D { data/ll_Baplio_out/tiled.txt )
nfa)l

intrmdtRes
[l

buf20 Output: DataOutLl_4 { data/I1 64plic_outitiled.txt )
i nia))

Mamory Ul Sream

intrmdtRes

IxAra 15: Iapdderypa AIE tupvev and to 1o otpiduo xou oL cuvdéoelc Toug tpog 10 PL

Y ouvéyela pudpilovue po TAndopo tapauétpwy dnwe ta opicuata twv kernel functions, tic
ocuvdéoelc pe Tic eloddouc/efbdouc ot to péyedoc Twv avtiotoywv napadipwy, 10 10606 T6
xenowonoinone evée AIE ané éva kernel function (runtime ratio) xou emnpdodeta yrnopolue
vo. tpoadiopioouvpe ™ Véon oto AIE array twv muprivev odid xou twv ddgopwy buffer xou
TPAUETEMY ToL Ypnouonotoly. Kadopilovtae tnv axpBr 9éon xdlde nuphva xou twv avticTolr-
xwv buffer 7 topouétpwy Tou, unopolue vo eréyEoupe xan va xododnyrooupe tov AIE mapper
yioo v Bpet pio @ty Aoom yia T oyedlaon. Autd elvar elanpetind yprowo yia T dnuiovp-
yio peYdhwy yeapnudtwy, 6Twe To dixd yoc, yiotl ywel autolc Toug Teplopiogols, o mapper
unopel va oamotUyet va Bpet Wi epixth Abor. Kdti mou medryuott woyel xou yio To mapdv design.
Téhog, o apyelo e top-level epopuoyic nepéyet éva instance tne xAdong tou ADF ypedgou

xou pio main. H main auty anotekel ouclaotixd tov driver tou ypdgou. Xenowonolelton yio
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TN POPTWOT), TNV TEOETOWAGIA, TNV EXTEAEDT), TNV OVOUOVY XUl TOV TEQUATIOUS TOU YRUPHUATOC

XENOWOTOLOVTIS CUYXEXPWEVES XAToELS uetddwY Tou opllovton and o API tou ypagruatog.

Ou nupriveg Touv PL

Datamovers

Ot Datamovers anotehobvton amd 8o nuprivec oto PL: tov mupriva mm2s xou Tov muprva s2mm.
O nupvae mm2s Aapfdver Tic ewdveg eioddou and T uvAun DDR péow tou NoC xou tig otéhvel
xatddinia ota AIE tiles tou mpdtou Conv emmédou yéow twv plio Yupdv eiloddou toug. O nuprjvog
s2mm Aopfdvel tic exdvec e€68ou and 1o eninedo PixelShuffle xou petodider to dedouéva otn uviAun
DDR péow tou NoC. H dienagpt] yia tic ouvdéoelc pe t puviun DDR eivan ploe memory-mapped AXI4
Biemapy) xau 1 dremapy) ueTol Ty nuprvev PL xou tewv AIE eivor pio Sienagpr AXI4-Stream, cuufBath
ue ) denagn tou AIE array.

Enirnedo Evepyonoinong

Auté 1o eninedo nepiéyel T Aettovpyia TG ouvdptnong evepyonoinong Tanh xou dAn v anato-
Opevn Aoyt avadLdtagng twv dedouévmy yia va uetafolue and to éva Conv eninedo oto dAlo. Ilio
CUYXEXPWEVA, OIS TEPLYPAQEL 1) EVOTNTA , €YOLUE €va oo Bimhov tiling yia to MMul. Eniong,
amnarteltan 1 ey v Im2Col dnwe enyrioope napandve. Qotdoo, Yo T 6KOTH XEHOT TG, Ol TUVUXES
dev mpénet va ebvou tiled. Emopévwe, éva eninedo evepyonoinong wetad dvo eminédwy Conv, vhonotel

70 pipeline nou anexoviletol 6T0 TUPUXATE UTAOX BLdypoUaL:

OQutput from i Input for

layer L-1 \ W N \ fayerL
] Untife 1 Unrife 2 »  Tanh » » Im2Col ) Tile 1 Tile 2 s

SxArer 16: Mnhox didypoupa emmédou evepyonolnong.

To X<tddiwo Tou Hardware Linking

H petayratton tov Al Engine ypdgpou xatahfyet oto libadf.a binary eved ou C/C++ nupfivee tou
PL petayiottilovtan oe Xilinx Object (XO) apyeio. Metd and autd, o linker tou Vitis éyel oelpd.
XeNowonoldvTag TNy eVIoh cUVBEONC V++ Ta TpoavapepUEvTa UETUYAWTTIOUEVA Buadixd apyeia
ouvdéovtal Ye TNV TAatpdpua yio T dnuioveyia Tou apyelov Thatpdppas (XSA), nou yenoiwonoteiton
vl To packaging tou cuvothuatog. ‘Otav to cbhotnua neptéyel xou AIE ypdpo, o linker tou Vitis
anawtel xdmolec odnylec oYeTIXd Ue Tov Teomo olvdeone twv PL mupivwyv otov AIE ypdgpo. T
auTtéV Tov AGYOo, Tapéyeton xat éva configuration apyelo pe tnv evétnta [connectivity]. Axdua, exel

opllovtan xau oL cuyvoTNTES oTIC omolec Vo Aettovpyrioouv ol tuphveg tou PL.

PS: H Host Egopuoy

To cUotnud pac yenowonotel To evonuatwuévo obotnua enclepyasiog (PS) we eZmtepind ehey-
XTH YO VoL EVOPYNOTEWOEL TIC xviioels dedouévey petald tou AIE ypdgou xou twv PL muphvev. H
PS host egappoyn etvou yeauuévn oe C/CH++, yenowonowdvtoe ¥ \oeic AP vy tov éheyyo g
apyxonoinone, extéieone xat teppatiopol tou AIE ypdpou xa twv PL nuphvev. Xta Aettovpyind
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ovothuate Linux, to ADF API ehéyyel tov AIE ypdgpo eved 1o Xilinx Runtime (XRT) API yenot-
pomoteiton vy tov édeyyo PL nuphvwyv. Qotdoo, n Xilinx nopéyel éva OpenSource XRT C/C++
API nou yropel eniong va yenotwonomdel yio tov éheyyo g extéleons tou AIE ypdgou xatd tov
npoypoppatioud tnclinux xou Yo to yenowwonoloouue xon eueic.

‘Etot, n host PS egappoy” (host_xrt.cpp) xdvel to e€ric:

- HepihoufBdver dho tor amapaitnto apyelor xepohidac yio ) por) ehéyyouv XRT C APL

- HepihaufBdver to apyelo graph.h ye v d\hworn e xhdong tou AIE ypdpou xou dnulovpyel to

avtlotolyo avtixeiyevo.
- Avolyel T cuoxev| xou PopTOVEL To duadixé apyeio XCLBIN.

- Exyweel buffers yio ta dedopéva e1o680u xon tot anoTeAéouota TNV XUGOAXY UWVAN XaL o Y(i-

xomoLel ol BEBOUEVAL ELGOBOL.

- Avolyet touc PL datamovers xou hopfdvel to avtiotorya kernel handles. ¥t cuvéyeia, amoxtd

xau o avtiototya run handles, opilel ta oployata v Tupvev xou toug Eexwvd.
- Avolyel to ypdpo, anoxtdet to graph handles, enavagépet xou extelel to yedpo.
- Hepével va ohoxAnpwiel 1 extéleon twv datamovers xot xAelvel to run xou kernel handles.

- Enolniedel ta anoteréopato e€660u xou aneAeudepdVeL TOUC XATAVEUNUEVOUC TTOPOUC.

Hardware-Agnostic Vitis AI YAonoinon

To yovtého ESPCN vhomoudnxe xou xdvovtag yenon tou Aoylouxd Vitis Al, to onolo propel va
HETAYAWTTIOEL AU TOUATA TOAAS BLAPORETIXA LOVTERN VELPWVIX®Y BIXTLWY Yo exTéleon otnv DPU tng
Xilinx. Kadwe n Baocwry CPU vionoinoy tou dixtbou avantiydnxe oto PyTorch, Yo axolouvdncouue
) PyTorch por| avédntuine mou mpoogéper to Vitis AL To epyaheio autéd Peioxetoar oe wa emdva

docker xou tot Bigartor Tou oxxohoudinxay ebvon Tor e€ng:

1. Exnaidevon: Ipdto PrAua, elvan n exnaideuon xou n aglohdynon tou yoviehou. Exnadebouue
Eavd to yovtého ESPCN pe tic (Bieg nopapétpoug dmwe 1 exnaldevor tou Google Colab mou
éywve yioo Ty vhornoinon HW xou neprypdgpetan nopandvew. To povtého e€68ou amodnxuedeton we

éva 'f model.pth’ apyelo. Autd da eivon to povtého uivnthc UTOBLUGTONC.

2. KBavToroinomn: O Xilinx DPUs extelolv yovtéha mou €)ouv TiC TOpUUETPOUS TOUC OF
axépounct Lop®t, emopéves, to enduevo Bruc Ya etvar n xBavtononon (quantization) tou exmou-
Bevuévou wovtélou xvntrg unodlaoToArs. Thy Sadioacio auth v avalopfdver o quantizer
tou Vitis Al o omolog howBdvel autd to povtéro we eloodo, extehel mpoenelepyooio xou ot
ouvéyeto xPBovtilet to Bdpn, TIC TOADGELS XoU TIG EVERYOTOLACELS 6TO Bedouévo mhdtog bit. Auto

70 epyaieio mepthauPBdvetar oto Thtnov naxéto vai_g-pytorch.

3. MetayAdttion: H Xilinx Intermediate Representation (XIR) efvon piar evdidueon avomo-
pdotaor Bactouévn oe ypdpouc Al olyoplduwy, 1 omola €yel oyedlootel yloo UeTayAOTTION
xaon anoteeopate avdntuén oty DPU. O yetayhwttiotic Vitis Al, mou Baciletan oty XIR
(vai_cxir), naipvel To xBoavTiogévo poviého we eicodo xou agol To yetatpédel oe XIR pope,
epopuolel dldgpopeg BeltioTonooelc. Ut cuvéyela, ywpllel 0 Ypd@o oe ToAolg uToYEdPoUS
ue Bdon 1o edv n Aettoupyia umopel va exterestel ot DPU 7 6y, I toug umoypdgoug DPU,
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0 UETAYAWTTIOTAC BNloupYel 1 por) eVIOA®Y xat tpocaptdtol oe authv. Télog, o BeAtiotomol-
NUEVoS Ypdypoe Ue Tic anapaitntes TAnpogopiec xou odnyiec yio to Vitis AT Runtime (VART)
CUYXEVTPWVETAL OE €Vl YetaryAwTTiopévo apyeio XMODEL.

4. Extéreon:Ia va tpé€oupe v eqopuoyn otny target mhoxéto, VCK190, mpéner var avti-
veddoupe exel tig emdveg elod6dou, o XMODEL xar tov %8 tne egopuoyic. O x@duoc
e egappoync elvan yeaupévog oe Python xan viomotel Ti¢ axdroudec Aettoupyieg:

- Avolyer to XMODEL, 7o xdvel deserialize oe éva XIR graph object xou hoyfBdver pio
Mot ye ta uToYpaPRHUATL.

- Anuovpyel ta avtixelyevo DPURunner mou ehéyyouv tnv eXTéAeon TwV UTOYRAPWY TOU
Yo exteheotolv otn DPU.

- Hpoenegepydleton TiC edVES EL0OBOV, SNAADY) UETATEETEL TIC EXOVEC TNV AVATUEICTIOT)
YCbCr xou dotneel udévo 10 xovéil Y.

- Aopfdver Toug TavuoTég el06dou xon €680V and ta avtixelyevoe DPURunner xa apyixo-
Totel xatdAAnha to péyedoc Tou batch nou urnootneiletar and v exdotote DPU xat toug
buffer e€680u.

- Apywonotel ye undevixd toug buffer elo6dou xou extelel Toug utoypdpous. Xnuewhvouvue
€8 6Tl 1 Aettovpyio Tanh viomolelton cav wa cuvdptnon ywpelotd ctov Python xdouwa
NS eQapuoYhc Yo va exteheatel oty CPU.

- Enegepydletar ex twv votépwy v é€0do xou unohoyilet to emteuydév PSNR.

A&woAoynon twv Ilpotewdbuevwy Yvotnudtwy

ITowdtntar Avaxatacoxevocwévne Euxdvocg

To povtého ESPCN aglohoyhinxe yenotponowwvroc ) petpnr) tou PSNR.T'o tnv epyasia tou
Super Resolution (SR), to PSNR opiletan w¢ e&hc:

L2

PSNR =10"1o -
S S0 1)

)

6mou I eivon 1 ground truth ewéva ye N pixels, I n avoxataoxevaopévn exdvo xon L 1 péylot
Y pixel. To cOvoho dedopévwy afloldynone Ntay o ohvoho dedopévwy Setd, anoteloluevo and 5
exévee (<baby>, <birds, <butterfly>, <head>, «<womans) nou ypnowponooivia cuvitwe Yo T
Sox e anddoone wovtélwy SR. O nopaxdte mivaxae cuvoliler ta anoteréopata PSNR oe dB
v g TeElC dtadéoiueg VAOTOOELS:

ITivaxag 2: Anoteréopata PSNR

Euwévoa Yroroinor oe YAomoinor oe Hardware-Specific
CPU (dB) Vitis Al (dB) YAromoinon (dB)
baby 24.58 17.11 24.56
bird 27.62 15.49 27.55
butterfly 22.78 12.42 22.77
head 30.74 14.37 30.61
woman 26.14 15.94 26.10
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‘Onwe unopolyue va Sovye, 1 hw-specific epoapupoyr emtuyydver e€onpetind anoteAéopato, TOAD
xovté oto baseline tng CPU, pe yéyiotn andxhon nepinov 0,4%. Auth n andxhorn ogelheton TNy
vlomoinon tne Aettoupylag evepyomnoinone Tanh Bdoet LUT. H egappoyyr) Vitis Al and tnv dhin
Thevpd, €yel uepBohxd xaxr anédoor. Av xou mepipévaue xdmoteg amdieiec oto PSNR Adyw tou
»Bavtiopol, n andxhion 8w eivon tepdotio. H Xilinx moapéyet wa dRiwon aronoinong evduvedy tou
oniodver 6Tl «Ia oplopéva dixtua 6Twe to Mobilenet, 1 andieio axp{Beloc unopel vo elvon UeydAny.
Qot600, cuvioTdvta xdnoto fine-tuning akybprdpol i exnaidevon pe enlyvwon xBovtiopol (Quan-

tization Aware Training) yio 0 Bektiwon e axpifBelog v XBoavToUEVmY HOVTENY.

Xeovol Extéleong

INo va cuyxelvoupe Ty anddoon TwV VAOTOLACEWY TOU TOEOUCLAGTNXAY OE aUTH TN dlatel3r) wg
TpOg TNV Ta LTI, haBdvouue unddn tov yedvo tou Al inference. I'io p CPU baseline, extelolye
10 oevdplo aflohdynone otov dual-core enelepyaost Arm Cortex-A72 nmou undpyel oto PS turua
e mhoétog VKC190. Apywnd Vo Eexavrioouue pe v uétenon tou inference time yio plo exdva

&te va Tpoodlopiooupe Ty xaductépnon (latency) twv custrnudTov:

ITivaxag 3: Anoteléopota Kaduotépnong

YAoroinorn | Kaduoctépnon (ms) | Frames per Second (FPS)
CPU 55 181,82
Vitis AI 16,5 60,61
HW-Specific 3,7 270,27

Xtn ouvéyelo EXTENOVUE TIC EQPAUPUOYES Yol TEPLIOOOTERES Ao Wlal ELXOVES WOTE VoL UETEOOUYE TN

pudpanddoon (throughput) tewv cuoTUETEOV Xou TOlPVOUUE TO TaPaXdTw ddyposuo:

Throughput (FPS)

® ARM @ Custom Vitis-Al
600
400
200 r!_______,___{_.-
0
1 5 10 50 100

No. of Images

IxAra 17: Pudpanddoon twv Hpotewvdpeveny Thonowioewy

To mpdhto Tpdyuo mou napatneolue 8w, elvar 6Tl 1 egapuoyy) Tou Vitis Al €yel onuavtixd youn-
Aotepn anddoaon o cbyxplor t6c0 pe T CPU baseline 600 xau ye ty HW-specific vhonoinorn 6cov
apopd 0 Aateveth Tou cUoTHRNTOS. AuTH elval plar ovale VOE VT GUUTEPLPOEE AOYw NS acLUPBUTOTN-
ta¢ Tanh pe ) DPU. Ilo ouyxexpiuéva, yia v vhomoinom tou dixtdou 1 Aettovpyia Tanh avatédnxe
oty CPU. 'Etat, 10 ynpoc-niow petadd tne DPU xou tng CPU npocéldece emniéov xbéct0C 0TNV
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anédoor tou cucthuatos. 26T600, xhipaxwvel xohltepa and Tt CPU baseline, ywelc guoixd vo
unepBaivel v HW-specific viomoinon.

Avtideta, n HW-specific vhonoinorn arnodidel mohd xohd téc0 and drodr xaductépnone 660 xou
and dnodm anddoong. Kepdilouye pia emtdyuvon nepinou 1,5x oe oUyxplon pe t CPU baseline xou
4,5x oe olyxplorn pe to Vitis Al 6tav wihdye yio xaduotépnon. Emniéov, 6nwe delyvel to oyfua 17,
7N vhonoinot auth Eenepvd o anddoor téco t CPU dco xou to Vitis Al gtdvovtoc ta 518 FPS.

Katavérwon Ioybog

H anédoon woybog elvan enlong war onuovtiey ntuyn, edwd yia edge epopuoyéc. H Xilinx xu-
xhogpobpnoe évo power tool mou €xel oyedlaotel yior va avadeiel Tig duvatdtTeg Loyvog twv Versal
ACAP cuoxeudv. Ovopdletar Power Advantage Tool (PAT) xou amotehelton amd:

1. Tnv Python Bihiodxn poweradvantage.py nou napéyel éva popntd choTnua pétenong oy o

2. 'Eva Python Jupyter Notebook ye évouo power_advantage_tool., mou mapéyel emextdoido mo-
podelyparta yerone e BPBModixne poweradvantage.py.

To PAT eivan npoeyxatectnuévo we Uépog tou epyarelou Board Evaluation and Management
(BEAM). To BEAM onotehel pia Swoduxetvoms egapuoyfy GUI ocuvbedepévn pe tov wef-oepep tou
eheyxth ocuosthpatoc (System Controller) nmou emtpénel otoug yphotec va nopoxohoudoldy xal vo
EAEYYOLY TNV TAUXETA AUBAVOVTUS UETENOELS 1 TPOTOTOUVTOG TUPAUUETEOUS OTWS pOAOYLX, TATELS 1
Loy 0.

It var ehéyEoupe TNV xATAVEAWOT) EVERYELNS TNG EPApUOYNC Wog Yenotponolotpe to PAT péow tou
xwdo Tou Jupyter Notebook. Mmopolue va xdvoupe petprioelc and dapopeTixole topelc oybog
xan ynoideg oy bog tng mhat@opuoc. EmAéyouue va UETPHOOLUE TN CUVOAMXT XUTAVAAWGT] EVEQYELIC
YL VO XAVOUUE ol GUVOALXY) o€LOAOYNGT XoU TNV XUTAVIAWGT] EVERYELNG Tou Topéa oyVog PL, mou
nephauBaver Ty mpoypoppatilouevn hoywxy, ta PL GT, tn coherent povéda PCle (CPM4) xou o
Al Engines. Tpomonolope tnyv egapuoyy) kdote va exteheitan yio 500 euxéveg Tpoxelpévou vor €youue
emopxt) ypévo extéheons oto AIE v ) pétpnon e woyvoc. Tpononowolue eniong tov dedoyévo
xwdixa Tou Notebook yia va av€ooupe ) cuyvotnta tng derypatoindiog xou vo oyedidcoupe o

yedpnuo TG YeTeoVUEVNS Loy og:

33



20 4

Power Domains
— Total
PL

| A |
UWW'U‘W 'W‘J Wmf'mwvﬂ' V 'NMIMWM\/’U"‘\ ! A ‘“’“’“% i V’M'w““d Mﬂr\r\rwmﬁﬁw
- - () HW—sp;ec.iﬁc Thornoinon - |

— Total
- PL

24

2

[

W“MFIMH W IﬁJ WWM M\’\Mmﬂwﬂ o “.'lb m.w\)v‘vbmm’wwww#w 'W

06:32:05 06:32:10 06:32:15 06:32:20

(B") Vitis AI Thonoinon

SxAuo 18: Metproec Ioyvoc.

Yto dudypappo 180 unopolue va Solue 4 atyUég TOU avTIGTOLY 0V OTIC 4 EXTENETCELS TNE EQUPUOYTC
pog yioo T HW-Specific uhomnoinor. Avtictowya, ol 4 exteréoeic tng epopuoyic yio v Vitis Al
vhomoinom avtioTol oV oTig 4 XaunUAEC Tou TapaTNEOLVTAL GTO BLdypauua 5.303.

ITpddtor am “6ha, umopolue vo mopatnerioouvde OTL Bev UTdEYOLY TeyVixéC dlayelplong evépyelag
(6mwe to clock-gating) and mpoemhoyh oty mhaxéta. Kou otic 800 nepintidoeic dev éyoupe axpaies
amoxhicelc and TRV oyl e xatdotaone adpdvetas, eldxd otov touéo Al Engines (PL domain).
A&oonueiwto elvan enlong to yeyovog dtL otav undpyet xdpta DPU SD oty mhoxéto 1 cuvolixn
oy e auEdveTal EAXPEOS.
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Chapter 1

Introduction

1.1 State of the Industry

Challenges in the Semiconductor Industry

The rapid scaling of a technology node alone, despite its benefits, often introduces great chal-

lenges for the others. Speaking of computer science, this can be witnessed by the great challenges

that AI - and especially Deep Learning - revolution has imposed to the semiconductor industry. The

algorithmic innovation and the explosion of data drive an exponential increase in computational

needs, as the following figure shows.

Figure 1.1:
[10]

Petaflop/s-days
le+h
AlphaGoZero

le+2 Neural Machine
Translation

TI7 Dota 1vl
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layer-wise pretraining

DON
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le-10
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The total amount of compute, in petaflop/s-days used to train selected network architectures.

AT training compute demands double every 3.5 months, whereas Moore’s Law doubled “only”

every 18 months [13].

This demand is further inflamed by the end of the Renaissance period in hardware optimization

35



that Dennard’s scaling and the laws of Moore and Amdahl permitted, forcing the semiconductor
industry to seek solutions beyond the stereotypical “one size fits all” CPU, by exploring domain-
specific architectures including DSPs, GPUs and FPGAs:

100000
10000
1000

100

Performance vs. VAX11-780

cisc
10 %1 3.5 yrs
(22%/yr)

1980 1985 1990 1995 2000 2005 2010 2015

Figure 1.2: 40 Years of Processor Performance vs. Time[11]

Very large vector processing cores (DSPs, GPUs) employ a theoretically tremendous computing
power, but their realistic performance is often limited by the huge performance gap between the
processors and the memory system. Traditional FPGA solutions on the other hand, provide a pro-
grammable memory hierarchy [21] and customization to improve latency, but the requirement for
expertise remains, putting a barrier to their high-volume adoption in various application domains
and markets.

In this direction, Xilinx is introducing a revolutionary, new, heterogeneous compute architec-
ture, the Adaptive Compute Acceleration Platform (ACAP) that solves the economic, technolog-
ical, and ease of use challenges mentioned above. Versal is the first generation of ACAP devices
that employs numerous standout features, such as the newly introduced AI Engines, to provide
leading edge performance. Also, a portfolio of software-abstracted toolchains were also launched
to enable the quick development of optimized applications by eliminating the hardware expertise
required by the traditional hardware development flow.

1.2 Thesis Motivation and Contribution

Machine learning (ML) and artificial intelligence (AI) govern the majority of today’s real-
world edge applications. However, these applications suffer from latency limitations imposed by
the use of common CPU or GPU solutions. Programmable logic (e.g., FPGAs) provides efficient
customization in order to support latency-critical real-time edge applications but the traditional
hardware development flow prevents them from being a widely adopted solution as mentioned
above. The Versal ACAP portfolio launched by Xilinx, promise a breakthrough ML acceleration
and, alongside with its new design tools, the lowest barrier in hardware expertise. Therefore, the
primary motivation of this thesis was to explore the Versal innovative architecture and also give
an insight about the degree in which the aforementioned promises were kept.

More specifically, a custom, hardware-aware implementation is going to be compared with
software implementations that either target traditional ARM CPUs or leverage the capabilities
of the Vitis Al development platform. Vitis Al is an automated end-to-end toolflow promoted
by Xilinx for AI inference tasks. As the use case application, we consider the deep learning

image super-resolution (SR) task. SR is the process of increasing the resolution of an image,
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with numerous real-world applications. The ESPCN (Real-Time Single Image and Video Super-
Resolution Using an Efficient Sub-Pixel Convolutional Neural Network) model was chosen as the
network to be implemented, due to its efficiency and performance. The target device will be the
VCK190 evaluation kit from the Versal AI Core series.

The contribution of this thesis extends in two axes. The first one regards the implementation
of an SR model on the VCK190 board with two different approaches: a custom, hardware-specific
implementation and one that uses the Vitis Al stack. The custom implementation, gives significant
latency and power gains compared both to the Vitis Al and the CPU implementations, without
losses on accuracy. On the other hand, the Vitis Al implementation suffers from accuracy losses
and performance limitations as not all model’s operations are yet supported by the tool. The
second axis of contribution lays in the direction of the insights given for these newly introduced
architectures and tools. The aforementioned implementations provide a detailed walk-through of
the programming process for both cutting-edge heterogeneous hardware and high-level software-
specific designs. Along with their performance comparison we can evaluate the ease-of-use versus

optimization trade-off that Xilinx aspires to eliminate.

1.3 Theoretical Background

1.3.1 Machine Learning

Machine Learning (ML) is a discipline of Artificial Intelligence (AI) and a prominent part
of Computer Science (CS), aiming to provide machines with the ability to learn, imitating the
human learning process. More specifically, ML systems employ algorithms that try to derive
past experiential knowledge from large volumes of data in order to be able to predict future
outcomes autonomously, without explicit programming. Based on the methods of implementing
the learning/training process of a ML algorithm, ML is broadly categorized into three main types:

- Supervised Learning: In Supervised Learning labeled datasets are used for training, where
the desired output for a specific input is provided. Thus, the ML system learns the mapping
pattern of the input - output pairs of data and adjusts its parameters to make accurate

predictions of unseen, future inputs.

- Unsupervised Learning: On the other hand, Unsupervised Learning forces the ML system
to predict the output without any supervision, using an unlabeled dataset. This type of
learning is ideal for exploration, that is, clustering of data by identifying hidden patterns,

similarities or differences.

- Reinforcement learning: Reinforcement ML models use a feedback-based learning method.
The knowledge is obtained by interacting with the environment. The subject takes actions
and gets rewards for the "good” ones and penalties for the ”bad” ones. The goal is to
maximize its performance. This "reward” does not imply a desired output, but it is only
an estimation of how good an action was, so it should not be confused with the supervised

learning paradigm.

1.3.2 Artificial Neural Networks

Artificial Neural Networks (ANNSs) are computing systems inspired by the human brain and the

most popular subset of ML. They act as a parallel and distributed processing system consisting of
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multiple, connected, simple computing nodes that have the ability to acquire empirical knowledge
from their environment and store it for future use [14]. These computing nodes are named artificial
neurons, or simply neurons, and can be perceived as the neurons of the human brain. Mimicking
the functionality of the biological brain the knowledge is acquired through a learning process and

it is stored at the connections between the neurons - the equivalent of the human synapses.
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Figure 1.3: A biological neuron in comparison to an artificial neural network: (a) human neuron; (b)

artificial neuron; (c) biological synapse; and (d) ANN synapses [1].

Neuron Model

The model of an artificial neuron is the basis of any ANN and resembles the biological one. Its
major parts are the synaptic weights, the adder and the activation function. The synaptic weights
represent the strength of a connection that reenacts the biological synapses. The input signals of
a neuron are multiplied by its synaptic weights and the resulted products are added at its body,
the adder, as shown in figure 1.3 (b). Then, the activation function is responsible for bounding
the sum. Frequently an external bias is added to the output of the adder in order to increase or
decrease the stimulus of the activation function.

Multiple neurons are aggregated into layers to form an ANN topology. Typically, there is an
input layer, an output layer and one or more hidden layers. Each node of one layer is connected to
a node of another layer, transmitting information between them and throughout the network. A
neuron receives a signal, processes it as described above and then signals, or not, neurons connected
to it do the same.

Train & Inference

The learning process, or commonly training, of an ANN can be Supervised, Unsupervised or
Reinforced in an analogy with the corresponding techniques analyzed in ML Section 1.3.1. In this
thesis, the Supervised learning process is employed, so we will hereinafter focus there.

The supervised learning process, employs training on example data to increase the ANN’s
prediction accuracy over time. The example data have the form of known input-output pairs.
First step of training is the so called forward-step where based on the weighted sum computing
process analyzed before, the prediction takes place. Then, the predicted output is compared to

the target output and the prediction error is defined via a loss function. This error is propagated
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throughout the network using a back-propagation algorithm and causes the adjustment of the
network’s synaptic weights. After a finite number of iterations the prediction becomes highly
accurate and the training process stops. The knowledge stored into the network is in fact the
adjusted synaptic weights and the feed-forward step for making predictions after training is called
inference.

Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNN) are a type of ANNs inspired from the animal visual
cortex and mainly used for classification and computer vision tasks. CNNs follow the exact same
training and inference process described above for the regular ANNs. The difference lays in the
fact that the CNNs are aware that an image will be their input which permits certain properties
to be encoded into their architecture. These properties then, not only make the implementation
of the forward-step more efficient but also lead to extreme reduction of the number of trainable
parameters in the network, that is the synaptic weights and biases. [15]

A CNN architecture consists of three main types of layers: Convolutional (Conv) layers, Pooling
(Pool) layers and Fully-connected (FC) layers. As a convention the input image itself is called the
input layer of a CNN. The other three layers can be stacked interchangeably to formulate different
CNN architectures. Let’s briefly analyze the CNN layers:

- Input Layer: Holds the raw pixel values of the input image. The layer’s dimensions match
the dimensions of the input image.

- Conv Layer: The core building block of a CNN. In its computation involves three major
concepts: an input layer as explained before, a filter, also known as kernel and a feature
map. The filter is basically the convolution window, a 2-D kernel of weights that maps to
a local region of the image according to its dimensions, the so called receptive field. This
kernel slides across the input volume from left to right and from top to bottom computing
the corresponding dot products. This process, known as a convolution, is used in CNNs for
feature extraction and its output is called a feature map. The number and the dimensions
of the output feature maps are depended on the size and the number of the convolutional
kernels, the stride of the convolution and the possible padding. Finally, each Conv layer
applies an elementwise activation function such as ReLU, Sigmoid or Tanh that may be
considered as another layer type, the activation layer.

- Pool Layer: A form of non-linear down-sampling. Similar to the convolutional kernel
discussed above, the pooling layer slides a kernel across the input volume that does not
have weights and applies only an aggregation function to the receptive field. The pooling
layer contributes to progressively reduce the spatial size of the representation, to reduce the
number of trainable parameters, improve efficiency, and thus to limit the risk of over-fitting.
There are several non-linear functions to implement pooling, where max pooling is the most

comimon.

- FC Layer: In Conv layers described above, neurons are connected only to a part of the
input volume, the receptive field. In contrast, each neuron in a FC layer connects directly
to a node of the previous level, just like the regular ANNs. This layer performs the final
classification based on the features extracted in previous layers. FC layers usually leverage a
softmax activation function to produce a probability from 0 to 1 to match the classification
needs.
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An example CNN architecture with all the aforementioned major building blocks is illustrated

in the following image:
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Figure 1.4: CNN Architecture[2].

1.3.3 Image Super-Resolution

Tmage Super-Resolution (SR) refers to the process of reconstructing high-resolution (HR) im-
ages from given low-resolution (LR) ones and it is a task of great importance in the domains of
computer vision and image processing. Apart from the academic and research interest it also has
numerous real-world applications such as satellite imaging, medical imaging, surveillance and se-
curity. However, SR is a rather challenging and ill-posed problem, since there are always multiple
HR images corresponding to a single LR image. [22]

In literature, there is plethora of classical SR techniques like the prediction-based or the statis-
tical ones. However, with the outburst of ML, a significant and promising research in deep learning
approaches for tackling the challenging SR task has arise, often bringing off state-of-the-art per-
formance. A variety of deep learning architectures have been proposed including Convolutional
Neural Networks (CNNs) as well as the present-day Generative Adversarial Nets (GANSs).

There is a wide gamut of deep learning SR algorithms as there are major aspects of their
architecture that have many different available approaches. To begin with, the majority of SR
models focus on supervised methods, i.e., training with both HR and the corresponding LR images
that are produced via a predefined degradation on the HR ones. However, the real-world scenarios
forced the development of unsupervised SR models too, which only use unpaired LR-HR images for
training. In addition, there are different SR frameworks that define where the upsampling should
take place in a model and, of course, different upsampling methods either interpolation-based or
learning-based ones. Researchers, on top of the SR frameworks, apply different model architectures
like residual, recursive or attention learning. Finally, the learning strategies of these models, beside
the traditional L2 loss, usually employ pixel-wise, content and adversarial loss functions.

To examine and evaluate the performance of SR models, several image quality assessment
methods are used. The most commonly used is the Peak Signal-to-Noise Ratio (PSNR), the most
popular reconstruction quality metric of lossy transformations. For the image SR task, PSNR is
defined as follows:

1.2
¥ i ()~ 1)

where I is the ground truth image with N pixels, I the reconstruction and L the maximum pixel

)

value. The denominator of the above fraction is the pixel-level mean squared error (MSE) and

takes into account only the pixel differences, that is not exactly accurate with the visual perception
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and often leads to poor performance. However, due to the necessity to compare with literature
works and the lack of completely accurate perceptual metrics, PSNR is still currently the most
widely used evaluation criteria for SR models [22].

1.3.3.1 ESPCN: Real-Time Single Image and Video Super-Resolution Using an Ef-
ficient Sub-Pixel Convolutional Neural Network

Overview

The selected SR model for this thesis is the Efficient Sub-Pixel Convolutional Neural Network
(ESPCN) [3]. Shi et al. proposed ESPCN to address the limitations of the previous CNN based
approaches. Those used the pre-upsampling SR framework, where the LR image is firstly upsam-
pled to a coarse HR image and then deep CNNs are applied to refine the details. The fact that
the CNN computations were performed in the higher dimensional space increased the complexity
and memory cost of these implementations. Furthermore, the upsampling were based on simple
interpolation methods, such as the bicubic one.

In order to address these limitations, ESPCN was proposed introducing an efficient sub-pixel
convolutional layer to the CNN architecture. ESPCN uses the post-upsampling SR, framework in
which the upscaling is done at the end of the network. That means that no interpolation is needed
for the input and thus the network is capable of learning a better mapping between the LR-HR
image pairs. Also, the reduced input volume requires smaller filter sizes, reduces the complexity
of the computations and therefore the network becomes lighter. This enhanced efficiency makes
ESPCN an ideal choice for super-resolution tasks even in real-time HD videos.

Design & Architecture

The ESPCN model expects an LR image and an upscale factor as inputs. The LR image is
produced by downsampling the HR images of the dataset according to the specified upscale factor.
In fact, the actual input of the network is considered to be only the luminance channel in the
YCbCr colour space. The output will be the reconstructed super-resolved (SR) image.

The architecture of ESPCN is illustrated in Figure 1.5. For a network composed of L layers,
the first L — 1 are classical Conv layers for feature extraction and the last one is responsible for
the mapping to the high dimensional space, according to the upscale factor r. This final layer is
the efficient sub-pixel convolutional layer.

Low-resolution image (input) n, feature maps n., feature maps

fixf,

Hidden layers Sub-pixel convolution layer

Figure 1.5: ESPCN model architecture[3].

The most common ESPCN design sets L = 3 and in detail the layers of the network have the
following shapes and parameters:

1. Input layer: Suppose we have an input layer with an image of shape [B,C, N, N].
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2. First Conv Layer: 64 filters with kernel size of 5 x 5, stride of 1 x 1 and padding 2 x 2,

followed by a tanh activation layer.

3. Second Conv Layer: 32 filters with kernel size of 3 x 3, stride of 1 x 1 and padding 1 x 1,
followed by a tanh activation layer.

4. Third Conv Layer: C x r x r filters, where r is the upscale factor, with kernel size of 3 x 3,
stride of 1 x 1 and padding 1 x 1.

5. PixelShuffle Layer: The sub-pixel shuffle function that gives to the output SR image the
desired dimensions, that is, [B,C,r x N,r x NJ.

Sub-pixel Convolution

In the camera imaging system, due to the limitations of the light sensor, images are technically
limited to the original pixel resolution. Therefore, real-world objects in an image are spatially
quantized at this fixed resolution. However, in the microscopic world there are tiny pixels between
two adjacent physical pixels. Those tiny pixels are called sub-pixels and are illustrated in Figure
1.6. Each pixel of the imaging system is in fact each square area defined by four red squares, where
the black dots are the sub-pixels. The accuracy of sub-pixels can be adjusted depending on the
interpolation between the adjacent pixels. In this way, the mapping from small square areas to big

square areas can be implemented through sub-pixel interpolation. [4]
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Figure 1.6: Sup-pixels’ illustration [4].

Sub-pixel convolution, also known as pixel shuffle, is one of the most notable concepts introduced
by Shi et al. It involves a general convolution operation followed by a rearrangement of pixels using
the sub-pixel theory. The output channel of the last layer has to be C x r x r so that the total
number of pixels is consistent with the HR image to be obtained. Then the pixel shuffle function
combines each pixel on multiple-channel feature maps into one r X r square area in the output
image. Thus, each pixel on feature maps is equivalent to the sub-pixel on the generated output

image:

Sub-pixel convolution layer

Figure 1.7: Pixel shuffle operation [4].

42



In the ESPCN network, the interpolation method is implicitly contained in the convolutional
layers and it can be learned automatically by the network. This, comes to replace traditional de-
convolution operations used for obtaining the HR images, like the bicubic interpolation, improving
the network’s speed and performance.

1.3.4 High-Level Synthesis

FPGA programming, traditionally, required a design in a hardware description language (HDL)
to define its behavior. The most common HDLs are VHDL and Verilog. However writing an HDL
code for a hardware design is a rather laborious and error-prone process that requires hardware
expertise. More specifically, most designs are described at a register transfer level (RTL), where
you have to describe combinational logic, basic arithmetic operations and registers, all driven by
clock signals. Also, many designing decisions have to be made before code writing, making future
changes difficult and costly.

High-level synthesis (HLS) is an automated design process that provides optimized hardware
synthesis from high-level programming language specifications such as C/C++ and System C. HLS
tries to lower the barriers of HDLs by abstracting away many implementation details. The designer
typically develops the algorithmic functionality and the interconnection protocol. The high-level
synthesis tools handle the micro-architecture and transform untimed or partially timed functional
code into fully timed RTL implementations. The HLS abstraction capabilities allow faster design
cycles for FPGAs and let designers to exploit hardware advantages without building up hardware

expertise.
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Chapter 2

Xilinx Versal ACAPs

2.1 Overview

The Versal portfolio includes six series of devices built on the TSMC 7nm FinFET process tech-
nology and uniquely designed to deliver leading-edge heterogeneous acceleration for a wide range
of applications from edge to cloud. These adaptive compute acceleration platforms (ACAPs) com-
bine Scalar Engines, Adaptable Engines and Intelligent Engines with a seamless network on chip
(NoC) enabled communication capability. Also, a wealth of tools, libraries, IPs and frameworks
were launched along with these devices to support the software programmability and low time-to-

market requirements.

In this thesis, we will work with the Versal AI Core series and specifically, the VCK190 Evalua-
tion Kit. This series provides the portfolio’s highest Al inference and signal processing throughput
for cloud, network, and edge applications [16]. The VCK190 system on chip (SoC) contains a host
of resources. In the following sections, its major resource blocks will be thoroughly described.

2.2 Design and Architecture

2.2.1 AI Engine (AIE)

2.2.1.1 Overview

To start analyzing this sophisticated architecture let’s see a high-level block diagram of a Versal
ACAP with an AT Engine (AIE) array in it along with the other two major domains, the processor
system (PS) and the programmable logic (PL):
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Figure 2.1: Versal Device Top-Level Block Diagram [5].
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As we can see, the AIE architecture involves three hierarchical levels. The first level in this
hierarchy is the AI Engine Array. It is basically a 2D array of AI Engine Tiles, that is, the
second level. These tiles integrate memory and interconnects, along with the fundamental block of
the AI Engine architecture and the last level of the hierarchy, the so called AT Engine, a highly-
optimized processor featuring single-instruction multiple-data (SIMD) and very-long instruction
word (VLIW) processor. The AIE array employs numerous interfaces that make the ATl Engines

capable of communicating with the rest of the Versal SoC.

AT Engine Architecture

Let’s now dive into each one of the aforementioned building blocks, starting with the funda-
mental one, the Al Engine. As previously said, we are talking about an innovative VLIW and
SIMD processing core that supports both fixed-point and floating-point precision. In the diagram

below we can see all AIE features:

Memory Interface
| Scalar ALU | Fixed-Point Vector Unit |

Non-linear
Functions | Floating-Point Vector Unit |

Scalar Unit Vector Unit

===
& Decode Unit
Load Unit A Load Unit B Store Unit

Figure 2.2: Al Engine [6].
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- Register Files: AIE supports scalar registers, special registers, 128 - 1024-bit wide vector
registers to allow SIMD instructions and 384/786-bit accumulator registers to store the results

of the vector data path.

- Instruction Fetch & Decode: Up to seven operations can be issued in parallel using one
VLIW word with support for concurrent issuing of operation to all functional units. The

program memory size is 16 KB.

- Load & Store Unit: There are three Data Memory Ports, two for load and one for store
operations that can operate concurrently. The respective address generator units (AGU)
support Fast Fourier Transform (FFT) address generation for multiple addressing modes
(fixed, indirect, post-incremental, or cyclic). Data is loaded or stored in data memory that

we will talk about later.

- Scalar Unit: A 32-bit RISC processor with general purpose pointer and configuration
register files. It supports non-linear functions and data type conversion between scalar fixed
point and scalar floating point numbers. It also incorporates a scalar ALU with a 32x32-bit

scalar multiplier.

- Vector Fixed-Point Unit: Contains three separate and largely independent data paths,
the Multiply Accumulator (MAC) Path, the Upshift Path and the Shift-round Saturate (SRS)
Path. Supports concurrent operations on multiple vector lanes and has a full permute unit
with 32-bit granularity. Can perform up to 128 MACs/cycle for 8-bit real operands and 8
MACs/cycle for 16-bit complex operands.

- Vector Floating-Point Unit: Same permute and concurrency as the fixed-point vector

unit. 8 single-precision MACs/cycle.

Al Engine Tile Architecture

The AI Engine tile is the mid level in the AIE architecture hierarchy and consists of the following

modules: Tile interconnect, Al Engine, Al Engine memory module:
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Figure 2.3: Al Engine Tile

- Tile interconnect module: Supports AXI4-Stream and memory mapped AXI4 input/out-

put traffic. AXI4-Stream enables data movement between non-neighbouring AIE tiles or
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between the AIE and the PL or the NoC. The memory-mapped AXI4 interconnect can be
driven from outside of the AIE array by any AXI4 master that can connect to the NoC.

- ATE memory module: Has 32 KB of data memory, a memory interface, DMA, locks
and control, debug and trace units. When the communication takes place inside an AIE
tile or between direct neighboring AIE tiles the shared memory module is used with ping-
pong buffer support and all the appropriate locking for synchronization. However, for non-
neighbouring AIE tiles a similar, but with increased latency and resources, communication

can be established through the DMA in each memory module.

- The AI Engine: As described in the previous section.

AT Engine Array Interface Architecture

As shown in figure 2.1, the AIE tiles are organized into a 2-dimensional array, the AIE array.
The number of tiles and consequently the number of rows and columns are device specific. For the
VCK190 board the maximum of 400 AI Engines is available organized in a 8x50 2D array. Also,
as we can see in the block diagram 2.1, the last row of the AIE array hosts the interface tiles that
provide the necessary functionality for the AIE array to interface with the rest of the device. There

are three types of AIE interface tiles:

- AI Engine configuration interface tile: There is exactly one per AIE array. Contains
a PLL for AI Engine clock generation and other global control functions such as interrupt

controllers, global reset control, and DFx logic.

- AI Engine - PL interface tile: Contains a PL module that hosts a Memory-mapped AXI4
and a AXI4-Stream switch, an AIE to PL stream interface and a control, debug and trace

unit. Asynchronous FIFOs are provided to handle clock domain crossing.

- AI Engine - NoC interface tile: Contains a PL module as described above and also a
NoC module with interfaces to the NoC master unit (NMU) and NoC slave unit (NSU). Level
shifting is performed because the NMU and NSU are in a different power domain from the
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Figure 2.4: PL and NoC Interface Topology
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2.2.2 Programmable Logic (PL)

The programmable logic (PL) is the "FPGA” part of Versal ACAPs, a scalable fabric for
the efficient hardware implementation of any special purpose function. The Versal PL contains
refined configurable logic blocks (CLBs), internal memory, DSP engines and interfaces to any other
integrated hardware like the AIE and the processing system (PS).

Configurable Logic Blocks

CLBs contain flexible Look-Up Tables (LUTSs) that implement progrmmable logic plus stor-
age elements used as flip-flops or latches. The Versal generation CLB tile is completely redesigned
compared to the previous generation UltraScale devices. It has four times more logic capacity, that
means 32LUTs/64 slice flip-flops as opposed to 8 LUTs/16 slice flip-flops in UltraScale devices.
Also, new CLB features such as the redesigned carry lookahead logic for implementing arithmetic
functions or wide logic functions and the dedicated, internal connections to create fast LUT cas-
cades without external routing were introduced to increase total device capacity by reducing area

per utilized logic function.

Memory Resources

In addition to the distributed CLB 64-bit RAM, Versal devices feature two types of RAM
arrays: Block RAMs and UltraRAMs. Each dual-port block RAM offer a total of 36 Kb with
error correction coding (ECC) protection and an option to be configured as two independent 18
Kb RAMs. Also single port mode configurations are available. Furthermore, 288 Kb UltraRAMs
are included. They are cascade-able for even larger memories, with ECC and sleep power saving

features.

Digital Signal Processing Engine

The DSP Engines are a powerful combination of high speed and small size that preserves the
system design flexibility. Versal devices integrate into the PL many dedicated low-power DSP
resources with new functional modes that increase the speed and efficiency of many applications
beyond digital signal processing such as wide dynamic bus shifters and memory address generators.
The DSP engine is defined using the Xilinx DSP58 primitive and can be configured in various modes
to better match the application needs.

Each engine includes a dedicated 27 x 24 bit multiplier and a 58-bit accumulator. The multiplier
can be dynamically bypassed, and two 58-bit inputs can feed a single-instruction multiple-data
(SIMD) arithmetic unit (dual 24-bit or quad 12-bit add/subtract/accumulate), or a logic unit that

can generate any one of ten different logic functions on the two operands.

2.2.3 Processing System (PS)

The processing system (PS) constitutes of the application processing unit (APU) in the full-
power domain (FPD), the real-time processing unit (RPU) in the low-power domain (LPD), and
various I/O peripherals. The PS, along with the Platform Management Controller (PMC) and the
Coherent PCIe Module (CPM) are clustered to form the Control, Interface and Processing System
(CIPS) IP core.
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APU

The application processing unit (APU) features a dual-core Arm Cortex-AT72 processor with an
increased L1 instruction cache size (32 KB to 48 KB) and an 1 MB unified L2 cache attached to a
Cache Coherent Interconnect (CCI). It is designed for the system control part and for applications

that are compute-intensive with no real-time demands.

RPU

The real-time processing unit (RPU) is an Arm Cortex-R5F processor targeting real-time ap-
plications. Its main features include the lock-step and the dual processor modes as well as the fact

that it integrates tightly coupled memories for predictive execution times.

I/0 Peripherals

The I/0O peripherals reside in the PMC subsystem for the initial boot and control of the board
and in the LPD. They include GPIO controllers, I12C controllers, CAN FD controllers, GEM
Gigabit Ethernet MACs, SPI controllers, UART controllers and USB 2.0 controllers.

2.2.4 Network on Chip (NoC)

The network-on-chip (NoC) enriches the traditional fabric interconnect and enables high speed,
system level communication between the numerous heterogeneous features, including the Al En-
gines, the PS, the PL and the DDR Memory Controller. It can be configured using the AXI3,
AXI4 or AXI4-Stream for his master and slave interfaces and extends in both horizontal and ver-
tical directions to the edges of the board. The configuration or the programming of the NoC is
done through the NoC programming interface (NPI) at boot time and it is fully automated and
executed by the PMC.

2.3 AIE Programming

An AT Engine application consists of an adaptable data flow graph (ADF) specification and
kernel functions that are written in C++. An ADF graph is made of nodes and edges where nodes

are the compute kernel functions and edges represent the data connections between them.

2.3.1 AIE Kernels

Kernels are the main computation functions. They implement the algorithmic logic of the
application as C/C++ functions that return void. These kernels use specialized intrinsic calls that
target the VLIW vector processor and operate on data streams. They consume input blocks of
data and produce output blocks of data either on a window-based or stream-based manner. Also,
kernels can have static data or run-time parameter arguments that can be either synchronous
or asynchronous. The AIE kernel code is compiled using the AIE compiler (aiecompiler) that is
included in the Vitis core development kit (described in Section 3.3).

Each kernel must be defined in its own source file. It is recommended that a header file should
declare the function prototypes for all kernels used in a graph. Furthermore, the kernel source
files should include all the necessary header files for independent compilation. This organization

scheme is recommended for reusability and faster compilation.
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2.3.2 ADF Graph

An ADF graph specification consists of a top-level application file and a separate header file.
The header file must include the ADF library header (adf.h) and the kernel function prototypes.
There, the graph class is defined by declaring the nodes, that is the kernels and some top-level
input/output objects like input_plio and output_plio. Then, these nodes are instantiated with the
corresponding kernel source files and the ratio of the function run time compared to the cycle
budget (known as the run-time ratio), the IO objects are configured using specified PLIO width
and IO files and some connectivity information is added to describe the data connections between
the kernels.

Finally, a top-level application file is required. This file contains an instance of the configured
graph class and a main program. The main program is the driver for the graph. It is used to load,

initialize, run, wait and terminate the graph using specific method calls from the graph API.
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Chapter 3

Tools, Frameworks and Libraries

3.1 Google Colab

Google Colaboratory, or “Colab” for short, as its name implies, is a product from Google
Research. Colab is a Jupyter-like notebook service, entirely hosted on the cloud that requires no
resources or setup to use, while providing free of charge access to computing resources like GPUs
and TPUs. In Colab, you can write and execute python code through the browser, as well as add
rich text and document your code. It also easily integrates frameworks like PyTorch, TensorFlow,
Keras, OpenCV, making it especially well suited for machine learning, data analysis and education.
Colab notebooks are stored in Google Drive and can be easily shared and edited from multiple

team members and co-workers.

3.2 PyTorch

PyTorch is an open-source machine learning framework used for developing and training deep
learning models, primarily developed by Meta Al. It is based on the Torch library and can be
naturally used with Python but also with C++ in a less polished interface. The two main features

of PyTorch are:
- Tensor Computation with strong GPU acceleration support
- Automatic Differentiation system for deep neural networks

The Pythonic nature and the dynamic computation of PyTorch makes it more and more popular
among other prominent frameworks, like TensorFlow and Keras.

For this thesis, we used PyTorch for the creation, training and validation of the ESPCN network
analyzed in Section 1.3.3.1. The training process was hosted in Google Colab using its native GPU.
This is the baseline software implementation with which we will evaluate the performance of the

proposed hardware implementation.

3.3 Vitis Unified Software Platform

3.3.1 Introduction

The Vitis Unified Software Platform is a tool that combines all aspects of Xilinx software de-

velopment into one comprehensive, unified environment for accelerating Edge, Cloud, and Hybrid
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computing applications. It enables the development of embedded software and accelerated applica-
tions on heterogeneous Xilinx platforms including FPGAs, SoCs, and Versal ACAPs. Vitis offers a
software-centric approach to developing both hardware and software, providing the user with the

option to choose the level of abstraction he needs [12].
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Figure 3.1: Vitis Unified Software Platform stack [7].

As shown in the figure above, the Vitis unified software platform consists of the following

features and elements (bottom-up):

- Vitis technology targets acceleration hardware platforms, such as the Alveo Data Center
accelerator cards, and Versal or Zynq UltraScale+ MPSoC-based embedded processor plat-

forms.

- Xilinx Runtime (XRT) provides an APT and drivers to connect the host program with the
target platform and also orchestrate the communication between with the host program and

the accelerated kernels.

- Vitis core development kit provides the software development tool stack, such as compilers,
linkers, debuggers and analyzers to help you efficiently build and analyze the performance of

your application.

- Vitis accelerated libraries, a rich set of hardware-accelerated open-source libraries optimized
for Xilinx FPGA and Versal ACAP hardware platforms.

- Plug-in domain-specific development environments enabling development directly in familiar,
higher-level frameworks for domain specific applications, like vision and image processing,

quantitative finance, database, data analytics, and data compression.

The Vitis software platform consists of an integrated design environment (IDE) for interactive
project development, and command-line tools for scripted or manual application development. The
Vitis software platform also includes the Vivado Design Suite for implementing the kernel on the

target device, and for developing custom hardware platforms.
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3.3.2 Execution Model & Embedded Processor Application Accelera-
tion Development Flow

A host application and hardware accelerated kernels are the two main components of a tradi-
tional application program in the Vitis core development kit. These two components communicate
through channels between them that are either PCle bus or an AXI bus for embedded platforms.
The host program is written in C/C++, uses API abstractions like OpenCL or XRT and it is
compiled into an x86 executable that runs on a host processor (such as an Arm processor). The
hardware accelerated kernels on the other side, are compiled into an executable device binary
(:xclbin) that runs within the programmable logic (PL) region of a Xilinx device. Some Versal
ACAP devices, like the one used in this thesis and described thoroughly in Chapter 2, integrate
into the described traditional, embedded processor application acceleration flow, Al Engine design
graphs (libadf.a).

PS Application Compilation Al Engine Array

= ==
[ Arm GNU Compiler CDB ‘ ‘ Al Engine Simulator |——| Al Engine Compiler

PL Kernel Compilation and Linking

| |

Target
Platform

Vivado
(package_xo)
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W+ Link |4—
ckage

W4+ Compiler

host.elf

=
System Pa

V++ Package

Emulation m S0 Card

Directory
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launch_hw_emu.sh |

Profile,
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Debug

Figure 3.2: Application Development Flow for Versal ACAP and Zynq UltraScale+ MPSoC Devices [12].

=host.elf ./kernels.xclbin

The above diagram illustrates the steps to build and run an application that uses the PS (Arm
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processor), the PL (FPGA Fabric) as well as the AT Engines when supported.

- The host application is compiled with the GNU Arm cross-compiler to create an ELF file
and run on the Cortex@®)-A72 or Cortex-A53 core processor.

- The AI Engine graphs and kernels are built and simulated using the aiecompiler and aiesim-

ulator tools of Vitis and produces the libadf.a file.

- The PL kernels are cocmpiled into the Xilix object (XO) file using the v++ Vitis compiler
or Vitis HLS for C/C++ kernels, or the package_xo command for RTL kernels.

- The produced libadf.a and XO files are linked with the target platform via the v++ —link
command to create the platform file (XSA) used to package the design.

- Finally the v++ —package command gathers all the aforementioned files and builds the
package that will run on SW or HW emulation and debug, or that will create an SD card to
run the application on the target HW platform.

3.4 Vitis HLS

Vitis High-Level Synthesis (HLS) is a high-level synthesis tool tightly integrated into Vitis
application acceleration development flow. As shown in figure 3.2, Vitis HLS is responsible for
compiling the hardware kernels for the Vitis tools by performing high-level synthesis. These kernels
will be accelerated in the programmable logic (PL) region of Xilinx devices and can be written in
C/C++ and OpenCL.

The Vitis HLS tool automates much of the design optimization methodology to achieve low
latency and high throughput for the PL kernels. For example, the proper interfaces for function
arguments and the pipeline pragmas for loop pipelining are inferred by default by Vitis HLS in
the application acceleration flow. Vitis HLS also supports customization for interface standards or

specific optimizations in order to achieve each design’s objectives [23].

3.5 Vitis AI

Vitis Al is a Xilinx development platform for hardware-accelerated Al inference on Xilinx
devices, including both edge devices and Alveo data center acceleration cards. It consists of
optimized IP, that is, the deep-learning processor unit (DPU) cores, tools, libraries, frameworks,
models, and example designs. Its core idea is to provide high efficiency and ease of use, leveraging
the maximum potential of Al acceleration on Xilinx FPGAs and ACAPs.

3.5.1 Vitis AI Tools

Vitis Al tries to make hardware-accelerated Al inference easy for users without an FPGA exper-
tise through multiple layers of abstraction. In this direction, Vitis Al stack supports mainstream

frameworks like PyTorch and TensorFlow and an easy-to-use toolbox:
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Figure 3.3: Vitis AI Stack [§]

Deep-Learning Processor Unit (DPU): A Domain Specific Architecture (DSA) optimized
for accelerating deep neural networks widely adopted in the computer vision industry. It consists
of parameterizable IP cores pre-implemented on the hardware and uses an efficient tensor-level
instruction set. Vitis Al offers DPUs for varius Xilinx devices both for the edge (Zynq Ultra-
Scale+ MPSoC, Kria KV260, Versal cards) and for the cloud (Alveo cards). In this thesis, the
DPUCVDXSG is used for the Versal VCK190 evaluation board that we will work on.

Vitis AI Model Zoo: Off-the-shelf optimized and retrainable deep-learning models from pop-

ular frameworks like PyTorch and TensorFlow.

Vitis AI Optimizer: Cutting-edge model prunning technology for low complexity with the

minimum loss in accuracy.

Vitis AI Quantizer: Converts a 32-bit floating-point model (weights and activations) to a

8-bit fixed-point model, reducing the computation demands without much of accuracy degradation.

Vitis AI Compiler: Maps the Al model to the DPUs efficient instruction set and dataflow

model performing various polished optimizations.

Vitis AI Profiler: Performs in-depth analysis of the efficiency and utilization of the AI ap-

plication offering also a visual representation of the results.

Vitis AI Library: Easy-to-use, unified, high-level libraries and APIs for AI applications hard-

ware abstraction and efficient application development.

Vitis AI Runtime: Unified high-level runtime API for both cloud and edge deployment
suitable for the DPU devices.






Chapter 4

Design and Implementation on
Versal AI Core ACAP

4.1 System Design

4.1.1 Network mapping on the device
As described in Section 1.3.3.1, the ESPCN model employs three types of layers:
- L Convolutional layers
- L — 1 Tanh activation layers
- 1 PixelShuffle layer

For this thesis, the traditional approach of the 3-layer ESPCN was followed, thus, we set L = 3.
Their implementation on the Versal SoC should be done according to their computational needs
and the nature of the available hardware.

It is trivial to show that the convolution operation is the most computational intensive one and
the one that requires a strong hardware acceleration. For this reason and in order to leverage the
powerful compute capabilities of the recently introduced Al Engines (AIE) , we will implement the
Conv layers of the model on the AIE part of the board. With appropriate data rearrangement,
the convolutional computation will be transformed to matrix multiplication and optimized to be
implemented in the Al Engine array.

Two options were considered for the Tanh implementation: a) a vectorized imlementation on

the AIE using the polynomial approximation:

z(27 + %)

tanh(x) = @75 99

and b) a look-up table (LUT) based implementation on the programmable logic (PL) part of
the device. The evaluation of both implementations showed that the computational needs of the
polynomial were not concealed by the vectorization of the operations on the AIE. Therefore, the
LUT implementation outperformed the approximation one on both accuracy and speed. Also, the
PixelShuffle function and the data rearrangement required for the conversion of convolution to
matrix multiplication involve scalar byte operations and interact with read/write memories. This

set of operations are suitable for implementation in the PL rather than in the AIE array. Finally,
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datamover modules are required to be implemented on the PL for the communication with the
DDR through the NoC.

The proposed network mapping on the device and system design is presented in the following
block diagram:

T
- i Conv Layer 1
S
mm2s Data Rearrangement
NoC " Datamover & Tanh Activation - J
Conv Layer 2
—]
Data Rearrangement

& Tanh Activation

T Dasé::r:r\'{er Conv Layer 3
~— -
Data Rearrangement
& Pixel Shuffle |
| |
i i
L J L J
T T . T /
NaC Programmable Logic Al Engine

Figure 4.1: ESPCN System Block Diagram.

4.1.2 Network Training & Weight’s Extraction

The software implementation of the ESPCN model, that is, the training and evaluation scripts
were provided by the PyTorch official Github repositories [17]. The dataset used for training was
the BSD300 dataset, which contains 300 images of human subjects. The images are divided into a
training set of 200 images, and a test set of 100 images. The model, either on training or evaluation,
works with the luminance channel of the YCbCr representation, that is, the Y channel.

Using the training script, we trained the network inside a Google Colaboratory with an NVIDIA
Tesla T4 GPU. For this thesis, a 2 times upscale factor is considered with input images of size
16 x 16. Also, the training was done for 350 epochs with a learning rate equal to 0.001. After

training, the weights and biases were extracted using the Netron online application [18].

4.2 Hardware-Specific Custom Implementation

4.2.1 AI Engine: The Convolutional Layer

After a thorough analysis of the Versal’s architecture in Section 2.2 it is more than obvious
that the compute intensive part of the network, that is, the convolution operation, is the one
that will be mapped to the AIE region for acceleration. Following the LeNet tutorial provided by
Xilinx [19], the convolution operation is decided to be done using matrix multiplication (mmul) to
further leverage the capabilities of the AIE. The proposed design also uses a double tiling scheme
to extract the maximum parallelism provided by the AIE array and the AIE API. AIE API is a

portable programming interface, implemented as a C++ header-only library that provides types
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and operations that get translated into efficient low-level intrinsics and higher-level abstractions

such as iterators and multi-dimensional arrays [20].

4.2.1.1 Im2Col

The convolution operation, in fact, performs dot products between the weight kernels and local
regions of the input. By taking advantage of this fact a convolutional layer can be transformed

and viewed as one big matrix multiplication (MMul).

Im2Col stands for Image to Column and is a technique that transforms the Convolution oper-
ation into a mmul operation. Suppose we have a 1 x 4 x 4 input image volume and a convolutional
kernel of size 2 x 2. The input image matrix will be transformed into a matrix of columnar patches

according to the convolution operation with the 2 x 2 filter as illustrated in the figure bellow:

Image Patch 1 Image Patch 2 Image Patch 3
[1., 2., 3., a.][ 1., ‘205 3., 4.1 [ 1., 2., @04
[S5., 6., 7., 8.1[5., 6., 7., 81[5., 6., 7 81
[ 9., 10., 11., 12.] [ 9., 18., 11., 12.] [ 9., 18., 11., 12.]
[13., 14., 15., 16.] [13., 14., 15., 16.] [13., 14., 15., 16.]
[1., 2., 3:, 5., 6, 7., 9., 10., 11.]
Image Patch 4 Image Patch 5 Image Patch 6
[ 1. 2., 3., a][1 2., 3., 4][1 2., 3., 4.] |:> [ 2., 3., &%, 6., M, 8., 18., 11., 121]
[5., 6., 7., 8.1 [ 5., 6%W?., 81[5., 6., 7., 8.] [5., 6., 7., 9., 1o, 11., 13., 14., 15.]
[ 9., 1., 11., 12.] [ 9., 8., 3%, 12.] [ 9., 10., 11., 12.] [ 6., 7., 8., 10., 114, 12., 14., 15., 16.]
[13., 14., 15., 16.] [13., 14., 15., 16.] [13., 14., 15., 16.]
Image Patch 7 Image Patch & Image Patch 9
[1., 2., 3., 4.][1., 2., 3., 4.1 [ 1., 2., 3., 4.]
[s5., 6., 7., 8.][5., 6., 7., 8] [ 5., 6., 7., 8.]
[9., 18,, 11., 12.] [ 9., 18., 11., 12.]1 [ 9., 10., AAS,0121]
[13., 14., 15., 16.] [13., 14., 15., 16.] [13., 14., 15., 161]

Figure 4.2: Input image volume transformed to a matrix of patches

9).

The result is a 4 x 9 matrix of patches. Also, the 2 x 2 filter will be flatten into a 1 x 4 matrix

according to the im2col technique and finally the convolution operation can be implemented as a
1 x4 x 9 MMul.

4.2.1.2 Tiling Scheme

Let’s take for example the first Conv layer of the network. We are working with images of
size 16 x 16, keeping only the Y channel of their YCrCb representation as we described in section
4.1.2. So, an input image of size 1 x 16 x 16 with a 5 x 5 convolution kernel, 64 output channels,
padding 2 x 2 and stride 1 x 1 produces an input matrix of size 25 x 256 for the input according
to the Im2Col method for transforming convolutions to MMuls analyzed in the previous section.
Subsequently, the weight’s matrix is of size 64 x 25. We zero-pad the two matrices and we have
the following 64 x 32 x 256 MMul:
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Figure 4.3: The L1 tiling scheme.

As we can see in Figure 4.3, the matrices are divided into tiles of size 16 x 16 and 16 x 64 for
the weights and the input accordingly. Then, we assign each tile of the output matrix to one AIE
tile. So, for the first layer we need 16 tiles that will perform an 16 x 16 x 64 MMul.

For the MMul functionality we use the aie::mmul class template provided by the ATE API. This
class template is parametrized with the matrix multiplication shape M x K x N, the data types
and, optionally, the requested accumulation precision. For our design, float numbers are used so
we choose the 4 x 2 x 4 MMul shape from the allowed ones.

The following code snippet shows a sample blocked multiplication using the aie::mmul class.
The matrices are assumed to be pre-tiled as defined by the mmul shape (M x K for A, K x N for B,
and M x N for C). Four blocks of output are calculated in each iteration (C00,C01,C10,C11) using
vectors, their aie:load_v/store_v and the mul/mac functions of the aie::mmul class that encapsulate
the load /store/mul/mac intrinsics respectively. The restrict keyword in pointers’ declaration allows
for more aggressive optimisations by the compiler by stating that the data the pointers are pointing

to are independent of each other:

template <unsigned M, unsigned K, unsigned N>
void mmul_blocked(unsigned rowA, unsigned colA, unsigned colB,
const float * __restrict pA,

const float * __restrict pB,
float * __restrict pC)

using MMUL = aie::mmul<M, K, N, float, float>;
for (unsigned z = 0; z < rowA; z += 2) chess_loop_range(2,) {

float * __restrict pCl = pC + ( z * colB + 0) * MMUL::size_C;
pC + ((z + 1) * colB + 0) * MMUL::size_C;

float * __restrict pC2

for (unsigned j = 0; j < colB; j += 2) chess_loop_range(2,) {

const float * __restrict pAl = pA + ( Z * colA + 0) * MMUL::
size_A;

const float * __restrict pA2 = pA + ((z + 1) * colA + 0) * MMUL::
size_A;

const float * __restrict pBl = pB + ( 0 * colB + j) * MMUL::
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size_B;
const float * __restrict pB2 = pB + ( 0 * colB + (j + 1)) * MMUL::

size_B;

aie::vector<float, MMUL::size_A> AO = aie::load_v<MMUL::size_A>(pAl);
pAl += MMUL::size_A;

aie::vector<float, MMUL::size_A> Al = aije::load_v<MMUL::size_A>(pA2);
pA2 += MMUL::size_A;

aie::vector<float, MMUL::size_B> BO = aie::load_v<MMUL::size_B>(pB1);
pBl1 += MMUL::size_B * colB;

aie::vector<float, MMUL::size_B> Bl = aie::load_v<MMUL::size_B>(pB2);
pB2 += MMUL::size_B * colB;

MMUL COO; COO.mul(AO, BO);
MMUL CO1; CO1.mul(AO, B1);
MMUL C10; C10.mul (A1, BO);
MMUL C11; C11.mul (A1, B1);

for (unsigned i = 1; i < colA; ++i)
chess_prepare_for_pipelining chess_loop_range(3,) {
A0 = aie::load_v<MMUL::size_A>(pAl); pAl += MMUL::size_A;
Al = aie::load_v<MMUL::size_A>(pA2); pA2 += MMUL::size_A;
BO = aie::load_v<MMUL::size_B>(pBl1); pBl += MMUL::size_B * colB;
Bl = aie::load_v<MMUL::size_B>(pB2); pB2 += MMUL::size_B * colB;

C00.mac (A0, BO);
CO01.mac (AO, B1);
C10.mac (A1, BO);
Cl1.mac (A1, B1);

aie::store_v(pCl, COO.template to_vector<float>()); pCl += MMUL::size_C;
aie::store_v(pCl, CO1l.template to_vector<float>()); pCl += MMUL::size_C;
aie::store_v(pC2, C10.template to_vector<float>()); pC2 += MMUL::size_C;
aie::store_v(pC2, Cll.template to_vector<float>()); pC2 += MMUL::size_C;

Listing 4.1: Blocked Matrix Multiplication

Some additional logic is added in the above code sample for the accumulation operation between
the intermediate matrix products (e.g. W0 x Im0 and W1 x Iml) required for each result (e.g.
AIETile0) in this example.

Therefore, we have 16 AIE tiles, each one performing a 16 x 16 x 64 mmul tiled in 4 x 2 x 4.
That means that we employed a double tiling scheme: Inter-Tiling by splitting the computation in
multiple tiles and Intra-Tiling by performing a tiled MMul inside each AIE tile. So, in total, the
MDMul size of each layer, the selected tiling scheme and the number of AIE tiles required in each

layer is presented in the following table:
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Table 4.1: Tiling Schemes in each Conv Layer

Layer MMul Size Tiling Size | Number of AIE Tiles
Convl | 64x32x256 | 16 x 16 x 64 16
Conv2 | 32x 576 x256 | 8x576x8 128
Conv3 | 4x288x256 | 4x288x16 16

4.2.1.3 AIE Kernels

The kernel functions of the AIE part of the application contain the C++ code for a tiled MMul
as described in the previous subsection. We have three kernel source files, one for each Conv layer.
This is done because, although the basic operation is a parametrized MMul, each layer should
be associated with different weights and biases. Furthermore, the need for intermediate products
dictated by the tiling scheme in the first layer introduces some additional logic. We will proceed
with the first layer as an example to analyze the proposed implementation. The other two layers
follow the same approach.

For binding each kernel with a specific set of weights and biases, we use the C++ kernel class
support. The C++ kernel class allows internal states for each kernel instance to be encapsulated

within the corresponding class object. The following code snippet showcases the declaration of the

MMUL_T_1 class for the first Conv layer that should be placed in a header file:

class MMUL_T_1
2 {

; private:

float (&wgts) [WSIZE1];

float (&b)[SIZE_QUT1];
6 float (&intrmdtRes) [SIZE_O0UT1];

s public:

9 MMUL_T_1(float (&weights) [WSIZE1],
10 float (&bias) [SIZE_0OUT1]) ;

12 void mmull (const

13 float* A_in,

15 void mmull_top(input_window_float* in,

int RowA_tile,
float* C_out,

17 static void registerKernelClass ()

18 {

int tile,

const int ColA_tile,
int shift);

19 REGISTER_FUNCTION (MMUL_T_1::mmull_top);
20 REGISTER_PARAMETER (wgts) ;

21 REGISTER_PARAMETER (b) ;

22 REGISTER_PARAMETER (intrmdtRes) ;

float (&zeros) [SIZE_OUT1],

output_window_float* out) ;

Listing 4.2: MMUL_T_1 Class Declaration

and its corresponding constructor:

N

wgts (weights),

{ }

MMUL_T_1::MMUL_T_1(float (&weights) [WSIZE1],
float (&bias) [SIZE_OUT1])

intrmdtRes (zeros) ,

b(bias)

float (&zeros) [SIZE_0OUT1],

Listing 4.3: MMUL_T_1 Class Constructor
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A static void registerKernelClass() method must be written to host the REGISTER_FUNCTION
and REGISTER_PARAMETER macros. The REGISTER_FUNCTION macro is used to register
the class run method that will be executed on the AIE core to perform the kernel functionality,
in the above example, the mmull_top() void function. Also, REGISTER_PARAMETER macro is
used to let the AIE compiler that the member variables used as its argument are intended to be
allocated by the compiler.

The kernel class constructor is located in the same source file as the one that contains the
kernel function, that is, the run method of the kernel class. The constructor initializers like the
wgts(weights) one, initializes wgts, for example, to the reference to an array allocated externally.
This external allocation is done using the kernel::create_object method inside the ADF graph
representation that will be analyzed in the following subsection.

Let’s take a closer look on the run method of the MMUL_T_1 class, or else, the kernel function
mmull_top():
void MMUL_T_1::mmull_top(input_window_float* in, output_window_float* out)
¢ int shift = 9;

set_sat ();

set_rnd(rnd_sym_inf) ;
unsigned int i, times=SIZE_0UT1/32;

for (i = 0; i < ITERS1; i++)

{
mmull (ROW_A1_TILE >> 2, COL_A1_TILE >> 1, COL_B1_TILE >> 2,
(float *) in -> ptr, (float *) intrmdtRes, i, shift);

}
float * ptr = intrmdtRes; aie::vector<float, 32> res = aie::load_v<32>(ptr);
float * bias_p = b; aie::vector<float, 32> bias_v = aie::load_v<32>(bias_p);
aie::vector<float, 32> out_v = aie::add(res,bias_v);
float * out_ptr = (float *) out -> ptr; aie::store_v(out_ptr, out_v);
for (i = 1; i < times; i++)
{
ptr += 32; bias_p += 32; out_ptr += 32;
res = aie::load_v<32>(ptr);
bias_v = aie::load_v<32>(bias_p);
out_v = aie::add(res,bias_v);

aie::store_v (out_ptr, out_v);

Listing 4.4: The run method of the MMUL_T_1 Class

As we can notice in the code, we chose to use a window-based communication for the kernels’
input or output data. This gives the ability to kernels to perform random access within the window
of data. Then, we set the appropriate round and saturation mode for the accumulation result and
call the mmull() function to compute the output tile. This is done iteratively by calculating and
accumulating the intermediate results. In the end, the bias is added to the result.

The mmull() function is the one that performs the actual MMul operation based on the Blocked
Matrix Multiplication code provided by the AIE API and presented in Listing 4.1. The difference

here is that if we call the function to calculate a result not for the first time, it initially loads the
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previous intermediate result and then adds to it the current calculated product:

void MMUL_T_1::mmuli(
const int RowA_tile,
const int ColA_tile,
const int ColB_tile,
float* B_in,
float*x C_out,

int tile,

int shift

) o
constexpr size_t sizeTileA = 4 * 2;
constexpr size_t sizeTileB = 2 * 4;
constexpr size_t sizeTileC = 4 * 4;

using MMUL = aie::mmul<4, 2, 4, float, float>;

unsigned int i,j,z;

for (z=0; z<RowA_tile;

{

float * __restrict pCl = C_out + (

z+=2)

z * ColB_tile + 0) * sizeTileC;

float * __restrict pC2 = C_out + ((z + 1) * ColB_tile + 0) * sizeTileC;

for (j=0; j<ColB_tile; j+=2)

{

const float *

+ tilex*xsizeTileA*RowA_tilex*ColA_tile;

const float =*

__restrict pA2 = wgts + (z+1) * ColA_tile * sizeTileA +

+ tilexsizeTileA*RowA_tile*ColA_tile;

const float *

+ tile*sizeTileB*ColA_tile*ColB_tile;

const float *

aie::vector<float, sizeTileA> A0 = aie
pAl += sizeTilel;

aie::vector<float, sizeTileA> Al = aie
pA2 += sizeTilel;

aie::vector<float, sizeTileB> BO = aie
pBl += sizeTileB * ColB_tile;

aie::vector<float,

pB2 +=

MMUL CO0O;
MMUL C10;

for (i
{
AO
Al
BO
B1

restrict pAl = wgts + z * ColA_tile * sizeTileA +

restrict pBl = B_in + j * sizeTileB +

__restrict pB2 = B_in + (j+1) * sizeTileB +
+ tile*xsizeTileB*ColA_tile*ColB_tile;

sizeTileB * ColB_tile;

C00.
C10.

1; i

aie:
aie:
aie:

aie:

mul (A0, BO); MMUL CO1;
mul (A1, BO); MMUL Ci1;

< ColA_tile; ++1i)

:load_v<sizeTileA>(pAl);
:load_v<sizeTileA>(pA2);
:load_v<sizeTileB>(pB1);
:load_v<sizeTileB>(pB2);

C00.mac (A0, BO); CO1.mac (A0, B1);
C10.mac (A1, BO); Cl1.mac (A1, B1);
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sizeTileB> Bl = aie

::load_v<sizeTileA>(pAl);

::load_v<sizeTileA>(pA2);

::load_v<sizeTileB>(pB1);

::load_v<sizeTileB>(pB2);

CO01.mul (A0, B1);
Ci11.mul (A1, B1l);

pAl
pA2
pB1
pB2

sizeTilel;
sizeTilel;
sizeTileB * ColB_tile;
sizeTileB * ColB_tile;



15

16

if (tile == 0){
aie::store_v(pCl,
pCl += sizeTileC;
aie::store_v(pCl,
pCl += sizeTileC;
aie::store_v(pC2,
pC2 += sizeTileC;
aie::store_v(pC2,
pC2 += sizeTileC;

}

elseq
aie::vector<float,
C_00 = aie::add(C_
aie::store_v(pCl,
aie::vector<float,
C_01 = aie::add(C_
aie::store_v(pCl,
aie::vector<float,
C_10 = aie::add(C_
aie::store_v(pC2,
aie::vector<float,
C_11 = aie::add(C_
aie::store_v(pC2,

}

C00.template to_vector<float>(shift));

CO1.template to_vector<float>(shift));

C10.template to_vector<float>(shift));

Cll.template to_vector<float>(shift));

sizeTileC> C_00 = aie::load_v<sizeTileC>(pC1);
00, COO.template to_vector<float>(shift));
C_00); pCl += sizeTileC;

sizeTileC> C_01 = aie::load_v<sizeTileC>(pC1);
01, COl.template to_vector<float>(shift));
C_01); pCl += sizeTileC;

sizeTileC> C_10 = aie::load_v<sizeTileC>(pC2);
10, C10.template to_vector<float>(shift));
C_10); pC2 += sizeTileC;

sizeTileC> C_11 = aie::load_v<sizeTileC>(pC2);
11, Cl1l.template to_vector<float>(shift));
C_11); pC2 += sizeTileC;

Listing 4.5: The mmull() function.

4.2.1.4 ADF Graph Specification

In order to achieve code reusability and legibility we separate the ADF specification into two
different header files. The first one, naming subgraph.h, instantiates a layersSubgraph class in-
cluding the declaration and configuration of the nodes of the ADF graph, that is the AIE kernels,
and the edges, that is, the window connections with the I/O data. The second header file, naming
graph.h, hosts the layersGraph class that instantiates a layersSubgraph object and connects its
I/0 ports with the PLIO ports. We, again, present the part of the aforementioned files regarding

only the first layer for brevity, as the other two layers follow the same logic:

#ifndef __SUBSYS_H__
#define __SUBSYS_H__
#include <adf.h>
#include "mmul_core.h"
#include "weights_lut.h"

#include "bias_lut.h"

using namespace adf;

template <int COL_OFFSET, int ROW_OFFSET>

class layersSubgraph : public a

private:
kernel layerl [NUM_TILES1];

public:

df :: graph {
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input_port inl [NUM_TILES1/4];

output_port outl [NUM_TILES1

layersSubgraph () {

for (unsigned int j=0;

connect< window <WIN_SIZE_OUT1> >(layeri[jl.out[0],

J<NUM_TILES1;

kernel::create_object <MMUL_T_1>(W1_1,

kernel::create_object <MMUL_T_1>(W1_2,

kernel::create_object <MMUL_T_1>(W1_3,

kernel::create_object <MMUL_T_1>(W1_4,

¥

j++)

zerosl, bias1_1);

tile (COL_OFFSET ,ROW_OFFSET+(2%j));

bias1_2);
tile (COL_OFFSET+1,ROW_OFFSET+(2%(j&3))+1);

zerosl,

bias1_3);
tile (COL_OFFSET+2,ROW_OFFSET+(2*(j&3)));

zerosl,

bias1_4);
tile (COL_OFFSET+3,ROW_OFFSET+(2*(j&3))+1);

zerosl,

0.8;

location<kernel>(layer1[j]);
location<kernel>(layer1[j]);
location<kernel>(layer1[j]);
location<kernel >(layeri1[j]);
location<kernel >(layer1[jl);

layeri1[j].in[0]);
out1[jl);

single_buffer (layeri[j]l.out [0]);

{
if (j < 4 )1
layeri[j] =
single_buffer (inl1[jl);
location<kernel>(layeri[j]) =
}
else if (j < 8){
layer1[j] =
location<kernel>(layer1[j]l) =
}
else if (j < 12){
layer1[j] =
location<kernel>(layer1[j]) =
}
elsed{
layeri[j] =
location<kernel>(layeri[j]l) =
}
source (layer1[j]) = "mmul_corel.cc";
runtime<ratio>(layer1[j]) =
location<buffer>(layeri[j].out [0]) =
location<buffer>(layer1[j]l.in[0]) =
location<parameter >(layeri[j].param[0]) =
location<parameter >(layer1[j].param[1]) =
location<parameter >(layeri1[j].param[2]) =
connect< window <WIN_SIZE_IN1> >(ini1[j&3],
single_buffer (layer1[j]l.in[0]);
single_buffer (outli[jl);
}

location<graph>(*this) =
ROW_OFFSET+7) ;
}
i
#endif

bounding_box (COL_OFFSET ,ROW_OFFSET ,COL_OFFSET+39,

Listing 4.6: subgraph.h
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First of all, we declare the input and output ports of the graph. For the first Conv layer
NUM _TILES1 = 16, so we have 4 input ports and 16 output ports for the 16 AIE tiles comprising
this layer. We need only 4 ports as input because as illustrated in figure 4.2 the AIE tiles of each
column consume the same part of the input image. The output of the first layer, obviously has 16
ports as each AIE tile produces each own part of the result.

Proceeding, we can see here the kernel::object method that creates a representation of the
MMUL_T_1 kernel instance and initializes the wgts, intrmdtRes and b constructor parameters
presented in Listing 4.3. Furthermore, we constrain the input and output ports to be implemented
as single buffers because the local data memory is at a premium, we specify the source file containing
the definition of the kernel function and we set the run-time ratio, a core usage fraction for the
kernel. Using the connect method, we establish the window connections for the input and the
output data of each kernel by specifying the number of bytes between the two ports.

An important constraint used in this design is the location one. By specifying the exact
location of each kernel and its corresponding buffers or parameters, we can control and guide the
ATE mapper to find a legal solution for the design. This is extremely useful for building large
graphs, like ours, because without these constraints, the mapper may fail to find a legal solution.
And indeed that is the case for our design. Below, we can see the mapping of our design in the
AIE array visualized using the vitis_analyzer tool:
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Figure 4.5: From left to right: an AIE tile for layer 1, an AIE tile pair for layer 2 and an AIE tile for
layer 3.
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In figure 4.4 we can see the whole AIE array with its 400 tiles. In accordance with table 4.1 we
use 16 + 128 x 2 + 16 AIE tiles. This x2 for the second layer arises from the fact that the memory
requirements of the kernels of the second layer exceed the available local memory. Thus, memory
from neighbouring tiles must be utilized. In figure 4.5 we zoom into one AIE tile from every layer.
The purple rectangles are the 1/O, weights, bias and intermediate result (only for the first layer)
buffers. The ciel rectangle is the kernel function on the AIE core and the green arrows represent
the memory accesses. The red rectangles are the system memory (heap & stack).

Proceeding to the graph.h header file, we can see how the layersSubgraph is connected with
the PL:

#include <adf.h>

#include "subgraph.h"

#include "mmul_core.h"
using namespace adf;

template<int COLO>
class layersGraph: public graph{

public:
input_plio inl1[NUM_TILES1/4];

output_plio outl [NUM_TILES1];

layersSubgraph<COL_OFF1, ROW_OFF1> mygraph;
layersGraph () {

for (unsigned k=0; k<NUM_TILES1; k++) {
if (k<4){
in1[k]l=input_plio::create("DataInLl_"+std::to_string(k), plio_128_bits,
"data/l1_tiles/coltile"+std::to_string(k)+"_128plio.txt");
connect<>(inl [k].out [0], mygraph.inl[k]);

outl[k]l=output_plio::create("DataOutLl_"+std::to_string(k),
plio_128_bits, "data/ll_out/tile"+std::to_string(k)+".txt");
connect <>(mygraph.outl[k], outl[k].in[0]);

3}

Listing 4.7: graph.h

The input_plio/ouput_plio::create constructors specify the name of the PLIO connections that
will be used later, on the linking stage, and other simulation parameters like the width of the PLIO
data connection and the test bench data files associated with each PLIO connection. Below we can

see how the graph looks like for the 1st row of tiles of the first layer again using the vitis_analyzer
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Figure 4.6: Graph Illustration

Finally, a top-level application file (graph.cpp) is defined:

1 #include "graph.h"

2 #include "mmul_core.h"
1 layersGraph<COL_OFF1> mmul_graph;

¢ #if defined (__AIESIM__) || defined(__X86SIM__)
7 int main(void) {

8 mmul_graph.init ();

9 mmul _graph.run (1) ;

10 mmul_graph.end () ;

11 return O;

12}

13 #endif

Listing 4.8: graph.cpp

The main() initializes the mmul_graph instance, executes it for 1 iteration and then terminates it.
It acts as a driver for the SW and AIE emulation flows. Therefore, this main() must be excluded
from hardware and hardware emulation flows and the guard macros _-_ATESIM__ and __X86STM__
provide that flexibility.

4.2.2 PL Kernels

As the block diagram 4.1 illustrates, the PL part of the VCK190 board will host the implemen-
tation of the Tanh activation layer, the PixelShuffle layer, the proper data handling functionality
and the datamovers for the communication with the DDR memory. The details of their imple-
mentation will be described in the following sections. The PL is programmed according to the

traditional FPGA programming paradigm using HLS C code.
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4.2.2.1 Datamovers

The PL-based datamovers are comprised of two PL kernels: the mm2s and the s2mm kernel.
The mm2s kernel gets the input images from the DDR memory through the NoC and sends them
appropriately to the AIE tiles of the first layer through their input_plio ports. The s2mm kernel
receives the output images from the PixelShuffle layer and streams out the data to the DDR memory
through the NoC. The interface for the connections with the DDR memory is a memory-mapped
AXI4 interface and the interface between the PL kernels and the AI Engines is an AXI4-Stream
interface, compatible with the AIE array’s interface.

void mm2s(float* memO, hls::stream<float>& s0O, hls::stream<float>& si,
hls::stream<float>& s2, hls::stream<float>& s3, int size, int iter){

#pragma HLS INTERFACE m_axi port=memO0 offset=slave bundle=gmem
#pragma HLS INTERFACE s_axilite port=memO bundle=control
#pragma HLS INTERFACE s_axilite port=size bundle=control
#pragma HLS INTERFACE s_axilite port=iter bundle=control

#pragma HLS interface s_axilite port=return bundle=control
float x0,x1,x2,x3;

for(int j = 0; j < iter; j++){

for(int i = 0; i < size; i++) {
#pragma HLS PIPELINE II=1
x0 = memO[i+j*4*xsizel; x1 = memO[i+size+j*4*size];
x2 = memO[i+2*size+j*4*size]; x3 = memO[i+3*size+j*d*xsize];
sO.write(x0); sl.write(x1l); s2.write(x2); s3.write(x3);
}

void s2mm(float* mem, hls::stream<float>& sO, int size){

#pragma HLS INTERFACE m_axi port=mem offset=slave bundle=gmem

5 #pragma HLS INTERFACE s_axilite port=mem bundle=control

#pragma HLS INTERFACE s_axilite port=size bundle=control

#pragma HLS interface s_axilite port=return bundle=control
float x0;

for(int i = 0; i < size; i++) {
#pragma HLS PIPELINE II=1
x0 = s0.read();

mem[i] = x0;

Listing 4.9: mm?2s and s2mm datamovers

4.2.2.2 Activation Layer

This Layer contains the Tanh activation functionality and all the required data rearrangement
logic to walk from one Conv layer to another. More specifically, as Section 4.2.1.2 describes we
have a double tiling scheme for the MMul operation. Also, there is an Im2Col operation (analyzed
in section 4.2.1.1) that, according to the parameters of the Conv layer, transforms the input image

or the feature maps to enable the use of MMul instead of a convolution. However, for a proper
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use of this operation the matrices should not be tiled. Therefore, an activation layer between two

Conv layers, employs the data manipulation pipeline illustrated by the below block diagram:

output from | | Input for

layer L-1 \ NN \ fayerL
—_— Untife 1 Unrife 2 »  Tanh v Im2Col . Tile 1 Tile 2 —_—

Figure 4.7: Activation Layer Block Diagram.

Tiling & Untiling
The output from each Conv layer is read by the PL activation layers as a 1-D matrix. Using the
below functions, we achieve to untile and tile these matrices appropriately, given the dimensions

of the input and the desired tile dimensions:

void tile(float* input, int in_rows, int in_cols, int t_rows, int t_cols, floatx*

output)

unsigned int i, j, k, 1;
tiling_loop:
for (i=0; i<(in_rows/t_rows); i++){
for (j=0; j<(imn_cols/t_cols); j++){
for (k=0; k<t_rows; k++){
for (1=0; 1<t_cols; 1++)A{
output [i*in_cols*t_rows+j*t_rows*t_cols+k*xt_cols+1l] =

= input[i*in_cols*t_rows+j*t_cols+k*in_cols+1];

void untile(float* input, int in_rows, int in_cols, int t_rows, int t_cols, floatx*

output)

unsigned int i, j, k, 1;
untiling_loop:
for (i = 0; i < (in_rows/t_rows); i++){
for (j = 0; j < t_rows; j++){
for (k = 0; k < (in_cols/t_cols); k++){
for (1 = 0; 1 < t_cols; 1++){
output [i*in_cols*t_rows+j*in_cols+k*t_cols+1l] =
= input[i*in_cols*t_rows+j*t_cols+k*t_rows*t_cols+1l];

Listing 4.10: Tile & Untile operations

Tanh Implementation
As discussed in section 4.1.1 the Tanh activation functionality is decided to be implemented
by a look-up table. Following the same approach as [24], we use a look-up table with 1024 Tanh

values in the range of -4 to +4. For inputs greater than 4 or less than -4 the activation will be 1
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or -1 accordingly. To index the look-up table, the given float values are converted to integer with

scaling:

int float2fix(float n, int sft)
{

return round(n * pow (2.0, sft));

void tanh(float* in, float* tanh_11)
{
for(int i=0; i<L1_0UT_SIZE; i++)
{
#pragma HLS PIPELINE II=1
if (in[i] >= 4)
tanh_11[i] = 1.0;
else if (in[i] < -4)

tanh_11[i] = -1.0;
else
{

tanh_11[i] = tanh_1lut4 [(LUT_SI
¥

Listing

Im2Col Implementation

The Im2Col method is implemented using the two following functions from the Caffe’s reposi-

tory on Github [25]:

ZE/2) + float2fix(inl[i],

4.11: Tanh activation

float im2col_get_pixel(float *im, int height, int width,

int row, int

715

col, int channel, int pad)

{
row -= pad;
col -= pad;
if (row < 0 || col < O ||
row >= height || col >= width) return O;
return im[col + width*(row + height*channel)];
}

void im2col(float* data_im,
int channels, int height, int

int ksize, int stride, int pad

int c,h,w;
int height_col = (height + 2xpad
int width_col = (width + 2*pad -

int channels_col = channels * ks
im2col_loop:

for (¢ = 0; ¢ < channels_col; ++

int w_offset c % ksize;
int h_offset = (c / ksize) %
int c_im = ¢ / ksize / ksize

for (h = 0; h < height_col;

width,
, float* data_col)

- ksize) / stride + 1;

ksize) / stride + 1;

ize * ksize;

c) {

ksize;

H

++h) {

for (w = 0; w < width_col; ++w) {

int im_row = h_offset + h * stride;

int im_col = w_offset + w * stride;
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int col_index
data_col[col_

= (c * height_col + h) * width_col + w;
index] = im2col_get_pixel(data_im, height,

im_row, im_col, c_im,

pad) ;

Listing 4.12: Im2Col Implementation

Overall the functions listed above are synthesizing the final activation layer, let’s say the one

after the first Conv Layer, as follows:

extern "C" {

void activation(hls::stream<f

loat >& x0,

L)

hls::stream<float>& x15,

hls::stream<float>& yoO, ..., hls::stream<float>& y31)

#pragma HLS INTERFACE axis
#pragma HLS INTERFACE axis
#pragma HLS INTERFACE axis

#pragma HLS INTERFACE axis
#pragma HLS INTERFACE ap_

float convl_out[L1_0OUT_SIZE

im2col_12_in[L2_COL_SIZE];

port = x0

port = x15

port = yo

port = y31
ctrl_none port

1, unti_11[L1_OUT_SIZE],
tanh_11[L1_OUT_SIZE], im2col_12[L2_COL_SIZE],

return

#pragma HLS array_partition variable=convl_out block factor=16 dim=1

width,

unt1_12[L1_OUT_SIZE],
im2col_12_t [L2_COL_SIZE],

#pragma HLS array_partition variable=im2col_12_in block factor=16 dim=1

11 _read:

read_input (x0, ..., x15, co

11 _untilingé4x4:

untile(convl_out, L1_OUT_H*(L1_0UT_W/L1_OUT_TILE_W), L1_OUT_TILE_W, 4,

unt1_11);

11_untiling64x16:
untile(unt1_11, L1_OUT_H, L

11_tanh:
tanh(unt2_11, tanh_11);

11_im2col:
im2col (tanh_11, L2_IN_C, L2

11_tiling576x8:
tile(im2col_12, L2_COL_H, L

11_tiling2x4:

tile(im2co0l_12_t, L2_COL_H*(L2_COL_W/L2_COL_TILE_W), L2_COL_TILE_W, 2,

im2col_12_in);

layer_1_write:

nvi_out);

4,

1_0UT_W, L1_OUT_TILE_H, L1_OUT_TILE_W, unt2_11);

_IM_H, L2_IM_W

2_COL_W, L2_COL_TILE_H, L2_COL_TILE_W, im2col_12_t);

()

s

L2_K, L2_S, L2_P, im2col_12);

4,



write_output(y0, ..., y31, im2col_1l2_in);

Listing 4.13: Activation Layer Main Function

To guide the synthesis and optimize the hardware design we use some #pragma directives. More
specifically, we specify the interfaces of the input and output ports to be AXI4-Stream interfaces
and the

#pragma HLS INTERFACE ap_ctrl_none port = return

directive dictates data driven execution which enables the kernel to run when data is available,
and stall when data is not. Also the array partition directive effectively increases the amount of

read and write ports to potentially improve the throughput of the design.

4.2.2.3 PixelShuffle Layer

The third Conv layer is followed by a PixelShuffle layer instead of an Activation layer as
described in the previous section. This way, the Sub-Pixel Convolutional layer analyzed in section
1.3.3.1 is implemented. The dataflow logic follows the same logic as the on illustrated in the block
diagram 4.7 of the activation layer with the difference that here we only need the untiling and the
PixelShuffle operations.

The untile operation is the same as described in the previous section while the PixelShuffle
operation implements the data rearrangement illustrated in figure 1.7:

void pxlshfl(float* input, float* output)
{
for(int i = 0; i < L3_IM_H; i++){
for(int j = 0; j < L3_IM_W; j++){

output [2*0UT_W*i+2*j] = input [L3_IM_Wxi+j];
output [2*x0UT_Wxi+2*j+1] = input [L3_IM_W*i+j+L3_0UT_W];
output [2%0UT_W*i+2%j+0UT_W] = input [L3_IM_W*i+j+2%L3_0UT_W];
output [2%x0UT_Wxi+2*% j+0UT_W+1] = input [L3_IM_W*i+j+3*xL3_0UT_W];

Listing 4.14: The PixelShuffle operation

extern "C" {
void pixelshuffle(hls::stream<float>& x0, ..., hls::stream<float>& x15,
hls::stream<float>& yO0)

#pragma HLS INTERFACE axis port = xO0

#pragma HLS INTERFACE axis port x15
#pragma HLS INTERFACE axis port = yo0
#pragma HLS INTERFACE ap_ctrl_none port=return

float conv3_out[L3_0UT_SIZE], unt1_13[L3_0UT_SIZE], unt2_13[L3_0UT_SIZE],
out [L3_O0OUT_SIZE];
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#pragma HLS array_partition variable=conv3_out block factor=16 dim=1

#pragma HLS array_partition variable=out block factor=16 dim=1

13_read:

read_input3(x0, ..., x15, conv3_out);

13_untiling4x4:
untile3(conv3_out, L3_0UT_H*(L3_0UT_W/L3_OUT_TILE_W), L3_OUT_TILE_W, 4, 4,
unt1_13);

13_untiling4x16:
untile3(unt1_13, L3_0UT_H, L3_0UT_W, L3_OUT_TILE_H, L3_OUT_TILE_W, unt2_13);

13_pxlshfl:
pxlshfl (unt2_13, out);

13_write:

write_output3(y0, out);

Listing 4.15: The PixelShuffle layer

4.2.3 Hardware Link

The AI Engine graph compilation results in a libadf.a binary whereas the C/C++ PL kernels
are compiled into Xilinx object (XO) files. After that, the Vitis linker takes its turn. As described
in section 3.3.2 and illustrated in figure 3.2, using the v++ link command the aforementioned
compiled binaries are linked with the platform to create the platform file (XSA), used to package
the design.

When an AI Engine kernel application is present in the design, the Vitis linker requires some
instruction on how to connect the PL kernels to the AIE graph. For this reason, a configuration

file is provided with an additional [connectivity] section:

[clock]

freqHz=312500000: mm2s_1.ap_clk
freqHz=260000000: activation_1.ap_clk

5 freqHz=260000000: activation2_1.ap_clk

freqHz=260000000: pixelshuffle_1.ap_clk
freqHz=312500000: s2mm_1.ap_clk

[connectivity]

stream_connect=mm2s_1.s0:ai_engine_O0.DataInL1_0

stream_connect=mm2s_1.s3:ai_engine_0.DataInlL1_3

stream_connect=ai_engine_0O.DataOutLl1_O:activation_1.x0

stream_connect=ai_engine_O.DataOutLl_15:activation_1.x15

stream_connect=activation_1.y0O:ai_engine_0O.DataInL2_0

stream_connect=activation_1.y31:ai_engine_0O.DataInlL2_31

7



22

23

24

/* Connect the output of the 2nd Conv layer with the 2nd Activation layer x*/

stream_connect=ai_engine_O0.DataOutL2_0O:activation2_1.x0

stream_connect=ai_engine_0.DataOutL2_127:activation2_1.x127
/* Connect the output of the 2nd Activation layer with the 3rd Conv layer */

stream_connect=activation2_1.y0:ai_engine_0.DataInL3_0

stream_connect=activation2_1.yl5:ai_engine_0.DataInL3_15
/* Connect the output of the 3rd Conv layer with the PixelShuffle layer x*/

stream_connect=ai_engine_0O.DataOutL3_0:pixelshuffle_1.x0

stream_connect=ai_engine_O.DataOutL3_15:pixelshuffle_1.x15
/* Connect the output of the PixelShuffle layer with the s2mm datamover */

stream_connect=pixelshuffle_1.y0:s2mm_1.s0

Listing 4.16: System configuration file

The frequencies defined are the maximum frequencies that the PL kernels can afford. The stream_connect
option defines AXI4-Stream connections between the ports of the Al Engine graph and the stream-
ing ports of the PL kernels.

4.2.4 PS Code: The Host Application

Our design uses the embedded processing system (PS) as an external controller to orchestrate
the data movements between the Al Engine graph and PL kernels. The PS host application is
written in C/C++, using API calls to control the initialization, running, and closing of the AI
Engine graph and the PL kernels. In Linux operating systems, the ADF API controls the Al
Engine graph. The Xilinx Runtime (XRT) API is used to control PL kernels. However, Xilinx
provides an OpenSource XRT C/C++ API that can also be used for controlling the execution of
the AI Engine graph, when programming the host code for Linux.

Thus, the PS host application (host_xrt.cpp) does the following:

- Includes all the necessary header files for the XRT C API control flow.

Includes the graph.h file and instantiates a layersGraph ADF graph object.

- Opens the device and loads the XCLBIN binary file:

const char* xclbinFilename = argv[1];
auto dhdl = xrtDeviceOpen (0);

auto xclbin = load_xclbin(dhdl, =xclbinFilename) ;

auto top = reinterpret_cast<const axlf*>(xclbin.data());

- Allocate buffers for input data and results in global memory and initializes the input data
in global memory:

1 xrtBufferHandle in_bohdl0 = xrtBOAlloc(dhdl, input_size_in_bytes, 0, 0);
> auto in_bomapped0 = reinterpret_cast<float*>(xrtBOMap(in_bohdl0)) ;
3 memcpy (in_bomapped0O, input_img, input_size_in_bytes);

5 xrtBufferHandle out_bohdl = xrtBOAlloc(dhdl, output_size_in_bytes, 0, 0);
6 auto out_bomapped = reinterpret_cast<float*>(xrtBOMap(out_bohdl));

- Opens the PL datamovers and obtains kernel handles. Then, obtains the corresponding run
handles, set the kernels’ arguments and starts the kernels:
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xrtKernelHandle mm2s_khdl = xrtPLKernelOpen(dhdl, top->m_header.uuid,

,"mm2s :{mm2s_1}");
xrtKernelHandle s2mm_khdl = xrtPLKerneleen(dhdl, top->m_header .uuid,
1 ,"s2mm:{s2mm_1}");

¢ xrtRunHandle mm2s_rhdl = xrtRunOpen(mm2s_khdl);

7 int rval = xrtRunSetArg(mm2s_rhdl, O, in_bohdl0);

s rval = xrtRunSetArg(mm2s_rhdl, 5, INPUT_TILE_SIZE);
o rval = xrtRunSetArg(mm2s_rhdl, 6, NO_IMAGES);

11 xrtRunHandle s2mm_rhdl = xrtRunOpen (s2mm_khdl);
12 rval = xrtRunSetArg(s2mm_rhdl, O, out_bohdl);

13 rval = xrtRunSetArg(s2mm_rhdl, 2, OUTPUT_IMG_LENGTH) ;

15 xrtRunStart (mm2s_rhdl);
16 xrtRunStart (s2mm_rhdl);

- Opens the graph, obtains handle, resets and executes the graph:

1 adf::registerXRT (dhdl, top->m_header.uuid);

3 auto graphHandle = xrtGraphOpen(dhdl, top->m_header.uuid, "mmul_graph");
5 int ret = xrtGraphReset (graphHandle) ;

7 ret = xrtGraphRun(graphHandle, GRAPH_ITER_CNT) ;

- Waits for the datamovers’ execution to finish and closes the run and kernel handles:

1 auto state_mm2s = xrtRunWait(mm2s_rhdl);

auto state_s2mm = xrtRunWait (s2mm_rhdl);

xrtRunClose (mm2s_rhdl);
5 xrtKernelClose (mm2s_khdl) ;
6 xrtRunClose (s2mm_rhdl) ;
7 xrtKernelClose (s2mm_khdl) ;

- Verifies the output results and releases the allocated resources:

1 xrtBOFree(in_bohdl0);
xrtBOFree (out_bohdl) ;

xrtGraphClose (graphHandle) ;

¢ xrtDeviceClose (dhdl) ;

In addition to the PS host application, the Al Engine control code must also be compiled.
This control code (aie_control xrt.cpp) is generated by the AI Engine compiler when compiling
the AI Engine design graph and kernel code. The AI Engine control code is used by the PS host
application to do the following:

- Control the initial loading of the AI Engine kernels.

- Run the graph for several iterations, update the run time parameters associated with the
graph, exit, and reset the Al Engine tiles.

79



4.3 Hardware-Agnostic Vitis AI Implementation

The ESPCN model was also implemented using the Vitis Al software, which can automatically
compile several different neural network models to run on Xilinx DPUs. As our baseline CPU
implementation of the network was developed in PyTorch, we will follow the Vitis AI PyTorch
development flow:

Train Dataset Test Dataset |

" Step 0: Training <——
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<__Step 1: Quantization _><——
e e
~
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<__ Step 2: Compilation >
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~ _—-
~ ~
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-
~ -
—~
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|

ESPCN_vck190.xmodel

~
-

< step 3: Run on Target >

Figure 4.8: Vitis Al PyTorch development flow

The Vitis Al software resides into a docker image. The following sections analyze the steps

that the aforementioned flow includes.

4.3.1 Training

The first step is the training and evaluation of the model. We train the ESPCN model again,
with the same configuration as the Google Colab training done for the HW implementation de-
scribed above. The output model is saved as a 'f_model.pth’ file. This will be our floating-point

model.
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4.3.2 Quantization

The Xilinx DPU accelerators execute models that have their parameters in integer format, so,
the next step will be the quantization of the trained, floating-point model. The Vitis AT quantizer
takes this model as input and performs pre-processing (folds batchnorms and removes nodes not
required for inference), and then quantizes the weights, biases and activations to the given bit

width. This tool is included in the vai_q_pytorch python package and should be imported:

from pytorch_nndct.apis import torch_quantizer

To capture activation statistics and improve the accuracy of quantized models, the Vitis Al
quantizer must run several iterations of inference to calibrate the activations. A calibration image
dataset is, therefore, required. After calibration, the quantized model is transformed into a DPU
deployable model, or else an XMODEL file.

model = Net(upscale_factor).to(device)

; model.load_state_dict(torch.load(os.path.join(float_model,’f_model.pth’)))

5 quantizer = torch_quantizer (quant_mode, model, (rand_in), output_dir=quant_model)

quantized_model = quantizer.quant_model

test_set = get_test_set(upscale_factor)

test_loader = torch.utils.data.DatalLoader (dataset=test_set,
batch_size=batchsize,
shuffle=False)

test (quantized_model, device, test_loader)

if quant_mode == ’calib’:
quantizer.export_quant_config ()
if quant_mode == ’test’:

quantizer.export_xmodel (deploy_check=False, output_dir=quant_model)

Inspector

Before quantizing the floating-point model, we can optionally use the ”inspector”. The inspector
is a tool provided by Vitis AT used to inspect the model before quantizing it. Inspector will output
the device mapping information, indicating which operators will run on which part of the hardware
platform, on the DPU or on the CPU. Principally, DPU is faster than CPU, so the optimal will
be to run as many operators as possible on DPU devices. The output for the ESPCN model in a
PNG format, reports:
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type:input
name:Net:input_0
assigned device:dpu
out shape:[(1, 16, 16, 1)]

type:convZd

name:Net::Net/Conv2d[convl]/168
assigned device:dpu

out shape:[(1, 16, 16, 64)]

/ type:tanh
' name:Net::Net/Tanh[tanh}/input.3
assigned device:cpu
out shape:[(1, 16, 16, 64)]

e e

type:conva2d

name:Net:Net/ConvZd[conv3]/188
assigned device:dpu

out shape:[(1, 16, 16, 32)]

assigned device:cpu

type:tanh
< name:Net::Net/Tanh[tanh]/input \

out shape:[(1, 16, 16, 32)]
s s

type:conv2d
name:Net::Net/Conv2d[conv4]/208
assigned device:dpu

out shape:[(1, 16, 16, 4)]

type:pixel_shuffle
name:Net::Net/PixelShuffle[pixel_shuffle]f210
assigned device:dpu

out shape:[(1, 32, 32, 1)]

Figure 4.9: Inspector’s output

As we can see the Tanh operation is not supported by the DPU and it is assigned on the CPU.

Therefore, we will have to implement it separately in the application code.

4.3.3 Compilation

Xilinx Intermediate Representation (XIR) is a graph-based intermediate representation of the
Al algorithms which is designed for compilation and efficient deployment on the DPU. The XIR-
based Vitis AI compiler (vai_c_xir) takes the quantized model as input and after transforming it
into the XIR format, it applies various optimizations to the graph. Then, breaks up the graph into
several subgraphs on the basis of whether the operation can be executed on the DPU or not. For
the DPU subgraphs, the compiler generates the instruction stream and attaches to it. Finally, the
optimized graph with the necessary information and instructions for the Vitis AT Runtime (VART)

is serialized into a compiled XMODEL file.

4.3.4 Run on Target

To run the application on the target VCK190 board, we need to copy the input images,
XMODEL and application code on it. The application code is written in Python and implements
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the following functionality:

- Opens the input XMODEL, deserializes it into a XIR graph object and gets a list of sub-
graphs:

1 g = xir.Graph.deserialize (model)

N

subgraphs = g.get_root_subgraph().toposort_child_subgraph ()
: dpu_subgraphO = subgraphs [0]

6 dpu_subgraph6 = subgraphs [6]

- Creates the DPURunner objects that control the execution of the subgraphs that will run

on the DPU:
1 dpu_1l = vart.Runner.create_runner (dpu_subgraphl, "run")
2 dpu_3 = vart.Runner.create_runner (dpu_subgraph3, "run"
3 dpu_5 = vart.Runner.create_runner (dpu_subgraph5, "run")

- Pre-processes the input images, i.e., convert the images to the YCbCr representation and
keeps only the Y channel.

- Gets the input and output tensors from the DPURunner objects and initializes appropriately
the batch size supported by the DPU target on-board and the output tensors:

1 inputTensor_1 = dpu_1l.get_input_tensors()

N

outputTensor_1 = dpu_1.get_output_tensors()

inputTensor_3 = dpu_3.get_input_tensors ()
1 outputTensor_3 = dpu_3.get_output_tensors ()
5 inputTensor_5 = dpu_5.get_input_tensors()
¢ outputTensor_5 = dpu_5.get_output_tensors ()

s input_ndiml = tuple(inputTensor_1[0].dims)
o output_ndimil = tuple(outputTensor_1[0].dims)
10 input_ndim3 = tuple(inputTensor_3[0].dims)
11 output_ndim3 = tuple(outputTensor_3[0].dims)
12 input_ndim5 = tuple(inputTensor_5[0].dims)
13 output_ndimb5 = tuple(outputTensor_5[0].dims)

15 batchSize = input_ndimi [0]
17 outl = np.zeros([batchSize,16,16,64], dtype=’float32’)

np.zeros ([batchSize ,16,16,32], dtype=’float32’)
np.zeros ([batchSize ,32,32,1], dtype=’float32’)

15 out3
19 outh

- Initializes with zeros the input buffers and executes the subgraphs:
| execute_async(dpu_1, {"Net__input_O_fix":inputDatal[0], "

Net__Net_Conv2d_convl__168_fix": outl})

inp2 = outl.copy()
i out2 = Tanh(inp2)

¢ execute_async(dpu_3, {"Net__Net_Tanh_tanh__input_3_fix":out2, "
Net__Net_Conv2d_conv2__188_fix": out3})

¢ inp4 = out3.copy ()
9 out4d Tanh (inp4)
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execute_async (dpu_5, {"Net__Net_Tanh_tanh__input_fix":outd4, "
Net__Net_PixelShuffle_pixel_shuffle__210_fix": outb5})

nn_out = out5.copy()

Note here that the Tanh functionality is implemented separetely to run on the CPU:

def Tanh(xx):
x = np.asarray( xx, dtype="float32" )
t=(np.exp(x)-np.exp(-x))/(np.exp(x)+np.exp(-x))

return t

Post-processes the output and calculates the achieved PSNR.
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Chapter 5

Experimental Evaluation &
Results

This Chapter is dedicated to the evaluation of the proposed implementations. This evaluation

takes into consideration three metrics:
- Image Quality
- Latency & Throughput
- Power Consumption

The following sections will provide detailed information about how the evaluation took place,
present the results and discuss the overall performance, based on each one of the aforementioned

metrics.

5.1 Image Quality Results

The ESPCN model was evaluated using the PSNR metric, as defined in 1.3.3. The evalua-
tion dataset was the Setb dataset, consisting of 5 images (“baby”, “bird”, “butterfly”, “head”,

“woman”) commonly used for testing performance of Image Super-Resolution models.

(c) Butterfly (d) Head (e) Woman

(a) Baby

Figure 5.1: Setb images.

In order to prepare the 16 x 16 image required for the model’s input, we take a 32 x 32 crop
of an ”interesting” part of the dataset’s images and then use the resize() function from OpenCV
to perform a bicubic downscaling with a factor of 2. The following table summarizes the PSNR

results in dBs for the three available implementations:
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Table 5.1: PSNR Results

Image CPU HW-Specific Vitis AI Implementation
Implementation Implementation
baby 24.58 dB 24.56 dB 17.11 dB
bird 27.62 dB 27.55 dB 15.49 dB
butterfly 22.78 dB 22.77 dB 12.42 dB
head 30.74 dB 30.61 dB 14.37 dB
woman 26.14 dB 26.10 dB 15.94 dB

As we can see, our custom, hardware-specific implementation achieves great results, really
close to the CPU baseline, with a maximum deviation of about 0.4%. This deviation is due to
the LUT-based implementation of the Tanh activation function. The Vitis Al implementation
on the other hand, has an overly bad performance. Although we expected some degradation in
accuracy due to the quantization step, the deviation here is huge. Xilinx provides a disclaimer
stating that ”For some networks such as Mobilenet, the accuracy loss might be large”. However,
fast fine-tuning algorithms or quantization aware training (QAT) are recommended to possibly

improve the accuracy of quantized models.

In the table below we present the image quality results. The HR Images indicate the target
images, that are a 32 x 32 crop of the original images presented in figure 5.1. The CPU SR images
are the baseline software model’s output, the HW SR images are the output of the proposed
hardware-specific implementation, while the VAI SR images are the Vitis-Al output images. At
this point, the author wants to put a disclaimer that, due to the small image dimensions even the
HR target images are not fulfilling the human visual expectations. Limited to so small images we
present this results only as a proof of concept.

Table 5.2: Image Quality Results

CPU SR Image | HW SR Image | VAI SR Image

i
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5.2 Latency & Throughput Results

In order to compare the performance of the implementations present in this thesis in terms of
execution time, we consider only the inference time. For the CPU baseline we execute the evaluation
script on the dual-core Arm Cortex-A72 processor present in the PS part of the VKC190 board
(section 2.2.3). To measure the inference time we use the time Python package:

import time

start = time.time ()
out = model (input)

end = time.time ()

total = end - start

Using the same package we are going to measure inference time on the Vitis Al implementation
too:

start = time.time ()

execute_async (dpu_1, {"Net__input_O_fix":inputDatal[0],
"Net__Net_Conv2d_convl__168_fix": outl})

inp2 = outl.copy()
; out2 = Tanh(inp2)

execute_async (dpu_3, {"Net__Net_Tanh_tanh__input_3_fix":out2,
"Net__Net_Conv2d_conv2__188_fix": out3})

inp4 = out3.copy()
out4 = Tanh(inp4)

execute_async (dpu_5, {"Net__Net_Tanh_tanh__input_fix":out4,
"Net__Net_PixelShuffle_pixel_shuffle__210_fix": out5})

nn_out = out5.copy()
end = time.time ()
total = end - start

For the hardware design, we use the std::chrono library:

auto time_start = std::chrono::steady_clock::now();
xrtRunStart (mm2s_rhdl) ;
; xrtRunStart (s2mm_rhdl) ;

ret = xrtGraphRun (graphHandle, GRAPH_ITER_CNT);

auto state_mm2s = xrtRunWait (mm2s_rhdl);

auto state_s2mm = xrtRunWait (s2mm_rhdl);

auto time_stop = std::chrono::steady_clock::now();
std::chrono::duration<double> elapsed_seconds= time_stop - time_start;

To begin with, we measure the inference time for 1 image to determine latency:

Table 5.3: Latency Results

Implementation Latency (ms) | Frames per Second (FPS)
CPU 5,5 181,82
Vitis Al 16,5 60,61
Custom HW-Specific 3,7 270,27
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Also, the diagram below shows the throughput measurements:

Throughput (FPS)

® ARM @ Custom Vitis-AI
600
400
200 =
0
1 5 10 50 100

No. of Images

Figure 5.2: Throughput measurements

The first thing to notice here, is that the Vitis Al implementation has a significantly lower
performance compared to both the CPU baseline and the hardware implementation regarding the
system’s latency. This is an expected behaviour due to the Tanh incompatibility with the DPU.
As described in Section 4.3, to implement the network the Tanh operation was assigned to the
CPU. Thus, the back and forth between the DPU and the CPU brought a great overhead in the
performance of the design. However, the Vitis Al implementation’s throughput scales better than
the CPU baseline, not exceeding of course the hardware design’s performance.

The custom, hardware-specific implementation on the contrary, is performing really well, both
in terms of latency and throughput. We gain approximately a 1,5x speedup compared to the CPU
baseline and 4,5x compared to Vitis Al when speaking about latency. Furthermore, as figure 5.2
shows, our implementation outperforms both CPU’s and Vitis’ Al throughput, reaching 518 FPS.

5.3 Power Results

Power efficiency is an important aspect, especially for edge applications. Xilinx has released a
power tool designed to showcase the power features of the Versal ACAP devices. It is called Power
Advantage Tool (PAT) and consists of:

1. The poweradvantage.py Python library that provides a portable power measurement system

2. A Jupyter Notebook Python code named power_advantage_tool.ipynb that provided extend-

able usage examples of the poweradvantage.py library.

The PAT comes pre-installed as part of the Board Evaluation and Management (BEAM) tool.
BEAM is a web-based GUI application connected to the System Controller’s webserver that allows
users to monitor and control the board by taking measurements or modifying parameters such as

clocks, voltages or power.

88



To test the power consumption of our application we utilize the PAT, using its Jupyter Notebook
code. We can take measurements from different power domains and power islands on the board.
We choose to measure the total power consumption to make an overall evaluation and the power
cosumption of the PL power domain that includes the programmable logic, PL GTs, the coherent
PCle module (CPM4) and the AI Engines. We modify the design to run for 500 images in order to
have a sufficient AIE running time to measure power. We also modify the given code to increase

its sample frequency and plot the total power:

from poweradvantage import poweradvantage

import time

5 pa = poweradvantage ("VCK190", "SC")

df = pd.DataFrame ()

name = pa.getname ()

for i in range (400):
dt_object = datetime.fromtimestamp(datetime.timestamp(datetime.now()))
power = pa.getpower ()
df0 = pd.DataFrame.from_records (zip (*power),columns=name, index=[0,0,dt_object])
df = df.append(df0.iloc[[2]].copy())

5 df _total=df.sum(axis=’columns’)

; figure(figsize=(16, 6))

plt.plot (df_total)
plt.show ()

The power measurement takes place in line 11 and the time required for 1 iteration is ap-
proximately 0,04 seconds. We perform 400 iterations so we have approximately 16 seconds of
measurements. We execute the above code and run our application 4 times on the board. Each
inference for 500 images takes 0,98 seconds for the HW-specific implementation and 1,3 seconds
for the Vitis Al implementation, so the 16 seconds for measurements are more than enough. The

power diagrams we get are the following:
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Figure 5.3: Power measurements.

In the 5.3a diagram we can see 4 spikes that correspond to the 4 executions of our HW-specific

application. Respectively, the 4 executions of the Vitis Al application correspond to the 4 curves

observed in the 5.3b diagram.

First of all, we can observe that no power management techniques (like clock-gating) are present

by default on the board. In both cases we don’t have extreme deviations from the idle state’s power,
especially in the AI Engines (PL domain). It is also noticeable that when the DPU is present on
the board the total power is a bit higher.
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5.4 Resource Utilization

Using the vitis_analyzer tool we can inspect the resource utilization on the PL, from the PL

kernels, and using the XPE (Xilinx Power Tool) we can do the same for the AT Engine:

Utilization

PL Stream
NoC Stream

Figure 5.4: Al Engine Resource Utilization
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Resource Utilization Available Utilization %
LT 92654 899840 10.30
LUTRAM 13474 449920 2.99
EE 136430 1799680 7.58
BRAM 341.50 867 35.32
URAM 81 463 17.49
DsP 30 1968 1.52
1o 382 692 55.20
BUFG 15 980 1.53
MMCM 2 12 16.67

Figure 5.5: PL Utilization

Regarding the AIE utilization we must note that regarding the AIE Array, as described in
4.2.1.4, 16 + 128 x 2 + 16 = 288 AIE tiles are utilized for memory purposes. Although, there is
still room for more aggressive parallelization. In addition, we achieve low resource utilization on

the PL to also be able to increase the PL clock frequencies.
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Chapter 6
Epilogue

6.1 Conclusion

This thesis was an initial attempt to explore and leverage the capabilities of one of the Xilinx
Versal ACAP devices in order to tackle the challenges of Al inference on the edge. Along with the
Versal ACAP devices, Xilinx also launched Vitis Al, a development environment with a specialized
toolkit to automate the design process of ML applications on such devices. On this end, our
application scenario was the acceleration of an image super-resolution (SR) deep learning model
on the VCK190 board with both a hardware-specific and a Vitis Al implementation. The image
SR is a computer vision task of great importance if anyone considers its numerous real-world
applications. The selected model was the ESPCN model, an efficient sub-pixel convolutional neural
network.

The proposed, hardware-specific implementation covered all three major parts of the Versal
ACAPs, that is, the AT Engines (AIE), the Programmable Logic (PL) and the Processing System
(PS). In this manner, the best of these three worlds were combined to give an efficient, accelerated
model. More specifically, this design achieved a throughput of about 518 FPS for 500 16 x 16
input image with a latency speedup of 1,49x and 4,46x compared to the CPU baseline and the
Vitis Al implementation respectively. The loss in PSNR compared to the baseline model was only
0,4% due to the Tanh LUT-based implementation. On the Vitis Al implementation, the network
was INT-8 quantized and divided between the DPU (an optimized IP designed by Xilinx for the
Versal ACAPs) and the CPU. The need for data transfers between these two cores, finally imposed
a significant performance loss, added to the image quality losses due to quantization.

On a final note, the trade off between hardware-abstraction and performance remains. In
this thesis, we concluded that the performance gains came with a design that required labor and
hardware expertise. However, as David Patterson quotes ”the last 50 years of computer architecture

show that raising the HW/SW interface, architecture opportunities are created”.
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6.2 Future Work

As previously stated, this thesis also had an exploratory facet. Thus, there is still plenty of

room for improvements. The author’s suggestions are:
1. For the hardware-specific implementation:

- Modify the design to work for larger images.
- Quantize the network to INT-8 to save resources and increase the MACs/cycle.

- More exhaustive design space exploration for the tiling scheme in order to achieve high

performance and save resources.

- Explore different approaches for the matrix multiplication (Mmul) partition on the AIE,
to pursue further throughput scaling and less resource utilization

- Experiment with larger AXI4 stream widths to improve the communication between
the AIE and the PL.

- Try to increase the PL frequency or use more resources.
2. For the Vitis AI implementation:

- Perform fine-tuning or/and quantization aware training to possibly increase the perfor-

mance of the quantized model.

- Implement the Tanh activation layer in the programmable logic instead of the CPU to

examine potential performance gains.
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