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ITepiindm

Tao teheutalo YpovLa, AVUBUOUEVES EQURUOYES LOTOD OTIKC 1) AVIAUCT) UEYIAWY DEDOUE-
VOV, €0Lv aLENoel o8 onuavTxo Bodud To PoETo EpYasias TV XEVTPWY BESOUEVMV.
To 2015, n cuvolxy| xivnon cTo dixTVO TV XEVTPWY dedouévwy Htav mepinou 4,7
Exabytes xon extudrton 611 péypl tor TéAn tou 2018 Ya Eemepdoetl ta 8,5 Exabytes.
Ov auavoueveg amautioel; 600V a@opd TNV anddocT TwWV CUCTAUATKLY, 00V YNnoay
TIC €ToUPEleg 0TO Vo Yopd&ouv Véa povordtia. (dc ex TouTou, dpyloav Vo eupaviCo-
VIOl OTA XEVTPA OEDOUEVMV CUC THUATA ETEQOYEVIV OQYLTEXTOVIXWOV TOU OLrdéTouY
EVOWUATOUEVOUG ETEEERYUTTES XOU ETUTUYUVTES ETAVATROYEUUUATICOUEVNS AOYIXNAC
(FPGASs). Me autév tov tpdm0, 0 @pbpToc epyaoios unopel va dopolpao tel xou Uépog
autol va anogoptwlel o FPGAs 1| o evowpatwuévoug enelepyaotéq.

I o oxond auto, apywd Yo eyxatac tiocouue to Apache Spark, éva npdypauua ye-
vixoU oxonol, aviextind ot o@dhuato (BtxTioU XAT.), XU EVPEMS YENOULOTOLOVUEVO
GTOV YWPEO TNS AVAAUCTS HEYAAWY BEBOUEVWY, GE TRl EVOWUATOUEVO CUC THUAT: TO
Raspberry Pi 3, to DragonBoard 410c xou to PYNQ-Z1. ©a nopoucidoouue dha ta
Briwato authg TN Saduxaciog xadme xon OAeg TiC anopaltnTe puduicelc oTC onoleg
TEOPBAXOE.

2N cuvéyela, Yo ONULOVEYNOOUUE EVA GUUTAEYUN CUCTNUATOY ETEQOYEVOUS dp)L-
TeExTOVIXNG, To omolo Vo amotehelton and téooepeic PYNQ-Z1 xéufouc xan évav
Baclouévo otny Intel apyttextovinn. Oo avadel&oupe dho T amapalitnTo BroTor xou
Tig pLIUIOELS YLt TNV EYXATAO TaoT TOL Spark 610 CUYXEXELIEVO GOUTAEYUA, EVE O T
cuvéyela Yo TopouctaoTel Vol TPOTEWOUEVO OYNUA, OCTE OL EQuPUOYES Tou Spark
VO XEVOLY YENOT ETUTAYLVTOV VA0, xadmg xou éva cUvoho BiAodnxoy mou Yo

ATOXEUTTOLY T1] YAUNAOD EMUTEDOU ETUXOVWVIOL UE TOV ETUTUYUVTH.

Y10 teheuToo XOUUATL TN BIMAUATIXTS Epyaciag, apyixd Yo BIEQEUVACOUUE TIC BU-
VOTOTNTES TWV EVOWUATWUEVWY GUC TNUATWY OV YENCLOTOLACUUE, AUBAvOVTaC Ue-
TENOELS Yia TO YeOVO exTEAECTC EVOC GLVOAOL ahyoplluwy Yia eneepyasia Yedpwy

(graph processing) xou pnyavixfc exuddnone (machine learning), evéd otn cuvé-

X



yew Vo yivel mepoutépry cUYXELON TNG AMOBOCTE XL TNEG EVERYELOXNC ATMOBOTIXOTY-
TaC ®GUE CUCTARATOSC UE EVaY «LoYLEOY, and drodr anddoong, e&unneetnty. Téhog,
TO TPOTEWOUEVO OYNAUO YL TNV YENON EMToLUVTOV LAX00, Yo alloloyniel yen-
CUIOTIOLVTAC Uidt EQUPUOYY| Tou avixel otoug machine learning olyodprduoug xon
O CUYXEXPWEVA OE €V GEVARLO YENONG TOU aAYORWIUOU AOYIoTIXC TAAWVOROULONS
(logistic regression).

H cuvoluny| a&lohdynon Selyvel 6Tl YEVIXA O YEOVOG EXTEAEGTC GTO EVOWUATWOUEVA
ouo ThudTa etvon 6,2 €ng 13 popéc uPMAdTEROC O GUYXELON UE VOV TUTIXO eEUTTEE-
T %€VTPoL dedouévwy. 201000, galveTon Vo €youv Tepinou 2 - 3,5 popéc xohiTepn
evepyeloy| anddoor. Emmiéov, to mpotewvouevo oyfua Yo T ¥eron TwV ETLTOY -
vIwv UAxoU oto Spark, delyver 6t to PYNQ-Z1, nou Baocileton 670 £Tep0YEVES
ZYNQ MPSoC, umopel va emtiyel puéypt xar 2 gopéc xaADTERO YPOVO EXTENEOT
oe cUyxplom Ue éva cbotnua Xeon xou 18 @opéc xahltepn evepyeloxy| anddoor). Ei-
OWXSL VIOl EVOWUATWHUEVES EQUPUOYES, TO TEOTEWVOUEVO Oy AU UTOEEL Vo ETITOYEL €WG
xa 36 Popéc *ANDTEQO YEOVO EXTENECT|C OE GUYXPELOT] UE TAL ATOTEAECUAT AT TNV
EXTENEDT| OE EVOOUATWUEVOUS ETEEEPYUO TEC YaUNATC toylog (6Twe oL enelepyaotéc
ARM) xou 29 @opéc younhdTERN XATAVIAWDGT) EVEQYELAC.

A€&eig xAhedid: Apache Spark, unyovixr exudinom, emtoyuvtég VA0, avdiuon
HEYSAWY BedoUEVwY, eEvonuatwuéva cucthata, Raspberry Pi 3, DragonBoard 410c,

PYNQ-Z1



Abstract

Emerging web applications like big data analytics have significantly increased the
workload on the data centers during the last years. In 2015, the total network
traffic of the data centers was around 4.7 Exabytes and it is estimated that by
the end of 2018 it will cross the 8.5 Exabytes mark. The growing demands both
in performance and energy efficiency, have led companies into charting new paths
for developing energy-efficient platforms for heterogeneous datacenters, therefore
they recently started deploying FPGA accelerators and further offloading part of

the workload to embedded processors (i.e. ARM processors) at a datacenter scale.

For this reason we are going to first map Apache Spark, a widely used, fault-
tolerant and general-purpose cluster computing framework on several embedded
systems including Raspberry Pi 3, DragonBoard 410c and PYNQ-Z1. We present
the whole procedure of mapping and deploying Spark on the embedded devices

along with any necessary configurations.

Subsequently, we are going to create a heterogeneous cluster consisting of four
PYNQ-Z1 nodes and a typical Intel based one. Next on, we will go through all the
necessary steps and configurations for deploying Spark on the implemented cluster.
Then, a proposed framework for the seamless utilization of hardware accelerators
for Spark applications will be presented, as well as a set of libraries to hide the
accelerator’s low-level details, simplifying in this way the incorporation of hardware

accelerators in Spark.

In the last part of the thesis, we are going to first explore the capabilities of the
embedded platforms we used, by taking execution metrics using a set of typical
machine learning and graph processing algorithms and further comparing the
performance and energy efficiency of each system with a mainstream powerful
server. Finally, the proposed framework is evaluated in a machine learning
application for a use case scenario on logistic regression. The overall evaluation

shows that in general the execution time on embedded systems is 6.2x to 13x

x1



higher compared to a typical datacenter server but the embedded platforms are
2x - 3.5x better in terms of energy efficiency. On the other hand, the proposed
framework for the utilization of hardware accelerators in Spark shows that PYNQ’s
heterogeneous accelerator-based ZYNQ MPSoC, can achieve up to 2x system
speedup compared to a Xeon system and 18x better energy-efficiency. Especially
for embedded applications, the proposed framework can achieve up to 36x speedup
compared to the software only implementation on low-power embedded processors
(ARM processors) and 29x lower energy consumption.

Keywords: Apache Spark, machine learning, FPGA accelerators, big data
analytics, embedded systems, Raspberry Pi 3, DragonBoard 410c, PYNQ-Z1
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Ewoaywyn

1.1 Movtépva Yuvotipata xo Egopuoyeg

Me tnv mdpodo Tou }pdévou, xdUe ETLOTAUY XAl EBXOTNTA YENOWOTOLEL TNV TEYVOAO-
yio vl var tpoywernioel otny eniteudn VEwv otoywyv. Elte mpdxeiton yio aypotes, yia
OWXOVOULXOUC AVOAUTES 1| TROYQRUUUATIOTEC UTOAOYLOTWY XTA., OAOL YENOLWLOTOL00Y
CUCTAUATA TOU TOUS Bonioly Vo BLEXTEQULWMVOUY TN XOUUATL TNG EQYACLOG TOUSC OF

ULXEOTEQO YEOVIXO BLACTNUA XAl UE ALYOTEQO XOTO.

‘Etot, undpyel plo auoavouevn {ATNom 6Ty eVoWUATOoT) atoUnTAEMY X0t GAAGDY NAE-
ATEOVIXWY OTOoElWwY 0 oyeddV xdle cUCTNUA, UE OXOTO TO CUCTAUNTH QUTY Vo
UTOPOVY VO ETUXOWVWVOUY UETAED TOUC XOL VO UTOPOVY VO GUAAEYOLY XS XaL VoL
avtaAAdocouy dedopéva. To Bladixtuo amd Tnv dAAN Theupd, €xel aANdEel plixd Tov
TEOTO Ue ToV oTolo emxowvwvolue xal epyalouacte. Ta odyypova cucThuaTa Yernot-
OO0V TO BLABIXTUO YLt VL ETUXOLVWVOUY UETAED TOUS xardS o YL va Lotpdlovto
Vv eneéepyacio dlapdpwy epyactidy Tou Toug avatidevton. Axoun, to diadixTuo yern-
owonoLleitan xou wg o UeYdAn Bdon dedouevwy, Tou Tapéyel TANEOYORlES Yo OYEDOV

oTwNToTE Umopel xavelc vo pavtac Tel.

Aofdvovtag unddy Tar TapATEVE, AVUBUOUEVES EQPUOUOYES OTWC 1) AVEAUCT) UEYd-
v dedopévwy xan to Internet of Things (IoTs) anmoutolv woyved cucThUNTA TOU
unopolV va eneepydlovTal UEYEAO OYXO BEBOUEVLY, YWEIC VO XATAVIADVOUY TOAIN
evépyeia. Autég oL eqapuoYEg yeeldlovTal Yeryoen eunopixt| oaflomolnon xou Wxeod
Yeovo avantuéng. 'Etot, yio TV avTHETOTION TV UEYIAWY amouTHoewy enelepyaotiog
TWV AVUOUOUEVWY EQUPUOYRYV, ATOUTOUVTAL TEWTOTUTES URYLITEXTOVIXEC GTOV TOUEN

v UPMAAC anddoong xou evepyelaxd amodoTixwy enciepyao Tty [1].
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1.2 Meydra d=dopéva (Big Data)

‘Onwe galveton oty TeonyolUevn evOTNnTa, T 60YYEOVA GUC THUATA XAk OL EQUPUOYES
elte mopdyouv eite ypetdlovton TOANS Bedouéva ELGOBOU, YEYOVOS TIOU oG 0By NoE
vo. opiooupe éva véo 6po, Ta ueydha dedopéva (big data). Q¢ peydha dedopéva,
oplCovtan tor cUvola dedouévwy tor omola efvar 1600 Ueydha 1§ TOAUTAOXA, TOU Ol
ToEaBOCLaXES EQapUOYES eneepyaciac OEBOUEVLV BEV UTOPOVY VAl TA YELPLOTOUY Xl

va T enegepyactoly [2].

DATA GROWTH

40
X axis: Year

¥ axis: Global data

35 Unit of measurement: Zettabytes
1ZB =1,000' bytes

30

25

20
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207
2018
2019

]

Yyhuo 1.1: Meydho Aedoyéva [3]

"Etot, undpyouv TOAEC TPOXANOELS OTWC 1) XATAYRAUPY|, 1) ATOFAXEVCT), 1) AVEAUCT), 1|
eneepyaota, 1 avalAtnon, 1 xown YeNon, 1 UETAPopd, 1 OTTIXOToINGT Xou 1) EVNuE-
PWON TWV DEBOUEVLYV, XaME X TROXANCELS CYETIXG UE TN DLUCPIALCT] TNG TEOGC To-
olag TV TANPOPOELDY TOU AUTA TEPLEYOUY. AXdUT|, XENOUOTOLOUUE TOV 6pO KUEYSAA
dedouévay yio va avopepdolue otar Bedouéva 1 T GUVOA BEBOPEVKY oL eEdyOVToL
and pedodoug nedBhedng, ouumepLpopds xadne xou IANES TEoNYUEVES HEVOBOUS avd-
Auong dedouévwy. Ta cOvoha BedOPEVKRV avanTUGCOVTOL T UTATY, XodWE UTEEYEL
plo mAindodpa cuoxeumy otov xkpeo tou Internet of Things (m.y. xvntéc xou popn-

TéC OUOXEVES, opyEio xaTaypaphc AOYIOWXOU, POTOYRUPIXES UNyavéS X.AT.). Méow
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NG AVAALONG AUTWOV TWV OEBOUEVWY UTOPOUUE VoL XATIANEOUUE OE TOAD GNUAVTIXE
ovunepdopata, vo Beolue GUCYETIONOUE OTa OEBOPEV, Vo XAVOUUE TEOBAEPELS Xou
VO EVTOTUOOUUE TAoELS, XM axoUrn Xl VoL anoTeéPoupe TNy e€dmAnwor ac¥evelny
1 vau Bpolue ANOGELS Yot TOAAG - u€ypl ofuepa - dhuTa TEOoBArUoTaL.

‘Oupwg, 0 TepdoTIog 6YHO0C AUTWY TWV OEBOUEVLY XaiG Td BUGXOAT TN Bloryelpion o
Vv enelepyacio toug. Odnyoluaste €Tol 6Ny AUoT ToU ToESAANAOL UTOAOYLOUOU,

YENOUWOTOLOVTAUC AOYLOULXA ToL OTIOL0L EXTEAOUVTOL OXOUY XL OE YLAMADES OLUXOUO TES.

1.3 ITagdAinia xor Kotavepnueéva JuvoTtnh-

KoLt

To cluster computing, sugavictnxe we plo Aborn 610 TEOBANUA TOU YELRIOUOD XL
e enedepyaociog autol Tou TepdaTiou dyxou dedopévmv. O 6pog cluster avagpépeto
OE L0 OO0 CUCTNUATWY TOU UTOEOVY VoL EXTEAOUY TOEAAATAGL X0l VO XATAUVEUOUV

TIC €pYAOleC o AEITOUPYOUY WC €V EVOTIOLNUEVO CUGTNUN UECW AOYIOUIXOD XL

duxthwone [4].
Amdahl's Law
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Number of processors
Eyhuo 1.2: To povtéro tou Amdahl yia tnv anodotxdtnta Tne xhpdxwong [6]

To cluster Twv UTOAOYLO TGV UTOEOUY VO XUPAVOVTAL AT 800 € EXATOVTADES CUV-

0EdEUEVOL CUCTAUATA, €V LTdEYOLY dLo PBacixl Adyol yia Toug omoloug yiveTow 1|



4 Kepdiaw 1. Eioaywyn

xeron twv clusters. O mpdhtoc agopd oty LPNAA Sroadeowdétnto (High Availability
- HA) yio peyahitepn adlomotio xan o debtepog oto High Performance Computing
(HPC), Yy nepioyéc émou omouteiton peyohltepn unoloylotiny toylc. Lo mopd-
OELYUO, TO ULXES CUUTAEYUATO UTOAOYLOTOV UTopoLY Vo yenolomoindolyv yior T
BeAtlwon e anddoong Tou Lo Tol, o) UTopoly Vo YELRLoTOOY ToRdAANAd TOAAA-
TAEC ELOEPYOUEVES AUTHOELS. ATO TNV GAAT TAELEA, UEYSAA CUUTAEYUOTO UTOPOOY Vo
Yenowomotnioly Yo TNV EXTEAECT] ETUC TNUOVLXWY UTOAOYIOUWMY 1| VLol VoY UEYHAO
aptdud odvietwy ahyopiduwy [5].

Kadde o oustoyiec uvtoloyotdv otov yweo tou HPC peyahdvouv (6c0ov agpopd
TV optiud TV xOULeV TV LToAoYLoTHOV), eupavilovion véec Tpoxhioels, ueTalld
Twv onolwv Peloxovton 1 e€elpeor Moewv Yoo T pelwon e aulavouevng Tolu-
TAOXOTNTAC, XWG XU 1) EAXAYLOTOTOMNGT TNG CUVOMXTG XUTAVIAWONG EVEQYELUS
(ouUTERLANUBAVOUEVWY TNS XATAVEIAWONGS TWV DLAXOPLO TV X0l TNE XATAVIAWONS YLa

POEN TV CUCTNUATWY X.AT.).

1.4 EVOWUATWUEVA VO THUATL

O ébpoc evowparwpévo ovoTnua avagépeTal o €val GUCTNUA UTOAOYIOTY| TOuU €YEL
oyedlaoTel yior var emitehel plor cuyxexpldevn Aertoupyia xan cuvidwg Beloxetan to-
To¥eTNUEVO U€oa OE Vol UEYANDTEPO Unyovixd 1 Nhextexd clotnua [7].

Yug uépeg pag, o €vay XOoUO «EEUTVWVY - ATOXAAOVUEVKY - GUOXEUWY, TA EV-
COUATOUEVR GLUCTHUATA UTtopoly va Beedolyv avtol. O Blounyavixés unyavée, ot
YEWPYIXES XU PETATONTIXEC CUCKEVES, T AUTOXIVNTA, O LoTeixog e€omAlouds, oL
XAUEPES, Ol OLXLAXES CUOHEVES, TO AEQOTIAAVAL, OL UNYAVES AUTOHATNG TWANONG, To
Ty vidlo, xodde xaw oL xvnTéC cuoxeLég elvon dheg umodrpleg Tonodeaieg yio Eva
evouuatwuévo cbotnua [7]. Xapaxtneilovto and to wxped toug péyedog, 0 younii
XATAVAAWGT] EVEQYELNG XAl TO YAUUNAG TOug x6GTOC avd povada. 20T6c0, YapoxTn-
cllovtar xou amd TOUG TEPLOPLOUEVOLS BlaéaLuoug Topoue eMedepyasiag, YEYOVOS
TouU XHOTE TOV TEOYEOUUATIONS TOUS ot TNV olAnAenidpaot) pall Toug pio eninovn
odwactia. Ol TpoYpoUATIO TEC UTOAOYLO TGV ol OL UNyavixol oyedlacuol elval avo-
yxoaopévol va mpofalvouy oe OAeg TG BUVITEG BEATIOTOTOACEL TOGO GTO XOUUATL
TOU AOYLOWXOU OGO X0l GE AUTO TOU UAXOU, TROXEWWEVOU VO TETLUY AVOLUY TAUTOYEOVAL

YOUNAY) xaTovaAwo evépyeLag xat LYNAY amddoon.
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Yyfua 1.3: Méyedog tng ayopds EVOWUATWUEVKDY CUCTNUATWY oy Evpnny, avd
epopuoyn, 2012-2023 (exatoppdpta Sohdpia) [§]
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Yyfuo 1.4: H AMD emonuaivel tnv geAhovTiny avdntuln tng ayopeds EVOWUATWUE-
VoV U TNUSTWY |9

Télog, éva axdun YeTixd TV EVOWUATOUEVWDY CUCTNUATWY EVOL OTL TROCPEROVTOL
yia AOGELG TOU ATATOUY UEY AT XAUAXWOT), Xk TO Uxeo Toug UEYEVOG EVOEXVUTOL
otn onwovpyia yeydhwy clusters mou amoteholvton amd yLlddeg xéuPoug. ‘Etol, ta
YeTixd otoiyelo Tou cluster computing punopolv va cLUVBUAGTOUV UE ToL OQEAT TNG

YOUNATS HATAVAIAWONG EVERYELNC TWY EVOWUATOUEVWY GUC TNUATWYV.
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1.5 FPGAs ota Kévtpa Acdopevmy

Me tov 6po Field-Programmable Gate Array (FPGA) avagepbuocte oe uio emovo-
TEOYPoUTILOUEVT AOYLXY) TOU anoTeAE(Ton and €va ONOXANEWUEVO XUXAWU, CYE-
OLUOUEVO VoL DLUUOPPOVETL UETE TNV XATAOKEVY| TOU AT XATOLOV TEAATN 1) OYEDLAT TY)
[10]. H Swopdppwon evoc FPGA xadopiletor cuvidwe ypnollonotdvTog wa YAOooo
neptypophc VAxoU (HDL). Ané to dvoud tou, dragaiveton étt éva FPGA nepiéyet
ULt OELEd TEOYEUUUIATICOUEVMY AOYIXMY UTAOX X0 Lol LEpaE) (ol ovOBLOLORPOCULWY
OLOVUVOECEMY IOV ETUTPETOUY G T UTAOX VO GUVOEOVTOL UETAEY TOUC, OTIE XAl TIOA-
Ac hoyég TOAEG OV UToEOUY VoL BLcUVOEV0)Y GE BLaPORETIXES dlooppotlg. To
AoYWd umhox UmopoLy va dlopop@wdoly €Tol Ko Te Vo exTEAOLY aOvieTEC GUVDBUN-

oTwég Aertovpyieg 1) va oynuatilouv amiég hoyxéc moieg 6mws ot AND xou oo XOR.

To yeyahitepo mAcovéxtnua twv FPGAs etvon 1) evehiéio toug. Méow tng HDL, uno-
el xavelg ypriyopo vor ulomotoel 1) va enavanpoypaupatiost T Aoyt evoc FPGA
[11]. O HDL x8ixog, petapoptidvetar we xmdxog bit-stream oto FPGA xou o
ouvéyela dnuovpyeitar 1 Aoywer) Tou. AeBopévou OTL 0 XWOLXAC TV TEOYPOUUITL-
TV YeTappdleton o hAoYLx LAXOU, éva dAho TtAcovéxtnua twv FPGASs eivon 1 moA)

uPnAY Toug anddoon xou 1 BlatAeNom NS TOAD YOUNANS XATAVIAWONS EVERYELXS.

Yruepa, T FPGAs yenowwonowdvton vy tnyv eneepyaocio dedouévev aoInthemy
mou Beloxovtal oe auTOXIVNTA, Yol EVOOUATWUEVES BLOUNyavIXEC EQaUpUOYES xardmg
XL YLOL TNV ETUTAYUVOT EQAUEUOYOV OLXTOOU Xl GAAWY EQYACLY OTOU ATOUTOVVTOL
ulmiéc embdboelc xan onuavtix evepyelaxt| anodotxdtnta [12]. Ilopdhinha, ebvou
WBAVLXE YioL T CUC TAUOTO TOU UEAAOVTOC, Tot OTolal amantoly UEYUAUTEQEC UTONOYL-
o TEC BUYVATOTNTES, Ol oTtoleg Vo TOUC EMTEENOUV VoL UTOG TNRICOUY €Val EXTETUUEVO
oUVOhO QOPTWV gpyactag xodC xol TOug UTOXE(UEVOUS eEeMOTOUEVOLS ahYOpL)-
nolg toug. ot mopddetypa, 1 avdAuoT HEYEAWY BEBOUEVWY, 1 Unyovixy| exudidnon,
1 enegepyacio dpaong, 1 YOVBIWUATIXY X.0L., EVOL EQUPUOYES TIOU BEV UTOPOUY Va
EXTEAEGTOUV OO TOL UTHPYOVTOL GUC THUATOL UE Amod0TIXG Xat 0LXovouxd (and drodn
xatavdhwone) teémo [13].

Avutoc ebvon xou 0 Aéyog yio Tov omolo yeydheg etanpeieg 6mwe 1 Amazon, €youv Non
apyloet va ypnowonowoly FPGAs ota xévtpa dedouévwy xou va Twholv unneeaieg

mou Pootlovtar oe autd [14].
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Yo 1.5: EyAua Aertovpylac tov unyavey F1 tne Amazon [14]

1.6 3Xxondéc tnc Epyaociog

Yxondg authc TNg epyactac elvar var BlepeLVYoLY Ol BUVATOTNTES TWV EVOWUATG-
HEVLY CUCTNUATOY XU EMEEERPYAT TV, AoUBAVOVTUC UETENOELS EXTEAEOTC YENOHLO-
TOLWVTAS €Val GUVOAO TUTUIXWV OAYOoRIIUWY Unyovixhc exudinong xou enelepyaoiog
Yoy xon 1 TEpaTépw oUYXELIoT Xdde CUCTAUATOS Yot TNV AELOAOYNOT| TNS CLVO-
AxNC amdBOoTE Xa TNS EVERYELXG oL xatavahwvel. Ereita, Yo yivel plo tpoonddelo
Tpoxelwévou va cuvduac el 1 yeron Twv CPU xaw twv FPGAs xou téhog Yo mporyuo-
TomotnUel plor a&loAOYNOT TV TASOVEXTNUATLV XU TWV UELOVEXTNUATWY TOU EVEYEL
AUTY 1) TEOCEYYION ETEPOYEVOLUS GUO THUATOC.

ITo avaiuTtixd, Baowds 6Toy0g elvar Vo xaTahAEOUUE G GUUTEPAOUOTA XL VoL Ad-
Bouue feedback oyetixd ue T0 €4V Ol EVOWUATWUEVES GUGKEVES X0 OL ETEEERYAOTES
Yo umopoloay vo xepdicouy uia «¥éon xhewiy otov yweo tou HPC A axdun xou
O€ TOMEIG OTOU 1) XATAVAAWGOY) EVERYELXG Elvol O XVPLOG TEQLOPLO TIXOG TOEAYOVTOG.
Ta anoteréopoata auTAC NG a&lohdYNoNg Yo ToEEYOLY TANEOYORIEC OYETXE UE TIC

EMOOCELS, TNV XATAVIAWOT) EVEQYELNG XOUDG XU TIG OUVATOTNTES XAWAXWONG.

CPU CcPU CPU

Mapping > GPU GPU GPU

» FPGA FPGA FPGA

TyAua 1.6: Topdderypa mhatpdpuas eTepoyevols apyttextovixhc [15].

‘Ocov agopd tov etepoyev| utoloyloud (heterogeneous computing), eivar autovo-
NTO OTL TPOXELTAL YL VAV XoUVOURYLO TOPER O OTolog EVEYEL TOMAES TPOXATOELS YLot

NV umohoylo Tixt| xowodtnta. H nopousio torhamhodv otolyelwy enelepyaciog eyelpet
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Ohat To {nrhpaTto Tou oy eTloVTol YE To OUOLOYEVY] CUC THUATO TUEAAANAT G eneepya-
olag, eV To EMUNESO TNE ETEQOYEVELNS OE VO GUC TNUA, UTOPEL Vo Elodyel TpoBAruoto
G TNV OHOLOUOEYPY) AVATTUEY TWV CUCTNUATKY XAl OTIS YENOWOTOLOUUEVES TROXTUIXES
mpoypappotiopol [16]. T autd, Yo undpget pio tpoonddeta dnuovpyioc evoc API
Yo TV ATEOOXOTTY ¥PNOY ETTAYUVIOY LUALX00, Tou Ja Umopolyv Vo yenoULOTOoL-
Y00V 1600 GE EVOWUATWUEVO CUC TAHULATA OGO X0 O EQUPUOYES UE amauTOELS VYNATG
anédoorg onwe to cloud, edge xou fog computing. Eneita, Yo Angdolv yetprioeic
anddooNC CLUYXEIVOVTAC TOV YPOVO EXTENECTC TN TEPIMTWONG OTOU YETOULOTIOLOVVTOL
uoévo ot CPU nuprveg pe authv omou yivetan cuvovaotixt| yenon twv CPU nuprvwy
XL TWY ETUTUYLVTOY UALXOU.

Télog, elvon onuoavtixd va onuewwdel 6Tt to Apache Spark Yo ypnowonomdel té6co
yioe TV alloAdynon twv eneepyao TV youninic woyvog mou Bactloviar e SoC (xou
XENOHLOTOLOVVTAL XURIWS OF EVOOUATOUEVO OLCTAUATA) GO0 X0 YioL TNV TPOCEYYLON
TWV ETEPOYEVOV CLCTNUATWY Tou avapépope. To Spark elvon éva amd to o evEéwg
yenowonowlueva frameworks 6to yweo tou cloud computing, xou nepihaufBdver plo
TANIGEA EVOWUATWUEVLY BIBAOUNXGY XL EQUEUOYKOY TdVL GTIC omoleg Yo Angiody
X0l Ol UETENOELC. 2 TO ENOUEVO XEPIAO Vot EEETACOVUE AVAAUTIXOTEQRO TN AELTOURYL-

x6tnto Tou Apache Spark xadog xou ta Baoind ToU yoEaXTNELC TIXA.



Apache Spark

2.1 Emioxonnon

To Apache Spark anotehel pio toyuer|, 100% avorytod xmddxo unyovi eneepyaociog
mou Booileton oty TaydTNTA, TNV uXOAio YEHoNe xon T eEEALYUEVES BUVATOTNTES
oty avdhuot dedouévmy xau avoartiydnxe oto UC Berkeley to 2009 [17]. ITio avolu-
Txd, To Spark eivan éval yeryopo, Yevixol oxomod xou avexTxo oe o@dipata cluster
computing cOotnua. Hoapéyer APIs udnirol emnédou oe Java, Scala, Python xou R,
xa00¢ xou €vay BEATIOTOTONUEVO Unyaviold Tou UToo TNEllel Yevixd Ty extéleon
Yedpwv. Trootnellel eniong éva mhololo clvoho gpyoheiwy uPnihdtepou emnédou,
onwe to Spark SQL vy SQL xou enegepyacio dounuévwy dedouévwy, tTny BIBAoUHXN
MLIib nou mpoo@épeton yior unyovixs expddnon, to maxéto GraphX yuo eneepyo-
ola ypdpwv xou to Spark Streaming [18]. Enlonc yenowwonoteiton ouyvd pe dhha
gpyahelor yior TNV avdAUCT) UEYSAWY BEBOUEVWY. Luyxexpiuéva, To Spark umopel vo
tpé¢Zel o Hadoop clusters ([19]) xou va éxel tpdofBaon oe onowdrinote Hadoop mnyA

dedopévmy, oupnepthapBavopévou tou naxétou Cassandra [20].

Spark SQL +

MLIib
DataFrames Machine Learning

Streaming

STk

(O(,) Apache Spark IOgO R SQL Python Scala Java

Spark Core AP

(B") To owoocvotnua tou Apache Spark [17]

Yyfua 2.1: To Apache Spark
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And v xuxdogopia Tou, To Apache Spark é€yel yivel amodextd xou yenowonolei-
T and emyelpnoelg o éva cupl @doua Bounyaviwv. H Netflix, n Yahoo xa to
eBay ypnowonowlv 1o Spark oe mohl peydin xhipoxa, enelepydloviog cUAAOYLXA
ToAMamAd petabytes dedouévwv, oe clusters dve twv 8.000 x6uBwv. Télog, Yo Rrov
YEHOWO VO ONUEWDCOUUE OTL AMOTEAEL TO PEYOADTEQO €pYO AVOLYTOD XWOLXO O TNV

enelepyaocio dedoyévwv [17].

2.2 IIAeovextrpoTa

‘Ocov agopd ta mheovexthuata Tou Apache Spark, uropolv va ywelotody o Teelg
Baowxég xatnyoplec: TVTayvTnTa, TNV evxolia yoNnons xa. To YEYovog OTL OAn Tou 1|

Aertovpyotnta Bocileton oe éva evomounuévo mialoto.

2.2.1 ToyvtnTto

H toyOtnra etvon évog mToA) onpavtinds nopdyo-

VIOC 0TO TEd0 TNG AVIAUOTG UEYTAWY Oedoué- @ 120 7110

VOV, OTou 1) enelepyaoior UEYIAWY CUVOALY OE- :Ej Zz ® Hadoop
douévwy onuaivel N dlaopd ueTadl TNg SLadpa- g a0 " Spark
oTinfc diepelvnong dedouévmY xan TNC ovopoviC & 0 0.8

AETTOV 1} WEOV. YyAua 2.2: Extéheon tou ahyo-

elduou AoyloTinrg TaAVBEOUNoNG

To Spark elvou xoatooxevacuévo ye Bdorn to
oto Hadoop xau oto Spark

bottom-up oyrua Yy anddoon xou yopoxtnei-

Cetan ¢ éva and to taydTepa cluster computing

CUC TAUATOL YLOL TNV AVAAUGCT) UEYAIAWY Bedouévwy. Eivar €wg xou 100 gopég tayltepo
and to Hadoop, enextelvovtag to dnuogpiréc MapReduce povtého yio tnv amoteie-
OUATIXY| UTOCTHPIEN TEPLOCOTEPWY TUTWY UTOAOYIOUWY, CUUTERQLAAUSBOVOUEVLDY TV
OLaBpUC XY EpWTNUATWY xat TN enelepyaoiog porc dedouévwy [21]. O xlptog Ab-
Yog Yl Tov onolo elvar 1660 YprYopo, evionileton oTNV IXAVOTNTA TOU Vo EXTEAEL
UTOAOYLOUOUE G TN UVAUN, eve o&iCel va onuewwiel 6Tt To Apache Spark xotéyel uéypl

ONUERA TO TOYXOOULO PEXOE ToEvOUNoNS BEBOUEVLY PEYAANG XAlpaxag ot dloxo.
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2.2.2 'Eva Evornowmpévo IThaioto

To Spark é€yet oyediaotel yioo va xahUTTel €va €upd QPAoU POPTWY EpYaciaug, Tou
TEOTYOUUEVWC ATATONOAY Y WELCTA XUTAVEUNUEVO cuo TAUaTA,. T ootneilovtag o
mandopa pépTwy epyaciac, to Spark xahotd v encéepyacio SlopopeTinwy TH-
TV BEBOUEVWY TOU dNULouEYolY cUVUETOUS PopTouS epyaciog wlo ebxoln xou @invA
oladixaoto, xATL Tou elval oLY VA ATUEALTNTO GTOV YWEO TNS AVAAUCTC UEYIAWY Ot-
dopéveyv. Me autdv Ttov Tpomo, dev amouteitan 1 Sloyelpon, avdnTtudn, cuvtrenon,
doxur| xou UTOCTARIEY EEYWRLOTWY EPYUAELWY, EVE TapdAAnia utopel vor awEnidel xou

1) TOUEAYWYIXOTNTA TWY TEOYRUUUATIO TOV.

2.2.3 EuxoAio Xenong

To Spark dwdétet ebypnoto APIs yio tnv dloryelpion UeYdAwy cUVOLLY BEBOUEVMV.
Axoun, n grhocogio Tou evomonuévou TAUGIOU TOU TEPLEYEAPNXE GTNY TEOTNYOU-
HEVY UTO-eVOTNTA EYEL OEXETA OPERT. Apyixd, ohec ot BiBAodrxeg xan o oToLyela
uPnhotepou eminédou, enw@elovvton and Bertidoels ota youniotepa eninedo. I
nopddelypa, ov tpoctelel xdnowa BehtioTonoinon otov mupYva (core engine) Ttou
Spark, avtiotowyn Beitiwon B emtdyuvorn mapatneeiton autoudTws xou ot PYBAlo-
Ofxec tou Spark (my. otmv SQL otnv MLIib xir.). ‘Eneita, xdde @opd mou éva
véo otoyelo mpootileton otn oToifa Tou Spark, xdde yenotne tou Spark umopel
oapéows vo To doxydoetl. Me autov tov tpdno xadlototar €0XONY), o YPHOTES XoL
eToupeleg, 1 doxn EVOC VEOU TUTOL avdAuoTg dedouévwy, ot éva framework mou %om

YENOLWOTO0V Xat £Y0UV GTHOEL, EEOIXOVOUMVTIS ETOL TOAUTLHO YEOVO.

2.3 XvoTtatixd YTolysio

Ye auth) Ty evotna, Yo npofolue oe ula AemTouepy| avaAUGT TV BACIXOY CUC To-
’, 4 7 4 4 7
TIXWV oTolyelwy Tou Apache Spark, to onola amotelolvton and Ta GTolyelo TOU
7 4 4 4 4 4
Tapovctdlovton 6to oyfua 2.1 , mpociétovtag o autd TN oTolBo Tou BLayELEIC TN

ouumhéypatoc (cluster manager), énwe goivetow oto axéhovdo oyfua (2.3).

2.3.1 Spark Core

To Spark Core, o muprjvac tou Spark, eivon 1 urtoxelyevn unyovn tou oteydlel OAT

TN AettoupyxdTNnTa Tou Spark, cuunepAoBavVOUEVWY TWV GTOLYElWY VLot TOV YPOVo-
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Spark SQL Spark Streaming m,;\aﬁcli":it:l . Grraapth
structured data real-time learning pr(?cefsin 9
Spark Core
Standalone Scheduler YARN Mesos

Yyhua 2.3: H XtolBa tou Spark [21].

TEOYPOUUITIONO ERYUCLOY, TN dloyelpton Tng UWvAUNG, Ty avdvndn and opdhuota,
TV oAAnAenidpaon e to cucTidato anolrixevone x.o. To Spark Core quiolevel
enione to API nou opilet to Resilient Distributed Dataset (RDD), to onolo anote-
Ael Ty xOpla ovtoTNTaL dedouévewy Tou Spark xou Yo mopovolactel AenTouepéo Tepa

axohoVVwC.

Resilient Distributed Dataset - RDD

‘Onwe avapépinxe nponyoupévee, to Resilient Distributed Dataset (yvwoté xou we
RDD) elvar 1 mpwtopyixry ovtotnta dedouévev tou Apache Spark. ‘Eva RDD etvou
ULt GUANOYY) GTOLYElWY TIOU €Y 0LV AVOY T OE GQUAUATA XAl TO OTOlOL UTOEOUV VAL ETtE-
Eepydlovton mopdhhnia. H évvoia Tou RDD xodddg xon to 6voud Toug eggpovic Trnxoy
Yl T T popd oo dnuncieuot) ue titho Resilient Distributed Datasets: A Tolerant
Fault Abstraction for Computing Cluster In Memory [22].

To yapoxtnpotind twv RDDs (anocuviétovtag to 6voud):

e Resilient” dn\. avextxd oe opdhpata, ye ™ Bordeia evoc yedpou «lwhcy
xde RDD. Elvan xod” autdv Tov 1p0mo ixavd vor utoAoyloouy ex vEOU xouudTio
TV 0edopévey Tou Aeimouv ¥ €youv umootel {nuid eEoutiog AmoOTUYLOY EVOG

xoufou.

e Distributed: ta dedopéva Bpioxovtan Siopolpacuéva oe ToA0OE XOUBoug EVOG

cluster.

e Dataset: i culhoyy 0Oecdouyévwv mou elval  ywelouévn o  xopudTio

(partitioned collection).
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To RDDs propolv va dnuovpyndolyv ye 600 tedmous: €lTe Ye TORUAANALOUO UL
uTdpyoucos cUANOYHS dedouévev oto TEdYpauue 0dhynone (driver program) 7 ue
aVoPOEd EVOS GUVOAOL BEBOUEVMV b oToldHTOTE TNYT| ano¥rixeucng unoc Tnelld-
uevn ané tov Hadoop (cuumepthopBavouévemy tou ool cus THUaToc dpyelnv, To
HDF'S, x.An.). To Spark, unootnpilet apyela xewévou, SequenceFiles xou omolod-
note Ao toino opyeiou ewwbdou tou Hadoop [18]. Mia onpoavtix napduetpoc yio
TIC ToEdAANAES OLAAOYES, elvan 0 aELIUOC TV XATATUACEWY YLOL TNV OTOXOTY| TOU
cuvohou dedopéveyv. To Spark extedel plo epyasio yio xdde xopudtt TG oLANOYNAG
OEOOUEVV.

Emniéov, ta RDDs emdéyovtar 600 TUTOUC EVERYEWWV: TOUG UETAOYNUATIOUOVS
(transformations), ot omofot dnuovpyoly éva véo clvolo dedopévewy and éva undp-
yov xou Tic Spdoec (actions), ot omoleg emoTEEPOUV Lot T GTO TEOYEOUUA OO
YNONG UETE TNV EXTEAEOT EVOC UTOAOYIOUOD GTO GUVOAO TwV Oedouevwy. o ma-
pddetypa, 1 ouvdptnon map() eivon évog petaoynuatiopnds mou petoPBBaler xdie
cTolyelo VoG CUVOROU BEBOUEVMV UECHL WG CUVIRTNOTG XAl ETUOTEEQPEL VAL VEO
RDD mnou nepiéyel to anotehéopato. And tnv dAln mheupd, 1 reduce() anotehel o
EVEQYELOL TTOU GUYXEVTPMVEL Ohat Tar otolyela evog RDD, yenowonowdvtag xdnolo
CUVEETNOT), X ETUOTEEPEL TO TEAXO AMOTEAECUN GTO TEOYEaUua 0dynone. Ilpoxet-
uévou 1o Spark va elvan o amodotind, 6hol ol petacynuatiopol oe évo RDD elvon
lazy, ye v évvola 6Tl Bev unoloyilouy Ta amoTEAECUATE Toug Uéypl tio «Bpdony va
ATMOUTACEL TNV ETUOTEOPY| EVOG ATOTEAECUATOS GTO TEOYEOUUO 0By NOTC.

Mioa and Tic mo onuavtixég duvatdtnteg Tou Spark elvon ot Tar dedoueva twv RDD
UTOEOUYV VoL AmoUNUELTOUV TROCWEIVE G TN UVAUN 1) To dloxo. Me autdv Tov tpdéTo, To
ctoiyelo evog RDD mou elye mponyouuévweg umtootel €vay HETACY NUATIOUO UTOPOUY
VO TPOCTEEAAG TOUV TTOAD ToYUTERX, OEDOUEVOU OTL Ol VEEC EVERYELES TTAVL OE AUTO OEV
anoutody ex véou unoloyilouolc. H npoowevy anodrxeuvon elvon éva onuovtixdtoto
gpYahelo 6GOV apopd TOUE EMAVIANTITIXOUS AAYOELIOUS, OTIOU 1) ETAVALY PY|CLLOTOMNOT)

TWV 0E00UEVLV fvon HEYEAN Xou GUY V.
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2.3.2 Evoopotopéves BiAioUnxeg

Mnyavixfy Expddnorn (MLIib)

To Spark mepihouBdvel pio Biaodixn 1 onolo ovopdletor MLIib xou mopéyet oh-
Yoplduoug unyovixic expdinone «udmiic motdtntocy (m.y. Héow TOMNNATAGY EToVo-
Mpewv avZdveton 1 axplBela ToU EXTUBEUOUEVOU LOVTENOL), CUUTEPLAUBAVOUEVKV
e to€vounong, TS oadononong, TS TAAVOEOUNCNS Xl TOU GLYBLAC TIXOD QLA-
Teapiopatog. Axour, 1 BBrodxn uropel vo yenowwonomdel wg uépog eQapUoY®Y

Tou Spark, ol omolec elvan ypopuévee oe Java, Python 7 Scala.

Spark SQL

To Spark SQL omoterét éva xopudtt tou Spark yia tnv enelepyacio dounuévwy
oedopévmv. Tapeyel éva agoupetind eninedo mpoypouuatiopoL, ta DataFrames, xou
unopel eniong vor AetToupYNOEL (OC £V XATAVEUNUEVO GUG TN UTOBOANC EQOTNUATWY
SQL. Emniéov, to Spark SQL npoo@épel tn duvatdTnTa GUVOLACUOL TWV TEOYEUU-

HATlo TIXWY duvatoTATwY Tou RDD pe ) duvatétnta unofolhc spwtnudtony SQL.

Programs

JDBC CONSOLE ;éi_) ’ A
SQL sQL @ \
QF q; QF Traditional RDD$
Sporiz saL ‘ Dataset APl | [ DataFrame API |
l Catalyst Optimizer ‘

Resilient Distributed Datasets (RDDs)

Syfhuo 2.4: H apyitextovins| tou Spark SQL [24].

Spark Streaming

To Spark Streaming amotekel pio BBAovAxn tou Spark mou emitpénet v enelep-
yoolo powv dedouevwy. Elvar €vor ToA) onuoavtind moxeto, 0EOOUEVOL OTL TOAAES
e@apuoYéc yeeldlovton TNV xavoTnTa enelepyaciag xoL avIAUCOTS POV BEDOUEVMWY
oe mEAYHATIXO Ypovo. Ou poég dedouévwy Yo umopoloay va mepthaufdvouy apyelo
XATAYPAPHC EVOS OLUXOULTTY|, OUPEC UNVUUATOV UE EVNUEPWOEL XUTACTACTS, TOU
onuooieovtal and yeRoTeg wog umneectoc 1wtol x.o. Ilio cuyxexpiéva, to Spark

Streaming mapéyet éva API yio 0 yelplopd potdv dedouévwy mou Touptdlel amOAUTa
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ue o RDD API tou Spark Core xou cuvoudleton eOX0OAo UE Lot HEYEAN TOLKALY
ONUOPLAGY TINYWV dedouéVeyY, ouurepthopBoavouévwy twv HDFES, Flume, Kafka xou
Twitter.

Kafka

Flume J\Z HDFS
HDFS/S3 Spork . |$ Databases
Kinesis Stfeomlng

Twitter

Dashboards

Eyfuo 2.5: H apyitextoviny| tou Spark Streaming

Enegepyaocio 'pdypwv (GraphX)

To GraphX anotehel plo BiBAodxn tou Spark yia tnv eneepyacia xou Tov yelpl-
o6 YEAPWVY (T.). YedPWY eVOS XOWWVIXO0) BIXTUOU %.0.) XADMS XoL TNV EXTENEO
TUEGAANAWY UTOAOYIoUOY ot auTtols. ‘Onwe to Spark Streaming xou to Spark SQL,
to GraphX enexteivel to Spark RDD API, nopéyovtag étol ) duvatdtnta dnuLove-
viag evog xateuduvouevou Yedpou ue audalpeTeC WOLOTNTES TEOCUPTNUEVES O Xdde

X0pUPY| XA oxUT) AUTOV.

2.3.3 Awayeiprotég Tupniéypatog (Cluster Managers)

M egoppoyy) tou Spark umopel vor exTEAECTEL EITE TOTUXA ¥ OE XATAVEUNUEVT AEL-
Toupyla oe €va cluster uToAOYLOTWYV.

Yy nepintwon extéleone wlog egoppoyrc oe local mode, dnuiovpyeiton Evo xou
povodwd JVM. e auté to JVM, 1o Spark onuiovpyel dlo tor amopaltnTor GTOL-
yelo, cupnepthapfavouévey tou driver program, tou executor, Tou master xou Tou
LocalSchedulerBackend (6nwe gatvovton oto oyfue 2.6). To local mode eivon mohd
BOoAO YLoL BOXUES O EVIOTUOUO CPOAMUATWY OF EQPUPUOYES, XAVOE OEV AmaLTEl TEOT-
yoluevr dlapodppwor tou Spark. Elvou enlong mohd Boluxd yio Soxiuéc o evomuo-
TWUEVA CUCTAUATA, OTOL oL Bladéouuol THEoL, xUplng 6cov aopd T uvAun RAM,
elvan apxetd meplopiopévol. To mpdfBinua owtd o avadetytel xUEUOS GTO xEPIAO
3.

QQoté00, T0 Spark €yel oyedLOCTEL DO TE VO TEOCPEREL AMOTEAECUATINY XAUIXWON

yia clusters Alywv €wg xat TOAGVY YLALEOWY UTOAOYIOTIXGY XxOuBwYy. Me autdév tov
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SparkContext

—> Task Scheduler }47

Spark local / single JVM

RPC Environment:

LocalBackend LocalBackendendpoint — ¥ LocalEndpoint
1 f
!
!

Executor

YyAua 2.6: H apyrtextovinr) tou Spark Local Mode [23].

TEoOTO, pio epapuoy” tou Spark unopel va exteleotel oe cluster mode, yenoio-
TOLWVTOG EVAY OO TOUC TEELS ETMOUEVOUS OLOYELRLOTEC CUUTAEYUATwWwY: Tov Hadoop
YARN, tov Apache Mesos xou tov Standalone Scheduler. ‘Olot Siadétouy emiho-
Yég xou puduioelc Yo Tov €EAEYYO TNG XPNONS TWV TOPWY Xl GAAWY BUVATOTATWY,
xou €youv evowuatwpéva epyoheio eniBiedne (monitoring tools). O Suyelplotic ou-
umAéypartog efvor UTELTYUVOC YLl TOV TEOYEAUUUATIONO oL TNV XATOVOWUY TOpwY GE

6houg Toug xo6uPoug evog cluster.

To Spark yenotwwonotel tnv apyitextovixt master/slave eved to enrovopalduevo npd-
Yeouuo 0drynone (Yvwoto xou we SparkContext) eivon 0 xevtpixde cUVTOVIGTAHS X0t
N xOpta diepyaoio wag vrofindeloag epoppoyrc. To Spark driver {ntd executors
and €vav Olayelplo T cupnAéyuatog. Kdlde executor cuvodeletar amd évav aprdud
enelepyYaoTAOV Xl Yot TocoTNTa WvAuNS. Me dhha Adyia, ot toépol mou {ntodvion and
tov cluster manager petagedlovton oe mupriveg CPU xau oe uyéyedoc pvrune. Ei-
vou ey Tou cluster manager va exxwvroel Toug Spark executors oo cluster. H
Olepyaoior TOU TEOYEAUUATOS 00X YNoNe elvon LTELTVUVY YioL TN UETATEOTY| ULOG EQUp-
HoyNc o€ UixpOTEPES HOVEdES exTéreomc Tou ovopdlovtan epyaocies (tasks) xou mou

EXTEAOUVTOL GTN CLVEYELX amd Touc executors [25].

‘Eva dAho alloonueiwto yopaxtnelotixd tou cluster mode tou Spark efvon 6t pia
epapuoYr| umopel va unofAndel oe 80o modes: oto client xou oto cluster. Xto
cluster deploy mode o npdypopuo 061 ynong exxivelton uéoa oto cluster oe evay
an6 toug workers owtol xou 1 depyaoio tehdtn (client process) ohoxhnpddveton e

TNV UTOBOAT TNG EPUPUOYNC, YWRIS Vor AVOEVEL TOV TEPUATIONS auThc. XTo client
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deploy mode, 1 exxivnon Tou mpoyeduuatog 0dHYNoNS Aaufdvel yhpa EXTOC TOU
cluster, w¢ ave&dptntn diepyacio n onola elvor cuvidne 1 (Bl ye T Siepyaoto tehdtn
Tou Yenotwonolfunxe yio TNV exxivnon tne epyaoctog.

Mo emoxénnon tou cluster mode tou Spark amewxoviCeton oto axdrovdo oyhua.
AvtioTowya, o nivaxog 2.1 cuvodilel Toug YENOWOTOLOUUEVOUS GEOUG YLOL TNV OVOPOE

oTlc évvolec evoc cluster.

Worker Node

Executor | cache
-
Driver Program ﬁ
/ /

SparkContext » Cluster Manager
\ Worker Node
I‘¥ Executor | Cache
¥ | Task Task

Eyua 2.7: Emoxémnon tou Cluster Mode [18].

Standalone Scheduler

[ v umofory| dAwv Twv eapuoydy cto Spark, yenowonomdnxe o Standalone
Scheduler.

O Standalone Scheduler etvou évac amhog BloyelploTAC CUUTAEYUATOS TOU TEQLAL-
Bdaveton ot dlavour| Tou Spark. Aedouévou 6T elvan evowuatwuévog 6To tepBdhiov
Tou Spark, Teoc@EpeL TOV EUXONOTEROD TEOTIO EXTEANECTC EPUPUOY WY GE aWTO. T TOCTN-
eller My SlodeoydTnTa Yoo Tov master xoufo, avoyr o€ o@IAUAT TwY worker
xOUBwV %o €yel TN duvaTOTNTA Vo dlaryelplleTal TOUG TOPOUEC TOL TUPEYOVTOL AVdL
eapuoy”. ‘Evo and to mo onuovTind yopoxtnelo Tixd tou eival 6Tl umopel vo Tpéel
mapdAAnAa pe eva umdpyov Hadoop cluster xou va €yel mpdofaon o dedouéva and

éva xotaveunuévo ovotnua apyeinv Hadoop (yvewoté xa we HDFS).

2.3.4 Epyoieio EniBAsdng

Trdpyouv didpopot TeoToL eTiBAedne Twv e@apuoyy Tou Spark: web Uls, yetproeig

xa eEWTEPIXS HpyovaL.
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’ Term \ Meaning ‘

User program built on Spark. Consists of a driver program
and executors on the cluster.
A jar containing the user’s Spark application. In some cases
users will want to create an "uber jar” containing their
Application jar application along with its dependencies. The user’s jar
should never include Hadoop or Spark libraries, however,
these will be added at runtime.
The process running the main() function of the application
and creating the SparkContext
An external service for acquiring resources on the cluster
(e.g. standalone manager, Mesos, YARN)
Distinguishes where the driver process runs. In "cluster”
mode, the framework launches the driver inside of the
cluster. In “client” mode, the submitter launches the driver
outside of the cluster.

Application

Driver program

Cluster manager

Deploy mode

Worker node Any node that can run application code in the cluster
A process launched for an application on a worker node,
Ezecutor that runs tasks and keeps data in memory or disk storage
across them. Each application has its own executors.
Task A unit of work that will be sent to one executor
A parallel computation consisting of multiple tasks that
Job gets spawned in response to a Spark action (e.g. save,

collect); you’ll see this term used in the driver’s logs.
Each job gets divided into smaller sets of tasks called
stages that depend on each other (similar to the map and
reduce stages in MapReduce); you’ll see this term used in
the driver’s logs.

Stage

ITivoxac 2.1: Opohoyia oyetixd e tic évvoleg evoe Spark cluster [18].

Kéde egopuoyr) tou Spark Swwdéter éva web UI yia Adyoug eniBAedng, to omolo
exoaveiton and to SparkContext tng epapuoyric. To nepiBdilov autd, eupavilel TAn-
popoplec oyeTixd Ye To oTddL (stages) xou Tic epyaociec (tasks) tou scheduler, pia
nepihndn tov yeyeddv Twv RDDs xou ) yenon uviung, xadog xou tAnpogoples oye-
TIXA UE TOUC TEEYOVTEG eXecutors ot ToV AmoUnNXeEUTIXO Y(OPO TOU YEMOULOTOLEITOL.
‘Eva web Ul moapéyeton enlone xou yéow tou Standalone cluster manager, to onolo
TEPLEYEL TANPOPORIES Yiol Tot CTATIOTIXG o ToLyela evog cluster, xaddde xan AemToueey
xatorypopt| v xde unofindeioa epyacio. O mponyolueveg unoPBindeioes eqop-
noyéc umopolv enilong vo avadoundolv oe plo yeapixr) TEoBOAY| YeNOLLOTOLOVTIS

tov Spark History Server. Iopadelypoata tou UI tou Spark xou tou History Server
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TPOXELTOL VO TTUPOUCLUC TOVV dpYOTERX, XATE TNV AELOAGYTNOY) TOU TROTEWOUEVOD UG

framework.

2.4 Pulploeig

To Spark mapéyel éva cupnayeg oyrua dapoppnoewy. TepthouBdver puduioec Tou
EAEYYOLY TIC TEPLOCOTERES TUPAUUETPOUS TWV EPUOUOY WY, UETABANTES TepBAANOVTOC
TOL UToEOLV Vo yenotdorotnolv v tig puduioels xdle xéuBou (my. Awedduvon
IP, yenowonototuevn éxdoon tne Python yio to PySpark x.An.) xou puduloeic mou

apopoLV apyela xotorypophc.

2.4.1 IduoéTtmTeg Tou Spark

Ou uotnTteg Tou Spark ehéyyouv Tic teplocdTepeg puiuioelc plag egapuoyhc xou opi-
Covton Eexwplotd avd egappoyr. AuTtég ol 1BLOTNTEC UTopoLV Vo oploTtoly aneudeiog
oe évo avuxeipevo SparkConf, 1o omolo ot cuvéyeia petafiBdleton oe éva avtixel-
uevo SparkContext 1) mpoocVétovtac Tic avtioTtolyeg emhoyéc 6To apyeio puiuloewy

conf/spark-defaults.conf.

2.4.2 MeraBAnteg IlepidAAovTog

Optopéveg puduioeic Tou Spark punopolv va oplo oY YEow UeTaffAnTt®y TepBdhho-
VTG, 0oL oTolec YE TN oglpd Touc optlovtat oto bash script conf/spark-env.sh tou
Beloxeton otov xatdhoyo émou éyel eyxatactodel to Spark. To conf/spark-env.sh
bash script yiveton source xatd tnv extéleon epapuoywyv cto Spark.

Eivar to mo onuoavtid apyeio Swopdppwone (v authv v epyaoia), pall e to
conf/spark-defaults.conf, xadcdc Ya yenowonomdoiv yio T dapdppuon touv Spark

O TO EVOWUATWUEVA CUC THUATA.

2.4.3 Apyeia Kataypap?e

To Spark yenowornotet o logdj yia tnv dnuovpyia apyeiwv xataypaprc. O puiuloelg

yia to log4j opilovton oto apyeio logdj.properties tou gaxéhou conf tou Spark.
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To Spark ce Evowpatwueva

Vo THATA

3.1 Xxorobc

Avoduodueveg eQopuoYES IoTOY, OTIWS 1) AVAAUCT) UEYAAWY BEBOUEVLY, €YOUV AUEHCEL
CNUAVTIXE TO QPOPTO £pYaTiog oTo xEVTpa BEdOPEVWY Tor TEAEUTHlA Ypdvia. To 2015 7
GUVOALXT| ©IVNoT TOU BLXTUOL TWV XEVTEWY DEdOPEVLY NTay epinou 4,7 Exabytes, eva
exTidTon OTL u€ypetl Tor TéAN Tou 2018 Ya €yel Eemepdoel To dplo Twv 8,5 Exabytes,
oxohoLVOUPEVO amd évay ouVoAxd eThAolo puiud avdntuéne e téEne twv 33%
(oyua 3.1, [26]). Hpoxewévou va avtaneZéhdouy oe auTAV TNV xApdxwon TN xivn-
ONG TOU OXTUOU, OL YELPIOTEC TV XEVTPWY DEDOUEVWY EYOLV XATAPUYEL O T YENON
LOYVEOTEPWY DLUXOULT TOV.

Ané v &N mhevpd, Bacilouevol atov vouo tou Moore, ol teyvoloylec mou ago-
E0VVY Toug eNMEEERYAO TES €YOLY UTOC TEL UEYAAT) XALUAXWOT) ToL TEAELUTALL YPOVIAL, UECK
e Tono¥étnong evdg aulavouevou aplduold tpavlioTop péoa GTo TOLT, Yo TNV ETi-
TeLln VPNASTEPWY eTBOCEWY. 20TOGO, Ol CUYVOTNTEC TOU POAOYIOU TWV TOLT BEV
UTORECAV VU AXOAOLVHCOLY aUTH TNV avodixy| tdor. ‘Etol, mev and yepixd yedvia
vovethinxe wa evadloxtixr Aoon yia To TEOBANUL, CTEEQPOUEVOL GE ENEEEPYUOTES
TOAMOTAGY TUEHVeY. Me Toug eneepyactée TOANATADY TUENVWY, 1) ATOB00T, TWV
olaxoplo Ty Yo unopovoe vo auniel yowplc va yeeidleton avtiotolyn adénorn ot
ouYVOTNTA TOU POAOYLOU. AucTuy®e, xou auth 1 Aoon Beédnxe vo €yel mpofruota
YXAPExwoNG, xadme Tor X€EdT TOU EMTUYYAVOVTUL O GPOLS ANdBOCNE UE TNV TEO-
oUfxn MepLocOTEPWY TUPNVWY PEC OE €vay eMEEERYACTY, €PYOVTOL UE TO XOCTOG

OLAPOPLY TEQLTAOXWY, OTWC 1) ETUXOWVOVIN UETOED TWV TURHVWY, 1) CUVOYT NS UV

21



22 Kepdlawo 3. To Spark oe Evowuarwuéva Yvotnuara

Global Data Center

Network Traffic Growth
(Zettabytes per year)

2016 2017 2018

®m Cloud data center  ® Traditional data center

Eyfua 3.1: H ad&non otny xivnomn tou 8ixtdou twv xevipwy dedopéwy, IInyn: Cisco
Global Cloud Index 2016.

UNG xou xuplwe 1 xatavdhwon evépyetag [27].

‘Evog tpénog avtetoniong autod tou teofAiuatog elvon uéow e Xerong Uixeo-
ggumnpetntdv (microservers). Ou pxpo-eEuTNEETNTES XEEBIOAY TEOOYUTA TNV TEO-
COYH TNS XOWOTNTAC, WS YouNA0D xO6GTOUS %o Loy Vog Sloxoplotés mou Bacilovio
%xVplwe ot eME€ep YU TES YOUNANC HATAVAAWONC EVERYELAS, OTWS QUTOl TOU YENOLLO-
TOLOVTUL OE EVOWUATWUEVH cuoThUata. O wxpo-eEunneetntéc otoyelouy xuplng
o€ anhéc (ENPEES) 1) OE TUPAAANAES EQUPUOYES TIOU EMWPEAOUVTOL TEPLOCOTERO ATO
UELOVOUEVOUS BlaXoUo TéG, Tou Tpoopépouy enapxés 1/O yetadd twv xoufuy.
‘Ol autd, wog 0dhynoav oTo va dlevepyooude plo dieodixt| a&lohdynon tne amd-
000MG, 60OV APOEE TOV YEOVO EXTEAEONC O TNV XATAVAAWCT, EVEQYELNS, OLUPORWY
EVOWUATOUEVWY cLUCTNUATWY. H olyxplon Twv anoteAecudtmy Ye autd VO Loy upol
TUTXOU €EUTNEETNTY, Yo UTOopoloE Vo Uog DWOEL AMAVTHOEL OYETIXY UE TO EQV TA
EVOWUATOUEVA CUC TALATO Vol UToEoLGY VoL BladpopaTicouy xdmolo pOho T XEVTEa
OEQOUEVMV X0 OV UTIAEY 0LV OQERT ATO TNV EXTEAECT) EPUPUOY WY UEYSAWY DEOOUEVWY
oc autd. T va Bievepyricouue authv TNV alloAoYNOT), ETPETE aEyIxd Vo Tpoundeu-
TOUUE W0l OELPd AMd EVOWUATWUEVA CUCTAUATA XAl GT) CUVEYELX Vo BpoUuE xdmoleg

OVTITPOCWTEVTIXES EQUPUOYES Yia TN AN Twv yetprioewyv. To Apache Spark #tav



Raspberry Pi 8 - Model B 23

WBovixd vy to oxond pac. Eivow 100% oavouytolh xmdwa, eivon éva framework mou
TEOGQERETAL YL TNV AVIAUCT) UEYAAWY BEBOUEVLV xou Ttapeyel built-in ahyopriuoug
X0l EQPAPUOYECS.

XN ouvvéyela, Yo e€etdoouue BleEodINd TIC EVOWUATWUEVES TAATPOPUES XOL TI GU-
YUEXQUEVES EQUPUOYES IOV YENOWOTOWACOUE Yot TNV adlohoynor. ‘Eneita, Yo avo-
0elEOVUE TIC TPOXANOELC TTOU AVTLIETOTIOUUE TEOOTOOVTAS Vo 6 THOOUUE To Spark
O€ QUTEC TIC TAATPOPUES, TEPLYPAPOVTUC AETTOUERMS OAaL T amapadTrTor BHUATH TTOU
axolovdncoupe Yio To mapping tou Spark oTa EVOWUATWUEVO GUC THUATA, CUUTE-

PLAOUBOVOUEVWY TWV ATATOUPEVWY AANAY WY G TN dlade@nor Tou Spark.

3.2 Evoopatopéva XuoTARALTH

YT Yépeg Uog, UTEEYEL ot TATIMEN EVOWUATOUEVKY CUCTNUATWY YUUNAAS Loy bog
mou dratidevton mpog tAnoy. I'ia Toug oxomolc authc e a&lordynone emhéEope va
Tpounedouue TAATQPOPUES, Ol ETEEERYAOTES YoUNAYC Loy og Twv onolwy Bacilovto

otnv ARM opyttextovixm.

3.2.1 Raspberry Pi 3 - Model B

To npdhto cloTua oL Yenoono|oaye, elvar To didonuo Raspberry Pi 3 (oyfua
3.2). Eivau évac oyetind uxpdc utohoylotic o onotog apyixd avantdynxe oto Hvw-
uévo Baoliewo and to Raspberry Pi Foundation, yio va mpowdroel tn dudooxoilo
NG TANEOYORIXNG O TA CYOAELD XU GTLC AVATTUOCOUEVES YWpES. To apyxd uovtého
€YLVE TOAD THO ONUOPLAES UG TO AVAUEVOUEVO, TOUADVTAS EXTOC TNG CTOYEVOUEVNS
AYOPAS TOU, Yol YPNOELS OTWE 1) POUTOTIXY X0 [28]

To Pi 3, Swwdétel 1o Broadcom BCM2837 SoC, to onolo mepthauBdvel pior XevTpixy)
novéda enelepyooioc (CPU) Baoiopévn otny ARM apyttextoviny| xou pio on-chip po-
véda enelepyoaoiag Ypapxdyv (VideoCore IV). Hopéyer molhéc Vipeg yia dlachvdeon
ue dAhec ouoxevég, omwe 4 unodoyéc USB 2, HDMI, composite video output x.o.
Awdétel enione YOpa Ethernet, Wi-Fi 802.11n xou Bluetooth. ‘Ocov agopd to CPU,
oteheydvetar and évav 4-ninevo ARM Cortex-A53 64-bit enelepyaoty|, xpoviouévo
ota 1,2 GHz, eve écov agopd tnv xOpla uvhAun, dwodéter 1 GB LPDDR2 RAM nou
Aertovpyel ota 900 MHz [29]. Secure Digital (SD) xdptec yenowonotovvton yia tnv

AmOUAXEUGT] TOU AELTOURYLXOU UG TAUNTOSC XOU TN UV TWV TROYEoUUdTwY. Ao To



24 Kepdlawo 3. To Spark oe Evowuarwuéva Yvotnuara

o

G o', Raspberry Pi 3 Model B V1.2

:
o (it
y FCC ID: 2ABCB-RPI32
IC: 20053-RP132

Yyfua 3.2: To Raspberry Pi 3 Model B.

Raspberry Foundation, npoogépeton piar dtavous; Linux Booiopévn oto Debian (n
Raspbian), mou elvor auth mou yenotwonotioope yiow TNV alloAdynom.

A&iler va onuewwdel 6T mapdro mou to Pi 3 @uho&evel évav 64-bit eneéepyaoty,
XaTd TN oTiyu) e oloAdYNnong eV utpye xdmoto Srdéoiuo 64-bit Aettoupyixd

LG TNUAL. LUVETWG, oL eneéepyactég Tou ollomolinxay oe Aeitoupylo 32-bit.

3.2.2 Dragonboard 410c

‘Eva dhho evowpatwuévo oo tnua mou yenotdonolfooyue etvon to DragonBoard 410c
(oyAua 3.3). To DragonBoard 410c eivou to npddto avantuiloxd oo tnua nou Booi-
Cetou oe enelepyaoty) Tne oclpde Qualcomm Snapdragon 400. Awdéter mponyuévn
oy ¥ enelepyaoiog, Wi-Fi, cuvdeoiudtnta Bluetooth xou GPS, eved dho ot ebvan ou-
OXEVOCUEVA OE Lol TAUXETA HEYETOUS T TWTIXAC XdpToc. Me Bdon tov 64-bit enelep-
yoo ) Snapdragon 410E, to DragonBoard 410c €yet oyediaotel yio voo utoo tnpilel
Vv Tayeta avdmTugn hoylouxol, Ty exnaldeuot) xadmg xou TN dnuovpyia TewmToT)-
Twv. Ol autd 1o %o todv 10avixd yior T ONULoveYid EVOWUATOUEVWY EQPUOUOY WV
xau yia tpotovta Tou Internet of Things, cuunepthauBavouévwy TwY QWTOYEAPIXEOV
UNYOVEIV, LOTELXWY CUOXEVMY, UNYOVNUATWY AUTOUITNG TOANONS, EEUTVRY XTnplev,
dneproxcdv Tvaxidwy, xovodhwy Touy vy xAt. [30]

[Tio avahutixd, to DragonBoard 410c Stadétel évay 64-bit quad-core ARM Cortex-
AbB3 eneepyaoty|, ypoviouévo ota 1,2 GHz, 1GB LPDDR3 RAM nou Aettoup-
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Yyfua 3.3: To Dragonboard 410c.

vel ota 533MHz xou 8GB eMMC 4.5 ypouv anovrixevone. ‘Ocov agopd 1o GPU,
oladétel To Qualcomm Adreno 306 pe unootipln v nponyuéva APIs, cuunepl-
AoPavopévev tou OpenGL ES 3.0, tou OpenCL, tou DirectX xou tng ao@dieiog
TEEQLEYOUEVOU.

Ye autd To onuelo, elvon onuoavtixd va onueiwdel dtL Tapdrlo mou to Pi 3 xou To
DragonBoard 410c éyouv tov (8o enelepyaocty|, To BCM2837 SoC xataoxeudleton
otnv teyvoloyia Twv 40nm eved to Snapdragon 410 SoC xataoxeuvdleton oTny Te-
yvohoyia Twv 28nm. Axoéur, av xou ta Vo cuvothpata €youv 1GB uvAune RAM,
aAAG 6w UmopolUe Vo Bo0UE, 1) wovada uvhAune tou DragonBoard 410c¢ Aeitoupyel

o€ TOAY YAUNAOTERT CUYVOTNTOL.

3.2.3 Pynqg-7Z1

To PYNQ-Z1 éyel oyediaotel yio va yenowomnoteitan ue 1o PYNQ), éva oyetind véo
open source framework tn¢ Xilinx, mou eniTEénel 6TOUC TEOYPEUUUATIO TEG EVOWUNTC-
HEVLY CUC TNUATWY VoL eEXPETOAAEVOVTAL TIC duvartoTnTeg Tou Zyng All Programmable
SoC (APSoC), ywelc va ypetdletan vo oyedldoouy npoypauuotillOuevo Aoyixd xu-
xhopata. Avtideta, 1o APSoC npoypopuatiletar yenowonowwvtoag tnv Python xou
0 xWOog avantiooeton xot eEAEyyeton ancudeloc oto PYNQ-Z1. To mpoypopyoti-
Copeva hoyixd xuxhopata elodyovion o¢ BiAodrixes LAxo) xou tpoypouuatilovton
uéow twv APIs toug, axpBve ye Tov (Blo Tpdmo mou elcdyovion xat TeoYeauuatiCo-

vTow ot BBModixec hoyiopxol. [31]
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Yyfua 3.4: To PYNQ-Z1.

Kipio cuctatixd ctoiyeio tou eivar to ZYNQ XC7Z020-1CLG400C SoC, o omnolo
olardétel évay dual-core Cortex-A9 32-bit eneepyoactn, ypoviouévo ota 66 TMHz xou
évay ehey x| uviune DDR3 pe 8 xavdhio DMA xou 4 AXI3 slave nopteg uhmihc
an6doorng xou o emovampoypouuatilopevn hoyxn tne owoyévetag Artix-7. Axdun,
otadéter 512MB DDR3 uvAung xar 16MB Quad-SPI Flash.

AvapgiBola, To YapaxTNELG TX TOU TAEOVTOS CUC TAUATOS EVOL XATOTERO ATO QUTH
twv Pi 3 xau tou DrangonBoard 410c. Ilapdho mou dev avapévouue 6t to PYNQ-
Z1 Ya Eemepdoel Tic EMDOOEC TWV JAAWY, 0 xVPLOC AGYOC Yol TOV oTtolo ETAEEAUE
vo ouunepAngiel oty aflohdynon uog, elvon 6Tl oto xe@dhato 4 Yo avantOEouuE
éva framework yia v emtdyuvon akyoplduwy xau egapuoydy tou Spark. Me dhha
Aoy, oty 1 a&lordynon Yo Bondricel oto var dlagavoly xallTepo Tar X€EOT TNV

AMOBOCT KU TNV XATAVIAWCT| EVERYELAS UG TN YEVOT] ETUTAY VYTV UAXOU.

3.3 Egoapnoyveg Tou Spark

[ot var a€lohoyfiooue TNy amo6d00om xodmdg Xt TNV EVERYELXT| XATAvEhwoT Twv SoCs
YOUNATS 1oy 00oC, Yenowonoiooue €va cUVORO egapuoywy Tou Spark. o cuyxexpt-
HEVAL, YENOWOTOLOUUE TEELS OVTLTPOCWTEVUTIXES EPUPUOYESC ANO TOV TOMEN TNG UT-
Yovixhc exudinong xou Teelg and tov touéa tne encéepyaciog Yedpwy. Axoroldiwe,

Teptypdoupe cuvonTixd TN yerion xdde epapuoyhc.
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3.3.1 Egapuoyveéc Mnyovixrc Expddnong

e Linear Regression: H ypouuixy) ntohivdpounon yenoLoToLelToL yia T Uo-
viehonoinom tne oyéong uetady pog Boduwthc e€opTodUevng LETOBANTAS Y xou
wloc 1 TEpLocOTERMY aveEdpTNTwy PeTABANT®Y Tou opiloviar wg X. Lty mepi-
TTWOY) TOU €Y OLUE YLoL AVEESOTNTY METABANTY, XEVOUUE AOYO YL OTAY| Y EOULXY]
Tohvdpdunon [32].

e Logistic Regression: H hoyiotixy| naAwvdpounon, anotehel €va wovieho ma-
Avdpodunone o6mou 1 e€aptnuévn uetofBAntn elvan xatnyopnuotixr. Metpder
oyéomn HeTag) NS XUTNYOPNUATIXNAG EEUPTOUEVNS UETUBANTAC Xou WLog 1) TEpLo-
coTéPwY AVeLdETNTWY UETUBANTAOY, utoloyilovtag Tic TavOTNTES YENOoIo-

TOLOVTOG Lot hoYLo T cuvdptnon. [33]

e K-Means: O K-means etvou évog alydprduog opoadonoinong. Ipdxeiton yio
wor uédodo xBoavtionod BLVUCUATWY, TOU YENOUOTOLEITOL EUREWS O TNV oVd-
Auon cucToLLOV xou oty €€6puEn Bedouévwy. Embdidxel va ywpelosl n mapa-
Tnenoelc oe ouddeg k, oTic onoleg xde mopatApnom avixeL GTNV OUddA UE TOV

TAnolEcTepo péco. [34]

3.3.2 Egapuoyvéc Enclepyaciog I'edpwy

e Connected Components (CC): O CC ahyodprdpoc vroloyilel to cuvde-
OEUEVOL GTOLYEI TWV XOPLUPWY EVOS YRUPHUATOS. AVohuTiXoTEpd, 0 aAybpLd-
HOC TWV CLVOEDEUEVLY CGTOLyElwY emonuaivel xdle cuVOedEUEVO GTolyelo evog
YEAPOU UE TO VALY VWRLOTIXO TNG YaunAoTepnS aptdunuévng xopupng tou. I'a
TUEAOELY O, OE €VA XOWWVIXO OXTUO, Tor CUVOEdEUEVA GTOolyEld Umopoly va

npooeyyloouv ouddec (clusters) [18].

e PageRank: O PageRank (PR) eivou évag olydprdpog mou yenowonoteitar yio
v ta€vounon 1 TooeMdwy oTic unyavég avalntnong. O PageRank unoloyi-
Cel Tov aptdud ot TNV ToLOTNTA TWV GUVOECUWY OE Uia OEALDA, Yo Vo xadoploel

ue wla yeryopn extiunon né6co onpavtixy elvon auth otoceAida [35].

e Triangles: Autdg o alydpriuoc petpd Ta Tplywva evog yedgou. Mo xopugy

elvar pé€pog evog Tply®vou Oty €xel 000 TopAXEIUEVES XOPUPES UE Wial oY)
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uetagl Toug. O alydprduog xodopilel Tov apriud TV TELYMVELY oL BlépyovTo

and xdde xopuYY|, TUPEYOVTAS Vo UETPO OUADOTOMONG.

3.4 3Xtrowo Tou Spark

Acdopévou 6T eldoue X TEPLYPAPAUUE TA YARUXTNELO TIXE TWV EVOWUATOUEVLY CGU-
CTNUATWYV IOV YENOWOTOCOUE XodME XAl TWY EPUQUOYWY TIOU YENOULOTOLAOUUE YLot
NV o&lohOYNo, eluac Te TAEOV €TOLOL VO TOPOUGLAGOUUE T1) SLodixaciar ToU oxXOhoU-
Yooue yio vo othicouue to Apache Spark oe autd to cuotuata. To Spark éyuve
deploy opywd otic mhatpopuec Pi3 xauw DragonBoard 410c, ot omolec Sordétouv
oYEdOV TOUC (Bloug TOPOUC.

Apywxd, etvon ypriowo va avagépouue 6tL To Apache Spark umopel vo petagoptw-
Vel elte w¢ pre-built naxéto ¥ wg ntaxéto mnyaiouv koo, Iopdho mou dev undpyel
HEYAAT Slopopd uetadl twv 800 emAoydy, emhéEopue tov mnyolo xoddwxa. Me ou-
TOV TOV TEOTO elyoE TN BUVITOTNTA Vo OPICOUUE AVORUTIXG TOL YUQUXTNELO TLXE TOU
Spark, cupnephapPavouéveyv tng éxdoone tne Scala otny omola Yo xoTAoKELAC TEL
To Spark, v eAdytoTNe oLUPATAC EXDOOTNC TOU XATAVEUNUEVOL CUC THUATOS opyElwY
tou Hadoop xad¢ xon 0 duvatdtnta evewpudtwong Shhwy toxéTtewv (T.y. UTooTh-
e&n v to Mesos, v 1o YARN x.An.). Extoc and ta nopandve, emhéyoviog va
othoouyue to Spark and mnyaio xdOWa, lyaue TNV cuxanplot Vo SOXUACOVUE ot Vol
OLATLO TWOOLUE €4V efvon duvatd Yo To Spark va yivel build og autd Ta evowuatwuéva
CLC TAUATAL.

H dwandéowun éxdoomn tou Apache Spark tnv neplodo mou acyolndixaue ye tnv nopo-
méve dradixacia ity 1 1.6. T var xdvoupe build to Spark, arapaitntn npobnddeon
elvan v umdpyer RO eyxatecTnUéV wlo €xdoon tou Java Development Kit xou vo
€xel dlapoppwiel opdd oto clotnua. ‘Etol, To mpwto npdyua mou €mpene vor yivel
peTd T A xou Ty e€orywyn Tou mnyolou xdixa Tou Spark, NTov Vo HETAPORTE-
couye wa éxdoon tou JDK cuuPaty| e to ovothuatoe ARM. BAénovtag 6TL ye tnv
Java 7 énpene va oploovpe npdoleteg emhoyég onwe -XX: MaxPermSize = 512M”
YL AMOQUY T GPOAUATLY xou warnings xotd to build, emAé€aye tnv Java 8, 6mou dev
elyaue Toug Tapandvew neploplopols. Acdouévou 6tL To Raspbian OS eivan éva 32-bit
AELToLEYWXO cUoTNUA, €va 32-bit naxéto Tou JDK ehrigpir, eved yia to Dragonboard

410c o omolo cuvodeletan and éva 64-bit Aettovpynd cloTNnua, éva taxéto 64-bit



Hooxioes ano tn Awaqudppwon tov Spark oe Evowparwuéva Xvotiuata 29

eMjpOn. Metd ™ AMdmn xan v e€aywyn Tov avtioTolywy taxétey, ol ueTaBAnTéc
JAVA HOME xou PATH énpene va oplotoly 610 .bashre apyeio (nou Beloxeto
G TOV 0PY X6 XUTAAOYO TOU GUVOESEUEVOL YpeNoTn), Yia va elvar opath 1 Java omd o

Spark. Ot evtohéc mou mpootédnxav cto apyeio .bashre eugaviCovtar oxolovin:

export JAVA HOME="<path/to/jdk/folder>”

> export PATH="$PATH:$JAVA HOME/ bin”

Listing 3.1: Java configuration

‘Enetta, xdvovtog source to .bashre (n.y. sudo source .bashrc) yio va eqoppootody
oL ahhayég, ouveylooue e To BuaTa Tou amattovvIon Yio To othowo tou Spark. To
Spark €pyeton maxeTaplouévo ue wa €xdoor tou Maven, to omolo SleuxoAlveEL TNV
otowo xa. to deploying tou mpwtou. IlephouBdvel éva script mou yetapopTivel
Tomuxd xou pLUUilel avTtépata Ol Ta amapaitnTo otolyeia yia To building Tou Spark
(Maven, Scala, xou Zinc) [18]. Ou mAnpogoplec oyeTixd e T0 project xodde xou dheg
OL DLAUOPPOCELS XAk TOL TTUXETOL TTOL ATOLTOUVTAL YLOL TNV XATUACKEUT) TOU project autou,
nepiéyovtan oe éva apyelo XML to pom.aml. H npoemiheypévrn éxdoon tng Scala ftov

2.10 xou mpoxewwévou va Ty aAldEouue oe 2.11 exteréoaye TV axdrouvdn eVIoAn:

./dev/change—scala—version.sh 2.10

Téhog, Eexwvnoayue to athowwo tou Apache Spark, exteAdvTtag TV axdAovdn EVIOLY:

build /mvn —Pyarn —Phadoop—2.6 —Dhadoop.version=2.6.0 —Dscala—2.11 —
DskipTests clean package

Me autév ToVv ToTO, oplcaue TNV 2.6 we TNV ehdyioTn cupBoty| éxdoor tou Hadoop

vt To Spark, tnv éxdoon tne Scala oe 2.11 yia TNV HETAYADTTION OAWY TWV ETYUEPOUC

oToyelwy, eve téhog npocdéooue vnoothelEn Yo To YARN.

3.4.1 IIpoxAnoeic and tn Aloprdppwon Tou Spark ce Ev-
CWUATWUEVA ZVC THRATA

[Topdho mou 1 petayhoTTion Tou mnyoiou xwdixo tou Spark pe Java 8 dev anoutel
Tpooveteg puiuioelc, eupavic TNXOY cPIALUTA OYETIXA UE TO HEYEYOC Tou BlatéaLuou
owpol (heap) nou agopoloay ta JVMs (Java Virtual Machines). ITio ouyxexpipéva,
1 Java dev unopoloe vo deoUENTEL TO TREOETLAEYUEVO UEYEVOC GLEOV %ol YLoL AUTOV

Tov Aoyo epgaviCovtav exceptions. I va Eemepactel autd t0 MEOPBANUY, oploaue
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eNté o Yéyloto wéyevog Tou owpol Tou Yo unopovoe va dlatedel oe 512MB xou to
uéytoto péyedog NS SLVOAXNC UVAUNS Tou Yo uropodaoe va deopedoel oto SOOMB,

EXTEAWDVTOG TNV oaxOAOLUT EVIOAT] GTO TEQUATIXO:

export MAVEN OPTS="—Xmx=800M —XX: MaxHeapSize=512M"

‘Eva ddho mpdBAnuo mou avtiuetwniooye xotd To 6Towwo tou Spark ota evowua-
Twpéva cuothpata, RTay 6Tl To Snappy, wa BBAodixn cuunieone/anocuunieong
Tou yenowonotelton yiar v yivel build to Spark, 8ev unootiple TNV apyttEXTOVIXN
ARM. Q¢ ANoon oto mpoAnua, Tpononolicous To pom.xml apyelo, To omolo mepié-
YEL Oheg Tic e€opTAOELS Yl TNV xatooxeLr) Tou Spark xau oploope ) Aidm xan ™)
xeron tne Teleutalog €xdoone Tou Snappy, N omolo uéyel tote NTav 1 1.1.2.4 xou
otnyv omola mpocTéUnxe uroctien yia v ARM opyitextovixy). H tpononoinon

Tou €ytve TapoualdleTtol axohovdne:

### old XML tag value ###

> <snappy.version>1.1.2.3</snappy.version>
s #4H# new XML tag value ##H#

<snappy.version>1.1.2.4</snappy.version>

Axohoudoyvtog tor mapandve Briuata, to build tou Spark Hrtav emtuyéc.

3.4.2 IlpoxAnoeic and tnv ExtéAeon tou Spark oce Ev-
CWUATOUEVA VO THURATX

‘Evog yprotne unopel edxoha va eAEYEel av OAal AELTOUEYOUV OWOTA, EXTEADVTIS
omolodNnoTE amd To Tapadelyota Tou tepthauPBdvovtar oto Spark ¥ mAnxtpohoy-
vtag Ty eviohi: ./bin/spark — shell.sh (anb tov apyixd @dxelo tou Spark) oto
TEPUOTIXG, Yl Vo avolEel €va Sadpactixd Spark Shell xou va aglohoyroel xodOLxa
oe Scala 1) Java. Ytnv nepintwon pag, extehodviag to spark-shell cuveldntonou-
cope 6T uTege xou AL TEOBANUa e T Java. ‘Onwe xou ey, ol dlepyaoie Twv
JVMs npoonadoloay va deouedoouy neplocdtepn and Ty dlodéoiun uviurn. To npd-
Bhinua evtomiCeton axplBedc oo 6TL To Spark opllel ™ péyiotn Swordéoiun uviun yio
x&de JVM oto 1GB, we mpoemhoyr. ‘Ouwe, xa to 800 cuotAuata ( to Pi 3 xou
10 DragonBoard 410c) éyouv uévo 1GB ( 1o mpaypatixd Swodéoiwo uéyedog eivou
uxpdtepo and 1GB) uviune RAM evdy éva pépoc tne uvAune eivon decpeuuévo amd

T0 AettoupYxd clotnua. ‘Onwe gafveton xar oto xepdrowo 77, to Spark dodéter plo
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TANUOE EMAOYOV YLot TN SLoORPWCT Xl TOV 0pLOUO TV TOEWY oL Vol YeNoLLo-
motel xatd TNV UTOBOAY| pLag epapuoyTc ot éva cluster. Avahutixdtepa, oo bash
script /conf/spark — env.sh undpyouv emhoyéc v 0 pvYUON TN UVAUNS TOL
driver mpoypduuatog, Tou executor, Tou master, Twv workers xou Tou daemon, 6TwS

TapouctalovTol axoloLYKC:

’ Option \ Comments ‘
SPARK EXECUTOR_MEMORY | Memory per Executor (Default: 1G)
SPARK DRIVER MEMORY Memory for Driver (Default: 1G)

To set how much total memory
workers have to give executors
To allocate to the master, worker and
history server themselves (Default: 1G)

SPARK WORKER MEMORY

SPARK DAEMON MEMORY

ITivaxog 3.1: Emhoyéc dlapdppuong uvhung oto Spark.

Ano T mopandve emhoyég, oploope TN uvhAun tou driver ota 8OOMB yio Ty adlo-

AOYNOY TV egoppoywy Tou Spark oe local mode xou To TEOBANUA emALUNXE.

export SPARK DRIVER MEMORY=800MB

Ynuet@vetar, 6Tl 1 (Bl phduon Yo unopoldoe va yivel xou u€ow tou apyeiov spark —
de faults.conf, 6nwe gaiveton 6N cuvEyELL:

spark . driver . memory=800MB

Qoté00, Yia TNV 0€lOASGYNON TV EQopuoY®Y cTo cluster mode tou Spark, da npé-
mel emnAéov v puduicouye TN uvAun Twv master xou worker x6uBwv. Téco to Pi 3
600 xou 1o DragonBoard 410c €youv évav tetpamipnvo enelepyaoTy|, TOU oNuaiveL
6TL uropolv va prhogeviicouv uéyet xou 4 workers (évav yia xdde CPU core). Eni-
orng, ebvon onpavtixd va onueiwdel 6T xdde master xou worker xouog exteleitan o
dlagopetixd JVM process. To Spark, neptopiCel tnv eAdylotn TocodTNTA UVAUNG TOU
olatidetan oe xdde process ota 475MB. Me autdv Tov TpOTO, axdUa Xl GTNV AThoD-
oTepn meplntwon dnuovpylag evog Spark cluster mou amoteieiton and évav master
xau €vay worker x6ufo, npénet vo undpyouy déowa 475M B + 475M B = 950M B
uviunc. 201600, AéYw Tou 6TL wévo 800-850 MB uvAung RAM elvou mparyportind
OLECLUA OTA EVOWUATWUEVA CUC THUATA TOU YENOLLOTOLCOUE, DEV HTAY BUVATO TO

othowo evog Spark cluster xou 1 alohdynon TwV opuoYGY o autd To mode.
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Télocg, 6oov agopd tnv mhatpopua PYNQ-Z1, elvou eygavéc éti ol dlodéatpol tépol
oe mupnvec CPU xau pviun RAM eivar mohd Arydtepol and autolc tou Pi 3 xou
tou DragonBorad 410c. I'w T0 Aéyo autd, dev elye vonua vo mpoomodicouue vo
otfioouye To Spark ombd mnyaio xOOWa, xon oavT AUTOU YETOWOTOLCOUE Uid pre-
built éxdoon tou Spark pe ta Bl yopoxtnelotxd (my. Scala 2.11, Hadoop 2.6
XAT.).



o Spark ce £€va Pynq Cluster

4.1 Ewocaywyn

Ov awéavoueveg anautioelc T600 G TN GUVORLXY| anddooT) OGO XAl CTNV EVEQYELNXN
ATOBOTIXOTNTA €YOUV OONYNOEL TIC ETAUEEIES O TN LIOVETNOT VEWY TEUXTIXWY HECK TNG
yenhone emtayuvidyy FPGA oe eninedo datacenter. Ilohkéc xohoootaies etoupelec,
onwe 1 Amazon xou 1 Intel, €youv HoN xdvel xvhoeic oty ayopd twv FPGA. T'a
nopddelypa, 1 Intel e€oybpaoce npdopata v Altera [36], wio ToAd yYvwo T etoupeia
xataoxevc FPGAs, evdd n Amazon mopéyel 10N eunopixd Tic euxovixéc unyovée Fl
Tou TepthauBadvouy extdg Tou xhaoixo CPU xau pla mpoypoppatlouevn Aoy [14].
[N to AoYo auTd, o%omog Yo VAL VO XATAOXEVACOUUE EVOL ETEPOYEVES CUUTAEY U
UTOAOYLOTOV ToU Yol ATV IXOVO VoL ETULTOYOVEL ToL UTOAOYLO TG OUALTNTLXG TUNUOTAL
TV ahyoplduwy. ‘Etol, oc autd To xepdhoto Yo TapousLdcouUE OAOXANEY) TN BLodLXd-
ola phdwong, dnuovpylag xou SLoudEP®oNg aUTo) TOU GUUTAEYUNTOS TTOU AMOTEAE(TOL
xuplewe amd PYNQ-Z1 x6ufoug, ol omolol eVeWUATOVOUY %ot Ulol ETOVITEOY QoUUITL-
Couevn hoywr, pe évay master x6ufBo Baciopévo otny apyttextoviny| tne Intel. To
Spark Yo eyxatactadel o dhoug Toug xoufouc tou cluster xan Vo Sropoppuwiel yia
vo exteheitan o autolg. Emniéov, Yo napouciactel éva anoteleoyatixd framework
Yl TNV AmEOOXOTTY XeNOT EMTAYLVTWY LAXoO oto Spark, pall pe ta dwodéoiua
APIs nouv da nopéyel. Téhog, Ya mpaypatonomdolv petproeic yior Ty olohdynom

TOU GUVOALXOU €pYOU.

4.2 PYNQ-Z1

‘Evo and 1o onuovTIXOTERO EpWTAUITA TOU TEOXLTTOLY elvol To YTl eneAéyn To

PYNQ-Z1 vy tn dnuovpylo tou cluster. H andvtnon elvon 6TL ol yopoxtneto Tixd

33
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TOU TATPOVV TIC AMUTATELS €VOC TETOLOU project. AvaAuTIxOTERY, TOl YoRAXTNEIO TLXE

Bdoet Twv omolwy MBoue v andgoaon eivon o eENC:

e Zynq APSoC: Apywd, to PYNQ eivau Poociopévo oto Zyng All
Programmable SoC xo cuyxexpiuéva ot oeipd Zyng-7000. ‘Okeg oL cuoxevég
Zyng-7000 etvou e€omhiopéveg pe évav dumbpnvo enclepyaoty) Cortex-A9, o
onolog elvan 6TeVd cuvdedepévog ye pla Artix-7 7 Kintex-7 enavampoypoy-
wotllopevn hoyuny), yia e€oupeTixéc emdooelg avd watt xou uéyiotn evehla
oyedloopol. Me tov tpémo autd, €vac yenotTne Umopel va cuvOLdLeL ToV TEOo-
yYoopuotiopwd oe eninedo Aoylouxol mou mapeyouv o ARM enelepyoaotéc ye
TOV TEOYPAUUUIATIONS OF ENINEDO UALXO) TOU TUPEYETUL OO TNV EMAVATROY PO-
natillopevn Aoy, Ltnv ewova 4.1 qaivetar To umhox didypaupa TG OELRdg
Zynqg-7000.

Qo1t600, TopATNEEITOL OTL HOVO ToL UTOAOYIO TIXE OMOUTNTIXA HERT) EVOG OAYO-
elduou umopolv mparyoTixd vor emToyUVIoLV. LUVETWS, 1) WOaUvLXY| TAATQOpUA
Yoo TNV EMTEYLVOY VO ahyopituou meémel var unootneilel Tov TEOoYEUUUd-
o6 T600 o¢ eninedo Aoylowxo) 600 xal e €TUNEDO UALXOD, OTWC ovapep-
Unxe mponyoluevws. Elvon mpogavée ot 1 mhatgdpuo Zyng elvon davixr yio
To oxomd auTO xou Yivetow €0X0AA XATAVONTO OTL AUTOC NTay €Vag and TOug

x0ploug Aoyoug yenoiponoinong tng mhatpopuas PYNQ.

e Low power: ‘Onwg €youye 1om 6el 010 xeqaraio 3, to PYNQ-Z1 avixel otig
EVOWUATWOUEVES TAATPOPUES YoUniig xotavdhwong. H xatavdhwon evépyeldq
Tou dev Eemepvd To dplo Twv 3.2W, evdd guholevel ula AT Swovour| Tou Aet-

TovpYWoL cucthuatog Ubuntu.

Koplog oxonde tne epyaciag autic elvar 1 dlepebvnor eVOAAIXTIXWY Yol TN
Behtiwon tne anddoong twv datacenters pe mopdhAnAin pelwon oTn cuvolixy
AATAVIAWOT] EVERYELOC. DUVETMC, UEYPL OTLYUNS, UTEYOUY dU0 AOYOL TToU Xo-

Yioto0v 10 PYNQ-Z1 150vixd yiat 10 %06 Yog.

e Small size: ‘Oha o cuctotixd otoyela tou PYNQ, cuurnepihaufBavouévewy
WV eEWTEPUAOY DETAPOY €10600L /€600, xadne xou tou APSoC elvon ma-
xetoptopéva ot pio uixpr mhoxéta (printed board circuit — PCB) peyédouc

OYEDOV 000 TEES POpES To péyedog uiag ToTwTC xdpTag. Me tov Tpomo
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t
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Flash Controlier NOR. MAND, Mubtiport DRAM Controller
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. SPI .
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. CAN . I NEDON™ SIMD and FPU NEON™ SIMD and FPU
2
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I with DMA . lll
2x Gigk
with DMA AMBA® Interconnect AMBA® Interconnect
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Beneral Purpose ACP  High Performance
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X

Processor 1/0 Mux
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2 ADC, Mix Programmable Logic PCEe Ben?

Thermal Sensor (System Gates, DSP, RAM) 1-8 Lanes

Multi Standards 1/Ds (3.3V & High Speed 1.8V)

'

Multi Gigabit Transceivers

Yyfuo 4.1: Mmhox dudypopuo tng ogds Zyng-7000.

auTd, oYL w6vo eCowovoust ywpo, ohhd uropsl enlonc va avtameléhdel oTiC
U0, 13 , O\ EEND

ONUEQVES AVAYHES HAWAHWONC.

e Python libraries: To PYNQ-Z1 eivon pla wia mhatpopua Baciopévr oe éva
véo project avouytol oo tne Xilinx, ovouyatt PYNQ. To xUplo mAcove-
ATNUOL 0UTOD Elvol OTL ETUTEETEL GTOUC YPNOTES VoL GYEBIALOUY EUXOAA EVOWUA-
Touéva cuoThRaTa Yenotwonowdvtas ta Zynqg APSoCs tne Xilinx. Ou emita-

YUVTEC LAXOU elodyovion we BiBhtodfxes ulxol (Yvwotéc we overlays), eved
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ONOXANET] 1) EPOPUOYY) CUUTERLAUSBOVOUEVNE oL TNG BLETUPNG TWV ETUTOYUVTHV
elvon ypopupévee oe Python.

H Python yenowonoieitar 6ho xou TEELOGOTERO GTOV TOUEN TNG AVAIAUOT [e-
YEAWY BEBOUEVOV WS LA LOYUEY|, EVEAXTY YAOOOO avolyToO x(dixo Tou efvol
e0xohn o udinom, otn xerion xo €xet .oyveéc BBAoUTXES Yiol TOV YELRPLOUO
xoL Ty avdAuor dedouévev [38]. Q¢ ex Toltou, ToTEVOLUUE GTN HEAAOVTIXT

00NYNOT EMTAUYUVTOV LAXOU uéow BiBhotnxoy tne Python.

4.3 To Spark cto Pynq (SPynq) Cluster

Ye auth) TV evotnTa Yo Tapouctdooupe Ohn TNV Oadixacior dnuoveylog xan dlo-
uoppwong tou SPynq cluster. I'ia to cluster, npoundeutrixoue téooepeic PYNQ-Z1
unoloylotég xadwe xon éva PC pe évav Intel i5 enelepyaoty), evd yio T dixtOmon
TV XOUBOV YeeWdoTNXE Vo Tpounleutolue xou €va uixpd switch.

INo va puduloete toug PYNQ-Z1 %xoufoug, cuyfouleutrixope Tov 0dnyo Yeryoens
exxivnong tou Pyng. Eneita, xotefdooue to PYNQ image tng Xilinx petafBoivo-
vioc oto GitHub. Agol yetagoptdooue tor dedouéva tou image oe téoocpic SD
XApTES, Unopéoaue TEAXE va exxivicoupe toug xoufoug PYNQ-Z1. Y1n cuvéyewa

Yol TOPOVCLAGOVUE AVOAUTIXOTERX TIC PLUUIOELC GTIC oToleg TEOBYXoE:

4.3.1 PuIpioeig dixtOOL

Ou PYNQ x6uBot, and npoemhoyt, Aouldvouy tn otatiny| 192.168.2.99 IPv4 6iei-
Yuvor. T vo amogeuydel To evdeyduevo 800 1| neplocdTepol xOuBol va €youy TNy
ol IP, Tpomomowiooue T Sloudppwon dixtiou xdde xoufou xou oplooue dlopope-
Txég IP dievdivoeic yioo xde éva and autolc. AvaAuTixdTepd, TEOTOTONCUUE TO
apyeio static xd0e x6uBou o onolo Peioxeton oto path /etc/network/interfaces.d

twv Linux. Ot tpononooelc mapovaidlovton axoholiwg:

H# Old configuration for the static IP #4#
5 address 192.168.2.99

5 ##+#+ New configuration for the static IP ###
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address 192.168.1.<231—-234 depending on the pynq node and 203 for the
master>

gateway 192.168.1.1

Listing 4.1: Ip configuration

Qotéc0, oL xouPor PYNQ-Z1 nogéyouv emmiéov tTnv mhneopopla ylol TNV TEOETL-
Aeyuévn otatixy| oievduvon IP oo apyelo dhclient.conf, to onolo Bploxeton xdtw
a6 tov xotdhoyo /ete/dhep. Xt cuvéyela, TapouctdleTaL 1 TEAXY| SLooOPPWoT) ToU

DHCP:

HE Old fixed —address value 4

; alias { interface ”eth0”;

fixed —address 192.168.99;
option subnet—mask 255.255.255.0; }

i New DHCP configuration ###

option rfc3442—classless —static—routes code 121 = array of unsigned

integer 8;

send host—mame = gethostname () ;

; request subnet—mask, broadcast—address, time—offset , routers,

domain—name, domain—name—servers , domain—search , host—name,

5 dhcp6 .name—servers , dhcp6.domain—search ,
i netbios—name—servers , netbios—scope, interface—mtu,

7 rfc3442—classless —static—routes, ntp—servers ,

dhcep6 . fqdn , dhep6.sntp—servers;

timeout 30;

retry 10;

> reboot 3;

; select —timeout 0;

alias { interface ”eth0”;
fixed —address 192.168.231;
option subnet—mask 255.255.255.0; }

Listing 4.2: DHCP configuration
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Emmiéov, wg npoatpetind Briua, dnuovpynoaue DNS eyypagéc yia toug xéuBoug
tou cluster, TEOXEWEVOU VO UTOPOVUE VO AVAUPEROUAOTE GE aUTOLC e [Bdon To
hostnames toug xau oyt tic IP dievdivoeic toug. H daduxacio dnuiovpylog twv €y-
yYeopdv DNS mapadeineton xadode elvan mpooupetinn xaw dev €xel xdmol oyéan Ye
v vhornoinom tou cluster. Qotdco, Yo avadelloupe TN dadixacio Tou axohoudr-
cope vl voo ohhd€oupe to hostname xdde PYNQ xéuBou. H Xilinx mapéyer éva
script mou ovoudleton hostname.sh xou ypnowomnolelton axpBie Yo TNV TEOTOTO(-
non tou hostname evég PYNQ x6ufou. To script auto, Beloxetor xdtw and tov
xatdhoyo /home/xilinx/scripts Tou Aertovpyixo) cucThUaToS. Exteddvtog tny axd-
Aouvln evtolr] 610 TepuaTind xdie x6ufou, Tpononoiioaue To hostnames twv PYNQ-
Z1, eve> TPOXEWEVOU VoL EQUPUOCTOUY oL adharyéc Aoy amapaltnTn emovexxivnor xdie
CUC TAHUATOC.

$ sudo ./hostname.sh <new hostname>

Listing 4.3: The command for altering PYNQs’ hostnames

Télog, mapouoidlouue TN dade@waon dixtiou Tou cluster yog:

’ Hostname \ IPv4 address \ Platform ‘

vinemaster | 192.168.1.203 | Intel i5 based
pynql 192.168.1.231 PYNQ-Z1
pynq2 192.168.1.232 PYNQ-Z1
pynqg3 192.168.1.233 PYNQ-Z1
pynq4 192.168.1.234 PYNQ-Z1

ITivaxag 4.1: Awopdpgpnon dixtbou tou cluster.

4.3.2 Pululoesig acpaieiag

Aedopévou 6Tl 6%0To¢ pag NTav Vo dnutovpyricoude éva cluster mou Yo elvar mpo-
opdowo yéow tou Adxtiou, ENpeNE VoL BLUCYAUACOUUE OTL TANPOUVTOL OPLoUEVL
mpoTuTa acoeiag. ' To Adyo autd, TpoToTOoAUUE TNV TOALTIXY TOU TElyOUC TTEo-
otoactac xdde yegovouévou xoufou and tov onofo anoteieitan to cluster, yenoiuo-
Tolwvtoag TNV iptables eviohy. Emniéoyv, tpononoioaue to apyelo sshd_ config mou
Beloxeton xdtw and tov xatdhoyo /etc/ssh twv Linux, npoxewwévou va emitpéneton
0 €AY Y0 TAVTOTNTOS PECW ToL TewToxOAhou SSH udvo Yo yehoTeg mou mopéyouy
éva WOLwTxd xAewl. To apyelo Tpononoiinxe étol dote va cuuteptAngody Tehixd

Ol TPOX AT ETULAOYEC:
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HHHHEHE sshd  config HHHAHHHH:

3 PermitRootLogin without—password

PubkeyAuthentication yes

5 PasswordAuthentication no

Listing 4.4: Modifications done in the sshd_ config file

Etvou onuovtixd va onuewwdel 6t emitpédope TIc xeVEC «PEAOELC XAEWBLEY» Yiar TN
oclUvdeEoN Uéow dnuoctou xhewdod. O xdplog oxondg autod Yo eEnynidel apyodTepa,
GTO xOPUdTL Blopbdppwong Tou Spark.

Téhoc, dnuovpyroope éva Levyog dNudolou/IBlnTixod XAeWBlol rsa Ue Xevr «ppdon

TEOGBACTCY YENOWOTOLOVTAS TNV aXOAoUTT) EVIOAY:

#HHH linux command that generates a private/public rsa key pair ##HH

5 § ssh—keygen

Listing 4.5: Generating a private/public rsa key pair

YN ouvéyela, xpathooUe TO WLWTXO YEpog Tou XAeWiol ooV xoufo mou Bacileton
otov Intel enegepyao Ty, 0 onolog, dnwe Yo dolue apydTepa, Ya elvar o master x6uBog
tou cluster (6oov agopd to Spark) xou téhoc avtiypddoye to dnudolo pépoc oe
x&de évav PYNQ-Z1 x6ufo otov xatdhoyo /root/.ssh, mpociétovide 1o oto apyeio
authorized  keys.

A&ilel va onueiwdel 6TL dheg oL mopamdve dlapopp@oels oyeTi{ovton YE TOV Toot
Yeho ™ Twv Linux xou guowd Atav xdtt to omolo €yve oxoniuwe. O xOplog Adyog
Tlow and auto, elvon 6TL oL evowuatwuéves BiBhodrixes tng Xilinx, yia ) yenon g
EMOVOTEOY EOUUATICOUEVNS hoYxng, amoutoly emauénuéva dxonmuoata. Me autév tov

TEOTO, 1) EXTEAEDT) OAWY TWV EVIOA®Y TEETEL VoL YIVETAL OO TOV oot YeHoTN.

4.3.3 PuOuloesig oto Spark

ITpwv EexwvAooupe ye to otrowo tou Spark, xatefdoaye xou €YXUTACTACAUUE TO
JDK framework oe 6houg toug xdufoug tou cluster. ‘Encita, xatefdooue wo pre-
built éxdoor tou Apache Spark, to onolo avtiypddoue xou e€iyaue xdtw and To
@pdéxeho /home/xilinx xdde x6uPou. Emmhéov, yia va e€dyouue Ohec Tic amopodtn-

tec petoBAntéc nepiBdrlovTog, apyixd tpocVécaue Tic yetafintéc SJAVA HOME,
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$SPARK HOME xon $PATH oo opyeio /etc/environment xou 6T cUVEYELXL ETO-
VEXXWACOUE XGUE oUCTNUO TEOXEWEVOU Vo EQUEUOCTOOY oL adhayéc. Me tny mpo-
oun 6wV Twv Topamdvw, Tto apyelo /ete/environment twv thoaxetodv PYNQ-Z1
anéxtnoe v axdhoudn popen (dev tponomolficoue OAOXANEO TO apyEelo xadwe dhheg

XoToL WENHoELS Yo Umopoloay Vo ETNEEACOUY T AELTOLPYId TOL CUC THUATOC):

- Contents of /etc/environment file #

3 #Java

. JAVA_HOME="/usr /1ib /jvm/jdk1.8.0 111"

¢ #Spark
7 SPARK HOME="/home/ xilinx /spark —2.1.1"

9 #PATH
10 PATH="/usr /local /sbin:/usr/local/bin:/usr/sbin:/usr/bin:/sbin:/bin:/usr
/games:/usr/local /games:/home/xilinx /spark —2.1.1/bin:/home/xilinx /

spark —2.1.1/sbin:/usr/lib /jvm/jdk1.8.0 111/bin”

Listing 4.6: Setting environment variables on the PYNQ-Z1 nodes

Axorovdwe mapatétouye to (Blo apyeio puduloewy Tou x6ufou mou PBacileton oTnv

Intel apyitexTtoviny:

- Contents of /etc/environment file #

3 #Spark
. export SPARK HOME=/home/xilinx /spark —2.1.1

; #Java

export JAVA HOME=/usr/lib /jvm/jdk1.8.0

-

o #PATH
export PATH=$PATH:/home/xilinx /spark —2.1.1/bin:/home/xilinx /spark
—2.1.1/sbin:/usr/lib /jvm/jdk1.8.0/ bin

Listing 4.7: Setting environment variables on the Intel i5 based node

‘Onwe propel xoavelc va nopotnenoet, o xatdhoyog xdtw and tov onolo Bploxeton
to Spark elvon o {Blog Yy 6houg Toug eumhexduevous xoufouc. ‘Vcov agopd TNV

extéheon epoppoywv oto Standalone cluster mode Tou Spark, o Spark Master,
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agol ouvdelel ue Toug Workers, dyvel o avtiotoryo naxéto Spark oe xde Worker
x6ufo, ony Bl dladpopy| Ye ™ Oy Tou. Emouévwe, to deployment tou Spark
oe dlapopeTixd path, Vo mpoxaroloe mpolAAuata xatd tnv exxivnorn twv Worker
OLEQYACLV.

Me Bdor ta mopandve, elac TE ETOLUOL VO TROY WEYCOUUE OTIG CUYXEXPWEVES puiuL-
oeic Tou Spark yio to emduuntéd cluster. H exxdva 4.2 anewxovilel to telxd emduuntod
oyhua tou cluster. Puduioceic Yo yivouv otov x6ufo mou Poacileton otnyv Intel opyi-
TEXTOVIXT, TTPoXEWWEVOL Vo pLhoevel Tov Spark Master, evéy xdde PYNQ-Z1 x6ufoc
Yo dapoppwiel €tol dote va exxwveiton évag Spark Worker. Tumixd, okeg ol eqop-
noyéc Yo unofdhiovton otov Master x6ufo, evéy o PYNQ xoufou Yo avohayuBdvouy

TNV EXTEAEDT) TV EpYACL®Y Tou Yo Toug avatidevtan.

inside”

r F F F B B B % % % N
r & & §F B B 5B 5 9 3 N

Yyfuo 4.2: To mpotewvouevo oyrua Tou cluster
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I to oxond auto, émpene va Tpofolue oTig anapaitnteg puduioec wote o Master
xoufoc va cuvdéeton Ye Toug Slave xoufoug xou avtiotpoga. Axoroliwe, topouotd-

Coupe xdie mepintwon yweioté:
Puduioewg otov Spark Master Koufo

Ytov Master x6ufo tpomonoifoaue Tta axdrouda Téooepa apyeia: slaves, spark-

env.sh, spark-defaults.conf xou log4j.properties.

e slaves: Yto Spark 2.0 xou oe dhec TiC VEOTERES EXDOTELC TOU, XATW Ond TOV
xatdhoyo conf, undpyel To apyelo slaves. Autd to apyelo nepléyel T hostnames
xou Tic IP Sieudivoeic 6Awv twv xouBnyv ctoug onoloug Yo exxveltar €vog ol
neptoootepol Spark Workers. "Eyovtag diapopgpnoel to apyelo slaves, eipacte
o Véan va exxwviioouye 1 vo o tapatioouue To Spark cluster, yenowonowwvrog
onolwdnnote and Ta dladeoiua scripts Tou Spark, mou Beloxeton xdtw and Tov
xatdhoyo SPARK HOME/sbin. O nivaxac 77 epgoaviler dho to Sradéoio

scripts tou Spark.

’ Script name \ Description \

Starts a master instance on the
machine the script is executed on.
Starts a slave instance on each machine
specified in the conf/slaves file.
Starts a slave instance on the machine
the script is executed on.

Starts both a master and a number of
slaves as described above.

Stops the master that was started via
the bin/start-master.sh script.
Stops all slave instances on the
sbin /stop-slaves.sh machines specified in the conf/slaves
file.

Stops both the master and the slaves
as described above.

sbin /start-master.sh

sbin /start-slaves.sh

sbin /start-slave.sh

sbin /start-all.sh

sbin /stop-master.sh

sbin /stop-all.sh

Mivaxag 4.2: Awdéowa scripts yio évopén/diaxony Aettoupyloc tou cluster oto
Spark

YLVETWE o TNV TEpinTwon poc, otov xouo nou Baciletoun oty Intel apyitexto-

vixn, Tpononolioope To apyeio slaves Tou Spark wote va tepiéyel o hostnames
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ohwv Twv PYNQ-Z1 %6ufwv. Ta nepieydpeva Tou apyelou nopouctdlovTal oxo-
hovdwe:

HHHEE Contents of conf/slaves file

3 pynql
| pynq2
5 pynq3
pynqg4

Listing 4.8: Setting the Worker nodes of the Spark Cluster

e spark-env.sh: 'Encita, tpononowicaye o apycio spark-env.sh dote tehixd vo

TEPLEYEL TIC oxOAOUVEC EVTOAEC:

# Master — conf/spark—env.sh ##AH

3 export SPARK DRIVER MEMORY=505m
export SPARK DAEMON MEMORY=505m

5 export SPARK MASTER HOST=192.168.1.203
s export SPARK LOCAL IP=192.168.1.203

Listing 4.9: The spark-env.sh file of the Master Node

Apywd, n uviun tou mpoyeduuatoc odrynong xou tou datuova tou Spark opi-
otnxe ota 506MB. H nocétnta tng uviune mou 869nxe, oplotnue yetd amod
TOAMEC BoxLuEG xou elval TOOO TEQLOPIOUEVT AOY W TOU VT TOLYOU TEPLOPLOUOU
otn uvhiun twv Worker x6ufov. Or PYNQ-Z1 »oufol éyouv puolg 512MB
uviune RAM xou cuvende 1 uéylotn v Tou Unopolue var SlordécouUE yia
otoug Spark workers oploveteiton améd awtd to uéyedog. Axodun, n tocdHTnTA
NG UVAUNG TOU TpoyYeduuatog odXynone tou Spark dev umopel vo unepPai-
vel TNy mpoavagepVeloa T, Katd tnv unofoly| wog epopuoync, n dtadéoiun
uvAun e ebvon ot Tou €xel oploTEl WC UVAUN TOU TEOYRIUUATOS 00N YNOTNC.
‘Etol, oe neplntwon 6nou 1 uviun Tou TeoYedUUaTog odfynong ival Heyold-
TepN AmO TN UVAUY TV Workers, o SLoyElplo TS CUMTAEYUXTOG OeV Yo UmopEl
va amodey Vel Toug anoutoUuEVOLS TOpoLS, Bedouévou GTL dev UTdpyouy worker

x6ufol ye autolg Toug dladéaiuoug TOEOUG.
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Télog, oplotnxayv ol yetoffintéc Master Host xou Master IP otnv tun e IP
Tou Intel xouPou 4.3.1.

spark-defaults.conf: Ye auté 1o apyelo, apyxd oplotnxe to url Tou Spark
master. Emonpatveton éti dev Aoy anapaitnto va npootedel oto apyeio dia-
HoPPWaNG, WoT6C0, ot dlaopeTxn Teplntwaon Yo énpene va opileton oe xdrde
unoPoly| ulag epapuoyic. Eneita, evepyomolioope TNy xatorypopy| Twv cuud-
VIOV EXTEAEONC Kol TEAXA OPlOUUE TOV XATAAOYO Xou To dpyelo aTo onolo Vo
anovnxedovtal. O (Blo¢ xATIAOYOC YENOWOTORINXE Xl W XATANOYOS XUTO-

yYeaghc Tou Spark History Server, 6mw¢ nopouoldleton 6T CUVEYELDL.

A&{ler va onuewwdel ot ye N yeriomn Tou history server, xadictoton duvaty 7
nepuynom xan 1 avaxoataoxevy Tou Ul mepiBdAhovtog nponyolueveny utoBAn-

VEVTWY EQAUPUOY V.

£t Master conf/spark—defaults.conf #4

3 spark.master spark://192.168.1.203:7077

spark.eventLog.enabled true

5 spark.eventLog. dir /home/xilinx /spark —2.1.1/work

spark.driver . memory 505m

spark . history.fs.logDirectory /home/xilinx /spark —2.1.1/work

Listing 4.10: The spark-defaults.conf file of the Master Node

log4j.properties: Autd 1o Brijua elvon TEoEETING XU AMOCXOTEL TNV And-
%pL(1) OTOLWVONTOTE MEPLTTWY EVNUEPWTIXWY logs xatd TNy uTofoly| ulag epap-
uoyne. To mepleydueva tou apyeiou logd.properties nopoucidlovtal oTr oUVE-

YELQL.

s # Set everything to be logged to the console, file

log4j.rootCategory=INFO, console, file

5 log4j.appender.console.threshold=ERROR

log4j.appender.console=org.apache.log4j.ConsoleAppender
log4j.appender.console. target=System.err

log4j .appender.console.layout=org.apache.log4j.PatternLayout
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26

log4j.appender.console.layout.ConversionPattern=%d{yy /MV/dd HH:mm:
ss} %p %c{1}: Y%thn

log4j .appender. file=org.apache.log4j.RollingFileAppender
log4j.appender. file . File=/home/xilinx /spark —2.1.1/1logs/logging.log
log4j.appender. file . MaxFileSize=8VB

log4j.appender. file . MaxBackupIndex=10

5 logdj.appender. file .layout=org.apache.log4j.PatternLayout

log4j.appender. file .layout.ConversionPattern=%d{yy /MM/dd HH:mm: ss }
%p %c{1}: Y%atn

# Set the default spark—shell log level to WARN. When running the
spark—shell , the

# log level for this class is used to overwrite the root logger ’s
log level , so that

# the user can have different defaults for the shell and regular
Spark apps.

log4j.logger.org.apache.spark.repl.Main=WARN

s # Settings to quiet third party logs that are too verbose

log4j.logger.org.spark project.jetty=WARN

5 logdj.logger.org.spark project.jetty.util.component.

AbstractLifeCycle=FERROR
log4j.logger.org.apache.spark.repl.SparkIMain$exprTyper=INFO
log4j.logger.org.apache.spark.repl.

SparkILoop$SparkILoopInterpreter=INFO
log4j.logger.org.apache. parquet=ERROR
log4j.logger . parquet=ERROR

# SPARK—9183: Settings to avoid annoying messages when looking up
nonexistent UDFs in SparkSQL with Hive support

log4j.logger.org.apache.hadoop. hive.metastore.RetryingHMSHandler=
FATAL

; log4j.logger .org.apache.hadoop.hive.ql.exec.FunctionRegistry=FRROR

Listing 4.11: The log4.properties file of the Master Node
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Puduioeig otoug Spark Worker Koufoug:

‘Ocov agopd toug worker xououg, énpene POVO VoL BLYOPPOCOVUE XATIANANAL TOL Olp-

yelo spark-env.sh xon spark-defaults.conf. Axoholdwe mapadétovye ta tepleyOUeEVL

TV avTioToy WV apyElwY, EToNUUlvOVTIS TIG DLpopeg Ue Ta (Blar apyeia Tou master

x6ufou.

spark-env.sh: Yuyxpitixd pe to avtiotowo opyelo tou master xéuBou, oe
oQUTH TNV TERITTWOT €YOLUE CUUTERLAEPBEL OAeS TIC amapaitnTeg UeTofANTES Te-
ey3dAlovtoc mou ayetilovton ue Tic puduloeic Twv workers xou Twv executors.
ITio cuyxexpéva, oplooue To worker instances xdde PYNQ-Z1 x6ufou oe
évar (1) xou ) Sldéotun puvhAun toug ota 505MB. Emniéov, oploaue 6t xdde
worker x6ufog Yo unopel va puhoevel éva udvo executor instance, mou Yo €yel

enione 505MB Sodéoung uviune RAM.

Kde executor €yel didéoiwo povo éva CPU core. Xtny mporypotindtTnTo, %o
oL Vo enelepyaotéc Tou Zyng APSoC Yo unopoloav va yenoihonotndoly oe
xde worker. 261600, xdTL TéTOL0 Vo TPOXAANOVGE TEOBAAUATA GTNY UETENELTA
EMTAYUVOT TWV EQUpUOY®Y Tou Spark péow emtoyuvTtdy LVAXoD. Acdouévou
6T T tasks Twv Spark executors tpéyouv mapdhhnia, 1 antdd00T Ko TwV VO
enelEPY Ao TIXWY TUEHVWY G To Spark, Yo TpoxaAoVCE ULol XATAO TUCT] OV TAY WVL-
ool PeTaE) Twv BV0 TUENVWY Yia Totog Yo elvon autdg Tou Yo el TpdaBaon
oTNV emavanpoypauuatilouevn Aoywr. Puod, to mpdBinua auTtd cUVOEETIL
OTEVE UE TA ELOLXA YOEAXTNELOTIXE TOU ETULTAYLVTY UAXO) TTOU ONULOVEYNOUUE
ot mhabolor auThg NS epyaciog. Emouévng, autd dev onualvel amopaltnTo OTL
1 ETAVATEOYEAUUUATICOUEVT AOYLXY| eV UTopEl Vo TPOGTEAAG TEL Kol VOl ETUXOL-
VOVNoEL Xl U Toug 000 eMe€epyaoTéEG TAUTOY POV OE ial BEBOUEVT O TLYWUY,
ARG TOPAUEVEL €V YUPUXTNELOTIXO TOU omouTel TEQLOCOTERT €PEUVA YLoL VA

evowuotwiel oTIc epapuoyés Spark.

## Worker — conf/spark—env.sh ##

s export SPARK DRIVER MEMORY—=505m

export SPARK MASTER HOST=192.168.1.203

5 export SPARK LOCAL IP—192.168.1.203
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Ht Worker and Executor configurations

9 export SPARK EXECUTOR INSTANCES=1
1 export SPARK EXECUTOR, CORES=1

11 export SPARK EXECUTOR_MEMORY=505m
12 export SPARK WORKER CORES=1
export SPARK WORKER, INSTANCES=1

Listing 4.12: The spark-env.sh file of the Worker Nodes

o spark-defaults.conf: ¢ auté 10 apyclo dev mpooténxay emniéov pudui-
oelg oc o0YXplom UE auUTO Tou master xoufou. LTV TeayUaTixOTNTA, OE AUTO
To apyelo dev ypewdleton va oplotel xaplor HETABANTA, Bedouévwy OTL oL EQup-
uoyéc pag Yo umoldihovtar amd tov master x6uBo xon 6tL T0 apycio spark-
defaults.conf agpopd puduicelc yiow TNV EXTEAEST] TWV EQUPUOYOV TOU UTOPBA-

AovTal.

Ye auto to onuelo éyouue ohoxinphoel Ti¢ pululoeig Tou Spark yia to Pynq cluster.
To oyfua 4.3, delyvel to web Ul tou Spark Cluster mou exteheiton xodedc xou toug
PYNQ workers pali pe toug dldéaipouc mépoug toug, evey 1) ewxdva 4.4 nopouctdlel

TN Slenagy| yerotn tou Spark History Server.

Spark Master at spark://192.168.1.203:7077 - Mozilla Firefox (on vinemaster)
Spark Master at spark://192. X | +
€) ®[192.168.1.203:8080 c : *E & A =

@ spark @ History Server @ Hadoop

555,121 sireneenor  OPark Master at spark://192.168.1.203:7077

URL: spark?/192.168.1.203:7077
REST URL: sparky/192.168.1.203:6066 (ciuster m
Alive Workers: 4

Cores in use: 4 Total, 0 Used

Memory in use: 2020.0 MB Total, 0.0 B Used
Applications: 0 Running, 0 Completed

Drivers: 0 Running, 0 Completed

Status: ALIVE

Workers

Worker Id Address State Cores Memory
192.168.1.231:54796 ALVE 1(0 Used) 505.0 MB (0.0 B Used)
192.168.1.232:39866 ALIVE 1(0 Used) 505.0 MB (0.0 B Used)
192.168.1.233:47368 ALIVE 1(0 Used) 505.0 MB (0.0 B Used)
192.168.1.234:41389 ALIVE 1(0 Used) 505.0 MB (0.0 B Used)

Running Applications

Application ID Name Cores Memory per Node Submitted Time User State Duration

Completed Applications

Application ID Name Cores Memory per Node Submitted Time User State Duration

Eyfuo 4.3: PYNQ Cluster - Spark Web UI

ITowv TPOYWEHOOUUE GTNY EVOWUATWOT TWY ETLTAYLYTWV VAXOV GTIC EPUPUOYES TOU

Spark, elvon onuoavtind va onuewwdel 6t o Hadoop framework eyxoatoctdinxe otov
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History Server - Mozilla Firefox (on vinemaster)

History Server x|+
€) ®192.168.1.203:18080 ¢ |[Q search 8 3+ A9 =

@ spark @ History Server @ Hadoop

SBGIK' 2 sursnor HistOry Server

Event log directory: file/home/xiinx/spark-2.1.1/workl

Last updated: 29/6/2017, 3:18:36 ey

Show 20 - entries Search:

App ID App Name Started Completed Duration ~ Spark User  Last Updated Event Log
app-20170625031705-0002  Python Logistic Regression on MNIST  2017-06-25 00:17:04  2017-06-2500:1925 23min oot 2017-06-25 00:19:25 |
app-20170625031422-0001  Python Logistic Regression on MNIST  2017-06-25 00:14:20  2017-06-2500:1648 25min oot 2017-06-25 00:16:48 (I
app-20170625031107-0000  Python Logistic Regression on MNIST  2017-06-25 00:11:05  2017-06-2500:13:45 2.7 min oot 2017-06-25 00:13:45 [
app-20170625030301-0000  Python Logistic Regression on MNIST  2017-06-25 00:03:00  2017-06-2500:06:10 3.2min oot 2017-06-25 00:06:10 [
app-20170625025756-0018  Python Logistic Regression on MNIST  2017-06-24 23,5755  2017-06-2500:0040 28min oot 2017-06-25 00:00:40 [
app-20170624143631-0017  Python Logistic Regression on MNIST  2017-06-24 11:36:30  2017-06-24 11:39:08 26min oot 2017-06-241130:08 [
app-20170624010235-0016  Python Logistic Regression on MNIST  2017-06-23 22:02:33  2017-06-2322:05:11 26min  root 2017-06-23 22:05:11 [
app-20170624004448-0015 2017-06-2321:44:47  2017-06-2321:47:23 26min  root 2017-06-28 21:47:23

app-2017062 0014 2017-06-2321:39:55 2017-06-2321:42:27 25min  root 2017-06-23 21:42:27

app-20170623143002-0013 2017-06-2311:30:01 2017-06-2311:3231 25min  root 2017-06-23 11:32:31

pp-20170623134714-0012 2017-06-231047:13  2017-06-2310:49:43 25min  root 2017-06-23 10:49:43

pp-20170623134429-0011 2017-06-231044:28  2017-06-231047:02 26min  root 2017-06-231047:02 |8

pp-20170623134031-0010 2017-06-231040:20 2017-06-2310:42:53 24min  root 2017-06-2310:42:53 [

app-20170623133739-0009 2017-06-23 10:37:37  2017-06-2310:40:25 2.8 min 2017-06-23 10:40:25

app-20170621054410-0008 2017-06-2102:44:09  2017-06-2102:46:40 25min  root 2017-06-2102:46:40 [

app-20170621041938-0007 2017-06-2101:19:37  2017-06-2102:38:43 1.3 h root 2017-06-2102:38:43 [

app-20170621040947-0006  Python Logistic Regression on MNIST ~ 2017-06-21 01:09:46  2017-06-21 01:12:08 24 min  root 2017-06-2101:12:08 [
app-20170621040341-0005  Python Logistic Regression on MNIST  2017-06-21 01:03:40  2017-06-21 01:06:16 26 min  root 2017-06-2101:06:16 (RIS
app-20170620163800-0004  Python Logistic Regression on MNIST  2017-06-20 13:37:59  2017-06-20 14:55:12 13 root 2017-06-20 14:55:12 (D
app-20170620031421-0003  Python Logistic Regression on MNIST  2017-06-20 00:14:20  2017-06-20 00:16:42 24 min  root 20170620 00:16:42 (R

Showing 1 to 20 of 60 entries Next

Show inc

Yynfuo 4.4: Spark History Server Web UI

master xOoufo Tou CUUTAEYUNTOS. XXOTOC TNG EYXATACTAUONG, HTAV VO ONULOVEYT-
Vel évo xatavepnuévo cbotnua apyeiwv tou Hadoop. Ipwv tn dnuoupyio tou (tou
HDFS), énpene vo tonovetolpe 6ha ta apyeio elo6dou plac eqoppoyhc tou Spark,
oty (Bl dradpour) (path) xaw otov Blo @dxeho ye exelvo Tou master (emeldy| ot
eQappoYEc uTodAlovTon and tov master x6uBo) oe xdde worker xéuBo. Aedouévou
tou HDF'S, 1o pévo anapaitnto Briua etvon n torodétnomn twv apyciwy €o0édou cto
XATAVEUNUEVO GOOTNUA OPYEIWY XL TN CUVEYELL O OPIOUOS, OTO TEPLEYOUEVO TNG
EQAUPUOYAC, TNG AVAYVWONS OTOLWVONTOTE dedopéviy amd autd. Axololiwg Yo e&e-
TACOUPE AVIAUTIXOTERN OAEC TIG AmopalTnTeES Blaoppoels yia T pUduorn Hadoop
oe auThY TNV Peuvdo-xataveunuévn hettovpyio. To Bruato mou axolouidfooue PBooi-

Covtan otny texunelwon tou Hadoop.

4.3.4 PuYpuiosig oto Hadoop

Apywd, émpene va opotel 1 uetofAnty HADOOP HOME oto apycio
/etc/environment xau 6T cuvéyelr va tpooTteVoly ot petoBAnti PATH ou bin
xau textitsbin uno-@dxelotr autol. X1n cuvéyela, teoaTENXAY oL axdhoUTES YEo-

wéc xdduxa oo apyeio etc/hadoop/core-site.xml mou Peloxeton otov xatdhoyo Tou
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Hadoop.

I <configuration >
<property>
<name>fs . defaultFS </name>
<value>hdfs://192.168.1.203:9000 < / value>
</property>

¢ </configuration >

Listing 4.13: Hadoop core-site.xml configuration

Axoun, oploope pntd ™ petofBinty JAVA HOME npocdétovide tnv oto apyeio
etc/hadoop/hadoop-env.sh xou téNoc oploape TN SLAUOPPWOT TOU XATAVEUNUEVOU

ouoThaTog apyeiwy pac oto apyeio Hadoop/hadoop-site.xml apyeio, we e€hc:

1 <configuration >

<property>

<name>dfs . replication </name>

1 <value >1</value>

</property>
6 <property>
7 <name>dfs .namenode .name. dir </name>
8 <value>/home/xilinx /hadoop —2.7.3/hdfs /namenode</value>
9 </property>
10 <property>
1 <name>dfs . datanode . data . dir </name>
12 <value>/home/xilinx /hadoop —2.7.3/hdfs /datanode</value>
13 </property>

1w </configuration>

Listing 4.14: Hadoop hadoop-site.xml configuration

To oyhua 4.5 anewxoviler to web Ul tou Hadoop pall pe to apyeio mou €youpe

evanoVéoel oto HDFS.
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€)® | 1921681.203500 & c s jve ¢+ ¢ 0O =

@ spark @ istory Server @ Hadoop

s Snapshot  Startup Progress Utilities

size Last Modified eplication Block Size  Name

L19MB 22/5/2017,10:05:06 i 128 M8
2383M8 22/5/2017,10:05:07 . 128 M8

246.04MB  20/5/2017, 4:58:56 . 128 M8

128 M8

R
1
1

123M8 20/5/2017, 4:58:55 . 1 128M8
1
2501K8 26/5/2017, 73144 1
1

49869KE  26/5/2017,7:31:44 i 128 M8

Hadoop, 2016,

Yyfuo 4.5: Hadoop Web UI

VIMEYARD

Yyfua 4.6: Pwtoypagpla tou mpayuatixol PYNQ-Z1 cluster

4.4 Emwtdyvvon Egapgunoywyv oto Spark

Ye auth v evotnta Yo meplypddoupe To mpotevouevo framwework yia v anpod-
OXOTTY YPNON EMTAYUVIOV LAXOU omd Ti¢ e@opuoyéc tou Spark oe etepoyevi
MPSoCs Baociopéva oe FPGA, xadde xou yior Tnv avdmtun evog cuvorou Bihiotn-
%WV oL Yo ATOXEVUTTOUV TIC AETTOUERELES TWV EMUTUYLVIWY YL TNV ATAOTOINUEVT
evowudteworn autey cto Spark. Emmiéov, da evowyatwoouue T véeg BiBAovxeg
oto SPynq cluster xou téhog Yo alohoyrooupe Tar x€pDT TG YENONG EMTAYUVIOV

UALX00, Yio €val GEVARLO YeNoNG TOu ahyoplduou AoYLo TiXNC TaAvOpOUNoNG.
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4.4.1 To Spark on Pynq (SPynq) Framework

Egboov éyouue eyxatactioel o Spark 6to PYNQ-Z1 cluster, elyacte mhéov étoluot
VO TPOYWeNoOLUE oTa amopaltnto Priyata yior Ty eniteuln emxovwviag Ue Toug
ETUTOUVTES LAXOU TN Tpoypoappatilopevne hoyhc (PL) tou Zyng.

To oyfuo 4.7 anewxoviler 0 otolBo AoYIoUXOU TOU OYAUATOS TOU UAOTOLACOUE.
To Hadoop DFS Bploxeton 6710 x0tdTepo EMiNEdO, VO MdvVR amd autd elvon «yTi-
ouévoy to Apache Spark, yoli pe ta APIs nou mpoc@épel yio unyovixy| exudinon,

eneepyaoio Yedpwy x.d.

Eyfua 4.7: H otolBo hoyouxod tne vhonomnuévne dudtaéng

YNV TUTXY TERITTWOY EXTEAEONC WG EQUQUOYAC UNYAVIXAG EXUAINONG, 1 EPop-
uoyY) xohel tn BiBAodrxn MLIb tou Spark, n omola yenowonowel 0 BBAiodrxn
Breeze. H Bi3Ao07xn Breeze emxoheitor to Java Netlib framework, to onolo ano-
TEAEl EVOy Wrapper Yol To. YoUNAOTEPOU ETUNEDOU epyaleia Yoouxng dAYeBpac Tou
elvar vhomonuéva oe C 1) oe Fortran. To Netlib Java extekelton yéow tou Java
Virtual Machine (JVM) xau ta epyodeia ypoupxhc dhyefpac (BLAS - Basic Linear
Algebra Subprograms) extehovvton péow tou Java Native Interface (JNI). ‘Ol owtd
Ta enineda TpocVETOLY onuavTIXY eMBApUVOT OTIC EQapuoYES Spark. Yuvenng, 1 Po-
ot 1éa Tou SPynq framework elvon 1 dnuloupyio vEwv maxétwv mou npoc@épouy
EMTAYLVOT UALXOD OTIC EapuoyYEég Tou Spark. Me autdv tov tpomo, 1 uévn tpomno-
molnom mou amante(Ton Yo omoldroTE e@apuoyr) Tou Spark, eivar 1 avTixatdoToo
TWV MOV cuvopTthoewy g BiBAlodnixne MLIib ue Tic véec mou emxaiodvton
Tov emitayuvth VAoV, To oyrfua 4.8 anewovilel T0 TEOTEWOUEVO GYHUL VLol TNV

ETLTAYUVOT) EQapUoY®V Tou Spark, 6mou €youue vhoroioel ula véa BiBAo0hxn, TN
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MLIib_ accel, yia tnv emtdyuvon twv ohyoplduny unyavixic exudinone.

Eyfuo 4.8: H otoifa Aoyiouxod tng meoTevouevng SLEtagng Yl TNV EMTAYUVOT)
e@apuoy®y oto Spark

‘Ocov agopd to PYNQ T, 6mwe €xetl Homn avagepdel otny evotnra 4.2, 1o PYNQ
project dlodétel éva oivoro BBAoINxaY, yeoauuévey oe Python, yio tnv emxotve-
via pe Ny mpoypoppatilopevn Aoyixy. O BiBhodfxec autéc nepthopBdvouy pedodoug
Yoo TN ONUoueYiol X0 TOV TEOYEOUUATIONS ETUTUYUVTWY VA0V, xodM¢ xol ONOXAT-
PESC BOUEC XAl GUVIPTHOELS YL TOV YELRIOHOU TV AVTIOTOLY WY DOUMY Xl CUC TUTIXWY
ototyelwv xdie emtoyuvth. o tapdderyuo, Python BiBAodrxec nopéyovtan yio
dnwovpyla xou TNy xatao teo@n avtixeluévoy DMA (Direct Memory Access), xadce
xou TepanTép pévodol Yo T déoucuct) ouveyouevwy buffers uviung mou yenoiuel-
ouv w¢ buffers twv dedopévev eloddou xar €€680u evOE emTAYLYTA UAXOU. TNy
mpaypatxotnta, to Python API yenowornoiel éva C API, to onolo xou tedxd emi-
XOWWVEL UE TOV ETUToYUVTH LAX00D. Me dhha Aoy, To PYNQ mapéyet évav edxoho
Xl OmOBOTIXG TRPOTO YL TOV YELPLOUOV ETUTAYLYTOYV LAX0U Tou Bacilovtar oe FGPA,
ywelc va amantel amd Tov YeNRo TN TNV avdhoyT TEYVOYVKGia xou euTELlplol GTOV LY XE-
xpwévo touéa. ‘Etol, yia xdlde véo emtoyuvt uAxo0, apxel 1 dnuiovpyio wag véog
Python BiBAiodixng, n onola Yo @uholevel Tic younidtepou emmédou XANOES CUC T
HOTOG YLOL TNV ETUXOLVWVIAL UE TNV ETOVATEOYROUUUATILOUEVY AOYIXT. LNUELDOVETAUL OTL M)
BB N awth elvon ave&dptnTn and onolodfnote framework (m.y. Apache Spark,
Hadoop x.Am.), xou emouévee Va unopovioe va evonpotwiel oe éva euplh mAdog
epapuoyov. To oyfua 4.9 tapouctdlel Gho Tl EVOLIUESO GTABLOL Yia TNV ETXOVGLVIAL
ME TOV ETUTAYLVTY| VA0V,

Egboov éyel dnuovpyndel to Python API yia tnv emxowvwvio ye tov emtoyuvey,

elvon Buvatr)  vhonolnom g avtio oty ng BBAodixne mtou Vo emxodeiton to API autd
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Eyfua 4.9: Adypopuo pohc TV EVOLGUEC®Y GTUBIWY Yol TNV ETUXOVWVIOL UE TOV
ETUTAYUVTH VAXOD

xa Yo emToyOVEL TNV exTEAEDT TV eQappoy®y 6To Spark. OAoxAneo To oyfua Tne

TpoTeEVOUEVNS o TolfBuc Tapouctdleton axohoYwe.

oarcoe D

HDFS

Eyfua 4.10: H tedur) otolBa hoylouxol e tic véeg BiBaiodnixeg

EritAgov Puluioceig

[o var a€lohoyrioouye to mpotevouevo miololo, Jo Tpénel TedTa Vo Yivouv xdmnoleg
emnAéov puduloeic. Autéc ol pululoeic agopolv t6co to Spark framework 6co xou
Tic undpyovoeg BiBAovxec Tou PYNQ.

‘Ocov agopd to Spark, dedouévou 6T oL véeg BiBAoUxeC TOL EMXAROUVTOL TOUG ETIL-
TaUVTES UAoU ebvan Ypaupéveg ot YAwooo npoyeaupationod Python, to PySpark
TpoOXELTAL VoL Ypnolponoindel yia onoladnrote unofoly) egapuoyhc. And tpoemhoyy,
PySpark ypnowonoel tnv Python 2. Q06t600, ov Bihodrxec mtou tou PYNQ ei-
vou Yeaupéveg oty Python 3. T'a to oxond autd, mpeEnel Vo TPOTOTOCOVUE TG
euduloeic oto Spark dote to PySpark va ypnowonoiel Python 3. Auté yivetou npo-

ovétovtoag oTo apyeto spark-env.sh xdde xoufou v axdrovleg ypaupés xwdLx:

1 export PYSPARK PYTHON=python3
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> export PYTHONHASHSEED=0

# SPARK WORKER TYPE = 0 for CPU only, SPARK WORKER TYPE = 1 for CPU 4
FPGA
5 export SPARK WORKER TPYE={0,1}

Listing 4.15: Configuring PySpark to use Python 3

‘Encita, énpene va Befarwdolpe otL xde x6pfog tou cuumiéypotog elye tnv (Bl
deutepetovoa éxdoon tne Python 3 (m.y. Python 3.4), n onolo eivon amapaitntn yio
va Aetrtoupyel To Spark cTo cluster mode.

Emniéov, oploope tn petafSAnty PYTHONHASHSEED. Auty n yetofSAnty| ovti-
TPOCWTEVEL TNV Aettoupyia Tuyaiou xataxepuatiopnd e Python xo otny nepintwon
mou €yel oploTel oE Wor axgpana THY, LT 1 TN Yenowdonoleitar wg ula oTadepy
pUTEa Yior TN dnutovpyia Tou hash(). Xtn cuyxexpwévn neplntwon, n T Tou Enpene
Vo 0ploTel 0To UNBEV Yol var AEtToupY|oEL 6woTd To cluster.

Axohovng, Véoaue wa véa yetofintd, tny SPARK WORKER _TYPE. Auti 7
HETABANTA yenowomoteiton Yiol ToV xordopiond Twy TopwV UALX0D EVOE CUC TAUNTOG.
[ot mhatpdpues mou @uiolevolv npoypoupatilouevn hoyixy (énwe 1o PYNQ-Z1) Yo
N T e wetoPBintric Yo oplleton o 717, evdd yia mAatpopuec Tou Oev diardéTouy,
N Tun tou Yo opileton 6To UNdév. Me auTtd TOV TEOTO, EXXVOVTAS €VA ETEPOYEVEC,
oe eninedo worker xouBwv Spark cluster, uropolue vo ETXAAOVUACTE TOUS ETULTOY U-
VTéc UAo0 aToug xoufoug mou toug dladétouv (my. toug x6ufouc PYNQ-Z1) eved
avtideta va yenoiwonoioouue Tic mpoemheyuéves BiBAodxec Tou Spark yia Toug
%x6pBoug Tou BeV BLETOLY ETUTAYUVTES.

Axoun, okeg ot véeg BiBAiodxeg mou LhoTOL UMY VLot TNV ETLTEYUVOY) TWV EQUPUO-
YoV tou Spark, énpene va petageptolv otov xotdhoyo /python/ pyspark o omolog
repthopBdveton Hon otn yetoanth PYTHONPATH. Qcot6c0, To Spark diadétel eni-
one éva apyelo pyspark.zip xdtw and tov @dxeho /python/lib Tou yenoiwonoleiton
otay xahelton xdmotor BBAovxn and to maxéto PySPark. ‘Etol, vy va efvon opo-
TEC oL VoL UmopoLV va Yenotdonomntoly ol véeg BiBAodnxes, To apyelo pyspark.zip
EMEETE VO UETOVOUXOTEL 1) Vau Brarypapet.

Emmiéov, ftav avayxaio va petagpépouue otov master xoufo tic BiBAiodixeg tou
PYNQ vy tnv emxowvwvio e tnv enovoanpoypagpotilopevn Aoywr. Koatd tnyv uno-

BoAr uiag egappoyhc oto PySpark, 6Ao 1o mepiBdAlov NS EQapUOYHC XATAOHEVH-
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Ceton 670V *6UPo and Tov onolo LTOBAAUNXE o ETEITA TO XOUUATL TOU XWAXA TNG
EQPUPUOYNC TOL TEPLEYEL HETACYNUATIOUOUS 1| evépyeleg oe RDDs exteleitan otoug
worker x6ufouc. Eivar mAéov xatavontd ot autdg eivan xou 0 Adyog yio Tov omolo oL
BBhovhxec tou PYNQ énpene va Bploxovtar xar otov master xoufo. ‘Onwe duwg
éyouue avagpépel, 1o Python API yenowonoel éva C API yia tnv emixowvovia e
v enovarpoypopuatiloyevn Aoy To PYNQ, nopéyel autéd to API cupnepihoy-
Bdvovtag xdmoteg BiBhovrxe oe popyy| shared object file (.so) (my. libdma.so). To
TEoRBANnuUa evtoniCeton oto 6Tl oL BBAoURxes auTéC elvol UETAYAWTTIOUEVES YLl TNV
apyttextovixry 32-bit e ARM. Aebouévou 6Tl ol e@apuoyéc oo Spark Vo uno-
BdAhovton amd Tov master x6ufo, yetayAwttiooye ex véou ta apyela libdma.so xou
libsds_l1b.so mou yenowonowoivtow and ) BifAodhxn dma.py tou PYNQ), yia Tic
apyrtextovixég x86 xou x86 64 tneg Intel. Téhog, yetd ) dnuovpyia TwV VEWY YeTa-
YhwTTIopévey BiBhodnxdy (uio yio xdie BlapopeTin| dpyITEXTOVIXT CUCTAUATOC),
TPOTIOTIOLACOUE TOV XWOWXA TOU dpyelou dma.py OoTe Vo EMAEYETUL TO OWOTO .50

apyelo avdhoya ye o chotnua oo omolo yivetow 1 extéheon. H ahhayy oto apyelo

dma.py mapoucldleton axorovdne.

LIB SEARCH PATH = os.path.dirname(os.path.realpath(__file ))

; if ((platform . machine ()=="x86_64") ):

# load 64bit ELF

libdma = f{fi.dlopen (LIB_SEARCH PATH + ”/libdma64.s0”)

libxlnk = memapi.dlopen (LIB_SEARCH PATH + ”/libsds 1ib64.s0”)
elif (platform.machine ()=="armv7l’):

#load 32bit ELF compiled for ARM

libdma = ffi.dlopen (LIB SEARCH PATH + ”/libdma.so”)

libxlnk = memapi.dlopen (LIB_SEARCH PATH + ”/libsds lib.so”)
elif (platform.machine ()=="i1686"):

libdma = ffi.dlopen (LIB SEARCH PATH + ”/libdma32.s0”)

libxlnk = memapi.dlopen (LIB_SEARCH PATH + ”/libsds 1ib32.s0”)
else:

print (?”Machine type not supported. Exiting!\n”)

pexit (1)

Listing 4.16: Modification in dma.py (1) - Support for Intel x86 and x86 64

architectures
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O mivaxag 4.3, epgoviler dha To Slordéotyo .so apyelor HETA T1) DladiXaslol ETAYADTTL
oG TOL AXOAOVIACOUE, XordME XAl TNV OEYLTEXTOVIXT] Yial TNV omola dnuioveyHUnXoy.
To apyeio libsds_lib.so mepiéyer to C API yio tn dayelplon twv avtnudtov pviung
(my. 8éopeuon Y aneheudépwon cuveyolc Lépouc UVAUNG) eve To opyelo libdma.so
nepéyet o C API vy v emixowvovio pe onolovdrimote DMA evég emitoyuvty| UAL-

%x0V.

’ .so File Name \ System Architecture ‘

libdma.so ARM 32-bit
libdmad32.so Intel x86
libdma64.so Intel x86 64
libsds_lib.so ARM 32-bit
libsds 1ib32.s0 Intel x86
libsds lib64.s0 Intel x86 64

ITivaxac 4.3: Available .so files after the recompilation process

Emmiéov, avtiyetonioaye oxdun pio tedxinon oyetxd ye to apyelo dma.py. Me
Onutovpyia evoc avtixewwévou DMA, évac buffer propel oxolotdwe vo dnuioveyndet
yioe TNV amodrixeuon Twv dedouévewy mou Yo yetagépet. H dnuovpyia evée buffer yive-
Tou péow e pevddou get  buf(), n onola emiotpépet évav deixtn CFFI ot Sedopéva
TuTmou nteger 1) long long. lotéc0, oL NeplocdTERES EQapuoYES oTo Spark, yenoiuo-
Towlv aptdpolc xivnthc urodlaotohfic. ‘Etot, tpononoioaue tn pédodo get  buf()
o te vo duvarton va emo teéel évay CEFFI 8elxtrn og dedopéva xivnthc LuTodLHo TOATG.
H el poppy| tne uedddou get  buf() mapouoidletan axoroltiwe.

def get buf(self, width=32, data type = ’int’):
?77Get a CFFI pointer to object ’s internal buffer.

This can be accessed like a regular array in python. The width can be

either 32 or 64.

Parameters

width : int

The data width in the buffer.
data type : string

The type of the returned pointer
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Returns

cffi.FFI.CData

An CFFI object which can be accessed similar to arrays in C.

999

if self.buf is not None:
if width =— 32:
if data type = ’int ’:
return ffi.cast(7int *”7, self.buf)
elif data_ type =— ’float ’:
return ffi.cast (7 float *” self.buf)
else:
raise RuntimeError (”Not supported type”)
elif width — 64:
return ffi.cast(”long long *” self.buf)
else:
raise RuntimeError(”Buffer not created.”)

Listing 4.17: Modification in dma.py (2) - Add functionality to retun a pointer of
float data type

Téhoc, to Spark yenowonolel oeplonomtée (serializers) yia tnv anoctol K Midn
dedouévwy and tou worker xoufouc. Xeiplonoinon evog aviixelpévou oplletal 1) ueTo-
TEOTY| TNG XATAC TACNG TOU OE WLt poh) amd bytes €tol wote 1 por) auty| va uropel vo
enavélDeL, ¢ éva avtiypao, o TNy Hop@N Tou apytxol avtixewévou [41]. Anéd npoeni-
Aoy, To Spark yenowornoiet Tov Pickle oeiplonomty| yia to PySpark, eve undpyouv
xou peptxol dhhot drardéoor (my. Marshall, xou Cloudpickle). ®uowxd, évac yphiotne
unopel va ypddel Tov 8ixd tou celplomoinTy| xan vor Tov Yetagépel oto Spark. H npoé-
xhnon €06, oyetiletan xon AL pe ) BiAodnixn DMA. To avuxelipeva DMA nou
onuovpyolvton and ) BiBAodrxn tou PYNQ €youv mohdmhoxn dour mou to Spark
0ev UTopel GELPLOTIOLACEL 1) VoL AO-GELPLOTIOLOEL. Buyxexpéva, To Spark dev unopel
va oelploToli|oel 1) va armo-oetplontotioel Ta avtixelyeva CEFFI nou yenowonoiotvton
vt toug buffers twv DMAs. ¥e auté to onuelo, énpene vo emhé€oupe petald dvo mi-
Yoaveyv Aoewv: T dnuiovpylo evog véou serializer 1) Ty ebpeon evog VEou Gy AUATOS
onuovpylac Twv buffers avegdptnta and to DMA avtixelpeva.

H mpdtn Ao elye o tepiocdTepa petovextiyota. Extoéc and to ot Yo Enpene va
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OTUTAANCOUUE TEPLOGOTERO YEOVO Yla TN Onuovpyia evog veéou serializer, évag ypr-
otne Vo €npene ndvta vo opilel pNtd Tov CElpLoToNTA Yac o x&le vEa EQopUOYT ToU
Spark. Extoc autol, n dldixaocio oelplomoinong xal ano-celplonolnong Twy oVTIXEL-
uéveov DMA unopel va elvar ypovofBdpa, eve to oelplonotnuéva dedopéva Yo €npene
Vo ueTapépovton P€ow dixtuou oTov master xouBo. Eivan cogéc, 6TL ula tétola Ao,
oev Yo Bondoloe oto oyfua emitdyuvong mou VENOUPE Vo TETUYOLUE, xorddg Vo

TpocéVeTe onuavTIXY ETBAEUVOT OTOV YPOVO EXTEAECTC LIS EQPUPUOYTC.

Avti auto0, 1 hoon tne dnwovpeyiog twy buffers ave&dotnta and o DMA avtixelpeva,
Aty apxeTtd utooyouevn. H Boaour wbéa ftav apxetd amhn. Apywxd, Yo dnuiovpyoi-
viou ot buffers yia to dedopéva Twv avixewévwy DMA xou otn cuvéyeia, ue
onwovpyia twv avixewévoy DMA ou buffers Yo avtiotouyiCovtan og autd. Ilpw
TNV ETOTEOPY| OTOLWVONTOTE dedouevwy otov master xoufo, ou buffers Yo anode-
ouevovton amd too DMA avtixeiueva xon avti vo emotpégpeton oAOxANer 1 dour| Tou
AVTIXELLEVOL, Vol ETLO TEEPOVTAL LOVO OL ELXOVIXES Xk PUOIXES BlEVTVVOELS XIS o
To uéyevog twv buffers oe éva véo RDD. Me autédv tov tp0m0, Tot BEBOUEVA TV
buffers mapapyévouv ot uviun twv worker x6ufwyv, vhomolwvtoag €tol plo avdhoym
ue Tou Spark pédodo yia TNV TEOCWELVY TOEOUOVY] Xal ATOVNXEVCT] TWY BEOOUEVWY
evoc RDD otoug workers. ‘Eva mo Aentouepéc nopdderypa Yo dovel otnv enducvn
evOTNTA, OTOL Yo TUPOUGLUCTEL EVOL GEVEQPLO EQUPUOYNE TNG TOEATAVL dlodixactiog

yia TNV TeplnTwor extéleons Tou ahyoplduou AoyloTiXrg TokvdpoUnoTe.

‘Eyovtoc ohoxAnpdoet tor BUoTo ToU amotToOVTAL YLo TNV ETULTAYUVOT ULAS EQAUPUOY NS
o710 Spark, urtopolue vo plEouye pLol LoTid 6TNY CUVORLXT| apyLTEXTOVIXY) Tou cluster

woc (figure 4.11).

Onwg éyel Hon avagepdel, o Spark master oteydleton otov x6uPBo tne Intel opyi-
TEXTOVIXC, 0 omolog guiolevel eniong To xataveunuévo cvotnua apyciwv Hadoop.
Avtictowa, o Spark workers guioZevoivton otig mhat@opues PYNQ-Z1. Aedoyé-
vou OTL oL egapuoYEg pag elvan ypoupéveg oe Python, to PySpark yenowonoieito
yia TV unofoAt) Toug oto cluster. To PySpark efvou vhomoinuévo mévew and to Java
API tou Spark. Me autév tov tpdmo, Tor dedouéva enelepydlovion 6To nep3dAhov
¢ Python xou yivovtow cache 7 shuffle 6to nepi3dArov tou JVM. Me tnv urno-
BoAr) wag Python egapuoyrc, oto mpdypouua 0drynong dnuioveyeltoaw éva Python

SparkContext 6nou to noxéto Py4J yenowomnoieiton yio tnv exxivnorn evog JVM xou
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Spark worker node
T ; hon
Executor Cache ‘;}Q‘;’ Py[

Task Task pythog Aymie P
AFI

Driver Program

Spark ocket 4J
Context Spark Context

-

-
d"-——'

—
Soark master node

Cluster Manager

N

HDFS v Spark worker node

>

\“\\ Executor | Cache y’ Python
SENEF/ LaptOp Task Task P};;TS Aymg Pl
=== Python
M Pyng - Z|

Yyfuo 4.11: H tehuny| apyitextovixy| Tou uhomoinuevou cluster

N peténerta onpovpyio evog JavaSparkContext. To Py4J yenowomnoieiton uévo oto
TEOYEOUO 0ONYNONG Yiot TNV TomxY| emxovevia YeTodl Twv avixelwévey Python

xou Java SparkContext.

Ou petaoynuatiopol evég RDD otnv Python avtiotouyilovton oe yetaoynuotiopoic
avuxetwévwy PythonRDD tne Java. Ytoug worker xoufoug, to PythonRDD avrti-
xelpeva exxvouv Python uno-diepyaoiec xou emxovmvoly Ue auTtéS YENOLLOTOLG-
VTOC pipes, Yl TNV OTOGTOAY TOU XWOXA TOu YeNOoTr Xa TwV Tpog encepyaoio
0edoUEVLV. LTV TERINTWOoY| Wog, otay To dedopéva hapfdvovtar and tig Python uno-
dlepyaoieg, o emtoyLVTAC VAo emixalelton péow tou Python APIL. To oyfuo 4.12
TEOVCLALEL UE TEPLOCOTEPT) AETTOUEQRELAL TNV ETUXOVWVIO XAt TN POT) TWV BEOOUEVWY

yia g 0e0opéVT epyacior o TNV TAEUEd Twv worker xoufwy.

O worker elvon evepydc xord’ OAn T dudpxeior xou avoével Vo AIBeL XAmoLo xouudTL
epyaotac. Mohic MdfBel pia epyaota, évag executor exxtveltow xou oTn CUVEYELL TA
dedopéva anoctéAhovton o Python uno-diepyasieg. Xtnv nepintwon yerong emita-
YLVTOV VAoV, to Python API xoleitow to omolo otn cuvéyeia yenowonotel to C
API yia vo emixovovioet e v mpoyeopuatilouevn Aoyixr|. To dedouéva emotpé-
gpovton oTic Python uno-diepyaociec péow tng Bag axp B 0600 xan amoc TEANovVTOL

riow oTov worker.
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Yyfuo 4.12: H duadpour| tewv dedouévwy otnv theupd tou worker

4.4.2 3evdapio Xpenomng tou AAvoplduwouv AoyvioTixng
ITaAwvopdutong

[o v a&lohdynon tou mpotewvduevou framework, avantOydnxe évoc emtoyuVTAC
LALX00 Yo TNV EXTT(BEVOT) EVOS LOVTEROU AOYLo TIXNAC TaAvdpduNnoTg Baclouévo otov
oahyopduo Batch Gradient Descent (BGD) xou mo cuyxexpiéva yiol Tov UTOAOYL-
ouéd twv xhioewv tou olyopiduou (gradients kernel). O emtayuvtic vhonowidnxe
w¢ Yépog g enovopalouevng "FPGA-Acceleration of Machine Learning in Cloud
Computing, a case study using Logistic Regression” dimhopotixhc epyaoioc [42].
[o omoladAnote TEY VXA 1 TEPUTEPW TANEOQORIa OYETIXA UE TOV ETUTAYUVTH QUTOV,
unopeite vo avatpédte oy avtlotolyn epyaoia.

To oyfuo 4.13 anexoviCel To UTAOX OLAYEUUUN TOU ETUTUYUVTY] YLt TOV ohyOptduo

™ AoyloTxng moAwdpounons. To mpdypouua 0dRyNong yenowwonolelton yio Ty



Yevagio Xonons tov Aryooltuov Aopotiene Halwdodmons

ATMOGTOAY] TWV ATUTOVUEVWY TopoETEwY PEow TNe dlaclvoeone AXI otov emito-
YUVTH UAXOU. 2T CUYXEXQUIEVT) EQUQUOYY|, XPTOULOTOLOUVTOL TECTEQU DLAPOPETIXG
XaVEALoL Yot TNV emxovewviar Yetold twv ARM eneepyaotdv xou Tou emiTouVTy.
Ao and aUTd YENOWOTOLUVTAL YL TNV ATOCTOAY TwV OEB0UEVKY Xal €Val TE(TO Xot-
VaAL yenowdonoteitar yio TNV anocToh Twv Bopdv tou alyoplduou. To teheutalo
XAVAAL Yenolomoleitar Yoo TNV Afn Twv omoTeAeoUdTOY Tou emTayUVTH. Axdun,
xenotponoteiton xou pio dopr) Accelerator Adapter (n onola dev mopouotdletor oo

oY AUAL), TEOXELEVOU VoL UTIPYEL BUVATOTNTA Ao TOAAS HeToBANTOY peyédoug dedo-

HEVOYV GTOV ETUTOYUVTH.

ZYNQ-7000 All Programmable SoC

Processing System

32KB ' 32 KB
| Cache ARM ARM | Cache
32 KB Cortex-A9 Cortex-A9 32 KB
D Cache D Cache
[ ry
¥ ¥

AXI Interconnect

v : - .
¥

AXI AXI AXI AXI

DMA DMA DMA DMA

1 data1 Llweights Tgradients | data2

eradients kernel®
gradients_kernel"

dot  +=weights, . *xi,,

¥

difk=predictiunk—vik, for svery k

chunkSize/2

|
| predictiong=h {doty) ., for every k
|
|

:_]ra:iient:ilkrﬁ::_{ifk*x‘., £

Aggregate gradients'”

Programmable Logic

Yyuo 4.13: Emtdyuvon tou ahyoplduou Aoyiotixhg makvdpdunone oto Spark yen-

owomodvtog o FPGA tou PYNQ-Z1 [42]

Télog, yio vo emitayuviel o ypdvog extéleans, 1 TEOYEUUUATILOUEVT AoYIXT QLAO-

Eevel 800 avtlypoapo TV TUEHVWY TOU UmopolV Vo extehectoly mopdiinia. Kdie
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TUETVAC ATOTEAEITOL amd TEGCEEO UTAOX TOU YETOLLOTOLOUVTAL YLoL TOV UTOAOYLOUO
twv gradients xaw oo onolo epapudleton €va oy Sloyéteuons Yol Ty avnomn e
CUVOAMXNC amddooNC.

Yto Spark, n uédodog gradients kernel ymopel vo TapaAANALGTEL YENOULOTOLOVTOG
t0 oyfuo Map-Reduce. 'Etot, ou yepuéc xhicec tou alyopldpou unoroyilovian oe
xde worker x6ufo, YENOUOTOLWVTIC OLUPORETIXA XOUUATIA TOU 0pYElOU ELGODOL EX-
Taldeuong Tou HOVTEROU, EVG GTN) cUVEYELX 0 master xOUPog cuyxevTeOVeL, adpollet
X0l EVNUEPWVEL Tal BdieT Tou ahyoplduou.

‘Orav évag yenotne Spark 9éhel v yenolOTO\oEL TOV ETULTAYUVTH UAXOU, 1) UoVY|
alhayr) oty onola yeeldleton vo tpofel, elvon 1) avtixatdotaon tne BiBAoVxng milib
Tou Spark pe v mllib_accel. Me autdv tov Tpdm0, €vag ypNoTng Unopel var emLTa-
YUVEL TOV Yeovo extéheong wlog epapuoync oto Spark ye ylor amAr avTixatdo taoT)

TV BBA0INXOY.

from pyspark import SparkContext

> from pyspark.mllib.regression import LabeledPoint

5 from mllib _accel.classification import LogisticRegression

sc = SparkContext (appName = ”Python Logistic Regression”)

trainRDD = sc.textFile(train file, numPartitions).map(parsePoint)

testRDD = sc.textFile(test file, numPartitions).map(parsePoint)

» LR = LogisticRegression (numClasses, numFeatures) . train (trainRDD, alpha

13

14

15

numlterations, accel )

LR. test (testRDD)

sc.stop ()

Listing 4.18: Spark code for the utilization of the hardware accelerator

ITio cuyxexpiéva, oto Tepi3dihov tng Python, dnuioveyeiton éva LogisticRegression
avtixe{pevo 1o onolo vroo tneilet Sidpopec pedddouc (train, test, predict xAin.). Kdde
anoutoduevn evépyeta dlaBiBaleton péow piag map eviohrc 1 omolo axorovdeiton and

wo avtiotoryn reduce 7| collect evépyeia. I mopdderypa, otn yédodo train tou
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LogisticRegression avtixewévou, 1 uédodoc gradients kernel extehelton oe 6houg
Toug dlaéaipoug workers xan 6T cUVEYEL, 0TNY TASLEA TwV workers, 1 BiBAloU7xn
TOU CUYXEXQWEVOL ETUTOYLVTY Xoheltan yior TNV emxovewvia Ue TNV tpoyeaupatilo-
HEVT Aoyu.

Metd and profiling tne eqoppoync, xatahNEAUe GTO CUUTEQUCUN OTL O TEPLOGOTEPOS
xeovoc (99,2%) domavdton o TNy EYYRUPT TwV SESOUEVLV ELGABOU GTOUS TROCWEVOUS
buffers twv DMAs. E@bcov 1o 8edouéva oautd nopopévouy (o xad” OAn T dLdpxeLo
NG EXTEAESTS TOU ahYOoRldUoU, XATAUPEQOUE ol UVAOTIOLACOUE TO GYHUA TIOU TEPLE-
Yedpnre aveTépw, OTou Ta dedouéva Twv buffers mapauévouv ot uviun xod’ OAr
T OudipxeLs TNG ¥AHoNg Tou emtoyLVTY. TAonowooue pio véo uédodo omou T dedo-
uéva €l0000L eYYedpovTaL oToug avtioTolyoug buffers xou mopouévouy exel yio TNV
unélountn extéleon NG eQappoYng. Xe xdide emavdAndn tou ahyopituou, dnuove-
yvoOvtow avtuxelpeva DMA ota onolo exywpolvton ol buffers mou dnuoupyrdnxoy
mponyoupévee . Ilpv and v eviolf) emotpoghc oe xdle enoavdindn, ot buffers
anodeopcvovtar and T DMA avtixeiyevo xou ta teheutaior xatoo TeépovTal.

Me Bdorn ta nopandve, dnuovpyhooue éva Python API to omolo anotekelton and

TeElC pedodouc:

e cma (contiguous memory allocate): Autr n uédodoc ypnowonoteiton yLo
TN Onulovpyio Twv buffers xou v nepaitépw 6éopcuon cuveyols uviung. Eni-
onc og autéd to onueio mpoypoupatiCeton 1 wovdda FPGA xou eyypdpovton ta
dedopéva elcbdou otoug avtiotoryoug buffers. Xenowonowwvtog Ty cma, éva
véo RDD onuiovpyeiton xou dratneelton, to onolo mepiéyel udvo mhneoopleg

vt Toug buffers (Sievdivoeic uviung, pueyéin xim.).

e gradients kernel accel: Ye auts tn puédodo, dnulovpyolvton To avTixel-
ueva DMA yenowomowdvtag Tic xou wedosoug towv PiBhodnxdv tne Xilinx.
Ou buffers, mou éyouv Mdn dnuiovpyniel pue v xAfon g cma, exywEol-
vion oto avtixelyeva DMA, eved ta tpéyovta Bder yedpoviol GTn UvAun o
TeEMNXS Tar Bedopéva ueETAPEpOVTAL 0 TNV TpoYeauuaTilouevn hAoyixy. Ta arnote-
Méopata (partial gradients) emotpépovton xou eyypdpovion oTov avtioTolyo
buffer. Téhoc, ou buffers anodeouebovion and ta avtixeipeva DMA evey auvtd

AOTAC TEEPOVTAL.
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e cmf (contiguous memory free): Auts n pédodoc yenowonoteitor yia Ty
AmOBECUEVDT] TNG UVAUNG Tou elye TEONYOUUEVWS OECUEVTEL XaL TNV XoTo-

4 4
oTEOYY Twv avticTolywv buffers.

O mnyaiog xdowag tou Python API xodcde xon tng véag BiBaiodixne tou Spark mou
vhomouinxay, Beloxovtoa oo mapdptnua A”.2. Etvou goavepd, 6t to API tou emto-
YLVTY elvon ave&dptnTo and to Spark xaw umopel va ypnowonomndel and onoladrinote

Python egopuoy.



Ileitpopatixn AEoAoymnon

5.1 Extéieomn o Enslepyacteg

Y10 mptTo Yépog awTol Tou Xepahaiou, Vo TUPOUCLAGOULUE TA ATOTEAECUAT TNG
o€LOAOYNONC HAC YENOLOTOIWVTAS TS EVOWUATOUEVES BiAoUrxec Tou Spark. Me-
TEHOOUE TOV YEOVO EXTENECTC TWV EQPUPUOYWY ToU Teplypddoue otnv evotnta 3.3
XS XL TNV EVEQYELUXT] XATAVIAWGCT) TWV EVOWUATOUEVWY CUC TNUATOY TN EVOTN-
tag 3.2. Eivar onuoavtind vo onuetwdel, 6t ol ev Aoyw eqapuoyeg elvon Yoauuéveg o
Scala 1 onola cav YAwooo Tpoypopuatiopol eivar Tohd o yeryoen and tny Python.
Emnéov, peTpfiooe TOV YeOVO EXTEAEOTC XAl TNV EVEPYELAXT anddoaT) EVOS BLoxo-
woth mou Booileton oe évav tumxd Intel Xeon enelepyaoty| vdMArc anddoong xou
TENOC TOV YPOVO EXTENEOTC XAl TNV AMOBOTXOTNTA EVOG EMEEEQYAT T IOV YENOWLO-
Tolelton xupleg oe opnTolg UToAoYIoTéS, Tou Baciletan oTny owxoyéveia twv Intel i5
eneepyaotayv. ‘Etol, éyouye tn SuvatoOTNTO VoL BLEVERYICOUUE WLOL XUAT) XOUL ONOXAT
PWUEVT cUYXELOT UETAUED TWV CUCTNUATKDY oL EEETACUUE X0 TEAXS VoL GUVAYOUME
cuunepdoyata Yo xdde neplntwon,.

[Tpoxewévou 1 cUYXELOT TV CUCTNUATKY Vo eival 660 TO BUVITO TLO Bixaun, EXTEAE-
oope Oheg TIg eapuoYEg Tou Spark oe local mode, 6mou deopeltnxay 4 encepyaoTi-
xol TUEYVES eV 1) Slordéoiur uvhAun yia xdde executor xodwe xou to driver program
tou Spark oplotnxe ota 800MB. Elalpeon anotehel 1 nepintwon tou PYNQ-Z1. H
TAaT@POpUa LTy, dtadétel uovo 2 mupriveg xou 512MB pvAune RAM. Yuvenog yuo
T0 Pynq yenowonomjinxay xou ot 500 Stad€cuuol TUEHVES TOU EVE 1) UVAUT YLot TNV
exTéheo) TV gpapuoy®y tou Spark oplotnxe oto 505MB. Oa Ytav onuavtixd vo
AVUPEQOVUE OE AUTO TO ONUElD, OTL Untopel amd TNy pio Theupd auth 1 TereuTtala oU-

Yxpon tou Pyng pe to undroino cucthgato vo unv elvon 1600 dixawr (dedouévou

65
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ot €youue dadéoel apxeTd AydTEpOUS UTOAOYLOTIXOUS Thpouc oo Spark) wotdoo,
0 %x0plog oXx0TOC NS cUUTERIANYNG ToL G AUTH TNV AELOAOYNOY| ATOCXOTEL GTO VA
OLAPAVOLY TANEECTERPA TAL OPERT] ATO TNV UETEMELTA KEVOWUATWONY ETUTAYUVTOV UAL-
%00 oTic eopuoyés tou Spark (oto xegdhato 4). Toviletow howndv 6T o aUTH TNV
aloAoynon, yenowonotinxay wévo oo CPU nuprveg tou PYNQ-Z1.

Emmiéov, avagépeton 6TL 1 mopoloa allohdynon anddoong Bev UETEY TIC ETULOOCELS
TV enelepYacTOV oToug xoUPoug Spark ohAd ofiohoyel v anddoor oAdXANEOU
tou Spark framework. To yopoxTtnoloTixd ToU AELTOLEYIXO) CUCTAUNTOS XL TWV

enelepyao Ty xdde mhatpdpuac napovotdloviol otov endpevo Tivoxa (5.1).

‘ Features ‘ Server ‘ Laptop ‘ Raspberry Pi 3 ‘ DragonBoard 410c ‘ PYNQ-Z1 ‘
Vendor Intel Intel Broadcom Qualcomm Xilinx
Device E5-2650 i5-430M BCM2837 Snapdragon 410 Zynq XCT77Z020

Cores(threads) 8(16) 2(4) 4 4 2
Processor E5-2650 i5-430M A53 A53 A9
Architecture 64-bit CISC | 64-bit CISC 64-bit RISC 64-bit RISC 32-bit RISC
Process 22nm 32nm 40nm 28nm 28nm
Clock Frequency 2.6GHz 2.26GHz 1.2GHz 1.2GHz 667MHz
Level 1 cache 512kB 128kB 32kB 32kB 32kB
Level 2 cache 2048kB 512kB 512kB 512kB 512kB
TDP 95W 35W NA 3.TW NA
Operating System CentOS Ubuntu Debian Debian Ubuntu

[Tivoxag 5.1: Kdplo yapaxtnplo Tixd Twy meog o&loAGYNoT TAATPORUMY.

[ v a€lohdynor, dnuovpyRinxe éva bash script, to onolo yenowonouinxe yio
TNV exTéAeon xd¥e UEUOVOUEVTS apuoYhc. Eneldr| ol egapuoyeg extedéotnxay o
TEALYUATIXE GUC TAHUITA, O HETEOVUEVOS YPOVOC HTAV AOYLXO VO XUUOUIVETAL AVAUECO OE
OlapopeTixég exteréoelc. o To oxond auTd, TPOTOTOCOUE TO SCript o TE Vo exTe-
Ael mévte Qopég xde EQupUOYY|, ETICTEEPOVTIS WS TEAXO YPOVO EXTENECTC TOV UECO
6p0 TWV YeOVLV and T b exteréoels. O ypdvoc extéheone xdde epapuoync UeTen-
Inxe pe ) Bordela TN evowuatwuévne Aettovpylag time twv Linux xou avagépeton
GTOV CUVOALXO YeOVO eXTEAEOTC, cuUTERLAUBavVOUEVOU auTol Yia TNV exxivoTn Twv
CUCTATIXWY GToLYElwY Tou Spark. EmmAéov extedddvtag yepinée doxiués, Blamote-
COME OTL OF OPLOUEVES TEPLTTWOELS GTO EVOWUATOUEVO CUCTAUATA, O TEQLOCOTEQOS
Yeovog damaviolvtay otny exxivnon tou Spark xar Oyl 0TO UTOAOYIGTIXG XOUMATL
Tou exdotote ahyoplduou. I'la To oxomd aTd, TPoTOTOCUUE TIC TROETUAEYUEVES Ti-
HEC TOV TopopE TRV ELGOBOU TV EQUPUOYOVY (.. 0t eTavoATTXolS ahybpLiuous

auEhoaue Tov optiud TV ENAVUAPEDY X.AT.) TPOXEWEVOU VAL XATAC THOOUUE TO oA~



Extéleon oe Enmebegyaotés 67

YopWuxo Uépog xdie EQapUoYNC TEPLOCOTEROD YPOVOPBORO GE GUYXELOT UE TO XOUMUATL
e exxivnong tou Spark. ‘Etot, ta mapaydueva anoteréopata Yo elvar oxp3éctepa
xa Yol avTImEoowTeLouy xaAUTepa Tov xdle alyopuluo. Ta oplouata eloéd0L TTOU

yernowwornotiooue Yio xdie e@apuoyy|, eggovilovion otoug mivaxeg 5.2 xou 5.3.

\ \ Linear Regression \ Logistic Regression \ KMeans \
Application File LinearRegressionExample.scala LogisticRegressionExample.scala KMeansExample.scala
maxIter 100 100000000 -
regParam 0.001 0.001 -
elasticNetParam 0.9 1.0 -
tol 1.0E-20 1.0E-20 -
Input Data File | sample linear regression data.txt sample libsvim _data.txt sample kmeans data.txt

ITivaxag 5.2: Oplopata e1o6dou TwV eQapuoy®y Tng owxoyévelong ML,

‘ ‘ CcC ‘ Pagerank ‘ Triangles ‘
Application File | Analytics.scala (cc) | Analytics.scala (pagerank) | Analytics.scala (triangles)
numEPart 20 20 20
Input Data File | pagerank data.txt pagerank data.txt pagerank data.txt

ITivoxac 5.3: Oplopata el0600L TWV EPUEUOYWY TN oxoYEvelag enelepyaciog Yed-
PwV.

] Input Argument \ Meaning ‘
Application File The source file of the evaluated application
maxlIter The maximum number of iterations the algorithm will run

regParam The regularization parameter

elasticNetParam The ElasticNet mixing parameter
tol The convergence tolerance of iterations

numEPart The number of edge partitions

Input Data File | The name of the dataset file given as input to the application

IMivoxog 5.4: I'heyoodipl 0ploUdTmY ELGOBOU TWY EQPAUOUOY V.
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5.1.1 Amnotelécpata Xpovou Extéreong

Ta amoteréopata and TNy eXTEAEST) xQUE EQUOUOYNS, TaEOLCIAlOVTOL GTT GUVEYELL:

‘ Features | Server | Laptop | Raspberry Pi 3 [ DragonBoard 410c | PYNQ-Z1 |
Logistic Regression | 19.90 38.59 191.02 235.61 347.39
Linear Regression 7.72 17.15 59.50 88.90 77.46

KMeans 6.40 13.47 43.93 65.77 71.58
Pagerank 32.00 62.95 273.05 383.98 723.38

CC 6.44 15.20 55.12 78.25 83.19
Triangles 5.47 14.65 48.63 70.11 69.41

ivaxag 5.5: Xpdvog extéheone (o€ deutepdienta) yia xde Lo a€loAdYNON TAAT-
(POPOUAL O EPUPUOYY]

Execution time (sec)
400.00

350.00

300.00
250.00
200.00
150.00
100.00
50.00
000 e N

Logistic Regression

M Server M laptop M RaspberryPi3 DragonBoard 410c M PYNQ-Z1 (CPU-only)
Yyfuo 5.1: Xpbvog extéheong Tou alyoplduou AoyLo TixH¢ TaAVOROUNoTS

To oyfua 5.7 anewxovilel Tov YpOVo eEXTENEONC TWV EQUPUOYWY Yiot xdde cUoTNUA,
XAVOVIXOTIOLNUEVO GTOV YPOVO EXTEAEONS TWV EPUOUOYWY 01O dloaxoutoT. ‘Omwg
QalvETAL, O GUVOMXOS YPOVOSC EXTEAECTIC TWV EQUPUOYWY TTOU EXTEAEC TNXAY G TO CU-
othuata tou Bacilovton e SoC yauning woyvog, elvan 6,2 €wg 13 gopéc udmidtepog
and autov Tou enelepyaoty Xeon. Avahutixdtepa, To Raspberry Pi 3 elvon 6,2 ¢
9,6 popEg YELpOTERO OGOV aPopEd TO GUVOALXO YPOVO eXTENEDTS, eVve To DragonBoard
410c eivan 10,3 €w¢ 12,8 gopéc mo apyd ctov (dlo topéa. To PYNQ-Z1, av xou opo-

AOYOUPEVKS BLIETEL TOUC ALYOTEQOUC UTOAOYLO TIXOUE TOpoug, elvan wokic 14 @opég
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Execution time (sec)
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Linear Regression

M Server MLaptop MRaspberry Pi3 ® DragonBoard 410c MPYNQ-Z1 (CPU-only)

Yyfuo 5.2: Xpovog extéheong Tou alyoplduou yeouuxic TaAvdpounong

Execution time (sec)
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70.00

60.00

50.00

40.00

30.00

20.00

10.00 -
0.00 I

KMeans

M Server M Laptop M RaspberryPi3 mDragonBoard410c mPYNQ-Z1 (CPU-only)
Yyfua 5.3: Xpbvog extéleong tou alyoplduouv KMeans

O 0PY6 Amd TOV Server xotd YECo 6po. LTV TEUYUATIXOTNTA, UTOROVUUE Vo BOVUE
ot téooepic and TG €EL EQUPUOYES €xOouv OYEBOV Tov (Blo YEOVo exTéNEOTC GTO

PYNQ-Z1 xot oto DragonBoard 410c.
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Execution time (sec)
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Pagerank

B Server M laptop M RaspberryPi3 M DragonBoard410c M PYNQ-Z1 (CPU-only)

Yyuo 5.4: Xpobvog extéheong tou alyoplduou Pagerank

Execution time (sec)
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cCc

M Server Mlaptop M RaspberryPi3 M DragonBoard410c MPYNQ-Z1 (CPU-only)

Eyhua 5.5: Xpovog extéheorg tou alyoplduou Connected Components

Efvow moA0 evdlapépov va onuewwdel 6T, eved o Raspberry Pi 3 xou to DragonBoard
410c ypnowornowlv toug (Bloug 64-bit A53 enelepyaotéc, ol onolol elvar ydhiota
Yeoviouévol atny Bl axpeg ouyvotnta twv 1.2GHz, napatneolue 6tL o ypdvog
extéleone oty mhatpopua Snapdragon mhatgodpupa ebvan yevixd udpniotepoc. Ilo

avVohLUTXE, O U€C0C Yedvog extéleoTnc otny Thatgpopua Raspberry n omola Bacile-
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Execution time (sec)
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Triangles

M Server Mlaptop M RaspberryPi3 M DragonBoard410c M PYNQ-Z1 (CPU-only)

Yyfua 5.6: Xpbvog extéleong tou alyoplduou Triangles

NORMALIZED EXECUTION TIME

ESaver Mlaptop MWRaspberryPi3  ® DragonBoard410c W PYNG-Z1 (CPU-only)
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REGRESSION REGRESSION

10.3

Yyuo 5.7: XOyxplomn xpovou exTEAECTC TV EQoppoy®y Tou Spark. Ot ypdvol etvon
XAVOVIXOTIONUEVOL WG TEog TNV TAatgodeua Intel Xeon

Tt oto Broadcom SoC elvar 8 @opéc yeyaAltepog and autoév Tng EXTEAEONC OTOV
eneepyaoth Xeon, eved 0 ypodvog extélecns otny mhatgpopuoc DragonBoard mou
Baoileton oto Snapdragon SoC etvon 11 @opéc peyarbtepog oe oUYXEIOT Xou TEAL
ue tov eneepyaotyh Xeon. O emxpatéotepog Adyog yia Tov onolo to DragonBoard

elvan yewpotepo and to Raspberry and dnodm anddoong, Yo unopodoe va elvon 6TL 1
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‘ Features | Server | Laptop | Raspberry Pi 3 [ DragonBoard 410c | PYNQ-Z1 |
Logistic Regression 1 1.9 9.6 11.8 17.5
Linear Regression 1 2.2 7.7 11.5 10.0

KMeans 1 2.1 6.9 10.3 11.2
Pagerank 1 2.0 8.5 12.0 22.6

CcC 1 2.4 8.6 12.2 12.9
Triangles 1 2.7 8.9 12.8 12.7

ITivoxag 5.6: Xpbvog eEXTEAEOTIC XAVOVIXOTIOLNUEVOS WG TIEOG TO YPOVO TOU DLAXOULO TY)
yioe xdde uTd AELOAGYNOT TAATPOPOUO XL EQUOUOYT

uviun RAM otnv miatgpodpuo Snapdragon elval yeoviouévn o€ apxeTd younhoTeen
ouyvotnta (533MHz) and auth touv Pi 3 (900MHz). To Spark, énwe éyel ®dn to-
VIO Tel, xaTapépvel va elvon 1600 Ye1Yopo ot oUyxplon Ye dhha cluster computing
frameworks, Aoyw tng wavéTnTaC TOU Vo exTEREl UTOAOYIOHOUE VW OE BEBOUEVL
mou Beloxovton NON 6N UVAUT. LUVETOGS, 1) Toy TNt Xou To Péyedog Tne dtadéouung
UVAUNG EVOC GUCTAUATOS, ATOTEAOVUY XoJOpLoTIXG TTUEdYOVTA VLol T GUVOMXY ATo-
doon tou Spark. ‘Evoc dAlog Aéyog Yo Tov onolo BAémovue auTh TN dlapopd o TNV
anéd00T TwY 600 TAATPOPUNY, Vo UTopoUGE Vo eival 1) BLAPORETIXY| TEYVOLOYid O TNV
ornola €yet xataoxevactel xde SoC. To Broadcom SoC xotaoxeudletar oe te)yVO-
Aoyla 40nm, evey to Snapdragon SoC xotooxeudletar og teyvoroylo 28nm. Télog,
elva ONUOVTIXO VO ETCTUAVOUUE OTL Xl TO AELTOURYIXO GUCTNUA TV 0w UTOV
oLC TAUATWY BeV elvar To (Blo xaL cuvVeETHS Yo UmopoVoE xou aUTd Vo TalEL ONUAVTING
EOAO GTO YPEOVO EXTEAECTC TWV EQUPUOY®Y. EdixdTepa, v xou to HUO AELTOUEYIXA
ovo thuata Boaotlovton otn diavour] debian twv Linux, to Raspbian eivor évor 32-bit
AELTOLEYXO GUCTNUA, EVG TOU Aettoupywd clotnua tou Dragonboard 410c elvon
64-bit. Puowxd, o Badudc otov omolo xdde Aettovpynd cloTNnua elvan BedtioToTOoL-
Nuévo o TNV avtiotoyr mAatgoppa nailel omoudaio pdho TNV cuVolXY| anddoaon

xde cLC THUATOG.

5.1.2 Arnoteléopata Evepyeiaxnic Anddoong

‘Ocov agopd TNV evepyeloxt| anddooT, To Boaoixd theovéxtnua twv SoCs evionileton
axEYB30C 0To OTL lval BEATIOTOTONUEVAL YL YAUNAY| XATAVIAWOT) EVEQYELNG. D€ AUTY)
™V evoTnTa allohoYOUUE TNV evepyelaxy| anodouxdtnta (power x executioniime)
TWV EUTAEXOUEVOY CUOTNUATWY XATE TNV UTOBOAT] EQUPUOYWOV TEOG EXTEAECT Ond

to Apache Spark. Extoc and tov ene€epyaot Xeon o onoloc dordétel gpyohelor yio
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TNV AENTOUERY| ToEaxOAOVUNOY TNC XATAVIAWOTNG EVERYELNS XOU ETUTEETEL UE AUTOV
TOV TPOTO TN BUVATOTNTH MYNS UETENOEWY XATAVIAWONG YL CUYXEXPUIEVES OLERYO-
oleg, oL utdhoineg TMAATPOEUES OeV BladéTouy xdmolo avtioTolyo epyaleio. Autd pog
Vel uévo Ue dLo emhoyég: Yo unopolooue elte va tonoveTioouue €va TOAOUETEO
O€ OELPd UE TO TEOPOBOTIXO XAVE GUO THUATOS YLOL VO UETPHOOUUE TO PEVIUO TTOU XAUTO-
VOAWVEL XL OTT) CUVEYELA VO TO TOANATAAGLAGOVUE UE TNV TACT| TROPOBOGIAS YLt VoL
unoloylooupue TNV xatavdhwon o Watt, elte va yetprioouue tnv xatavdhwnor evep-
vetog Baowlépevol oto TDP (Thermal Design Power) xdie enelepyaocti. Qotdoo,
1 TEWOTY TEOCEYYLON AmALTEl YLt TO TOAUTAOXT] VAOTOINGT] X0 €QOGOV OV BlodEToE
Tar amapaftnTa epyohelar yiar vou TdpouUE T EV AOYw ueTproels, emhé&oue TN Oel-
tepn Aoon. Enopévee, auth 1 a&loAdynom yio TV xotavdhwon evépyelog twv SoCs,
Baoileton oto TDP twv eneepyactddv. To TDP avagépeton o1 péomn xatovolloxd-
HEVT oyl TV enedepyac TV OTtay epydlovTal ue TAHeeS goptio. Elvon onuavtind va
onuelwVel, 6Tl N oLYXELON NS EVERPYELIXNG ATOBOONE TWV EUTAEXOUEVWY GUC TNUS-
TV eVl EVOEIXTIXT] X0 YPNOWOTOLETOL (¢ Wlal TEMTY TEOCGEYYLON YLot T OUVNTIXY)
e€owxovounon evépyelog mou Yo umopoloe vo eTELY Vel YENOLLOTOWVTAS YOUNAAC

loyVog enelepyao TEC.

ITpwv mpoywehoouue ota anoteAéopota auThC NG adlohdynong, Vo TEEnel vo emomn-
UAVOUUE UEELXE TR YT OYETIXG PE TIC TAaT@opuec Raspberry Pi3 xow PYNQ-Z1.
‘Onwg eldope otov mivaxa 5.1, dev Atav dwodéowun 1 T TDP twv enelepyactdv
Toug. 2ot600, Yo To Raspberry Pi 3, xatagépoue va Bpodue benchmarks to onolo
oelyvouv 0Tl axdua xou oe Aeltoupyior TAPOUS POETOU, 1) TAATPOPUI BEV XATAVIAWVE
neptoodtepo amd 0,6A [29]. Trodétoviag 6T 1 tdon l06dou e Tpogodoaoiog eivan
5V, éyouvue uia xotavdhwon woic 0.6A4 x 5V = 3W. T va elpacte apxetd dixotot,
xavape wa amatotodolrn unddeon 6t to TDP tou Broadcom SoC elvan nepimouv 4W.
‘Oocov agopd v nepintworn tou PYNQ-Z1, uyetprioaue Ty xatovdhwon evog avti-
cTolyov cucThuatog oy ovopdleton ZedBoard to omolo mapéyel epyaheio yior TNV
TapaxorovinoT xan u€tenon tng xatavdiworg tou. To ZedBoard, €yel axpBwe to
dlo Zyng SoC pe o PYNQ-Z1. H yetpoluevr xotavdAwor, axoun xol OToy €YLVE
xeron tne enavanpoypoppatilopevne hoywhc (FPGA) touv Zynq dev emépaoe o

3,2W, onote xan mdh unoVéoaue 6tL o TDP tou Zynq eivan 3,5W.

Me Bdon to mapamdve, elpacte TAEOV €TOWUOL VO TPOYWEHCOVUE O TA ATOTEAECUATO
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¢ mapovoag adlohdynong. To oyfua 5.8 anewxoviCel xavovixomonuévn tny evep-

YeLXT] amO000T XAVE EUTAEXOUEVOU GUOTAUATOS, GTNV EVEQYELNXY| ATODOCT TOU

Server.
NORMALIZED ENERGY EFFICIENCY
W Sever W Laptop Resplerry Pi 3 DregonBoard 410c W PYNO-Z1
. i z. R 3 5
LOGISTIC LINEAR KMEAMNS FAGERAME CC TRIANGLES
REGRESSIONREGRESSION

Ly Auo 5.8: XUYxpeLom NS ATOBOTIXOTNTAUS EVEQYELNS, XAVOVIXOTIOLNUEVTS (WS TEOG TNV
mhatgopua Intel Zeon

‘Onwe @aivetar 010 ToEATAVL CYAUA, 1] XATAVIAWGT evépyelag Twv SoC younifg
loyvog elvan 2 - 3,5 @opéc xallTeEN amd TNV XoTAVIAWoT evépyelag Tou Intel Xeon
eneepyaoth. Evd n mhatgpopua nou Boaciletan otov Xeon €yel Ty xahitepn anddoaon
600V aPOPd TOV YEOVO EXTEAECTC TV EQPUPUOYRY, 1) oY US TOU YeeldleTon TEOoXahel
HLot GUVOAXS LPMAT) xaTavdAwo evépyelos. Ao Ty dAAn Thevpd, ta SoC youninc
Loy VOC TAEEYOLY TOAD XUADTERT EVERYELAXT amdBOCT, TO oTolo €YeEl avTiXTUTO GTOV
XEOVO eXTEAEONC TWV eQupuoY®Y. Eival eugavéc ooy, 6Tl O TEPLTTWGCELS OTOU 1|
eVePYELOXY| amddoa elvan To Baoixd XEITHELO YLot TNV ETAOYY EVOC CUCTAUATOS, TO

S0Cs younArc woylog aroteholy avaupoBhTnTa TNV XAAUTERPY ETAOYT.

‘ Features ‘ Server ‘ Laptop ‘ Raspberry Pi 3 ‘ DragonBoard 410c ‘ PYNQ-Z1 ‘
Logistic Regression 1 14 2.47 2.29 1.56
Linear Regression 1 1.22 3.08 2.36 2.71

KMeans 1 1.29 3.46 2.64 2.43
Pagerank 1 1.38 2.78 2.26 1.2

CC 1 1.15 2.77 2.23 2.10
Triangles 1 1.01 2.67 2.12 2.14

ITivacag 5.7: Evepyetaxt anodotixdtnta xde TAATQPOQUAS, XAVOVIXOTONUEVT] WG TROS
TNV amodoTixoTnTo Tng That@opuac Intel Xeon
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5.2 Extéieomn oe Enttayuvvieg YAuxoO

Ye auTh TNV EVOTNTA TWV amoTEAEOUdTWY, Yo yivel allohdynor tng amddoong Tou
SPynq framework nou neptypddope oo xe@dhato 4, yia éva GEVAPLO YEHONS TOU A~
Yopiduou hoylotixfic nakvdpdunone (utoevotnta 4.4.2). It to npoavoapepdéy oevd-
pto, dnwovpyoope éva povtého xatdtalng (classification model) to onolo anotele(-
Tou amd 784 features (ewxdveg 28%28) xan 10 labels (éva yia xdde ¢meio oto Sdotnua
0-9) yenorponowwvtog 40 yhiddes dardéoya delyparta exnaidevong, yio éva tpdBAnua
avary vaptone Xetpdypapwy dneinv (handwritten digits recognition problem).

[o va a€ohoyriooupe tnv amodoor tou SPynq cluster, dnuiovpyrooue éva oxoun
Spark cluster amoteholuevo and téooepic Worker xéufoug, ol onolol Beioxovto
otoug Xeon muprveg evoc dlaxowloth. O mivaxog 5.8 eugoaviCel Tar YopaxTNEIo TiXd

TV 0U0 CUCTNUATWY.

’ Features \ Server \ PYNQ-Z1 ‘
Vendor Intel Xilinx
Device E5-2658 | Zynq XC77Z020

Cores(threads) 12(24) 2
Processor E5-2658 A9
Architecture 64-Dbit 32-bit
INstruction Set CISC RISC

Process 22nm 28nm
Clock Frequency | 2.2GHz 667MHz
Level 1 cache 380kB 32kB
Level 2 cache 3072kB 512kB
Level 3 cache 30MB -
TDP 105W 3.5
Operating System | Ubuntu Ubuntu

ITivaxag 5.8: Kbptar yopoxtnelo Tixd Ty afloAoyoUUeEVeY TAAT@opu®y Xeon xat Zyng

Ov JVM (Java Virtual Machine) Siepyooiec tou Spark, Seopebouv to peyalltepo
uépoc e drardéoune uviune RAM (512 MB) touv PYNQ-Z1, ¥étovtac éva meplo-
ploud oTNV €QUpUOYT oG, 1) omola amontel amd TNV xVptar UvAun vo dlotneel xou vo
€)EL EMAVELANUUEVE TTPOGPBUOT) GTO GUVOAO TV BEBOUEVWY ToU €youv dlfactel and
to HDFS.

Avtieta, o server €yel éva Xeon CPU pe 12 muprveg xou cuvolxd 24 viuorto

(threads). ITpoxewévou 1 clyxplon ue toug 4 xéuPouc tou Pynq cluster va elvou
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olxour, wovo 4 and ta 24 ddéoiua VAULOTA TOU CUCTARATOS Xeon YENoULOTOL0VVTOL
and to Spark cluster.

Emméov, cuyxpivaye tnv extéleon tng epapuoyhc oto SPynq framework, mou xd-
VEL YPNOY EMTAYUVIOY, PE TNV exTéleon tng Blog eqappoync pévo otoug ARM
muprves. Me autédv tov tpoéTo, elpacte oc Yéon va Bydhovue cuunepdopota xou ylo
TNV TEPIMTWON TWV EVOWUATOUEVWY EQUQUOYWY OTI OTOEC UOVO EVOOUATWUEVOL
eneepyaotéc Yauning woyboc umopolv va yenoionondoly, AOYw TwV auoTNEMY
TEOBLAYPAPV YLOL YUUNAY| XUTAVIAWOT).

H xoduoctépnon nou elodyeton and TNV ETXOWV®VIO TOU ENEEERYATTH UE TNV ETO-
VOTEOY PoUOTICOUEVT] AOYIXT, EBXE OE MEPLTTWOELC TOL Efvon cUY VY xat oppidooun,
unopel va tpoxahéoel pio onuoavTix emBAeuVoT TN CUVORLXY| atdBOCT) TOU GUC TY|Uo-
TOC XAl VO UELWOEL XUTE AUTOV TOV TEOTO TNV EMTAYUVOT| TOU TOREYEL O ETUTAYUVTAS.
Qdo1600, ot eQupuoYEéc 6oL 0 eneepyac TG amOCTEAAEL Wolixd piot UEYAAT TOCO-
nTo dedopévwy (T.y. uéow tou AXI streaming interface), o anawtolyevoc ypdvog yia
TNV ETXOWVVI TV 800 OVIOTATWY, ETXAAUTTETAL UG TOV YEOVO UTOAOYIGUOU TV
AMOTEAECUATWY. LTV TERINTWON oG Tped, omou yivetow Yerorn tou BGD alyopld-
HOU AOYLOTIXNG TOUAVOEOUNONG, O ETEEEPYUTTAHS TEENEL Var O TE(AEL évar UeYdAo GYXO
0edOUEVLV Yial Vo EXTIUOEVCEL TO {NTOVUEVO UOVTEAD XU WG EX TOUTOU TO XOGTOG
NS emxoveviae (LETPOVUEVO GE YpOVOo) ETUXANITTETAL ATd TOV YEOVO TV Amoutol-
HEVWY uTohoYlopmy. QoToéoo, wa ok ovtétnta DMA (Direct Memory Access),
dev pnopel va yewptotel neplocdtepa and 8 MB (otny mepintwor| pac 2600 ypopués
dedopévwv) oe uia uévo petagopd. ‘Etot, yweilovtac 1o RDD ce xoypdtia v 4 ye
5.2 ythddwv yeopupdyv (éxouue 2 DMAs Swrdéowous yia tn petagpopd dedopévwy),

UTOPOUUE VoL EXUETOAAEUTOVUE GTO PEYIOTO TOV ETUTAYLVTY| UOC.

5.2.1 Amnotelécpata Xpovou Extéreong

Iopoxdtey, mapovoidlovian to anoteréoyata Tne adloAdynong, Bdosl tou ypdvou
extéleone e eetalduevne eQapuoyne.

To oyfua 5.9 anexoviCel Tov ypdvo eXTEAEOTC TNS EPUPUOYNE TNS AOYLOTIXAG To-
Avdpounone Yo 800 exteréoel xou yia didopoug aprduolc enavalhdewy. H mpodtn
extéheoT) aopd Evay LM anddoone eneepyacth x86 64 apyitextovixrc (Xeon

E5 2658), o onolog hettouvpyel oe ouyvotnta 2.2 GHz evdd n 8ebtepn to Pynq cluster
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Logistic Regression Training (1 Master / 4 Workers)

terations

N rite] XEON  EHW acceleraied eSpeedup

Eyfua 5.9: Emtdyuvorn oe oyéon pe to mhdog emavahewy, YenouLonoldvTos To
npotewvopevo Python APT (1)

TIOU OLOOPPOCUUE XUl UNOTOLOUUE, TO OTO0 XAVEL YENON TNG ETAVAUTOOY QU
Tlopevne hoywic. Eva apyelo 40000 ypouudv ywetopévo o xouudtia twv 5000
YOOUUWOV Yenowomoleiton yior TNV eXTaldEucT) TOL LOVTEAOU TOL ahyoplduou xal o TG
0o mepintwoelc extéleons. ‘Onwe @afvetal, 0 CUVTEAECTAC ETUTAYUVONE OV TMETU-
yolvouue amd TNV extéheon tne epapuoync oto Pynq cluster, elvou avdioyoc tou

aptduol Twyv enavakidewy.

ITio avahutind, otouc PYNQ-Z1 xéuPBouc 1 eaywy? twv dedouévev (n onola mept-
AoPBdver To dLdBaoua Twv dedouévwy and Ta avtioTolya apyela xoddg xou GAouUE Toug
amoutoUuevous yetaoynuatiopols ot RDDs ) Swopxel nepinou 81 deutepdhenta, £V
x&de emavdindr Tou alyoplduou ohoxhnewveton ot 0,53 deutepdAenTA EQPOCOY TaL De-
douéva exnaldevong Tou ahyoplduou €youy Non anodnxeutel oe tpocwpetvoie buffers.
And v dhn mhevpd, o Xeon dof3dlet xou yetacynuotilel To dedopuéva ubvo o 775
deuTePOAETTA, AAAS xdde emavdAndn Tou alyoplduou dlopxel tepinou 276 deutepdie-

TTA.

Emopévwg, n emtdyuvon eloptdton and tov apidud tev enavalpewy mou extehol-
vtou. Tl T ouyxexpiuévn e@apuoyn, To wovtého umopel vo emitOyel axplBela Ewe xon
91,5% otic 100 emavahidelc, eved n avtioTolyn emtdyuvor tolton Ue Evay GUVTE-
AeoTh| 2x, o oyéon ue v extéleon otov Xeon eneéepyacty. (201600, LTdEYOLY
EQAUPUOYES OTIC OTOlES amantelTon TOAD YeyohlTepog aptduds enavolfbenmy. Xe auti

TNV NeP(MTWOT), UTOPOVUE Vo TETOYOUUE OXOUA UEYUNDTEQT] ETLTAYLVOT).



78 Kepdiawo 5. Iewauarien A§odynon

Worker Data Extraction BGD AlgOI‘ltl:lm C?mputatlons
(per iteration)
Xeon 7.5 26
ARM 78.4 16.6
Pynq (ARM+FPGA) 80.5 (ARM) 0.51 (FPGA)

ivaxag 5.9: Xpdvoc extéheonc (o€ BEUTEROAETTA) TWV CUVIPTHOEMY TOU EXTENOVVTOL
otouc workers

O mnivoxag 5.9 delyvelr 10 Ypodvo exTéAeonc TwV 600 XVPLWY CUVAPTACEWY TOU EXTE-
Movvtar otoug Worker xoufoug. Xtig nepintwoeic tou Xeon xou tou ARM, t600 1|
e€aywyr| dedouévwy 600 xau 0 BGD ahydprduog extelobvton otoug enelepyaotéc
xdde cLoTAUATOS, EVK OTNY TepinTwoT Tou Pyng 1 e€aywy?| dedopévev extehelton
otouc ARM eneepyaotéc eved 1 ouvdptnon BGD exteleitan oty enavampoypoy-
natllopevn hoyw) (FPGA). Enopévac, yio egapuoyéc 6mou anateltar YeYaAITEROS
oprdude emavolAdewy, 1 TayTNTA ToU cUCTAUTOS (évavtt Tou Xeon) cuyxhivel oe
€vay CUVTEAESTY] HX xdMC 0 YEOVOC Yia TNV EEUYWYY| TV OEDOUEVWY, OE OYEDT UE

TOV GUVOAXO YEOVO eXTENEDTS, xard{oTorTan oeAnTEOS.

Logistic Regression Training (1 Master / 4 Workers)
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terations

N CPU-only (ARM) o HW accelerdied  esSpeedup

Eyfua 5.10: Emitdyuvon o oyéomn ue to mAfdog emavahiewy, ¥enoLLoToudvTas To
npotewvopevo Python APT (2)

To oyfua 5.10 delyver TNy ToyTNTA XU TO YPOVO EXTENECNC TNG EQPUQUOYNC YLo
v neplntwon tou SPynq cluster omou yivetan yprorn emToyuVI®Y, o GUYXELON
xan AL pe v mepintwon tou SPynq cluster émou yenowonowotvton wévo oo ARM
eneepyaotéc. And auty| TN olYXplon, olvetal OTL UTOPOUUE VoL ETULTOYOUUE €WE Xl
36 @opéc xahiTERT ToyUTNTO EXTEAESTC ME YPNioM EMLToLVTOYV LALXoD. H nopoloo
oUYxpELoT, elvol YENoWN YLot TNV TERITTWOY] EVOWUATOUEVLV EQUOUOY WY, OTOU UTdp-

YOUV AUCTNEOL TEQLOPLOUOL BTNV XATAVIAWGT] EVEQYELIS XU OL ETEEEQYAOTES UPNATC
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anédoong deV umopoLy va yenolwormotnioly axelBae Yol T YopoxTNELo TiXd TOUG

0EV CUVABOUYV UE UTES TIC AMOUTATELS.

5.2.2 Amnoteléocpata Evepyeiaxnic Andédoong

ITpoxeévou var a&lohoYNGOUUE TNV EEOLXOVOUNOT EVERYELUC, UETEPHOOUE TN UEOT) Xo-
TAVAALGKOUEVT LoY D, YId TI TEQLTTAOOELS EXTEAETTC TOU alyoplduou Tou Teplypddayue
vopltepa (extéheon wovo otouc Xeon cores, extéleot uévo otougc ARM core xou
extéheon otouc ARM cores xdvovtag yphon emtoyuvtedv vhixov). o vo peten-
Vel 1 xotavdhwon evépyetag tou e&unneetnth Xeon, yenowonofinxe to Processor
Counter Monitor (PCM) API tnc Intel. Extéc twv dhhwv, to PCM API emtpé-
TEL TNV XaTorypopr] TN evépyetag mou xatovokdveton and to CPU xou tpy DRAM
VAU, Yiot TNV EXTEAEDT) pLog Oedouevng epapuoyhc. Metprioaue eniong tnv xatovd-
Awomn evépyelag Tou Zyng, Yenotdonowvtac to evaluation board ZC702, to onolo
puroevel v Bl cuoxeur| Zyng pe avtiy tou PYNQ-Z1. T tnv yétenon avty,

yenowonotinxay oL EAeYXTES Lo Log Tou Bld€TeEL To GUC TN

Logistic Regression Training (1 Master / 4 Workers)

=rgR | -

. 100 125 150 .

Joule
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N rite] XEOMN N HW accelerded = nergy efficiency

Yyfuo 5.11: Katavdhwon evépyelog oTic mAatgpopues Xeon xou Zyng Bdcel Tou TAf-
Youg enavarPewy

To oyfua 5.11 Belyvel TNV XATAVIAWOY EVERYELXS YLOL TNV TERITTWOY EXTEAEONC TOU
ahyoplduou ctoug eneéepyactég Xeon xadodg xou 6To Zyng 6ty YiveTtow 1 YeHon Twv
eMTALUVTOV LAX0L. Avtiteta, To oyrfua 5.12 anewovilel Tnv xatavdhwon evépyelog
e mAaT@opUac Zyng yio TiC 000 TEPITTWOELS eEXTEAEONS (o) HOVO OTOUS TUPHVES

ARM xou B)yenoiponoudvag emtayuvtés Lhixo). ‘Ocov agopd 1o Tpto oyhud, N
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uéor xatavdhwaon evépyelog tou encéepyaoath Xeon xou Twv DRAM eivar 103 Watt,
evd évac xouPoc Zynqg (ouunepthapBovopévey tou MPSoC FPGA xo tne DRAM
uvAuNg) xotavaldvouy nepinou 2,6 Watt xatd tn Sidpxeia tne e€orywyc dedopévnv
(BidPBaopa apyeiwv eloddou xAm.) xou 3,2 Watt xatd tn SidpxEld TWV UTOAOYLOUWMY
GTOV ETUTAYLYTY UALXOU . MUVETWC, OE AUTY TNV TEPIMTOOT UTOPOUUE VoL ETULTOY OUUE
éwe xou 18 popéc xalitepn evepyetaxt| anodoon (yia 100 emavokrielc extéleong Tou
ohyoplduou) Aoyw e YoUNAOTERNS XATAVIAWONG EVERYELNG XU TOU YAUUNAOTEPOU

YEOVOU EXTEAEDTC.

Chart Title

0000 000 35.000
50000.000 30.000
25.000

w 40000.000
= 20.000
2 o e = B BN § 000
oo 15.000
20000.000 l A A
0000000 I 5000

25 50 75 100 125 150
terations
. CFU-only (ARM) . HW acceler ated — E riergy efficiency

Eyfua 5.12: Katavdhwon evépyelog otic mhatgpdpues povo-ARM xaw Zyng Bdoet tou
mAdoug enovolhewy

AxohoOlne, oto oyfua 5.12 @aiveton OTL av xou 1] XATAVIAWOT| EVERYELNS TOU Zyng
elvan ehappecdc uPnAGTEEN OTay YiveTal YpYom TNG ETAVATEOYEUUUATICOUEVNS AOYIXNAS
(o€ oyéon pe TNy xatavdAwon and ) xehon wévo twy enelepyaotdv A9, tou loolto
xotd péoo 6po ue 2.3W avd x6pfo), unopolue teAxd vor emitdyoupe €we xou 29
POPESC YUUNAOTERT XATAVAAWOY) EVERYELNS AOYW TOU ONUAVTIXG LPNASGTEROL YEOVOU

eEXTENEONC TNV TERITTWOT OV YpnolponolvTal uovo ol tuprves ARM.



EniAoyoc

6.1 Xvunepdopota

Ye auth TNV gpyaocia, TUPOUCIACOUE OAAL TOL ATOEAUTNTO BAUATA YLl TNV XATAOHELY]
%o To 0 TACLO Tou Spark g EVOWUATOUEVA GUC TALNTA YUUNANS XATAVIAWGCTG, OTWS
to Raspberry Pi 3 xou to Dragonboard 410, xadmg xou Ohec Tic amapaitnteg Tpo-
TOTOLACELC TTOU YPELACTNXOV Yia Vo «Teé€ely to Spark. Axoun, dnuovpyhooue éva
cUUTAE YU UTOAOYLO TRV, anoapTilopevo and téooepelc PYNQ-Z1 xoéufoug xou évav
axoun Pacopévo otny Intel apyitextoviny|, oto omolo eyxatacthdnxe to Spark.
‘Ereita, vionowjoaue to SPynq framework mpoxeévou va undpyet dlopavic xeron
ETLTOYLVTOY VAU amd Tig e@apuoyég Tou Spark. Téhog, Sievepyinxay 600 a&lolo-
YHOELS. LTNY TEWTY), EXTUUHOOUE TOV YpOVO EXTEAECTC EEL EUPEWS Y PTOULOTOLOUUEVLV
eQapUoY®Y Tou Spark, and Toug ToUelg TNG NS exudinone xou tng enelepyo-
olog YedPwY. TN CUVEYELN, OUYXPIVIUE To AMOTEAECUATO AUTY, UE TO ATOTEAECUATA
and TNV eXTEAECT) TWV (BLWV EQUPUOYWY O EVAY TUTIXO OLUXOULOTH ol EVOV TEo-
owTx6 LUTOAOYIOTYH Xt TEhog yenowonotoaue Tnv TDP uetpuny| yio vo mpooeyyi-
COUUE TNV EVEQYELXT AMOBOCT OAWV TWV EUTAEXOUEVKDY TAUTQopu®Y. Ocov apopd
N 0e0tERT AloAOYNOT), aEY xS LAoTOLUNXE €vag EMLTayUVTAS UALXOD Yia Vol OEVERPLO
¥enhone tou adyoplduou AoyioTixhc ToAvdpounong. ‘Eneita, onuiovpyhinxe éva véo
Python API xodcd¢ xou nepoutépw véeg BiBhiodnxes yio to Spark mou yernoiwonoioiy
uevodoug tou mpoavagepdévtoc APL. Télog, adiohoyhinxe o ypdvog extéleonc Tou
ohyopldpou hoyioTixrc makvdpdunone yia éva medBinua avaryvoplong gnelov (omd
10 0 éwc 10 9) ypoupévewv oto yéer (handwritten digits recognition problem) xou
€nelta TPooeY Yo TNXE 1) xoTavdAWwo evépyelag Tou SPynq cluster and tnv mopamdve

extéheon. Téhog, Ta anoteréopata cuyxpldnxay ye autd and tnv Bl extéieon oe

81
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€vay TUTUIXO BLOXOULO TY) TTOL YPNOLOTOLE(ToL T XEVTEa DEDOUEVWY, O onolog Baoi-

Ceton oe évav Intel Xeon enelepyoaot.

Yuvohixd, To othiowo tou Spark oe evowpatwuéva cuc Thdata evéyel TpoxAfoelc. Ta
Baoixd TEOBAAUATO TOU AVTILETWTICUUE UTOPOVY Vol Y wpeloToOV Ot dLOo XoTryoplec:
oe Vépota cupBatdTNTAC Yol O TEOPAAUATA TOU ATOEEEOUY A6 TOUG BLIECLIOUG
T6poug LAxoL. Ocov agopd o TptTo TedfAnud, He TNy Tépodo Tou Ypbdvou BAETouue
oTL Tt YépaToL CLUUPBATOTNTOC UELOVOVTOL, OEDOUEVOU OTL OL EPUPUOYES XIS o SRR
Hepovpéva mtaxéto UToo TNEILOUY OAO XU TEPLOGOTERES UPYLTEXTOVIXES GUC TNUATMV.
Ané Ty dhhn Theupd, 0 MO CNUAVTIXGS TORAYOVTAS oL Xorho Td Buvath 1) avtio Totya
adOVATY TNV EXTEAECT) EQUOUOYWY AVIAUCOTG UEYUAWY OEBOUEVWY GE Eval 600 TN,
elvon 1 mocoTTa TG Stodéaiung uvAune. H éheudn wag peydine uviune RAM, da
UTOpOUGCE Vo oNuaivel OTL T dedoUEVA BEV Ywpedve 6T uviun. {2otéco, to Spark
elvan 1600 Ypryopo axpBwe ylotl ol teploadtepol uTohoyiopol yivovtal ye dedopéva
mou o1 PBeloxovton otn wviun RAM. Tiveton enopévng avtiinmto, 6t 1 éhheudn wog
ueydane xou yenyoens RAM éyel Spopatinéc emNTOOES GTO YPOVO EXTENEONC TWV

€QapUOYWV Y€ow Tou Spark.

Axour, Soxwdooue xou othoaue to Spark and mnyolo xdduxa téco oto Raspberry
Pi 3 600 xa. oto DragonBoard 410c. Puouxd, 1 mapamdve dadixacia dievepyinxe
HOVO YLoL ERELVNTIXOVEC GXOTOUE, TEOXEWWEVOU VO DOXLLAGTOUY Ol BUVATOTNTES TWV
TEOUVAPEQUEVTOV EVOWUATWUEVWY TAATPOopU®Y. O yedvoc mou amouTelton Lot TNV
XAUTAOAELY] EVOC AVODLAVEUNTEOLU TAXETOL TOU Spark o€ €vay TUTIXO BLUXOULT TY| Xo
1) UETETELTOL AVTLYPAPT] QUTO) GTO EVOWUATWUEVA CUC THUATA, EVAL ONUAVTIXG UiXEO-
TEPOC Ao TO YEOVO Tou damaviinxe oTny mepinTwon wog. Xe mepintwon mov €vag
xeNotne dev ypetdletan Vo 0ploel TIC BIXES TOU TUPAUUETEOUS XAUTA TNV XATACKEUT] TOU
Spark, n xahOtepn enthoyt Tou €yel elvon va xateldoet éva étowo (pre-built) naxéto
tou Spark. Me autdv tov Tpdmo, Oyt uévo unopel var YALTWOEL TOAOTILO YEOVO, AANS

X0l VO ATOPUYEL TNV EVOEYOUEVY] AVTIIETOTLOT AAAWY TEOBANUATWY.

Télog, and v a€loAGYNOT TOU TEAYUATOTOL|COUE, EBAUE OTL O ENEEEPYAUC TEC TTOU
BaoiCovtan oe SoC eivan 8 éwg 11 gopéc yewpdtepol GG0V 0popd GTO YPOVO EXTEAECTG
TWV EQUPUOYOV Tou adlohoyUnxay, eved TopdAANAa AOYw TNG YOUNAOTERNS XATo-
VAAWONG EVERYELXG €YOUV TN BUVATOTNTA VO TROCPEPOUV TOAD XAUAUTEQRT) EVEQYELUXTY)

anédoon. I egapuoyéc unyavixhic expdinong Paciopéveg oto Spark umopodv vo
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TUEEYOLY €WG XU 3 POPES XANDTERY] EVEQYELOXY| ATOBOGT], EVE GTOV Touéd ENEEEPY Q-
olag Ypd@wy UTopoly Vo TapEYouy €we Xt 3,5 PopES XANDTERT) EVEQYELUXT| ATOBOCT).
Enopévee, oe Tepint®oelg OTou Uog EVOLUPEREL TEPLOCOTERD 1) EVERYELAXT ATOBOCT)
xa Oyl xuplws 0 yedvog extéleong, ol eEunneetntés mou Boactlovtal oe SoCs Yo pno-
EoVCAY VoL ATOTEAEGOLY ULdl TOANG UTOCGYOUEVY) EVOARAXTIXT ADOT), GTNY HELWOT TNG
BamavOUEVNS Loy Vo xo Tou cLVOAXoU xbotoug Woxtnoiag (TCO) twv xévtpwv
OEDOUEVWV.

‘Ocov agopd 1 deltepn ollohdynon, eldaye 6Tt Ta Topovto frameworks mou yern-
OLOTOLOLYTOL YLl TNV avdAUoT) UEYSAwY dedouévey, 6Twe to Spark, dev unootrnei-
Couv TNV ampdoXOTTY YEHOT) ETTAYLVTOY VAXOL. d6T600, ue TN Bofdeia tou SPynq
framework mou vAomoiinxe oty napolLoa epyacia, eldoue OTL OL ETUTAYUVTEG UAXOU
UTOEOUY VAL BEATUOCOUY ONUAVTIXG TNV ATOBOGCT] XL TNV EVERYELNXY) ATODOTIXOTN T
TETOLWY EQUPUOYRYV. AlmoTOUNXE €TOL, OTL TO TROTEWVOUEVO Oy NUo UTOpEl Vo yen-
owonowndel 1600 oe cuaTHuaTa LYNATE amddoang, Yo TN PElWoT NS XATAVIAWOTC
evépyelag (Uéypet 18 popéc) xadie xar Tou ypdvou extéreons (Uéypt 2 Qopéc), 660 xou
OE EVOWUATWUEVA CUCTARATY, OTOU UTOEel var emTOYEL €W xou 36 Popég xah)TERO
YEOVO EXTENECTC OE GUYXELON UE T AMOTEAECUATA OO TNV EXTEAECT] OE EVOWUNTW-
uévouc eneepyactéc younihc toyvoc (6nwe ol enelepyaotéc ARM) xou 29 gopéc
YOUNAOTEET XoTavdAwon evépyelog. Téhog, delloue 6Tl To MEOTEWOUEVO GYHUA UTO-
el va yenowonomdel yior TNy LUTOGTHEIEN OTOLOLBNTOTE EIBOUC EMTAYUVTHOY UAXOU,
TEOXEWEVOU VoL ETUTAYLVIEL O YEOVOC EXTENECTC TWV UTOAOYLO TIXAL OTALTNTIXV TUN-
UATWY TOV EQUPUOYOV UNYAVIXAS EXUSINONC XSG Xt AWV EQUOUOYWY AVIAUCTS

dedouévwy nou Boaoctlovtor oo Spark.

6.2 MeAAovTixd ZyEdia

‘Ocov agopd tor uehhovTixd oyédia, Vo umopoloay Vo UTEEEOLY BLAPORES EMEXTACELS
xan BeATIOoELS.

Apyxd, av xau and tnv adlohdynorn tou SPynq framework eidoue 6TL unopolue vo
TETUYOVUE ONUATVLXY| BEATIOOT GTOV YPOVO EXTEAECTC TWV EQPUQUOYWY Xl QG-
Anha pelwon Tne xatavdiwong evépyetag, Ya tpénel va eumhouticouue Ty BBAoUHXN
mllib_accel nou vAomowoaue, Wote va unoctneilel neplocdTepoUC,VEoUS ahyopld-

HoUG uNYaVIXTS expdinong 6mwe o KMeans, o Linear Regression x.o. I'ia To oxond
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autd, da meénel va dnpovenydouy Véol emTayuVTEG LAXoU xou véa Python APIs

HECL TV OTolwY Yol EMTUYYAVETOL 1) ETXOVWVIN UE AUTOUC.

Emmniéov, onwe eldope xou oto Kegpdhowo 4, av xou 1 €Tepoyévela Tou UAXOU TwV
Worker x6upwv vrootnelleton and to Spark, otny mpaylotixdTnTo 8EV UTOPOVLUE Vo
enwgerntolye and auth. Ilio cuyxexpléva, eldaue Tt unopel xavelc ebxola vo yen-
owponotfoel petoAntéc nepBddhovtoc (6nwe to SPARK WORKER TYPE), v
vo Soyweloel x6uBoug mou @uho&evoly emovampoy oo Ti{OUEVT AoYixT| and XOu-
Boug mou Bev Blrd€TOLY TETOW HOVADA, WOTOCO 1) TUEAUTAVE SUVATOTNATA BEV TEO-
OQEREL OTNY ToPOLCA PACT) XATOLO TASOVEXTNUA. Edixd yiar Tov cuyxexpluévo alyo-
etduo AOYLo TIXNC TAAWVOROUNONS TIOU YENOUWOTOLAOUUE, T EMUEPOUS ATOTEAECUTO
and xdde Worker xoufo plag cuyxexpuévng enovdindne tou alyoplduou, meénel
va emioteédouv otov Master xouPo xou vo adpolotoly YETOED TOUC TEOXELLEVOU
vo. utohoyloTolv ta véa Bden. Autd to véa Bden Va yenowworomndoly we elcodog
oTNVv enoUevn emavdindy tou ahyopituou. Me autdv Tov TEéTO, YivETow AVTIANTTO
6Tl 0 Ypovog xde enavdindne tou alyoplduou, xodopiletar and Tov yedvo Tou T
apyol, and drodn anddoorng, Worker xoufou. ‘Etol, o peiwuévog ypdvog extéheonc
oTtoug xOUPoug mou BladéTouy ETaVATEOYEUUUATICOUEVY AoYXY , ETXOANOTTETOL ATt
TOV YPOVO exTéheons Tou alyoplduou otoug x6uBoug Tou dlardéTouy HOVO XEVTELXTY
novdda eneepyaoiac (CPU). I 1o oxond autd, do mpénel vo dnuovpyniel évac
VEOC YOVOBpOUoAOYNTAS EpYaoL®Y Yo To Spark, o omolog va yvwpellet axpBde Ty
mhneogopta yior Omopén A urn, povadoc FPGA oec xdlde xéuBo tou vionomniévrog
oupnAéypatoc. Aedopévou autod, Yo unopel vo diopolpdletl pe évay mo «€EUTvVoy
TEoTO T epyaciec mou Yo avadétel oe xdde xoulo, mpoxewévou va BehtioTomolel-
TaL 0 CUVOAXOS YPOVOS exTéleone xde e@apuoyNc xat Vo a&loToleltan 6To UEYLoTOo
1 etepoyéveln Twv Worker xouBov. I mapdderyua, av o yedvog exTéAeons 0Toug
x6pBoug Tou BV BLaETOUY ETUTAUYUVTH UAOU ATay BITAACLO¢ and auTOV TV XOu-
Bwv mou dladétouy, o véog task scheduler tou Spark Yo unopoloe vo otéhvel npog
eneepyaoia TOV BIMALCLIO YO BEBOUEVWY GTOUSC XOUPBOUC UE ETULTOYUVTY UALXOU Te-

TuyaivovTog €ToL Tov (Bl Ypovo exTtéleong, avd emavdindy, oe 6houg toug Workers.

TEéNog, TEOXEWEVOU VO EXPETUANEUTOVUE GTO UEYLOTO TA OPEAT] TWV ETUTAYUVTMV UAL-
%00, To SPynq framework, da pnopoloe va tpononomndel wote v e@apuooTtel oTIC

exovixéc unyavéc e Amazon (F1 instances) mou €youpe Mdn avagépet 1 axdua
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xou o€ ke mhatpopues mou dladétouy enavarnpoypoppatilopevn Aoy (FPGA)
o€ oLVOLACUO UE LoYLEOUC ETMEEEPYAUOTES XAl ETUXOVWVOUY PETaY Toug uéow PCI-
express. Me autév Tov Tp6m0, Yo UTOpOVUCAUUE VO TETUYOUUE oXOUA XUADTEQOUS YPO-
VOUG EXTEAEONC YLA EQUPUOYES TIOU XAVOUV Y P01 ETULTAYLVTWOV UALXOU, EVE ToEdA-

Aot var ETWPEANIOVUE %ol ATO TNV CUVOAMXS UELWUEVY) XATAVIAWGCT) EVERYELOC.
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BBAtoUrixeg xow Scripts

Y& auToé To TapdpTnua uropeite va Beeite To bash script mou ypnowonowjcoue yio Ty
AELOAOYNON TWV EVOOUATOUEVWY CUCTNUATWY YAUNAAG xatavdinong, xadag eniong
xat ohoxAneo to Python API nou vionolooyue yia Tov avTio TOLY 0 EMLTOYUVTY UAXOU
xau Ty BBAoAxn milib_ accel yio Ty ¥eHoT ETLTOYLVTOY UALX0) amd TIG EQUPUOYES

Tou Spark.

A’.1 Bash script

To bash script mou yenowonowicoue cto0 TEWTO U€pog TG aloAdYNoNG elval To
axdrovdo. To script autd AouBdvel éva dplopa etoddou To omoio xadopilel técoeg

popég Yo exteheoTel xde e@apuoY.

#!/bin /bash

5 LINE="$17
i+ > adv_results. txt

5 echo "Logistic Regression

¢ for ((i=1; i <= $1; i++)); do

>> adv_results.txt

7 Jusr/bin/time &>> logistic _tmp.txt —v ../bin/run—example ml.
LogisticRegressionExample —regParam 0.001 —maxIter 100000000 —
tol 1.0E—20 —elasticNetParam 0.9 ../data/mllib/sample libsvmmn data.
txt

s done

9

b2

0 grep "Elapsed (wall clock) time (h:mm:ss or m:ss):” logistic tmp.txt >>
adv_results. txt
i1 rm logistic _tmp.txt

12

89
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s echo "Analytics — pagerank’ >> adv_results.txt

for ((i=1; i <= $1; i++)); do
/usr/bin/time &>> an_ pagerank tmp.txt —v ../bin/run—example graphx.
Analytics pagerank ../data/mllib/pagerank data.txt —numEPart=50

i done

grep "Elapsed (wall clock) time (h:mm:ss or m:ss):” an_ pagerank tmp.txt
>> adv_results.txt

rm an_pagerank tmp.txt

echo "Analytics — cc’ >> adv_results. txt

» for ((i=1; i <= $1; i++)); do

/usr/bin/time &>> an cc_tmp.txt —v ../ bin/run—example graphx.
Analytics cc ../data/mllib/pagerank data.txt —numEPart=>50
done
7 an_cc_tmp.txt >>
adv_results. txt
rm an_cc_tmp. txt
echo ’“Analytics — triangles’

for ((i=1; i <= $1; i++)); do

>> adv_results. txt

/usr/bin/time &>> an triangles tmp.txt —v ../bin/run—example graphx.

Analytics triangles ../data/mllib/pagerank data.txt —numEPart=50

> done

b2

grep "Elapsed (wall clock) time (h:mm:ss or m:ss):” an_triangles tmp.

txt >> adv_results.txt

s rm an_triangles tmp. txt

echo 'KMeans’ >> adv_results.txt

for ((i=1; i <= $1; i++)); do
/usr/bin/time &>> KMeans tmp.txt —v ../bin/run—example ml.
KMeansExample

done

grep "Elapsed (wall clock) time (h:mm:ss or m:ss):” KMeans tmp.txt >>

adv_results. txt

3 rm KMeans tmp. txt



5 echo ’Linear Regression

i for ((i=1; 1 <= $1; i++)); do
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9

>> adv_results. txt

/usr/bin /time &>> linear regression tmp.txt —v ../bin/run—example ml.
LinearRegressionExample —regParam 0.001 —tol 1.0E—20 —
elasticNetParam 1.0 ../data/mllib/sample linear regression data.txt

done

grep "Elapsed (wall clock) time (h:mm:ss or m:ss):”
linear regression tmp.txt >> adv_results.txt

rm linear regression tmp.txt

s awk —v var="$LINE” —F: ’{ {if (NR % (var+1) = 1) print; else s+=60*$5+

$6;}; if NR % (var+1) = 0) {print s/var; s=0;}}’ adv_results.txt

> adv_resultsl.txt

s»mv adv_resultsl.txt adv_results.txt

Listing A’.1: Bash script for evaluating the ML and GraphX applications

A’.2 mllib accel

Axorovdwe uropeite va Beeite To Python API tou emtoyuvth Aol mou yenoiuo-

TOLUNXE YLol TO GEVARLO YENoNG TOL aAYopldUouU AOYLC T TAAVOPOUNOTG.

import cffi

import numpy as np

s import os

import platform

5 import re

from itertools import tee

from math import ceil

from pynq import MMIO, Overlay, PL
from .drivers import DMA

> chunkSizeMax = 5200

3 numClassesMax = 10

numFeaturesMax = 784
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v BS SEARCH PATH = os.path.dirname(os.path.realpath(_ file )) + 7/

overlays/”

s ffi = cffi . FFI()

o ffi.cdef (777

20 static uint32 t xInkBufCnt = 0;

22 uint32 t cma mmap(uint32 t phyAddr, uint32 t len);
53 uint32 t cma munmap(void *buf, uint32 t len);

2 void *ema alloc(uint32 t len, uint32 t cacheable);
5 uint32 t cma_get phy addr(void *buf);

% void cma free(void *buf);

o7 uint32 t cma pages available () ;

28 2790 )

50 LIB_SEARCH PATH = os.path.dirname (os.path.realpath( file )) + 7/
drivers/”
51 if platform .machine () = 7x86 647
322 7 load 64bit ELF
libxlnk = ffi.dlopen (LIB_ SEARCH PATH + ”libsds 1lib64.s0”)
50 elif platform.machine () = 716867
35 # load 32bit ELF
s libxlnk = ffi.dlopen (LIB_SEARCH PATH + ”libsds 1ib32.s0”)
57 elif platform.machine () = 7armv7l”:
33 # load 32bit ELF compiled for ARM
s libxlnk = ffi.dlopen (LIB_SEARCH PATH + ”libsds lib.so”)
w else:
1 print (?”Machine type not supported. Exiting!”)
exit (1)

]

1 DMA TO DEV = 0 # DMA sends data to PL.
s DMA FROM DEV = 1 # DMA receives data from PL.
16

7 def cma(LabeledPoints) :

50 #  Download Overlay.

=
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ol = Overlay (BS SEARCH PATH + ”LogisticRegression.bit”)
ol.download ()

elements = []

LabeledPointsl, LabeledPoints2 = tee(LabeledPoints, 2)

numLabeledPoints = sum(1 for  in LabeledPointsl)
numChunks = int (ceil (numLabeledPoints / chunkSizeMax))
chunkSize = int(ceil (numLabeledPoints / numChunks))
if bool(chunkSize & 1):

chunkSize += 1
paddingSize = (numChunks * chunkSize) — numLabeledPoints

# Allocate physically contiguous memory buffers.
+# Cast underlying buffers to a specific C-Type.
+# Get the physical address of the buffers.

+# Get the virtual address of the buffers.

datal buf = libxlnk.cma alloc(int (chunkSize / 2) * (numClassesMax +
(1 + numFeaturesMax)) * 4, 1)

if datal buf — ffi .NULL:
raise RuntimeError(”Memory allocation failed.”)

datal = ffi.cast(”float *”7, datal buf)

data2 buf = libxlnk.cma_ alloc(int (chunkSize / 2) * (numClassesMax +
(1 + numFeaturesMax)) * 4, 1)

if data2 buf =— ffi NULL:
raise RuntimeError (”Memory allocation failed.”)

data2 = ffi.cast(”float *”7, data2 buf)

buffers = []
buffers.append(int (libxlnk.cma get phy addr(datal buf)))
re.split ("<| |>|0x”, str(datal_ buf))[5], 16))
)))
)1

(
buffers.append(int (libxlnk.cma get phy addr(data2 buf
(

[l o

(int(
buffers.append (int (
(int (
(int(

buffers.append(int (re.split (”<| |>|0x”, str(data2 buf



99

100

101

102

104

105

109

110

94

Hapdotnua a’. Biplodnxes xar Scripts

buffers.append(chunkSize * (numClassesMax + (1 + numFeaturesMax)) *

4)
buffers.append ((chunkSize — paddingSize) if ¢ =— numChunks else
chunkSize)

elements.append (buffers)

i=0
for LabeledPoint in LabeledPoints2:
if i < int(chunkSize / 2):
datal[i * (numClassesMax + (1 + numFeaturesMax)) + int (
LabeledPoint.label)] = 1.0
datal[i * (numClassesMax + (1 + numFeaturesMax)) + numClassesMax |
= 1.0
f = ffi.from_ buffer (LabeledPoint.features.astype(np.float32))
features = ffi.cast(”float *”7, f)
offset = i * (numClassesMax + (1 + numFeaturesMax)) +
numClassesMax + 1
datal[offset:offset + len(LabeledPoint.features)] = features|[0:
len (LabeledPoint . features) |
else:
data2 [(i — int (chunkSize / 2)) * (numClassesMax + (1 +
numFeaturesMax)) + int(LabeledPoint.label)] = 1.0
data2 [(i — int (chunkSize / 2)) * (numClassesMax + (1 +
numFeaturesMax)) + numClassesMax| = 1.0
f = ffi.from buffer(LabeledPoint.features.astype(np.float32))
features = ffi.cast(”float *”7, f)
offset = (i — int (chunkSize / 2)) * (numClassesMax + (1 +
numFeaturesMax)) + numClassesMax + 1
data2[offset: offset + len(LabeledPoint.features)] = features|[0:
len (LabeledPoint . features) |

i+=1
if i = chunkSize:
c +=1

if ¢ <= numChunks:

# Allocate physically contiguous memory buffers.

+# Cast underlying buffers to a specific C-Type.
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+# Get the physical address of the buffers.

L Get the virtual address of the buffers.

datal buf = libxlnk.cma alloc(int (chunkSize / 2) * (numClassesMax
+ (1 + numFeaturesMax)) * 4, 1)
if datal buf — ffi NULL:
raise RuntimeError (”Memory allocation failed.”)
datal = f{fi.cast(”"float *”, datal buf)
data2 buf = libxlnk.cma alloc(int (chunkSize / 2) * (numClassesMax
+ (1 + numFeaturesMax)) * 4, 1)
if data2 buf = ffi .NULL:
raise RuntimeError (”Memory allocation failed.”)

data2 = ffi.cast(”float *”, data2 buf)

buffers

[

buffers.append(int (libxlnk.cma get phy addr(datal buf)))
buffers.append(int(re.split (”<| |>|0x”, str(datal buf))[5], 16))
buffers.append(int (libxlnk.cma get phy addr(dataQ_buf)))
buffers.append(int (re.split (”<| |>|0x", str(data2 buf))[5], 16))

buffers.append (chunkSize * (numClassesMax + (1 + numFeaturesMax) )
% 4)

buffers.append ((chunkSize — paddingSize) if ¢ = numChunks else
chunkSize)

elements.append(buffers)
i=0
return elements

def gradients kernel accel(buffers, weights):
chunkSize = int (buffers[4] / (numClassesMax + (1 + numFeaturesMax)) /

4)
numClasses = len (weights)
numFeatures = len (weights[0]) —

# Physical address of the Accelerator Adapter IP.
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ADDR_ Accelerator Adapter BASE = int (PL.ip dict|[”
SEG LR _gradients kernel accel 0 if Reg”][[0], 16)

ADDR_ Accelerator Adapter RANGE = int (PL.ip dict[”
SEG LR _gradients kernel accel 0 if Reg”|[1], 16)

# Initialize new MMIO object .

bus = MMIO(ADDR _Accelerator Adapter BASE,
ADDR_ Accelerator Adapter RANGE)

+# Physical addresses of the DMA IPs.

ADDR_DMAO_BASE — int
ADDR_DMA1 BASE = int
ADDR_DMA2 BASE = int
ADDR_DMA3 BASE = int

PL.ip dict[”’SEG_dm 0 Reg”][0], 16
PL.ip_dict ["SEG dm 1 Reg”][0], 16
PL.ip_dict ["SEG dm_2 Reg”][0], 16
PL.ip_dict ["SEG dm_3 Reg”][0], 16

—_— ~— ~— ~—

# Initialize new DMA objects .

DMA(ADDR_DMAO BASE, direction = DMA TO DEV)  # datal DMA
DI

dma0 (

MA(ADDR, DMA1 BASE, direction = DMA TO DEV) # data2 DMA
(
(

dmal
dma?2
dmad

DMA(ADDR,_DMA2 BASE, direction = DMA TO DEV) # weights DMA
DMA(ADDR, DMA3 BASE, direction = DMA FROM DEV) / gradients DMA

Assign/Allocate physically contiguous memory buffers.

dma0. bufPtr = ffi.cast(”uint32 t *”7, buffers|[0])
dma0. buf = ffi.cast(”void *”, buffers[1])

dma0. bufLength = int (buffers[4] / 2)

dmal. bufPtr = ffi.cast(7uint32 t *”7, buffers|[2])
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9 dmal.buf = ffi.cast(”void *”, buffers[3])
w0 dmal.bufLength = int (buffers|[4] / 2)
w1 dma2.create buf((numClassesMax * (1 + numFeaturesMax)) * 4)

12 dmad.create buf ((numClassesMax * (1 + numFeaturesMax)) * 4)

195 # Get CFFI pointers to objects’ internal buffers.
196 7

197

s weights buf = dma2.get buf(data type = "float”)

9 gradients buf = dma3.get buf(data type = "float”)

201w = ffi.from buffer(np.pad(weights, ((0, 0), (0, numFeaturesMax —
numFeatures)), "constant”).flatten ().astype(np.float32))

202 w_buf = ffi.cast(”float *7, w)

203 weights buf[0:numClasses * (1 + numFeaturesMax)| = w_buf[0: numClasses

* (1 4+ numFeaturesMax) |

206 F Write data to MMIO.

200 CMD = 0x0028 # Command .
210 ISCALARO DATA = 0x0080 +# Input Scalar—0 Write Data FIFO.

212 bus. write (ISCALAR0O DATA, chunkSize)
213 bus. write (CMD, 0x00010001)
211 bus. write (CMD, 0x00020000)
215 bus. write (CMD, 0x00000107)

218 # Transfer data using DMAs (Non—blocking).
219 H Block while DMAs are busy.

22 dma0. transfer (int (buffers[4] / 2), direction = DMA TO DEV)

23 dmal. transfer (int (buffers[4] / 2), direction = DMA TO DEV)

21 dma2. transfer ((numClassesMax * (1 + numFeaturesMax)) * 4, direction =
DMA TO DEV)
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dma0. wait ()
dmal. wait ()
dma2. wait ()

dma3. transfer ((numClassesMax * (1 + numFeaturesMax)) * 4, direction =

DMA_FROM DEV)

dma3. wait ()

g buf = ffi.buffer(gradients buf, (numClasses * (1 + numFeaturesMax))
* 4)

g = np.frombuffer (g_buf, dtype = np.float32)

gradients = np.copy(np.reshape(g, (numClasses, 1 + numFeaturesMax))

[:, :1 + numFeatures])

# Destructors for DMA objects.

dma0. buf = None

dma0. bufPtr = None
dma0. bufLength = None
dmal . buf = None

dmal. bufPtr = None
dmal.bufLength = None

dma0. del ()
dmal. del ()
dma2. del ()
dma3. del ()

return gradients

56 def cmf(buffers):

# Free previously allocated buffers.
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21
%2 datal buf = ffi.cast(”void *”?, buffers[1])
%3 data2 buf = ffi.cast(”void *”?, buffers[3])
%1 libxlnk.cma free(datal buf)

55 libxlnk .cma free(data2 buf)

266

267 return 0

Listing A’".2: Python API (LogisticRegression.py) of the logistic regression

hardware accelerator

Axohovw¢ unopeite va Beelte to Véo classification.py apyeio mou vhomolinxe.

import numpy as np

from math import exp

from pyspark import RDD

from time import time

¢ from .accelerators.LogisticRegression import cma,

gradients kernel accel, cmf

s all = [’LogisticRegression ’|

0 class LogisticRegression (object):

9799

12 Multiclass Logistic Regression Model.

14 :param numClasses : Number of possible outcomes.

15

16 :param numFeatures: Dimension of the features.

18 :param weights: Weights computed for every feature.

19 (The intercepts will be part of the weights.)

2 def  init  (self , numClasses, numFeatures, weights = None):
23 self .numClasses = numClasses
24 self .numFeatures = numFeatures

2 self.weights = weights
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def train (self, trainRDD, alpha = 1.0, numlterations = 100, accel =
0):

79N

Train a logistic regression model on the given data.

:param trainRDD: The training data, an RDD of
LabeledPoint .

:param alpha: The learning rate (default: 1.0).

:param numlterations: The number of iterations (default: 100).

:param _ accel : 0: SW-only, 1: HW accelerated (deafult:
0).

:note: Labels used in logistic regression
should be

{0, 1, ..., k — 1} for k classes classification

problem .

79N

def gradients kernel(data):
# Compute the gradients given the (label, features) pair of a
single data point.

gradients = np.zeros ((self.numClasses, 1 + self.numFeatures))

for k in range (0, self.numClasses):
# margin (rawPrediction)
margin = self.weights[k][0] + np.dot(data.features, self.
weights [k][1:])

# score (probability)
if margin < 0:

score = 1.0 — 1.0 / (1.0 + exp(margin))
else:

score = 1.0 / (1.0 + exp(—margin))

multiplier = score — (1.0 if k = int(data.label) else 0.0)
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5 gradients [k][0] = multiplier

60 gradients [k][1:] = multiplier * data.features

61

62 return gradients

63

64 # Reduction of multiclass classification to binary classification .

65 # Performs reduction using one against all strategy (OneVsRest).

66 # For a multiclass classification with k classes, train k models (

one per class).

print (7 * LogisticRegression Training *7)

68

69 if accel :

70 trainRDD = trainRDD. mapPartitions (cma) . cache ()

71 numExamples = trainRDD .map(lambda buffers: buffers[5]) .sum()
72 else:

73 trainRDD = trainRDD. cache ()

7 numExamples = trainRDD . count ()

76 print (” # numEBExamples : {:d}”.format (numExamples) )

7 print (” # numClasses: {:d}”.format (self.
numClasses) )

7 print (7 # numFeatures: {:d}”.format (self.
numFeatures))

79 print (” # alpha: {:g}”.format (alpha))

50 print (7 # numlterations: {:d}”.format (numIterations)

)

82 start = time()

83

84 # Run Batch Gradient Descent (BGD) in parallel.

85 # Averaging the subgradients over different partitions is

86 # performed using one standard spark map—reduce in each iteration.
87 if self.weights is None:

88 self . weights = np.zeros ((self.numClasses, 1 + self.numFeatures))

89
90 # Momentum Optimization .
91 gamma = 0.9

92 velocity = np.zeros like(self.weights)
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94 for t in range (0, numlterations):

9 print ("{:3d}% [{:35s}| {:d}/{:d}”.format(int ((t / numlIterations)
*100), u”\u25A5” * int((t / numlterations) * 35), t, numlterations
), end = "\r”)

96

o7 if accel :

98 gradients = trainRDD .map(lambda buffers: gradients kernel accel
(buffers, self.weights)).reduce(lambda a, b: np.add(a, b))

99 else:

100 gradients = trainRDD .map(gradients kernel).reduce(lambda a, b:
np.add(a, b))

102 velocity = np.add(gamma * velocity , (alpha / numExamples) *
gradients)

103 self.weights = np.subtract (self.weights, velocity)

104

105 end = time ()

106 print ("{:3d}% [{:35s}| {:d}/{:d} Time: {:.3f} sec”.format (100, u”\
u25A5” * 35, numlterations, numlterations, end — start))

107

108 if accel :

109 trainRDD .map (cmf) . collect ()

110

111 return self

112

s def test(self, testRDD):

. BRTeY

115 Test a logistic regression model on the given data.

116

117 :param testRDD : The testing data, an RDD of LabeledPoint.

118

19 :note: Labels used in logistic regression should be

120 {0, 1, ..., k — 1} for k classes classification

problem .

7NN

123 # Each example is scored against all k models and the model with
highest score

124 # is picked to label the example.
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125 print (” * LogisticRegression Testing *7)

2%

127 true = testRDD .map(lambda data: 1 if data.label = self.predict(
data.features) else 0).reduce(lambda a, b: a + b)

128 false = testRDD.count () — true

129

130 print (” # accuracy : {:.3f} ({:d}/{:d})”.format(
true / (true + false), true, true + false))

131 print (” # true: {:d}”.format (true))

132 print (7 # false: {:d}”.format (false))

s def predict(self, features):

79N

136 Predict values for a single data point using the model trained.

138 :param features: Features to be labeled.
79N

139

140

141 # Compute and find the one with maximum margins.

142 maxMargin = —np. inf

143 bestClass = —1

145 for k in range (0, self.numClasses):

146 # margin (rawPrediction)

147 margin = self.weights[k]|[0] + np.dot(features, self.weights[k
1[1:1)

148

149 if margin > maxMargin:

150 maxMargin = margin

151 bestClass = k
153 return bestClass
55 def save(self, path):

7N

157 Save this model to the given path.

7990

160 np.savetxt (path, self.weights)
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162 de

f load(self , path):

79N

Load a model from the given path.

self.weights = np.loadtxt (path)

Listing A’.3: New Spark library (classification.py) that invokes the hardware

accelerator Python API

H egopupoy?| mou YenoUloToooe O TUPADELYUO YLoL TNV EXTEAEST) TOU aAyopltuou

AOYLOTIXNAG TOALVOROUNONE TTOU XAVEL ¥PNOY) TOU EMLTUYLVTYH LVAXOU, TapatideTton ot

cuvé

1 from
> from
3 from
 from

5 from

YELQL:

pyspark import SparkContext

pyspark.mllib.regression import LabeledPoint

pyspark.mllib accel.classification import LogisticRegression
sys import argv

time import time

7 def parsePoint (line):

6 if

18 if

7NN

Parse a line of text into an MLIib LabeledPoint object .

7NN

data = [float(s) for s in line.split (’,’)]
return LabeledPoint (data[0], data[l:])

_name == 7 main

len (argv) != T7:

print (?Usage: LogisticRegressionApp <dataset> <fraction> <

numPartitions> <alpha> <numlterations> < accel >")

20 exit(—1)

21

> dataset = argv[1]

s fraction = float (argv[2])

2« numPartitions = int (argv[3])
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56
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alpha = float (argv [4])

numlterations = int (argv|[5])
_accel = int (argv[6])
train_ file = ”inputs/” + dataset + 7 train.dat”
test file = "inputs/” + dataset + ” test.dat”
with open(dataset, ’'r’) as f:
for line in f:
if line[0] != ’#:
parameters = line.split(’,’)
numClasses = int (parameters[0])
numFeatures = int (parameters|[1])
f.close ()
sc = SparkContext (appName = "Python Logistic Regression on 7 +
dataset )

print (?* LogisticRegression

print (7 # train file:

7 # test file:

(
(

print (7 # fraction:
print (
(

print (7 # numPartitions:

Application *7)

{:s}”.format
{:g}”.format
{:s}”7.format

{:d}”.format

train_file))
fraction))

test file))

—~ o~ o~ o~

numPartitions))

trainRDD = sc.textFile (train file , numPartitions).sample(False,

fraction ).map(parsePoint)

testRDD = sc.textFile(test file, numPartitions).map(parsePoint)

start = time ()

# Train a logistic

pairs.

# We run a fixed number of iterations

specified alpha.

# We use the entire data set to update the gradient in each

(Batch GD).

regression model given an RDD of (label,

of Gradient Descent

features)

using the

iteration

LR = LogisticRegression (numClasses, numFeatures).train (trainRDD ,

alpha , numlterations, accel )
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end = time ()

if accel :

print (7! Time running LogisticRegression train in hardware: {:.3f}
sec”.format (end — start))
else:

print (7! Time running LogisticRegression train in software: {:.3f}
sec”.format (end — start))

LR.save (”outputs/weights.out”)

LR. test (testRDD)

sc.stop ()

Listing A’.4: Logistic Regression example application

Télog, mapatiVeton To Ir.sh bash script mou yenowonojinxe yio TV extéleon g
Tpoavagpepleloas egoapuoyng:

£! / bin /bash

£ $1 = accel and $2 = dataset , or just $1 = dataset

cif [ 7817 = 7 _accel 7 |
5 then

6

time spark—submit LogisticRegressionApp.py $2 1.0 4 0.75 100 1

7 else

8

9

time spark—submit LogisticRegressionApp.py $1 1.0 4 0.75 100 0

Listing A’.5: Bash script for executing the Logistic Regression example



1]

2

3

|4

5]

[6]

7]

18]

19]

BB Atoypopio

FPGA acceleration of Spark applications in a Pynq cluster, Christofors
Kachris, Elias Koromilas, Ioannis Stamelos, Dimitrios Soudris
FPL 2017

Big Data,
https://en.wikipedia.org/wiki/Big data, http://semeon.com/blog/big-data-ad-
agencies-giving-reason-to-gut-decisions,/

The Network Impact of Big Data,
http:/ /www.nojitter.com/post/24 0170228 /the-network-impact-of-big-data

Cluster computing, Lubna Luxmi Chowdhry, 20 Sep 2005
hitps:/ /www.codeproject.com/Articles/11709/Cluster-Computing

Cluster,
https:/ /techterms.com/definition/cluster

Amdahl’s Model for Scaling Efficiency,
https://en.wikipedia.org/wiki/Amdahl%27s_law

Embedded Systems,
https://en.wikipedia.org/wiki/Embedded_ system,
http:/ /internetofthingsagenda.techtarget.com/definition/embeddedsystem

Europe embedded system market size,
https://www.gminsights.com/industry-analysis/embedded-system-market

AMD pins future growth to embedded marketplace,
https:/ /www.theregister.co.uk/2013/04/23/amd_ gseries_embedded_ chips

[10] FPGAs,

https://en.wikipedia.org/wiki/Field-programmable_ gate array

[11] FPGAs Advantages,

http:/ /community.brocade.com /t5 /Service- Providers/FPGA-or-ASIC-Pro-s-
amp-Con-s-of-Each-Technology/ba-p,/709

[12] FPGAs in the Datacenter,

https://www.forbes.com /sites/moorinsights/2016,/11/1} /xilinx-seeks-to-
mainstream-fpgas-in-the-datacenter/

[13] Xilinx All Programmable Devices,

https:/ /www.zilinz. com/support/documentation/white_papers/wp492-
compute-intensive-sys.pdf

107



108 Biphoyoapia

[14] Amazon F1 Instances,
https://aws.amazon.com/ec2/instance-types/f1,/

[15] Heterogeneous Computer Architectures,
https:/ /www.iti.uni-stuttgart.de /abteilungen /rechnerarchitektur/projekte /heterogeneous-
computing.html

[16] Heterogeneous Computing,
https://en.wikipedia.orq/wiki/Heterogeneous_ computing

[17] Apache Spark - Databricks,
https://databricks.com/spark/about

[18] Apache Spark,
https://spark.apache.org/

[19] Hadoop,
http://hadoop.apache.org/

[20] Cassandra,
http://cassandra.apache.org/

[21] Safari Books - Apache Spark,
https:/ /www.safaribooksonline.com/library/view/learning-

spark/ 9781449359034 /ch01.html

[22] Resilient Distributed Datasets: A Fault-Tolerant Abstraction for
In-Memory Cluster Computing,Matei Zaharia, Mosharaf Chowdhury,
Tathagata Das, Ankur Dave, Justin Ma, Murphy McCauley, Michael J.
Franklin, Scott Shenker, Ion Stoica
https://cs.stanford.edu,/ matei/papers/2012/nsdi_ spark.pdf

[23] Jacek Laskowski - Mastering Apache Spark 2,
https: / /www. gitbook.com /book/jaceklaskowski/mastering-apache-spark/details

[24] Architecture of Spark SQL,
https://www.packtpub.com/mapt/book/big data_and_business_intelligence/9781785884696/4 /¢
of-spark-sql

[25] Spark Cluster Managers,
http:/ /www. agildata.com/apache-spark-cluster-managers-yarn-mesos-or-
standalone/

[26] Cisco Visual Networking Index, Global Mobile Data Traffic Forecast
Update 20142019 White Paper

[27] Power Challenges May End the Multicore Era, Hadi Esmaeilzadeh,
Emily Blem, Renée St. Amant, Karthikeyan Sankaralingam, and Doug Burger
http:/ /www.cc.gatech.edu/ hadi/doc/paper/2013-cacm-dark_ silicon.pdf



Biphoyoapia 109

[28] Raspberry Pi - Wikipedia,
hitps://en.wikipedia.org/wiki/Raspberry  Pi

[29] MagPi - Pi 3 Specs, Benchmarks and More,
https://www.raspberrypi.org/magpi/raspberry-pi-3-specs-benchmarks/

[30] DragonBoard 410c - Qualcomm,
https://developer.qualcomm.com/hardware /dragonboard-410c

[31] Pyng: PYTHON PRODUCTIVITY FOR ZYNQ,
http://www.pynq.io/

[32] Linear Regression - Wikipedia,
https://en.wikipedia.org/wiki/Linear _regression

[33] Logistic Regression - Wikipedia,
https://en.wikipedia.org/wiki/Logistic_regression

[34] K-means Clustering - Wikipedia,
https://en.wikipedia.org/wiki/K-means_ clustering

[35] PageRank - Wikipedia,
https://en.wikipedia.org/wiki/Page Rank

[36] Intel Acquires Altera,
https://newsroom.intel.com/news-releases/intel-completes-acquisition-of-
altera/

[37] Zyng-7000 All Programmable SoC,
https:/ /www.zilinz.com/products/silicon-devices /soc/zynq-7000.html

[38] Python in Big Data,
https:/ /www. continuum.io /why-python

39] PYNQ - GitHub,
https://github.com/Xilinx/PYNQ

[40] PYNQ - Quickstart Guide,
http://pyng.readthedocs.io/en/latest/1 _getting started.html

[41] Serialization - Wikipedia,
https://en.wikipedia.org/wiki/Serialization

[42] FPGA-Acceleration of Machine Learning in Cloud Computing, a
case study using Logistic Regression,Elias Koromilas
Master’s Thesis, National Technical University of Athens, 2017

[43] Performance and Energy evaluation of Spark applications on low-
power SoCs, Christofors Kachris, loannis Stamelos, Dimitrios Soudris
http:/ /ieeexplore.ieee.org/document/ 7818362/



110 Biphoyoapia

[44] SPynq: Acceleration of Machine Learning Applications over Spark
on Pynq, Christofors Kachris, Elias Koromilas, Ioannis Stamelos, Dimitrios
Soudris
SAMOS 2017



AvyAwxo Keipevo - English Version






Acknowledgments

I would like to thank the rapporteur and supervisor Professor Soudris Dimitrios
for the help and support he has provided me for the preparation of this thesis.
I would also like to thank Dr Kachris Christoforos for his support and guidance,
particularly in the technical part and in the implementation of this work. For their
participation in the three-member committee, I would like to thank Dr Pekmetzi
Kiamal and Dr Georgios Goumas. I would also like to thank my fellow students and
especially my friends for being an integral part of my life all these years. Without
them a lot would be different. Furthermore, I would like to wholeheartedly thank
my family for their love and the uncompromising support and understanding that
they provided me throughout my studies. Finally, I would like to dedicate this
work to memory of my grandfathers.



i



Contents

Acknowledgments i
Abstract xi
Publications xiii
1 Introduction 1
1.1 Modern Systems and Applications . . . .. ... .. ... ..... 1
1.2 BigData. . .. ... .. 1
1.3 Cluster Computing . . . . . . . .. .. ... ... .. 3
1.4 Embedded Systems . . . . . . . .. ... 4
1.5 FPGAs in the Data Center . . . . . ... .. ... .. ....... 5
1.6 Thesis Aim . . . . . . . . L 6

2 Apache Spark 9
2.1 Overview . . ... e 9
2.2 Benefits . . . ... 10
221 Speed . . . .. 10

2.2.2 A Unified Engine . . . . . .. .. .o 0oL 10

223 EaseofUse . . ... ... ... .. ... . . ... ... 11

2.3 Components . . . . . . . . . ... 12
2.3.1 Spark Core . . . . .. .. ... 12

2.3.2 Built-in Libraries . . . . . . .. ..o Lo 14

2.3.3 Cluster Managers . . . . . . . .. .. ... ... ... 16

2.3.4 DMonitoring . . . . . ... 20

2.4 Configuration . . . . . .. . . ... L 20
2.4.1 Spark Properties . . . . . . .. .. Lo 20

2.4.2 Environment Variables . . . . . .. ... ... .00 21

243 Logging . . . . . ... 21

3 Spark on Embedded Systems 23
3.1 Purpose . . . . . ... 23
3.2 Embedded Platforms . . . . . . ... ... ... ... ... .. ... 25
3.2.1 Raspberry Pi3-Model B . . . ... ... ... .... ... 25

3.2.2 Dragonboard 410c . . . . . . ... ... 26

3.23 Pynqg-Z1 ... ... 27

3.3 Spark Applications . . . . . ... oo 28
3.3.1 Machine Learning Applications . . . . . .. ... ... ... 28

3.3.2 GraphX Applications . . . . . ... ... 29

3.4 Mapping Spark . . . . ... 29

3.4.1 Challenges of Building Spark on Embedded Systems . . .. 31

il



3.4.2 Challenges of Running Spark on Embedded Systems . . . .

4 Spark on a Pynq Cluster
4.1 Introduction . . . . . . . . ... Lo
4.2 PYNQ-Z1 . . . . .
4.3 The Spark on Pynq (SPynq) Cluster . . . . ... ... .......
4.3.1 Network Configurations . . . .. .. ... .. ... .. ...
4.3.2 Security configurations . . . . . . .. ...
4.3.3 Spark Configurations . . . . . . . .. .. ... L.
4.3.4 Hadoop Configurations. . . . . . .. ... ... ... ....
4.4 Acceleration of Spark Applications . . . . . .. ... ... .....
4.41 Related Work . . . . . . .o o
4.4.2 The Spark on Pynq (SPynq) Framework . . . . . ... ...
4.4.3 A Use Case Scenario on Logistic Regression . . . . . . . ..

5 Results
5.1 Results of Execution on Processor . . . . . . . . ... ... ....
5.1.1 Performance Results . . . . . . ... ... ... ... ....
5.1.2  Enmergy Efficiency Results . . . .. ... ... ... .....
5.2 Results of Hardware Accelerated Execution . . . . . . . ... ...
5.2.1 Performance Results . . . . ... .. ... ... ... ....
5.2.2  Energy Efficiency Results . . . . . . ... ... ... ....

6 Conclusions - Future Work
6.1 Conclusions . . . . . . . .
6.2 Future Work . . . . . . .

Appendices

A’ Scripts and Libraries
A’1 Bashseript . . . . . ..
A2 mllib_accel . . . ...

iv

31

35
35
35
38
38
40
41
49
o1
51
53
62

67
67
69
74
76
78
80

83
83
85

87



1.1
1.2
1.3

1.4
1.5
1.6

2.1
2.2
2.3
2.4
2.5
2.6
2.7

3.1

3.2
3.3
3.4

4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8

4.9

4.10
4.11
4.12
4.13

5.1
5.2
5.3

List of Figures

BigData [3] . . ... . . 2
Amdahl’s model for scaling efficiency [6] . . . . .. ... ... ... 3
Europe embedded system market size, by application, 2012-2023

(USD Billion)[8] . . . . . . o oo 4
AMD pins future growth to embedded marketplace[9] . . . .. .. 5
Amazon F1 instances - How it works[14] . . . . . ... ... .. .. 6
Example of heterogeneous platform architecture[15]. . . . ... .. 7

Apache Spark . . . . ..o 9
Logistic regression in Hadoop and Spark . . . . . .. ... .. ... 10
The Spark Stack[21]. . . . . ... ... oo 12
Spark SQL Architecture[24]. . . . . . . ..o oL 15
Spark Streaming Architecture. . . . . .. ... ... ... .. ... 16
Architecture of Spark Local Mode [23]. . . . . .. .. ... ... .. 17
Cluster Mode Overview [18].. . . . . . .. ... ... ... .. ... 18
Global Data Center Network Traffic Growth Projection, Source:

Cisco Global Cloud Index 2016. . . . . . . . .. ... .. ... ... 23
Raspberry Pi 3 Model B. . . . . . ... .. ... ... 25
Dragonboard 410c. . . . . . . . . . ... Lo Lo 26
PYNQ-Z1. . . . . . 27
Zyng-7000 series block diagram. . . . . . . . ... ... 36
Proposed Cluster Scheme . . . . .. ... ... ... ........ 43
PYNQ Cluster - Spark Web UI . . . . . .. ... ... ... .... 48
Spark History Server Web UI . . . . . ... ... ... ....... 49
Hadoop Web UI . . . . . . . . .. . . . 50
Photo of the actual PYNQ-Z1 cluster . . . . .. .. ... .. ... 51
The software stack of our implemented setup . . . . . .. .. ... 53
The software stack of our proposed setup for accelerating Spark

applications . . . . . .. Lo Lo 54
Flow diagram depicting the intervening stages for the communica-

tion with the hardware accelerator . . . . . . . .. ... ... ... 55
Final Spark software stack including "accelerated” libraries . . . . . 55
Final architecture of the implemented cluster . . . . . .. .. ... 60
The data-path on the worker side. . . . . . ... ... ... .... 61
Acceleration of Logistic Regression in Spark using PYNQ-Z1’s

FPGA [46] . . . . . . 63
Execution time for Logistic Regression . . . . . . .. ... .. ... 70
Execution time for Linear Regression . . . . . . .. ... ... ... 70
Execution time for KMeans . . . . . . ... .. .. ... ...... 71



5.4
5.9
5.6
5.7
5.8
5.9

5.10
5.11

5.12
5.13

5.14

5.15

5.16

Execution time for Pagerank . . . . . . .. ... .. 0L, 71

Execution time for Connected Components . . . . . . .. ... .. 72
Execution time for Triangles . . . . . . . .. ... ... ... ... 72
Comparison of the execution time for the Spark applications. The
execution times are normalized to the Intel Xeon platform . . . . . 73
Comparison of the energy efficiency. The energy efficiency is nor-
malized to the Intel Xeon platform . . . . . ... ... .. ... .. 75
Speedup versus the number of iterations, using the proposed Python
APT (1) . . oo 78
Footprint of the execution time, using the proposed Python API (1) 78

Speedup versus the number of iterations, using the proposed Python
API (2) . . . 80
Footprint of the execution time, using the proposed Python API (2) 80

Energy consumption of the Xeon and Zynq platforms based on the
number of iterations . . . .. ... oo 81
Energy consumption footprint of the Xeon and Zynq platforms
based on the number of iterations . . . . . . . .. ... ... .. 81
Energy consumption of the ARM-only and Zynq platforms based
on the number of iterations . . . . . . . ... ... 0. 82
Energy consumption footprint of the ARM-only and Zynq platforms
based on the number of iterations . . . . . . ... .. ... ... 82

vi



2.1
3.1

4.1
4.2
4.3

5.1
5.2
5.3
5.4
9.5

5.6

5.7

5.8
5.9

List of Tables

Glossary for terms used to refer to cluster concepts [18]. . . . . . .
Spark memory configuration options. . . . . .. ... ... ... ..

Cluster’s network configuration. . . . . . . . ... ... ... ....
Spark available scripts for launching/stoping a cluster . . . . . ..
Available .so files after the recompilation process . . . . ... . ..

Main features of the evaluated platforms. . . . . .. ... .. ...
Input arguments for ML family applications. . . . . . .. .. ...
Input arguments for graph family applications. . . . . .. .. ...
Glossary for applications’ input arguments. . . . . . ... ... ..
Execution time in seconds for each evaluated platform and each
application . . . . . ... oL
Execution time normalized to the time of the server for each evalu-
ated platform and each application . . . . . . .. ... ... ....
Energy efficiency of each platform, normalized to the energy effi-
ciency of the Intel Xeon platform . . . . .. ... .. ... ... ..
Main features of the evaluated Xeon and Zynq Platforms . . . . .
Execution time (sec) of the functions executed in the workers . . .

vii

19



viii



3.1
4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8
4.9
4.10
4.11
4.12
4.13
4.14
4.15
4.16

4.17
4.18
Al
A2
A3

A4
A5

Listings

Java configuration . . . . .. ... ... oL 30
Ip configuration . . . . . . .. ..o o 38
DHCP configuration . . . . .. ... . ... ... 39
The command for altering PYNQs” hostnames . . . . . . ... .. 40
Modifications done in the sshd config file . . . . .. ... .. ... 40
Generating a private/public rsa key pair . . . . . . .. ... .. .. 41
Setting environment variables on the PYNQ-Z1 nodes . . . . . .. 41
Setting environment variables on the Intel i5 based node . . . . . . 42
Setting the Worker nodes of the Spark Cluster . . .. ... .. .. 44
The spark-env.sh file of the Master Node . . . . . . . ... ... .. 44
The spark-defaults.conf file of the Master Node . . . . . .. .. .. 45
The log4.properties file of the Master Node . . . . . ... ... .. 46
The spark-env.sh file of the Worker Nodes . . . . . . ... ... .. 47
Hadoop core-site.xml configuration . . . . . . ... ... ... ... 49
Hadoop hadoop-site.xml configuration . . . . ... ... ... ... 50
Configuring PySpark to use Python 3 . . . .. ... ... .. ... 56
Modification in dma.py (1) - Support for Intel x86 and x86 64

architectures . . . . . . . ... Lo 57
Modification in dma.py (2) - Add functionality to retun a pointer

of float data type . . . . . . . . ... 58
Spark code for the utilization of the hardware accelerator . . . . . 62
Bash script for evaluating the ML and GraphX applications . . . . 89
Python API (LogisticRegression.py) of the logistic regression hard-

ware accelerator. . . . . . ... 91
New Spark library (classification.py) that invokes the hardware ac-

celerator Python APT . . . . . ... .. ... ... ... ...... 99
Logistic Regression example application . . . . ... ... ... .. 104
Bash script for executing the Logistic Regression example . . . . . 106

X






Abstract

Emerging web applications like big data analytics have significantly increased the
workload on the data centers during the last years. In 2015, the total network
traffic of the data centers was around 4.7 Exabytes and it is estimated that by
the end of 2018 it will cross the 8.5 Exabytes mark. The growing demands both
in performance and energy efficiency, have led companies into charting new paths
for developing energy-efficient platforms for heterogeneous datacenters, therefore
they recently started deploying FPGA accelerators and further offloading part of

the workload to embedded processors (i.e. ARM processors) at a datacenter scale.

For this reason we are going to first map Apache Spark, a widely used, fault-
tolerant and general-purpose cluster computing framework on several embedded
systems including Raspberry Pi 3, DragonBoard 410c and PYNQ-Z1. We present
the whole procedure of mapping and deploying Spark on the embedded devices

along with any necessary configurations.

Subsequently, we are going to create a heterogeneous cluster consisting of four
PYNQ-Z1 nodes and a typical Intel based one. Next on, we will go through all the
necessary steps and configurations for deploying Spark on the implemented cluster.
Then, a proposed framework for the seamless utilization of hardware accelerators
for Spark applications will be presented, as well as a set of libraries to hide the
accelerator’s low-level details, simplifying in this way the incorporation of hardware

accelerators in Spark.

In the last part of the thesis, we are going to first explore the capabilities of the
embedded platforms we used, by taking execution metrics using a set of typical
machine learning and graph processing algorithms and further comparing the per-
formance and energy efficiency of each system with a mainstream powerful server.
Finally, the proposed framework is evaluated in a machine learning application for
a use case scenario on logistic regression. The overall evaluation shows that in gen-

eral the execution time on embedded systems is 6.2x to 13x higher compared to a

x1



typical datacenter server but the embedded platforms are 2x - 3.5x better in terms
of energy efficiency. On the other hand, the proposed framework for the utilization
of hardware accelerators in Spark shows that PYNQ’s heterogeneous accelerator-
based ZYNQ MPSoC, can achieve up to 2x system speedup compared to a Xeon
system and 18x better energy-efficiency. Especially for embedded applications, the
proposed framework can achieve up to 36x speedup compared to the software only
implementation on low-power embedded processors (ARM processors) and 29x
lower energy consumption.

Keywords: Apache Spark, machine learning, FPGA accelerators, big data ana-
lytics, embedded systems, Raspberry Pi 3, DragonBoard 410c, PYNQ-Z1
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Introduction

1.1 Modern Systems and Applications

As the years go by, every science and specialty uses technology to move further
on accomplishing new goals and targets. From farmers to economy analysts and
computer programmers, they all use systems to help them do their jobs faster and
more efficiently.

In that way, there is a growing demand on embedding sensors, actuators and
other electronics in almost every system, so that the latter is able to collect and
exchange data, thus being able to perform tasks and communicate with other
devices over a network. And this is where Internet comes in. The Internet has
changed the way we do business, and the way we communicate. Modern Systems
use the Internet to communicate with other devices and distribute the processing
load to other systems in the cloud. The Internet is also used as a big database that
can provide information for almost any topic. If we take into consideration all of
the above, emerging applications like big data analytics and IoTs require powerful
systems that can process large amounts of data without consuming high power.
These emerging applications, require fast time-to-market and reduced development
times. To address the large processing requirements of emerging applications, novel
architectures are required in the domain of high-performance and energy-efficient

processors|1].

1.2 Big Data

As shown in the previous section, modern systems and applications either produce

or need a lot of data as input, a fact that led us to define a new term, big data.



Big data is a term for data sets that are so large or complex that traditional data

processing application software is inadequate to deal with them [2].
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Figure 1.1: Big Data [3|

There are many challenges including capture, storage, analysis, data curation,
search, sharing, transfer, visualization, querying, updating and information pri-
vacy. We also use the term "big data” to refer to the data or the data sets extracted
from predictive, behavior and other advanced data analytics methods. Data-sets,
grow rapidly since there is a plethora of information-sensing Internet of Things
devices (e.g mobile and wearable devices, software logs, cameras etc.). Through
the analysis of these data, we can find new correlations in things, we can make
predictions and spot trends and even prevent diseases and find solutions for many

- until now - unsolved problems.

But the huge volume of these data, makes it difficult to handle and process them.
Such actions may require massively parallel software running on up to thousands

of servers.



1.3 Cluster Computing

As a solution to the previous problem of handling and processing this huge amount
of data, there has been a shift to cluster computing. A cluster refers to a group of

machines that work as a unified system through software and networking [4].
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Figure 1.2: Amdahl’s model for scaling efficiency |[6]

Computer clusters can range from two machines to hundreds of connected com-
puters. There are basically two main purposes of using clusters. The first one has
to do with High Availability (HA) for greater reliability and the second one with
High Performance Computing (HPC), for eras where greater computational power
is needed. For example, small clusters can be used to improve the performance of
web by handling multiple incoming requests in parallel. On the other hand, large
clusters can be used to perform scientific calculations or to run a large number of
complex algorithms [5]. As high-performance computing (HPC) clusters grow in
size, there are a lot of new challenges, including finding solutions to the increasing
systems as well as minimizing the power demands and the overall power consump-
tion (including the consumption of the servers as well as the power consumption

for cooling etc.).



1.4 Embedded Systems

The term embedded system refers to a computer system which has a specific func-
tion and is placed within a larger mechanical or electrical system, often with real-
time computing constraints |7].

Nowadays, in a world of "smart” - so called - devices, embedded systems can be
found everywhere. Industrial machines, agricultural and process industry devices,
automobiles, medical equipment, cameras, household appliances, airplanes, vend-
ing machines and toys as well as mobile devices are all possible locations for an
embedded system [7]. They are characterized by their small size, low power con-
sumption and their low per-unit cost. They are also characterized by limited pro-
cessing resources, a fact that makes programming and interacting with them a
challenging procedure. Computer programmers and design engineers have to opti-
mize both software and hardware in order to achieve at the same time low power

consumption and high performance.
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Another good thing about embedded systems, is that they can scale up very much,
thus creating a cluster which is consisted by thousands of systems. In that way the
profits of the cluster computing can be combined with the benefits of embedded

systems’ low power consumption.
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1.5 FPGAs in the Data Center

FPGA stands for field-programmable gate array and is basically an integrated cir-
cuit designed to be configured by a customer or a designer after manufacturing [10].
The configuration of an FPGA is usually specified using a hardware description
language (HDL). From its name, it can be seen that an FPGA contains an ar-
ray of programmable logic blocks and a hierarchy of reconfigurable interconnects
that allow the blocks to be "wired together”, like many logic gates that can be
inter-wired in different configurations. Logic blocks can be configured to perform
complex combinational functions, or merely simple logic gates like AND and XOR.
The greatest advantage of FPGAs is their flexibility. Through HDL, one can
rapidly implement or reprogram the logic of an FPGA [11]. The HDL code is
simply downloaded to the FPGA as a bit-stream code and then the FPGA’s logic
is created. Since the code written by FPGA programmers is translated to hard-
ware logic, another advantage of the FPGAs is the very high performance thus
maintaining a very low power consumption.

Today FPGAS are used for processing of automotive sensor data, network accel-
erators, embedded industrial applications and other tasks where high performance
and energy efficiency are required [12], while they are going to be ideal for tomor-
row’s systems that require greater compute capabilities to support an expanding

set of workloads and their underlying evolving algorithms. like Cloud Data Centers,

bt



autonomous vehicles etc. For example, big data analytics, machine learning, vision
processing, genomics, and advanced driver assistance systems (ADAS) sensor fu-
sion workloads are all pushing compute boundaries beyond what existing systems
(e.g., x86 based systems) can deliver in a cost effective and efficient manner [13].
That is why a lot of companies like Amazon have already started deploying FPGAs

at a data-center scale and selling services based on FPGA computing|[14].
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Figure 1.5: Amazon F1 instances - How it works|[14]

1.6 Thesis Aim

The aim of this thesis is to explore the capabilities of embedded platforms and
processors, by taking execution metrics using a set of typical machine learning
and graph processing algorithms and further on comparing each system for its
overall performance and the power it draws. Next on, there will be an attempt to
combine the use of CPU cores along with the use of FPGAs and assess the benefits
or the drawbacks of such an heterogeneous platform approach.

So in more detail, the aim is to collect feedback and provide some concrete proof
or evidence on whether embedded devices and processors could establish a key
position in the high performance computing or even at fields where the energy
consumption is the main limiting factor. The results from this evaluation will
provide information about performance, energy consumption and even scaling ca-
pabilities. Such factors are of critical importance for companies and in general for
the market, since they could be used to define different profiles of possible setups
(e.g low power consumption, greater scaling capabilities etc.). Each one separately,
either the term "one” stands for a person or a company, could then use the profiles
he generated to finally decide whether a shift to this direction would be an ideal

move and whether he would be benefited.
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As far as heterogeneous computing is concerned, it goes without saying that it is
a rather new field that houses a lot of challenges for the computing community.
The presence of multiple processing elements raises all of the issues involved with
homogeneous parallel processing systems, while the level of heterogeneity in the
system can introduce non-uniformity in system development, programming prac-
tices, and overall system capability [16]. For that reason, there will be an attempt
to create an API for the seamless utilization of hardware accelerators that can
be used both for embedded systems and high-performance applications like cloud,
edge and fog computing. In the end, performance metrics will be taken by com-
paring the execution time both when using only the CPU cores and when invoking
the hardware accelerators.

Finally, it is important to note that Apache Spark is going to be used for both
the evaluation of the low power SoC-based processors (that are used in embed-
ded systems) and the latter approach on heterogeneous platforms. Spark is one
of the most widely used frameworks in cloud computing that comes with a bunch
of built-in libraries and applications (including machine learning and graph pro-
cessing ones) and on which the execution metrics will be taken. The proposed
framework for the seamless utilization on the hardware accelerators is also based
on the Spark framework so in the next chapter we are going to take a closer look

at the functionality of Apache Spark as well as at the key features it provides.



Chapter 1. Introduction




Apache Spark

2.1 Overview

Apache Spark is a powerful 100% open source processing engine built around speed,
ease of use, and sophisticated analytics. It was originally developed at UC Berke-
ley in 2009 [17]. In more detail, Spark is a fast fault-tolerant and general-purpose
cluster computing system. It provides high-level APIs in Java, Scala, Python and
R, and an optimized engine that supports general execution graphs. It also sup-
ports a rich set of higher-level tools including Spark SQL for SQL and structured
data processing, MLIlib for machine learning, GraphX for graph processing, and
Spark Streaming[18]. Tt also integrates closely with other Big Data tools. In partic-
ular, Spark can run in Hadoop ([19]) clusters and access any Hadoop data source,

including Cassandra [20] .

Spark SQL + MLIlib

DataFrames Streaming eLe
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Figure 2.1: Apache Spark

Since its release, Apache Spark has seen rapid adoption by enterprises across a
wide range of industries. Internet powerhouses such as Netflix, Yahoo, and eBay

have deployed Spark at massive scale, collectively processing multiple petabytes of

9
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data on clusters of over 8,000 nodes. It has quickly become the largest open source
community in big data, with over 1000 contributors from 250+ organizations. is

the largest open source project in data processing [17].

2.2 Benefits

When it comes to the benefits of Apache Spark, they can be divided into three

major categories: speed, ease of use and a unified engine.

2.2.1 Speed

Speed is a very important factor when it comes for big

. 120 110
data analytics, where the processing of large datasets 3
é ¥ Hadoop
means the difference between exploring data interactively £ o0 = Spark
€ 30
.. . . . = 0.8
and waiting minutes or hours. Spark is engineered from * o

the bottom-up for performance and is characterized as Figure 2.2: Logistic re-
gression in Hadoop and

one of the fastest cluster computing systems for big data Spark

analytics. It is up to 100x faster than Hadoop for large

scale data processing, extending the popular MapReduce model to efficiently sup-
port more types of computations, including interactive queries and stream process-
ing [21]. The main reason it is so fast, comes from its ability to run computations
in memory, thus is still more efficient than MapReduce for complex applications
running on disk due to further optimizations and it is noteworthy to point out

that Apache Spark currently holds the world record for large-scale on-disk sorting.

2.2.2 A Unified Engine

Spark is designed to cover a wide range of workloads that previously required
separate distributed systems, including batch applications, iterative algorithms
(i.e. machine learning algorithms etc.), interactive queries (e.g SQL queries), and
streaming. By supporting these workloads in the same engine, Spark makes it easy
and inexpensive to combine different processing types creating complex workloads,
which is often necessary in production data analysis pipelines. In addition, it re-
duces the management burden of deploying, maintaining, testing and supporting

separate tools thus increasing developer productivity.
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At this point, it is made clear that the Spark project contains multiple closely
integrated components. At its core, Spark is a “computational engine” that is re-
sponsible for scheduling, distributing, and monitoring applications consisting of
many computational tasks across many worker machines, or a computing cluster.
Because the core engine of Spark is both fast and general-purpose, it powers mul-
tiple higher-level components specialized for various workloads, such as SQL or
machine learning. These components are designed to inter-operate closely, letting

you combine them like libraries in a software project.

2.2.3 Ease of Use

Spark has easy-to-use APIs for operating on large datasets. This includes a col-
lection of over 100 operators for transforming data and familiar data frame APIs
for manipulating semi-structured data. Also the philosophy of the tight integra-
tion described in the previous subsection has several benefits. First, all libraries
and higher-level components in the stack benefit from improvements at the lower
layers. In example, if an optimization is added at Spark’s core engine, SQL and
machine learning libraries automatically speed up as well. Except from that, each
time a new component is added to the Spark stack, everyone that uses Spark can
immediately try this out. This is a very useful feature for people and organiza-
tions, since it makes it easy for them to try out a new type of data analysis on
a framework they already know and work on thus saving them a lot of time that

would be spent on downloading, deploying and learning a new software.

Finally, this tight integration provides the ability to build applications that seam-
lessly combine different processing models. For example, in Spark you can write
one application that uses machine learning to classify data in real time as it is
ingested from streaming sources. Simultaneously, analysts can query the resulting
data, also in real time, via SQL (e.g., to join the data with unstructured logfiles).
In addition, more sophisticated data engineers and data scientists can access the
same data via the Python shell for ad hoc analysis. Others might access the data
in standalone batch applications. All the while, the IT team has to maintain only

one system [21].
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2.3 Components

It is now time to perform a thorough analysis of Apache Spark’s main components.
They are basically consisted of the parts shown in figure 2.13" adding to them the

stack of the cluster manager as shown in the following figure 2.3.

Spark SQL Spark Streaming m,;\aﬁcli":it:l . Grraapth
structured data real-time learning pr(?cefsin g
Spark Core
Standalone Scheduler YARN Mesos

Figure 2.3: The Spark Stack|21].

2.3.1 Spark Core

Spark Core is the underlying general execution engine for the Spark platform
that all other functionality is built on top of. It provides in-memory computing
capabilities to deliver speed and a generalized execution model to support a wide
variety of applications. It also provides Java, Scala, and Python APIs for ease of
development.

Spark Core contains the basic functionality of Spark, including components for task
scheduling, memory management, fault recovery, interacting with storage systems,
and more. Spark Core is also home to the API that defines resilient distributed
datasets (RDDs), which are Spark’s main programming abstraction and will be

presented in more detail below.

Resilient Distributed Datasets - RDD

As mentioned before, the Resilient Distributed Dataset (aka RDD) is the primary
data abstraction in Apache Spark and the core of Spark. A RDD is a fault-tolerant
collection of elements that can be operated on in parallel. The concept of RDD

as well as its name, first appeared in the paper Resilient Distributed Datasets: A
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Fault-Tolerant Abstraction for In-Memory Cluster Computing by Matei Zaharia,
et al. [22].
The features of RDDs (decomposing the name):

e Resilient, i.e. fault-tolerant with the help of RDD lineage graph and so able

to recompute missing or damaged partitions due to node failures.+
e Distributed with data residing on multiple nodes in a cluster.

e Dataset is a collection of partitioned data with primitive values or values
of values, e.g. tuples or other objects (that represent records of the data you

work with).

RDDs can be created mainly in two ways: by parallelizing an existing collection in
the driver program, or by referencing a dataset from any storage source supported
by Hadoop, including the local file system, HDFS, Cassandra, HBase, Amazon S3,
etc. Spark supports text files, SequenceFiles, and any other Hadoop InputFormat
[18]. An important parameter for parallel collections is the number of partitions
to cut the dataset into. Spark will run one task for each partition of the cluster.
By default, Spark has a variable set automatically, which basically refers to the
default level of parallelism. In that way, Spark tries to set the number of partitions
that will be created upon the characteristics of the corresponding cluster. However,
the level of parallelism can be set manually by passing it as a second parameter
to parallelize (e.g. sc.parallelize(data, 10)).

RDDs support two types of operations: transformations, which create a new
dataset from an existing one, and actions, which return a value to the driver
program after running a computation on the dataset. For example, map is a trans-
formation that passes each dataset element through a function and returns a new
RDD representing the results. On the other hand, reduce is an action that aggre-
gates all the elements of the RDD using some function and returns the final result
to the driver program. In order for Spark to be more efficient, all of the transfor-
mations upon an RDD are lazy, in that they do not compute their results until
an action requires a result to be returned to the driver program. For example, we
can realize that a dataset created through map will be used in a reduce and return

only the result of the reduce to the driver, rather than the larger mapped dataset.
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One of the most important capabilities in Spark is that the RDDs can also be per-
sisted in memory and disk. By persisting the elements of a previously transformed
RDD either in memory or in disk, Spark is able to access them much faster (often
by more than 10x when peristed in memory) since new actions upon them don’t
require re-computations. Caching is a key tool for iterative algorithms and fast
interactive use.

On the other hand, Spark also provides a mechanism for manually removing data
from the cluster using the "unpersist()” method. Apart from that, Spark automat-
ically monitors cache usage on each node and drops out old data partitions in a

least-recently-used (LRU) fashion.

2.3.2 Built-in Libraries

Machine Learning (MLIlib)

Machine learning has quickly emerged as a critical piece in mining Big Data for
actionable insights.

Spark comes with a library containing common machine learning (ML) function-
ality, called MLIlib. Built on top of Spark, MLIib is designed to scale out across
a cluster. It delivers both high-quality algorithms (e.g., multiple iterations to in-
crease accuracy) including classification, clustering, regression and collaborative
filtering, and great speed (figure 2.2). It also provides some lower-level ML primi-
tives, including a generic gradient descent optimization algorithm. What is more,
the library can be used either in Java, Python or Scala as part of Spark applica-

tions. This enables the users to include it in complete workflows.

Spark SQL

Many data scientists, analysts, and general business intelligence users rely on in-
teractive SQL queries for exploring data. Spark SQL is a Spark module for struc-
tured data processing. It provides a programming abstraction called DataFrames
and can also act as distributed SQL query engine. It enables unmodified Hadoop
Hive queries, that supports many sources of data including Hive tables, Parquet
and JSON, to run up to 100x faster on existing deployments and data. Beyond
providing a SQL interface to Spark, Spark SQL allows developers to intermix SQL
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queries with the programmatic data manipulations supported by RDDs in Python,
Java, and Scala, all within a single application, thus combining SQL with complex
analytics. This tight integration with the rich computing environment provided by
Spark makes Spark SQL unlike any other open source data warehouse tool. Spark

SQL was added to Spark in version 1.0.
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Figure 2.4: Spark SQL Architecture[24].

Just to quote here that Shark was an older SQL-on-Spark project out of the
University of California, Berkeley, that modified Apache Hive to run on Spark. It
has now been replaced by Spark SQL to provide better integration with the Spark

engine and language APIs.

Spark Streaming

Spark Streaming is a Spark component that enables processing of live streams
of data. It is a very important package, since many applications need the ability
to process and analyze not only batch data, but also streams of new data in
real-time. The data streams could either include log-files of a production web
server, or queues of messages containing status updates posted by users of a web
service. Running on top of Spark, Spark Streaming enables powerful interactive
and analytical applications across both streaming and historical data. It provides
an API for manipulating data streams that closely matches the Spark Core’s RDD
API, making it easy for programmers to learn the project and move between
applications that manipulate data stored in memory, on disk, or arriving in real
time. It readily integrates with a wide variety of popular data sources, including
HDFS, Flume, Kafka, and Twitter. Finally, it is noteworthy to point out that Spark
Streaming was designed to provide the same degree of fault tolerance, throughput,

and scalability as Spark Core.
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Figure 2.5: Spark Streaming Architecture.

Graph Processing (GraphX)

GraphX is a graph computation engine for manipulating graphs (e.g., a social net-
work’s friend graph) and performing graph-parallel computations. It is built on
top of Spark that enables users to interactively build, transform and reason about
graph structured data at scale. Like Spark Streaming and Spark SQL, GraphX
extends the Spark RDD API, allowing us to create a directed graph with arbitrary
properties attached to each vertex and edge. GraphX also provides various oper-
ators for manipulating graphs (e.g., subgraph and mapVertices) and a library of

common graph algorithms (e.g., PageRank and triangle counting).

2.3.3 Cluster Managers

A Spark application can be either executed locally or in distributed mode on a
cluster.

If spark is ran in local mode, a non-distributed single-JVM is created. In this JVM,
Spark spawns all the needed execution components including the driver program,
the executor, the master and the LocalSchedulerBackend (as shown in figure 2.6).
The local mode is very convenient for testing, debugging or demonstration purposes
as it requires no earlier setup to launch Spark applications. It is also very convenient
for testing on embedded systems where the limitations in processing resources, and
especially the capacity of RAM, are critical, a problem that is going to be presented
in more detail in chapter 3.

But Spark is designed to efficiently scale up from one to many thousands of com-
pute nodes. To achieve this while maximizing flexibility, Spark can be ran in clus-
ter mode using one of the next three cluster managers: Hadoop YARN, Apache
Mesos, and the Standalone Scheduler. Spark is agnostic to the underlying cluster

manager, all of the supported cluster managers can be launched on-site or in the
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Figure 2.6: Architecture of Spark Local Mode [23].

cloud. All have options for controlling the deployment’s resource usage and other
capabilities, and all come with monitoring tools. The cluster manager is responsi-
ble for the scheduling and allocation of resources across the host machines forming

the cluster.

Spark uses a master/slave architecture while the so called driver program (aka the
SparkContext object ), is the central coordinator and the main process of a sub-
mitted application. Spark driver requests executors from a cluster manager. Each
executor comes with a number of CPUs and an amount of memory. In other words,
the resources requested from the cluster manager are basically the previously men-
tioned ones (CPU cores and memory). It is a cluster manager’s responsibility to
spawn Spark executors in the cluster. The driver process is responsible for con-
verting a user application into smaller execution units called tasks. These tasks
are then executed by executors which are worker processes that run the individual

tasks|[25].

Another noteworthy feature when running Spark in cluster mode, is that an ap-
plication can be deployed in two modes: client and cluster. In cluster deploy
mode the driver program is launched inside of the cluster in one of its workers
and the client process exits as soon as it fulfills its responsibility of submitting the
application without waiting for the application to finish. In client deploy mode,
the submitter launches the driver outside of the cluster as an independent process

which is typically the same as the client process used to initiate the job.

An overview of Spark’s cluster mode is depicted in the following figure, while table
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2.1 summarizes the terms being used to refer to cluster concepts.

Worker Node

Executor | Cache
-
Driver Program //j
Cluster Manager

SparkContext
\ Worker Node

x—‘ Executor | Cache
b

Task Task

h 4

Figure 2.7: Cluster Mode Overview [18|.

Standalone Scheduler

Spark Standalone cluster (aka standalone cluster or Spark deploy cluster) is a
simple cluster manager that is included in the Spark distribution. Since it is Spark’s
built-in clustered environment, it is the easiest way to run your Spark applications
in a clustered environment in many cases. It comes with a plethora of features,
including high availability for the master, resilience to worker failures and it can
also manage the resources provided per application. One of its most important
features is that it can run alongside of an existing Hadoop cluster and access
data from a Hadoop distributed file system (aka HDFS). The Standalone cluster
manager also comes with a bunch of scripts (i.e for launching and stopping a
Standalone Master or several Standalone Workers etc.), making it easy when it
comes to deploying it locally or even on Amazon EC2. What makes it more special,
is that it supports a huge variety of operating systems ranging from Linux to
Windows and Mac OSX. [23]

Spark standalone uses a simple FIFO scheduler for applications. By default, each
application uses all the available nodes in the cluster. The number of nodes can
be limited per application, per user, or globally. Other resources, such as memory,
cpus, etc. can be controlled via the application’s SparkConf object [25].

In this thesis, everything will be setup and ran using the Standalone cluster man-

ager.
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’ Term \ Meaning
Application User program built on Spark. Consists of a driver program
and executors on the cluster.
A jar containing the user’s Spark application. In some cases
users will want to create an "uber jar” containing their
Application jar application along with its dependencies. The user’s jar

should never include Hadoop or Spark libraries, however,
these will be added at runtime.

Driver program

The process running the main() function of the application
and creating the SparkContext

Cluster manager

An external service for acquiring resources on the cluster
(e.g. standalone manager, Mesos, YARN)

Deploy mode

Distinguishes where the driver process runs. In “cluster”
mode, the framework launches the driver inside of the
cluster. In "client” mode, the submitter launches the driver
outside of the cluster.

Worker node

Any node that can run application code in the cluster

A process launched for an application on a worker node,

Ezecutor that runs tasks and keeps data in memory or disk storage
across them. Each application has its own executors.
Task A unit of work that will be sent to one executor
A parallel computation consisting of multiple tasks that
Job gets spawned in response to a Spark action (e.g. save,
collect); you’ll see this term used in the driver’s logs.
Each job gets divided into smaller sets of tasks called
Stage stages that depend on each other (similar to the map and

reduce stages in MapReduce); you’ll see this term used in
the driver’s logs.

Table 2.1: Glossary for terms used to refer to cluster concepts [18].

Yarn

Hadoop YARN is a general-purpose distributed computing framework for job

scheduling and cluster resource management and was initially produced to im-

prove the management of MapReduce jobs. It though quickly turned itself into

also supporting non-MapReduce applications, like Spark on YARN. Like the Stan-

dalone Scheduler, it has HA for the masters and slaves (aka workers), support for

Docker containers in non-secure mode, Linux and Windows container executors

in secure mode, and a pluggable scheduler. It supports almost the same operating

systems as the Standalone Scheduler does, except for MAC OSX [23].
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Mesos

Apache Mesos, a distributed systems kernel, has HA for masters and slaves, can
manage resources per application, and has support for Docker containers. It ab-
stracts CPU, memory, storage, and other compute resources away from machines
(physical or virtual). It can run Spark jobs, Hadoop MapReduce, or any other
service application. It has API’s for Java, Python, and C++. It can run on Linux

or Mac OSX. [25]

2.3.4 Monitoring

There are several ways to monitor Spark applications: web Uls, metrics, and exter-
nal instrumentation. Each Apache Spark application has a Web UI for monitoring
purposes, that is launched through the application’s SparkContext. The Web Ul
shows information about the scheduler stages and tasks, a summary of RDD sizes
and memory usage, as well as information about the running executors, and the
storage that is being used. A web Ul is also provided through the Standalone clus-
ter manager, which contains information about cluster and job statistics as well
as detailed log output for each job. Past submitted applications can also be recon-
structed in a graphical view using Spark’s History server. Examples of Spark’s Ul
and the History server are going to be presented later on, in the evaluation of our

proposed framework.

2.4 Configuration

Spark provides a concrete configuration scheme. It includes properties that con-
trol most applications parameters, environment variables that can be used to set
per-machine settings (i.e IP address, python version for PySpark etc.) and even

properties for logging.

2.4.1 Spark Properties

Spark properties control most application settings and are configured separately
for each application. These properties can be set directly on a SparkConf object
which is then passed to a SparkContext one, or by adding configuration options in

the conf/spark-defaults.conf configuration file. Any values specified as flags or
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in the properties file will be passed on to the application and merged with those
specified through SparkConf. Properties set directly on the SparkConf take highest
precedence. These properties include information for the url of the master node,

the number of executors per application etc.

2.4.2 Environment Variables

Certain Spark settings can be configured through environment variables, which are
read from the conf/spark-env.sh script in the directory where Spark is installed.
In Standalone and Mesos modes, this file can give machine specific information
such as hostnames. It is also sourced when running local Spark applications or
submission scripts.

It is the most important configuration file for this thesis, along with the conf/spark-

defaults.conf since it will be used for enabling Spark to run on embedded systems.

2.4.3 Logging

Spark uses log4j for logging. The configurations are set adding a log4j.properties

file in Spark’s conf directory.
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Spark on Embedded Systems

3.1 Purpose

Emerging web applications like big data analytics have increased significantly the
workload on the data centers during the last years. In 2015, the total network traffic
of the data centers was around 4.7 Exabytes and it is estimated that by the end of
2018 it will cross the 8.5 Exabytes mark, following a cumulative annual-growth rate
(CAGR) of 33% (Figure 3.1, [26]). In response to this scaling in network traffic,

data-center operators have resorted to utilizing more powerful servers.

Global Data Center

Network Traffic Growth
(Zettabytes per year)

2015 2016 2017 2018

m Cloud data center W Traditional data center

Figure 3.1: Global Data Center Network Traffic Growth Projection, Source: Cisco
Global Cloud Index 2016.

Relying on Moore’s law for the extra edge, CPU technologies have scaled in re-
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cent years through packing an increasing number of transistors on chip, leading
to higher performance. However, on-chip clock frequencies were unable to follow
this upward trend due to strict power-budget constraints. Thus, a few years ago
a paradigm shift to multi-core processors was adopted as an alternative solution
to the problem. With multi-core processors the servers’ performance could be in-
creased, without having to increase the clock frequency. Unfortunately, this solu-
tion did not scale well in the long term. The performance gains achieved by adding
more cores inside a CPU come at the cost of various, rapidly scaling complexities
like inter-core communication, memory coherency and most importantly power

consumption [27].

One way to address this problem is through the utilization of microservers. Mi-
croservers have recently gained attention as low-cost, low power, reduced footprint
servers that are mainly based on low-power energy-efficient SoC-based processors
such as the ones used in embedded systems. Microservers are mainly targeting
lightweight applications or parallel applications that benefit most from individual

servers with sufficient 1/O between nodes rather than high performance processors.

All these facts led us to perform a thorough performance evaluation, in terms of
execution time and power consumption, of several embedded platforms. Comparing
the results with these of a powerful mainstream server could give us answers to
whether embedded systems could play a key role in the datacenter and whether
there are any benefits from running big data applications on them. To perform this
evaluation, we first had to supply a series of embedded systems and then find some
representative applications for taking the metrics. Apache Spark was a perfect fit
for our purpose. It is 100% open-source, it is a framework for big data analytics

and also provides built-in algorithms and applications.

Below we are going to take a closer look on the embedded platforms and the specific
applications we used for the evaluation. Then, we will go through the challenges we
faced trying to map Spark on these platforms. There will be a thorough description
of all the necessary steps we had to follow for the mapping, including the required

changes in Spark configuration.



Raspberry Pi 8 - Model B 25

3.2 Embedded Platforms

Today, there is a plethora of low-power embedded platforms available for sale.
For the purpose of this evaluation we chose to supply platforms, the low-power

processors of which are based on the ARM architecture.

3.2.1 Raspberry Pi 3 - Model B

The first board we used, is the famous Raspberry Pi 3 board (figure 3.2). It is a
rather small single-board computer and was first developed in the United Kingdom
by the Raspberry Pi Foundation to promote the teaching of basic computer science
in schools and in developing countries. The original model became far more popular

than anticipated, selling outside of its target market for uses such as robotics. [28]

=1}
k< Rospberry Pi 3 Madel B V1.2 C}
(© Raspberry

. rﬁz
FCC 1D: 2ABCB-RP132
IC: 20053-RP132

Figure 3.2: Raspberry Pi 3 Model B.

This board, features the Broadcom BCM2837 system on a chip (SoC), which in-
cludes an ARM compatible central processing unit (CPU) and an on-chip graphics
processing unit (GPU, a VideoCore IV). It provides several ports for interfacing
with other devices including 4 USB 2 slots, a full size HDMI, a composite video
output, and a 3.5mm phono jack for audio. It also has an 8P8C Ethernet port as
well as on board Wi-Fi 802.11n and Bluetooth. It has a 64-bit quad-core ARM
Cortex-Ab3 CPU clocked at 1.2 GHz and also comes with 1 GB LPDDR2 RAM
of on board memory operating at 900 MHz [29]. Secure Digital (SD) cards are
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used to store the operating system and program memory. The Foundation pro-
vides Raspbian, a Debian-based Linux distribution which is the one we used for
the evaluation.

It is noteworthy to point out that although the Pi 3 hosts a 64-bit CPU, there was
no availability of a 64-bit operating system by the time the evaluation was made.

This means that the processors were running in 32-bit mode.

3.2.2 Dragonboard 410c

Another board we used, is the DragonBoard 410c (figure 3.3) . The DragonBoard
410c is the first development board based on a Qualcomm Snapdragon 400 series
processor. It features advanced processing power, Wi-Fi, Bluetooth connectivity,
and GPS, all packed into a board the size of a credit card. Based on the 64-bit
capable Snapdragon 410E processor, the DragonBoard 410c is designed to support
rapid software development, education and prototyping. All this makes it ideal for
enabling embedded computing and Internet of Things (IoT) products, including
the next generation of robotics, cameras, medical devices, vending machines, smart

buildings, digital signage, casino gaming consoles etc. [30]
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Figure 3.3: Dragonboard 410c.

In more detail, this board has a 64-bit quad-core ARM Cortex-A53 CPU clocked
at 1.2 GHz, 1GB of LPDDR3 RAM which operates at 533MHz and 8 GB of eMMC

4.5 storage space. As far as the GPU is concerned, it sports a Qualcomm Adreno
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306 GPU with support for advanced APIs, including OpenGL ES 3.0, OpenCL,
DirectX, and content security.

It is important to note here, that although the Pi 3 and the DragonBoard 410c
have the same processor, the BCM2837 SoC is manifactured at a 40nm process
while the Snapdragon 410 SoC is manifactured at 28nm process. Also, both boards
have 1GB of RAM but as we can see the memory module of the DragonBoard 410c

board, operates at a much lower frequency.

3.2.3 Pynqg-Z1

The PYNQ-Z1 board is designed to be used with PYNQ), a rather new Xilinx open-
source framework that enables embedded programmers to exploit the capabilities
of Xilinx Zynq All Programmable SoCs (APSoCs) without having to design pro-
grammable logic circuits. Instead, the APSoC is programmed using Python and the
code is developed and tested directly on the PYNQ-Z1. The programmable logic
circuits are imported as hardware libraries and programmed through their APIs

in exactly the same way that the software libraries are imported and programmed.

[31]

Figure 3.4: PYNQ-Z1.

It hosts a ZYNQ XC7Z020-1CLG400C SoC which features a 32bit 667MHz dual-
core Cortex-A9 processor and a DDR3 memory controller with 8 DMA channels

and 4 high performance AXI3 slave ports and an Artix-7 family programmable
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logic. It also has 512MB of DDR3 memory and 16MB of Quad-SPI Flash with
factory programmed globally unique identifier.

Undeniably, the specifications of this board are inferior to the ones of the Pi 3
and the DrangonBoard 410c. Although we don’t expect this board to overcome
the performance of the previous ones, the main reason why we chose to include it
into our evaluation, is that in chapter 4 we are going to develop a framework for
accelerating algorithms and applications that run on Spark. In other words, this
evaluation could help us better understand the gains in performance and power

consumption of using hardware accelerators.

3.3 Spark Applications

To evaluate the performance and energy-efficiency of the low-power SoCs, we used
a set of Spark applications. In more detail, we have evaluated three representative
applications of the machine learning domain and three of the graph computation
domain. Below we are going to take a quick look at each application, by briefly

describing their use.

3.3.1 Machine Learning Applications

e Linear Regression: Linear regression is used for modeling the relationship
between a scalar dependent variable y and one or more explanatory variables
(or independent variables) denoted X. The case of one explanatory variable

is called simple linear regression [32].

e Logistic Regression: Logistic regression or logit regression, is a regression
model where the dependent variable (DV) is categorical. It measures the
relationship between the categorical dependent variable and one or more
independent variables by estimating probabilities using a logistic function.

33]

e K-Means: K-means is a clustering algorithm. It is a method of vector quan-
tization that is widely used for cluster analysis in data mining. It aims to
partition n observations into k clusters in which each observation belongs to

the cluster with the nearest mean, serving as a prototype of the cluster. [34]
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3.3.2 GraphX Applications

e Connected Components - CC: CC computes the connected components
of verices in a graph. In more detail, the connected components algorithm
labels each connected component of the graph with the ID of its lowest-
numbered vertex. For example, in a social network, connected components

can approximate clusters. [18|

e PageRank: PageRank (PR) is an algorithm used to rank websites in search
engines. PageRank works by counting the number and quality of links to a
page to determine a rough estimate of how important the website is. The
underlying assumption is that more important websites are likely to receive

more links from other websites. [35]

e Triangles: This algorithm counts the triangles in a graph. A vertex is part of
a triangle when it has two adjacent vertices with an edge between them. The
algorithm determines the number of triangles passing through each vertex,

providing a measure of clustering.

3.4 Mapping Spark

Now that we have gone through the platforms and the applications we used for the
evaluation, we are ready to present the procedure we followed to map Apache Spark
on these embedded devices. Spark was first deployed on the Pi3 and DragonBoard
410c boards that sport almost the same hardware resources.

To begin with, Apache Spark can be downloaded either as a pre-built or a source
code package. Although there is not a great difference between the two types
of packages, we chose to go with the source code option. In that way we were
able to set the Scala version upon which Spark would be built, the minimum
compatible version of a Hadoop distributed filesystem as well as the support and
the inclusion of other packages (i.e. support for Mesos, packaging with or without
Hadoop dependencies for YARN etc.). Apart from the options it provided, this
gave us the opportunity to try out and see if it was possible for Spark to be built

on these embedded devices.
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We tried to build Spark on both Pi 3 and DragonBoard 410c. By the time we
started to work on this evaluation, Apache Spark 1.6 was available. To build
Spark a prerequisite is that a Java development kit is already present and set
correctly on the system. In that way, the first thing needed to be done after down-
loading and extracting the Spark source code was to download a jdk version for
the ARM systems. Seeing that with Java 7 we had to add additional options like
“XX:MaxPermSize=512M” for avoiding errors and warnings in the build, we de-
cided to choose Java 8 where we didn’t need to add any additional options. Since
Pi’s Raspbian OS is a 32bit Debian distribution, a 32-bit jdk package was down-
loaded while for the Dragonboard 410c, that comes with a 64-bit Debian OS, a
64-bit package was downloaded. After downloading and extracting the packages,
JAVA HOME and PATH variables should be set accordingly under the .bashrc
file (located in the home directory of the logged in user), in order for Java to be
visible to Spark. The commands added to the .bashrc file are shown below:

export JAVA HOME="<path/to/jdk/folder >"
export PATH="$PATH:$JAVA HOME/bin”

Listing 3.1: Java configuration

After sourcing .bashrc (e.g $sudo source .bashrc), we continued with the steps re-
quired to build Spark. Spark comes packaged with a self-contained Maven installa-
tion to ease its building and deployment. It includes a script which automatically
downloads and setups all necessary build requirements (Maven, Scala, and Zinc)
locally [18]. The information about the project and all the configurations and pack-
ages needed to build the project are contained in an XML file the pom.zml. The
default version of scala was 2.10 so in order to change it to 2.11 we first executed

the following command:

./dev/change—scala—version.sh 2.10

Finally, we started building Apache Spark by executing the following command.

build /mvn —Pyarn —Phadoop —2.6 —Dhadoop.version=2.6.0 —Dscala —2.11 —
DskipTests clean package

In that way, we set the minimum Hadoop version to 2.6, the version of Scala for

the compilation to 2.11, and we also added support for YARN.
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3.4.1 Challenges of Building Spark on Embedded Systems

Although compiling the Spark source code with Java 8 does not require any ad-
ditional options to be set, we came up with JVM (Java Virtual Machine) errors
regarding the heap size. So, Java could not allocate the default heap size and excep-
tions were caused. To overcome this problem, before re-submitting the command
for building Spark we explicitly set the maximum heap size that could be allo-
cated to 512MB and the maximum size of the memory allocation pool to 8O0MB,

by executing the following command in the terminal:

1 export MAVEN OPTS="—Xmx=800M —XX: MaxHeapSize=512M"

Another problem we faced while trying to build Spark on the embedded systems,
was that Snappy, a compression/decompression library that is used for building
Spark, did not support the ARM architecture. To overcome this problem we had
to modify the pom.xml file which contains all the dependencies for building Spark
and is located under its home directory, and specify to download and use the latest
version of Snappy, which by the time was the 1.1.2.4 and in which there was added
support for ARM architectures. The modification made is presented below.

| ###E old XML tag value ##
<snappy.version>1.1.2.3</snappy.version>

s ### new XML tag value #H##
<snappy.version>1.1.2.4</snappy.version>

After following the above steps, the build was successful.

3.4.2 Challenges of Running Spark on Embedded Systems

A user can easily test if everything works properly, by executing any of the ex-
amples included in Spark, or by typing: ./bin/spark — shell.sh in the terminal
(from the Spark home folder) to open an interactive Spark shell, where Scala and
Java code can be evaluated. By running spark-shell, we realized that there was
again a problem with Java. Like before, the JVM threads were trying to allocate
more than the available space. The problem was that by default, Spark sets the
maximum pool of available memory to 1GB. But both boards (Pi 3 and Drag-
onBoard 410c) have only 1GB (actual size is less than 1GB) of RAM and still
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an amount of memory is allocated by the operating system. As shown in chap-
ter 2, Spark has a concrete scheme for configuring the resources it allocates and
uses when an application is submitted or a cluster is started. In more detail, in
the /conf /spark — env.sh script there are options for setting the driver, executor,

master, worker and daemon memory as shown below:

] Option \ Comments \
SPARK EXECUTOR_MEMORY | Memory per Executor (Default: 1G)
SPARK DRIVER MEMORY Memory for Driver (Default: 1G)

To set how much total memory
workers have to give executors
To allocate to the master, worker and
history server themselves (Default: 1G)

SPARK WORKER MEMORY

SPARK DAEMON MEMORY

Table 3.1: Spark memory configuration options.

From the above options we set the driver memory to 800MB for evaluating the

applications in Spark’s local mode and the problem was resolved.

export SPARK DRIVER MEMORY=800MB

It is noted at this point that the same configuration could be added in spark —

defaults.conf file. As it is shown below:

spark . driver . memory=800MB

The main difference between these two cases, is that in the first one, the contents of
the spark-env.sh script are sourced at the beginning of Spark’s execution, meaning
that its entries are transformed into environment variables, while in the latter
case, the contents of the spark-defaults.conf file are passed as configurations to
any submitted application and merged with any further configurations that are
set in the SparkConf() object.

But for evaluating the applications in Spark’s cluster mode, we should also set
the memory for the master and worker nodes respectively. Both the Pi 3 and
DragonBoard 410c have a quad core CPU, which means that they can host up to
4 workers each. Also, it is important to note that each master and worker node
runs in its own JVM process. Spark, limits the minimum amount of memory given
to each process (i.e the master, the driver, the executor etc.) to 475MB. In this

way, even in the simplest case of creating a cluster consisted of a master and one
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worker node we need to have available 475M B + 475M B = 950M B of memory.
But because of the fact that only 800MB-850MB of RAM is truly available on
the embedded devices, we were not able to setup a Spark cluster and evaluate the
applications in this mode.

As far as the PYNQ-Z1 platform is now concerned, its resources in CPU and RAM
are far more limited than these of the Pi 3 and the DragonBorad 410c. For this
reason, it did not make sense to try and build Spark from source, therefore we
deployed an already built version of it with the exact same built-in components

(i.e Scala 2.11, Hadoop 2.6 etc.).
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Spark on a Pynq Cluster

4.1 Introduction

The growing demands both in performance and energy efficiency have led com-
panies into charting new paths by deploying FPGA accelerators on datacenter
scale. Many colossal brands like Amazon and Intel have already made moves into
the FPGA market. For example, Intel recently acquired Altera [36], a very known
FPGA-maker company, while Amazon already provides the so called F1 instances
which include a programmable logic [14].

For this reason, we wanted to build an heterogeneous cluster that could be capable
of accelerating the computational intensive parts of algorithms. So, in this chapter
we are going to present the whole setup process of creating and configuring this
cluster consisted mainly of PYNQ-Z1 nodes, have also embedded a programmable
logic, and a master node which hosts a processor based on the Intel architecture.
Spark will be deployed on all of the cluster’s nodes and will be configured for
running over it. Furthermore, an efficient framework for the seamless utilization
of hardware accelerators in Spark will be presented along with the available ap-
plication programming interfaces (APIs) it provides. Evaluation metrics will be

performed to assess the whole project.

4.2 PYNQ-Z1

One of the most important questions to answer, is why we chose the PYNQ-Z1 to
build our cluster. The answer is that its features and hardware specifications meet
the requirements of such a project. In more detail, the characteristics upon which

we made this decision are the following;:

35
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e Zynq APSoC: To begin with,the PYNQ board is based on the Zynq All
Programmable SoC and specifically on the Zyng-7000 family. All Zyng-7000
devices are equipped with a dual-core ARM Cortex-A9 processor, that is
integrated along with an Artix-7 or Kintex-7 based programmable logic,
for excellent performance-per-watt and maximum design flexibility. In this
way, a user is able to combine the software programmability of the ARM
processors with the hardware programmability of the programmable logic.

Figure 4.1 depicts the block diagram of Zyng-7000 series.
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Figure 4.1: Zyng-7000 series block diagram.
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On the other hand, when it comes to accelerating an algorithm, it seems that
only parts of it can be truly accelerated. These parts are the computational
intensive ones. Therefore, it seems that the ideal platform for accelerating an
algorithm has to support both the software and hardware programmability
we previously referred to. It is obvious, that the Zynq platform is a perfect
fit for this purpose and of course it is perceived that this was one of the main

reasons for using the PYNQ platform.

e Low power: As we have already seen in chapter 3, the PYNQ-Z1 board
belongs to the family of the low-power SoC embedded platforms. It’s energy
consumption hardly trespasses the 3.2W limit, while it hosts a full Ubuntu

distribution.

The main part of this thesis is to explore new alternatives for advancing the
performance of datacenters while reducing the overall energy consumption.
So, up to this point, there are two reasons that make the PYNQ-Z1 board

ideal for our purpose.

e Small size: All of PYNQ’s components, including the external 1/O interfaces
and the APSoC are packed on a rather small sized printed board circuit
(PCB) almost three times the size of a credit card. In this way, not only do

we save space but it can also cope with today’s great needs for scaling.

e Python libraries: PYNQ-Z1 is a platform based on a rather new open-
source Xilinx project called PYNQ. The main advantage of this project is
that it enables users to easily design embedded systems with Xilinx Zynq
APSoCs. The accelerators are imported as hardware libraries (the so called
overlays), while the whole application including the hardware accelerator’s

interface are written in Python.

Apart from that, Python is increasingly used in the big data analytics field
because of being a powerful, flexible, open source language that is easy to
learn, easy to use, and has powerful libraries for data manipulation and
analysis. Python has a unique combination of being both a capable general-

purpose programming language as well as being easy to use for analytical and
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quantitative computing [38|. Therefore, we believe in the future of serving

hardware accelerators through Python driver libraries.

4.3 The Spark on Pynq (SPynq) Cluster

In this section we are going to present the whole procedure of building the SPynq
Cluster. For the purposes of the cluster we were supplied a typical personal com-
puter based on an Intel i5 processor and four PYNQ-Z1 boards along with a small
switch to create the cluster network.

To set the PYNQ-Z1 boards, we consulted the quickstart guide. We then down-
loaded Xilinx’s PYNQ image by navigating to the GitHub project. After writing
this image to four sd cards respectively, we were able to boot up the PYNQ-Z1

nodes. Below we are going to take a closer look at the configurations we made:

4.3.1 Network Configurations

PYNQs by default, are given a static IPv4 resolving to 192.168.2.99. To avoid any
conflicts between the boards at a network scale, we had to change the networking
configuration of each node and provide different IPs for them. The IPv4 of the
Intel based node was also modified to a static one. In more detail, under the
/etc/network/interfaces.d path we modified the static file. The modifications we

made are presented below:

### Old configuration for the static IP ###

3 address 192.168.2.99

5 ##+ New configuration for the static IP ##4

7 address 192.168.1.<231—-234 depending on the pynq node and 203 for the
master>

gateway 192.168.1.1

Listing 4.1: Ip configuration

But the PYNQ-Z1 nodes also provide information for a fixed IP address we also
had to modify the the dhclient.conf, which is located under the /etc/dhcp directory.
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Below is presented the final dhcp configuration along with the old value for the

fixed-address:

##H+ Old fixed —address value ##

; alias { interface ”eth0”;

10

fixed —address 192.168.99;
option subnet—mask 255.255.255.0; }

##+# New DHCP configuration ###

option rfc3442—classless —static—routes code 121 = array of unsigned

integer 8§;

send host—-name = gethostname () ;

; request subnet—mask, broadcast—address, time—offset , routers,

domain—name, domain—name—servers , domain—search , host-—name,

5 dhcp6 .name—servers , dhcp6.domain—search ,
i netbios—name—servers , netbios—scope, interface—mtu,

7 rfc3442 —classless —static—routes, ntp—servers ,

dhcp6 . fqdn, dhcp6.sntp—servers;

timeout 30;
retry 10;
reboot 3;

23 select —timeout 0;

5 alias { interface ”eth0”;

fixed —address 192.168.231;
option subnet—mask 255.255.255.0; }

Listing 4.2: DHCP configuration

Furthermore, as an optional step, we wanted to create some DNS entries to refer

to the nodes using their hostnames and not their IP addresses. We will skip the

procedure of creating the DNS entries since it has nothing to do with the imple-

mentation of the cluster, but we will dwell on how he changed the hostname of each

PYNQ board. Xilinx provides a script that is named hostname.sh for this exact
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purpose and is located under the /home/zilinxz/scripts directory. By executing the
following command on a terminal, we were able to change the PYNQs’ hostnames.

It is important to note that for the changes to take effect, a reboot is needed.
$ sudo ./hostname.sh <new hostname>

Listing 4.3: The command for altering PYNQs’ hostnames

Finally, we present the network configuration of our cluster:

] Hostname \ IPv4 address \ Platform \

vinemaster | 192.168.1.203 | Intel i5 based
pynql 192.168.1.231 PYNQ-Z1
pynqg2 192.168.1.232 PYNQ-Z1
pyng3 192.168.1.233 PYNQ-Z1
pynq4 192.168.1.234 PYNQ-Z1

Table 4.1: Cluster’s network configuration.

4.3.2 Security configurations

Since we wanted to create a cluster that would be accessible over the Internet,
we had to make sure that some security standards are met. For this reason, we
updated the Firewall policy of each individual node upon which the cluster is
consisted, using the iptables command. Furthermore, we modified the sshd_ config
file which is placed under the /etc/ssh directory, to permit the authentication via
the SSH protocol only for users that provide a private key. The file was modified

so to finally include the options below:

‘HHE sshd  config #HHHHHHHF

3 PermitRootLogin without—password

PubkeyAuthentication yes

5 PasswordAuthentication no

Listing 4.4: Modifications done in the sshd_ config file

It is important to note here that we permitted empty key passphrases when logging
in with the use of a public key. The main reason for doing so, will be explained
later, in the Spark configuration part.

Finally, we generated a public/private rsa key pair with an empty passphrase using

the following command:
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#HHHE linux command that generates a private/public rsa key pair #4

5 $ ssh—keygen

Listing 4.5: Generating a private/public rsa key pair

Then we kept the private part of the key at the Intel based node, which as we
are going to see later, will be the cluster’s master node (as far as the Spark is
concerned), and finally we copied the public part of it to every PYNQ-Z1 node
under the /root/.ssh directory, appending it to the authorized_ keys file.

It is noteworthy to point out that all the configurations relate to the root user, and
of course, this was done intentionally. The main reason behind this, is that Xilinx’s
built-in libraries for using the programmable logic, require elevated privileges. In
this way, everything has to be executed from the root user. Even the Spark worker
and master threads that we will see later in this chapter, have to be invoked from

the root user.

4.3.3 Spark Configurations

Before starting with the deployment of Spark, we downloaded and installed the
JDK framework on all nodes. After that, we downloaded a pre-built version of
Apache Spark, which we then copied and extracted under the /home/xilinx folder
of each node. Furthermore, to export all the necessary environment variables,
we first added the corresponding §JAVA HOME, $SPARK HOME and $PATH
variables under the /etc/environment file, and then rebooted the platforms for
the changes to take effect. The reason why we added the environment variables
into the /etc/environment file and not into a user’s .bashre, is that we wanted
them to be visible for any user of the system. After adding all of the above, the
/etc/environment file of the PYNQ-Z1 boards, looked like the following (we didn’t

modify the whole file as other entries could affect the systems proper functionality):

## Contents of /etc/environment file ##

3 #Java

. JAVA_HOME="/usr/1ib /jvm/jdk1.8.0 111"

¢ #Spark
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7 SPARK HOME="/home/ xilinx /spark —2.1.1"

8

«

1(

) T PATH

) PATH="/usr /local /sbin:/usr/local /bin:/usr/sbin:/usr/bin:/sbin:/bin:/usr

/games:/usr/local /games:/home/xilinx /spark —2.1.1/bin:/home/xilinx /

spark —2.1.1/sbin:/usr/lib /jvm/jdk1.8.0 111/bin”

Listing 4.6: Setting environment variables on the PYNQ-Z1 nodes

Below we quote the same configuration file of the Intel i5 based node:

#HHHHEE Contents of /etc/environment file #HHHHHE

3 #Spark

6

export SPARK HOME-/home/xilinx /spark —2.1.1

#Java

7 export JAVA HOME=/usr/lib /jvm/jdk1.8.0

8

o #PATH

1(

export PATH=$PATH:/home/xilinx /spark —2.1.1/bin:/home/xilinx /spark
—2.1.1/sbin:/usr/lib /jvmm/jdk1.8.0/ bin

Listing 4.7: Setting environment variables on the Intel i5 based node

As one might observe, the directory under which Spark is located, is the same for
all the involved nodes. When it comes for running Spark applications in Standalone
cluster mode, Spark Master after establishing a connection with the slaves, searches
for the corresponding Spark package on each worker node to launch the worker
threads, on the same path as its own. Therefore, deploying the Spark on a different
path would cause problems in launching the worker threads.

So we are now ready to move on to the specific configurations of Spark for the
intended cluster scheme. Figure 4.2 depicts its final intended scheme. We will setup
the Intel based node to host the Spark master node, while a Spark Worker will be
launched on every PYNQ-Z1 node. So typically, any applications will be submitted
on the master node, while the PYNQ nodes will undertake the execution of the
jobs and tasks that will be assigned to them.

We had to both configure the master to connect with the slaves and vice versa.

Below we will describe each case separately:
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Figure 4.2: Proposed Cluster Scheme

Configuring the Spark Master node

On the Master node we configured the four following files: slaves, spark-env.sh,

spark-defaults.conf and log4j.properties.

e slaves: Spark 2.0 and any later versions of it, comes with a slaves file under
its conf directory. This file must contain the hostnames of all the machines
where we intend to start Spark workers, one per line. Once we have set up
this file, we can launch or stop the cluster using any of the Spark’s available
scripts, located under the SPARK HOME /sbin directory. Table 4.2 shows
all the available Spark scripts.
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’ Script name \ Description ‘

Starts a master instance on the
machine the script is executed on.
Starts a slave instance on each machine
specified in the conf/slaves file.
Starts a slave instance on the machine
the script is executed on.

Starts both a master and a number of
slaves as described above.

Stops the master that was started via
the bin/start-master.sh script.
Stops all slave instances on the
sbin/stop-slaves.sh machines specified in the conf/slaves
file.

Stops both the master and the slaves
as described above.

sbin /start-master.sh

sbin /start-slaves.sh

sbin /start-slave.sh

sbin /start-all.sh

sbin /stop-master.sh

sbin /stop-all.sh

Table 4.2: Spark available scripts for launching/stoping a cluster

So in our case, on the Intel based node, we modified Spark’s slaves file to
contain the hostnames of all the PYNQ-Z1 nodes. The contents of the file

are presented below:

‘HE Contents of conf/slaves file #

3 pynql

pynq2
5 pyng3
¢ pynq4

Listing 4.8: Setting the Worker nodes of the Spark Cluster

e spark-env.sh: After the above, we modified the spark-env.sh file to finally

contain the next entries:

| FHHHEE Master — conf/spark—env.sh

3 export SPARK DRIVER MEMORY=505m

i export SPARK DAEMON MEMORY=505m

. export SPARK MASTER HOST=192.168.1.203
s export SPARK LOCAL IP—192.168.1.203

Listing 4.9: The spark-env.sh file of the Master Node
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At first, we set the memory for the Driver program and the Spark daemon
to 505MB. The amount of the memory given, was set after many tests and is
so limited due to the corresponding limitation in the memory of the Worker
nodes. The PYNQ-Z1 nodes have 512MB of RAM, meaning that the max-
imum memory we could allocate for the Spark workers, caps at this size.
The amount of the Spark driver memory should also not exceed this value.
Upon submitting an application, the application’s given memory is set to the
driver’s memory . So in case that the memory of the driver is set to a greater
value than the workers’, the cluster manager could not accept the requested
resources, since there are no slaves offering them, therefore no tasks would

be assigned to the workers.

Finally, we had to set the Master Host and the Master’s IP to the IP we

previously assigned on the Intel based node 4.3.1.

spark-defaults.conf: In this file, we have first set the Spark master URL.
It was not necessary to add it in the configuration file, although in case of
not including it, we would have to define it in every application submission.
Then, we enabled the logging of the execution events and we finally set the
path to where the events would be stored. The same path served as the

logging directory for the history server as it can be seen in the listing below.

It is worth to point that using the history server, one can navigate through
past submitted applications and reconstruct its UI.

tHEEHE Master conf/spark—defaults . conf 4

5 spark . master spark://192.168.1.203:7077
spark.eventLog.enabled true

5 spark.eventLog. dir /home/xilinx /spark —2.1.1/work

i spark.driver .memory 505m

7 spark. history . fs.logDirectory /home/xilinx /spark —2.1.1/work

Listing 4.10: The spark-defaults.conf file of the Master Node

log4j.properties: This step was optional and intended to hide any unnec-
essary informational logs at the point of an application submission. The

contents of the log4.properties file are presented below:
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HHSPARK log4j ocnfiguration #H#4H

3 # Set everything to be logged to the console, file

31

log4j.rootCategory=INFO, console, file
log4j.appender. console. threshold=FRROR

i logdj .appender.console=org.apache.log4j.ConsoleAppender

log4j.appender.console. target=System.err

log4j.appender.console.layout=org.apache.log4j.PatternLayout

log4j.appender.console.layout.ConversionPattern=%d{yy /MM/dd HH:mm:
ss} %p %c{l}: Y%abm

log4j.appender. file=org.apache.log4j.RollingFileAppender
log4j.appender. file . File=/home/xilinx /spark —2.1.1/logs /logging . log
log4j.appender. file . MaxFileSize=8VIB

log4j.appender. file . MaxBackupIndex=10

log4j.appender. file .layout=org.apache.log4j.PatternLayout

i log4j.appender. file .layout.ConversionPattern=%d{yy /MM/dd HH:nm: ss }

Y%p %c{1l}: Y%abdin

# Set the default spark—shell log level to WARN. When running the
spark—shell , the

# log level for this class is used to overwrite the root logger’s
log level , so that

# the user can have different defaults for the shell and regular
Spark apps.

log4j.logger.org.apache.spark.repl.Main=WARN

# Settings to quiet third party logs that are too verbose

log4j.logger.org.spark project.jetty=WARN

5 log4j.logger.org.spark project.jetty.util.component.

AbstractLifeCycle=FRROR
log4j.logger.org.apache.spark.repl.SparkIMain$exprTyper=INFO

7 log4j.logger.org.apache.spark.repl.

SparkILoop$SparkILoopInterpreter=INFO
log4j.logger.org.apache. parquet=ERROR
log4j.logger . parquet=FRROR

# SPARK—9183: Settings to avoid annoying messages when looking up
nonexistent UDFs in SparkSQL with Hive support
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» logdj.logger.org.apache.hadoop. hive. metastore.RetryingHMSHandler=
FATAL
33 logdj.logger.org.apache.hadoop. hive.ql.exec.FunctionRegistry=FERROR

Listing 4.11: The log4.properties file of the Master Node

Configuring the Spark Worker nodes:

On the workers’ side, we only had to configure the spark-env.sh and spark-
defaults.conf files respectively. Optionally we can use the same logdj.properties
file on the PYNQ-Z1 nodes too. Below, we quote the contents of the correspond-

ing files, pointing out their differences with that of the master.

e spark-env.sh: Compared to the master’s spark-env.sh configuration file,
in this case we have additionally included all the necessary environment
variables related to the workers’ and executors’ options. More specifically
we have set the worker instances that will be launched on each PYNQ-Z1
node to one and their available memory to 505MB. Apart from that, we have
defined that every worker node can host only one executor instance which

will also have available 505MB of RAM.

Both the worker and the executor are given one CPU. In fact, both the
CPUs of the Zynq APSoC could be used in every worker, however doing
so would produce problems to the integration of Spark with the hardware
accelerators. Since the tasks of Spark’s executors run in parallel, this would
cause a race condition between the two processors for who would be the
one to access the programmable logic. Of course, this problem is closely tied
with the specific features of our implemented hardware accelerator and the
corresponding software library for its mapping on the software. Therefore
this doesn’t necessarily mean that at a given moment the programmable
logic can be accessed by only one of the two processors, but it is a feature

that requires more research in order to be integrated to Spark applications.

| #H4H+ Worker — conf/spark—env.sh ##H##

5 export SPARK_DRIVER_MEMORY=505m
. export SPARK MASTER HOST=192.168.1.203
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5 export SPARK LOCAL IP=192.168.1.203

- Worker and Executor configurations

o export SPARK EXECUTOR INSTANCES=1
0 export SPARK EXECUTOR, CORES=1

11 export SPARK EXECUTOR, MEMORY=505m
12 export SPARK WORKER, CORES=1

13 export SPARK WORKER, INSTANCES=1

Listing 4.12: The spark-env.sh file of the Worker Nodes

e spark-defaults.conf: There were not added any additional settings in this
file compared to the same one on the master node. In fact this file is not
needed in the workers’ case since any applications will be submitted on the

master node.

At this point we have completed the setup of Spark for the Pynq cluster. Figure
4.3, shows the web UI of the running Spark Cluster as well as the launched PYNQ
workers and their available resources, while figure 4.4 depicts the web interface of

the history server.

Spark Master at spar//192.168.1.203:7077 - Mosilla Firefox (on vinemaster)
Spark Master at sparki//192. X | +
€) @ 192.168.1.203:8080 [ *Ba & A =

@ Spark @ History Server @ Hadoop

sﬁdﬁg siremeenor  SPark Master at spark://192.168.1.203:7077

URL: spark/192.168.1.203:7077
REST URL: spark/192.168.1.203:6066
Alive Workers: 4

Cores in use: 4 Total, 0 Used

Memory in use: 2020.0 M8 Total, 0.0 B Used
Applications: 0 Running, 0 Completed
Drivers: 0 Running, 0 Completed

Status: ALIVE
Workers
Worker Id Address state Cores Memory
worker-20170629001609-192.168.1.231-54796 192.168.1.231:54796 ALIVE 1(0 Used) 505.0 MB (0.0 B Used)
worker-20170629001613-192.168.1.232-39866 192.168.1.232:39866 ALIVE 1(0 Used) 505.0 MB (0.0 B Used)
worker-20170629001613-192.168 192.168.1.233:47368 ALVE 1(0 Used) 505.0 MB (0.0 B Used)
worker-20170629001615-192.168.1.234-4 192.168.1.234:41389 ALIVE 1(0 Used) 505.0 MB (0.0 B Used)
Running Applications
Application ID Name Cores Memory per Node Submitted Time User State Duration
Completed Applications
Application ID Name Cores Memory per Node Submitted Time User State Duration

Figure 4.3: PYNQ Cluster - Spark Web Ul

Before moving on to the integration of hardware accelerators to Spark’s appli-
cations, it is important to note that the Hadoop framework was also deployed

on the Intel based node. The main purpose of deploying Hadoop on the Spark
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History Server - Mozilla Firefox (on vinemaster) S
History Server 0\ +
€) ©192168.1.203:18080 & |[Q searc xE & A =
@spark @ History Server @ Hadoop
S 1, cumwer History Server

Event log directory: filehome/xiinx/spark-2.1.1/work
Last updated: 29/6/2017, 3:18:36 .
Show| 20 -] entries Search:
App ID App Name Started Completed Duration  Spark User  Last Updated Event Log
app-20170625031705-0002  Python Logistic Regression on MNIST  2017-06-25 00:17:04  2017-06-2500:1925 23min oot 2017-06-25 00:19:25 |
app-20170625031422-0001  Python Logistic Regression on MNIST  2017-06-2500:14:20  2017-06-2500:1648 25 min  root 2017-06-25 001648 ()
app-20170625031107-0000  Python Logistic Regression on MNIST  2017-06-2500:1105  2017-06-2500:1345 27min oot 2017-06-2500:13:45 (D
app-20170625030301-0000  Python Logistic Regression on MNIST  2017-06-25 00:03:00  2017-06-2500:06:10 32min oot 2017-06-25 00:06:10 (D
app-20170625025756-0018  Python Logistic Regression on MNIST  2017-06-24 23:57555  2017-06-2500:0040 28min oot 2017-06-25 000040 [EEEE)
app-20170624143631-0017  Python Logistic Regression on MNIST  2017-06-24 11:36:30  2017-06-24 11:39:08 26 min  root 2017-06-24 11:39:08 [
app-20170624010235-0016  Python Logistic Regression on MNIST  2017-06-2322:02:33  2017-06-2322:05:11 26min oot 2017-06-23 22:05:11
app-20170624004448-0015  Python Logistic Regression on MNIST  2017-06-2321:44:47  2017-06-2321:4723 26 min  root 2017-06-23 214723 (D
app-20170624003956-0014  Python Logistic Regression on MNIST  2017-06-2321:3955  2017-06-2321:4227 25min oot 2017-06-23 214227 (D
app-20170623143002-0013  Python Logistic Regression on MNIST  2017-06-23 11:3001  2017-06-2311:3231 25 min oot 2017-06-23 11:32:31
app-20170623134714-0012  Python Logistic Regression on MNIST  2017-06-23 10:47:13  2017-06-2310:4943 25min oot 2017-06-23 10:49:43 (D
app-20170623134429-0011  Python Logistic Regression on MNIST  2017-06-23 10:44:28  2017-06-2310:47:02 2.6min  root 2017-06-23 10:47:02 |
app-20170623134031-0010  Python Logistic Regression on MNIST  2017-06-2310:4020  2017-06-2310:42553 2.4min oot 2017-06-23 10:42:53
app-20170623133739-0009  Python Logistic Regression on MNIST  2017-06-23 10:3737  2017-06-2310:4025 28 min  root 2017-06-23 10:40:25 (D
app-20170621054410-0008  Python Logistic Regression on MNIST  2017-06-21 02:44:09  2017-06-21 02:46:40 25min  root 2017-06-2102:46:40 [
app-20170621041938-0007  Python Logistic Regression on MNIST  2017-06-21 01:1937  2017-06-21 02:3843 130 root 2017-06-21 02:38:43
app-20170621040947-0006  Python Logistic Regression on MNIST  2017-06-21 01:0946  2017-06-21 01:1208 24 min oot 2017-06-21 01:12:08 ([
app-20170621040341-0005  Python Logistic Regression on MNIST  2017-06-21 01:0340  2017-06-21 01:06:16 26 min  root 2017-06-21 01:06:16 ([
app-20170620163800-0004  Python Logistic Regression on MNIST  2017-06-20 13:37:50  2017-06-20 14:55:12 130 root 2017-06-20 14:55:12
app-20170620031421-0003  Python Logistic Regression on MNIST  2017-06-20 00:14:20  2017-06-20 00:1642 24 min oot 2017-06-2000:16:42 (D
Showing 1 to 20 of 60 entries B B Next

Show incomplete appiications

Figure 4.4: Spark History Server Web Ul

Master node, was to create a a Hadoop distributed filesystem. Before creating the
HDFS, we had to place all the input files given to a Spark submitted application,
to the same path with that of the master (because the applications are submitted
from the master node), therefore spending time in copying the files to each node.
Given the HDF'S, the only thing we had to do was to first place the files in the
distributed filesystem and then point the application to read any data from it.
Below we are going to take a closer look at all the necessary configurations for the
Hadoop setup in this pseudo-distributed mode. The setup steps we followed, were

based on Hadoop’s documentation.

4.3.4 Hadoop Configurations

At first, he had to set the HADOOP HOME variable under the /etc/environment
file and then add to the PATH its bin and sbin sub-folders, in the same way we did
for exporting SPARK HOME and its sub-folders. Then, we added the following
lines of code to the etc/hadoop/core-site.zml file which is located in the Hadoop

directory.

1 <configuration >

2

<property>
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<name>fs . defaultFS </name>
<value>hdfs://192.168.1.203:9000 < / value >
</property >

</configuration >

Listing 4.13: Hadoop core-site.xml configuration

We also explicitly set the JAVA HOME path adding it to the etc/hadoop/hadoop-
enwv.sh file, and finally included the configuration for our distributed file-system into

the etc/hadoop/hadoop-site.xml file, as follows:

<configuration >
<property>
<name>dfs.replication </name>
<value>1</value>
</property>
<property>
<name>dfs .namenode . name. dir </name>
<value >/home/xilinx /hadoop —2.7.3/ hdfs /namenode</value>
</property>
<property>
<name>dfs . datanode . data. dir </name>
<value >/home/xilinx /hadoop —2.7.3/hdfs/datanode</value>
</property>

</configuration >

Listing 4.14: Hadoop hadoop-site.xml configuration

Figure 4.5 depicts the Hadoop web UI along with the files we uploaded to the
HDFS.

Figure 4.5: Hadoop Web Ul
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Figure 4.6: Photo of the actual PYNQ-Z1 cluster

4.4 Acceleration of Spark Applications

In this section, we are going to describe our proposed framework for the seamless
utilization of hardware accelerators for Spark applications in heterogeneous FPGA-
based MPSoCs as well as the development of an efficient set of libraries that hide
the accelerator’s details, to simplify the incorporation of hardware accelerators in
Spark. Furthermore, we are going to integrate these new libraries to our already
built SPynq cluster and finally we are going to evaluate the gains of using hardware

accelerators for a use-case scenario on machine learning (logistic regression).

4.4.1 Related Work

In the last few years, there are several efforts for the efficient deployment of hard-
ware accelerators for cloud computing, as well as for Apache Spark applications.

In the paper entitled A survey on reconfigurable accelerators for cloud computing
[41], a detailed survey on hardware accelerators for cloud computing applications
has been presented. The survey shows both the programming framework that
has been developed for the efficient utilization of hardware accelerators as well
as the accelerators that have been developed for several applications like machine

learning, graph computation applications and databases.
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IBM also announced in 2016, the availability of SuperVessel cloud, a development
framework for the OpenPOWER Foundation. SuperVessel has been developed by
IBM Systems Labs and IBM Research based in Beijing. The goal of the Super-
Vessel cloud is to deliver a virtual environment for the development, testing and
piloting of applications. The SuperVessel cloud framework takes advantage of IBM
POWER 8 processors. Developers have access to Xilinx FPGA accelerators which
use IBMs Coherent Accelerator Processor Interface (CAPI). Using CAPI an FPGA
is able to appear to the POWER 8 processor as if it were part of the processor.
Xilinx has also announced in late 2016 a new framework called Reconfigurable
Acceleration Stack. The FPGA boards can be hosted in typical servers and are
utilized based on application specific libraries and framework integration for the
five key workloads. These include machine learning inference, SQL query and data
analytics, video transcoding, storage compression, and network acceleration [42].
According to Xilinx, the acceleration stack based on the FPGAs can deliver up to
20x acceleration over traditional CPUs with a flexible, reprogrammable platform

for rapidly evolving workloads and algorithms.

In the paper entitled FPGAs in the Cloud: Booting Virtualized Hardware Accel-
erators with OpenStack [43], a novel approach is presented for integrating virtual-
ized FPGA based hardware resources into cloud computing systems with minimal
overhead. The proposed framework allows cloud users to load and utilize hardware
accelerators across multiple FPGAs using the same methods as the utilization of
Virtual Machines. The reconfigurable resources of the FPGA are offered to the

users as a generic cloud resources through OpenStack.

Finally, a relative framework called Blaze [44], was presented by Jason Cong et al.
for the efficient utilization of hardware accelerators under the Spark framework.
Their proposed scheme is based on a cluster-wise accelerator programming model
and runtime system, that is portable across accelerator platforms. Blaze is mapped
to the Spark cluster programming framework. The accelerators are abstracted as
subroutines for Spark tasks. These subroutines can be executed on local acceler-
ators when they are available. Otherwise the subroutines will be executed on the
CPU to guarantee application correctness. The proposed scheme has been mapped

to a cluster of 8 Xilinx Zynq boards, each hosting two ARM processors and a recon-
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figurable logic block. The performance evaluation shows that the proposed system
can achieve up to 1.44x speedup for the Logistic regression and almost the same
throughout for the K-Means and 2.32x and 1.55x better energy efficiency respec-
tively. It has been also mapped to typical FPGA devices connected to the host
through the PCI interface. In this case, the performance evaluation shows that
the proposed system can achieve up to 3.05x speedup for the Logistic regression
and 1.47x speedup for the K-Means and reduces the overall energy consumption

by 2.63x and 1.78x respectively.

4.4.2 The Spark on Pynq (SPynq) Framework

Now that we have mapped Spark on top of the PYNQ-Z1 cluster, we are ready to go
through all the necessary steps for adapting it to communicate with the hardware
accelerators, located in the programmable logic (PL) of the Zynq system.

Figure 4.7, depicts the software stack of our implemented setup. The Hadoop DFS
is in the first level, while on top of it the Apache Spark framework is built, along

with its APIs for machine learning, graph computing and other applications.

Figure 4.7: The software stack of our implemented setup

In the typical case of running a machine learning application, the application in-
vokes the Spark MLIlib, which utilizes the Breeze library. Breeze library invokes
the Netlib Java framework that is a wrapper for lowlevel linear algebra tools imple-
mented in C or Fortran. Netlib Java is executed through the Java Virtual Machine
(JVM) and the actual linear algebra tools (BLAS - Basic Linear Algebra Subpro-
grams) are executed through the Java Native Interface (JNI). All these layers
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add significant overhead to the Spark applications. So the main idea of Spynq
framework, is to create new packages that deliver hardware acceleration to Spark
applications. In that way, the only modification needed for any Spark applica-
tion, is the replacement of the old MLIib function with the new one that invokes
the hardware accelerator. Figure 4.8 depicts our proposed scheme for accelerat-
ing Spark applications, where we have implemented a new MLIib package called

MLIib accel for accelerating machine learning algorithms.

Figure 4.8: The software stack of our proposed setup for accelerating Spark appli-
cations

On the PYNQ side now, as already mentioned in section 4.2, the PYNQ project
comes with a bunch of Python libraries for communicating with the programmable
logic. These libraries include methods for deploying the hardware accelerators on
the PL as well as whole structures and methods for handling the components of
each accelerator. In example, Python libraries are provided for creating and de-
stroying DMA (Direct Memory Access) objects as well as methods for allocating
contiguous memory buffers that serve as input or output buffers for the hard-
ware accelerator. Behind this Python API, a C API is used which is invoked for
the actual communication with the hardware accelerator, therefore it serves as its
driver. In other words, PYNQ provides an easy and efficient way to handle FGPA
accelerators without requiring from the user deep hardware engineering knowl-
edge and expertise. So, for every new implemented hardware accelerator, an also
new Python library needs to be created that will host the lower level function
calls for the communication with the PL. It is important to note that this library
is independent of any given framework (e.g Apache Spark, Hadoop etc.), there-

fore it could be integrated into a multitude of applications. Figure 4.9, shows the
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intervening stages when communicating with the hardware accelerator.

Figure 4.9: Flow diagram depicting the intervening stages for the communication
with the hardware accelerator

Upon creating the Python API for the accelerator, the corresponding library for

accelerating Spark’s applications could be implemented. The whole stack is shown

G oo D

HDFS

below.

Figure 4.10: Final Spark software stack including ”accelerated” libraries

Further Configurations

Before being able to evaluate our proposed framework, a few more configurations
have to be made. These configurations concern both the Spark framework and the
existing PYNQ’s libraries.

As far as Spark is concerned, since the new libraries that invoke the hardware
accelerators are written in Python, PySpark is going to be used for any submitted
application. By default, Python 2 is used for PySpark. On the other hand, the
libraries provided by the PYNQ project are written in Python 3, so we have to
explicitly set PySpark to use Python 3. This is done by adding to every node’s

spark-env.sh file the following code lines:
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export PYSPARK PYTHON=python3
> export PYTHONHASHSEED=0

. # SPARK WORKER TYPE = 0 for CPU only, SPARK WORKER TYPE = 1 for CPU -+
FPGA
5 export SPARK WORKER TPYE={0,1}

Listing 4.15: Configuring PySpark to use Python 3

We then had to make sure that every node of the cluster had the same Python 3
minor version (e.g Python 3.4), which is necessary for Spark to operate in cluster
mode.

Furthermore, we set the PYTHONHASHSEED variable. This variable stands for
the hash randomization of Python and if set to an integer value, this value is used
as a fixed seed for generating the hash(). Its value had to be set to zero, in order
for the cluster to work properly.

Moving on, we set a new variable, the SPARK WORKER TYPE. This variable
is used to define the system’s hardware resources. For platforms that host a pro-
grammable logic (like PYNQ-Z1) it should be set to 17, while for platforms that
do not, its value should be set to zero. In that way, upon launching a heteroge-
neous, at worker scale, Spark cluster, we are able to both invoke the hw accelerator
for the nodes supporting it (i.e the PYNQ-Z1 nodes) and use the default Spark’s
libraries for the nodes that don’t (i.e the Intel based node).

Moreover, any new implemented libraries for accelerating Spark’s applications had
to be transfered under its /python/pyspark directory which is already included
in the PYTHONPATH variable. But Spark, also holds a pyspark.zip file under
its /python/lib directory that is used upon invoking a library from the PySPark
package. So for the new libraries to be accessible, the pyspark.zip file had to be
either renamed or deleted.

Apart from that, we had to also transfer PYNQ’s libraries for communicating with
the hardware accelerator, to the master node. Upon submitting a PySpark appli-
cation, the whole application context is constructed on the node that submitted it,
and then the part of the application code that contains transformations or actions
on a RDD, is executed on the workers. In that way, even the hardware accelerator’s

libraries should be present on the master node. But as we have already mentioned,
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The Python API uses a C API to communicate with the hardware accelerator.
PYNQ, provides this API by including some libraries in a shared object format
(.so file) (i.e libdma.so). The problem here, is that these libraries are compiled
for the 32-bit ARM architecture. Since we wanted the Spark applications to be
submitted from the master node, we had to also recompile any shared object file
that is being used by the accelerator’s Python API for Intel’s x86 and x86 64
architectures. For this reason, we recompiled the libdma.so and libsds lib.so files
that are being used in PYNQ’s dma.py library. After recompiling them for each
system architecture we had to modify the dma.py code to choose the right .so file,
depending on the system it is ran. The final content for that part of the dma.py

file is presented below.

LIB_ SEARCH PATH = os.path.dirname (os.path.realpath(__file ))

s if ((platform . machine ()=='x86_64")):

-~

£ load 64bit ELF

libdma = f{fi.dlopen (LIB_ SEARCH PATH + ”/libdma64.s0”)

libxlnk = memapi.dlopen (LIB. SEARCH PATH + ”/libsds 1lib64.s0”)
elif (platform.machine ()=="armv7l’):

#load 32bit ELF compiled for ARM

libdma = ffi.dlopen (LIB SEARCH PATH + ”/libdma.so”)

libxlnk = memapi.dlopen (LIB_ SEARCH PATH + ”/libsds lib.so”)
elif (platform .machine()=—"1686"):

libdma = f{fi.dlopen (LIB_ SEARCH PATH + ”/libdma32.s0”)

libxlnk = memapi.dlopen (LIB_ SEARCH PATH + ”/libsds 1ib32.s0”)
else:

print (”Machine type not supported. Exiting!\n”)

i exit (1)

Listing 4.16: Modification in dma.py (1) - Support for Intel x86 and x86 64

architectures

Table 4.3, shows all of the available .so files after the recompilation process we
followed, along with the architecture for which they are built for. The libsds _lib.so
file contains the C API for handling memory requests(i.e allocating or freeing
memory buffers) while the libdma.so file contains the C API for the communication

with any DMAs in the hardware accelerator.
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’ .so File Name \ System Architecture ‘

libdma.so ARM 32-bit
libdma32.so Intel x86
libdma64.so Intel x86 64
libsds _lib.so ARM 32-bit
libsds 1lib32.s0 Intel x86
libsds lib64.s0 Intel x86 64

Table 4.3: Available .so files after the recompilation process

Furthermore, we had yet another challenge with the dma.py file, which is used
for the communication with the hardware DMAs (if any). In more detail, when
a DMA object is created, a buffer can be allocated for it. Then by invoking the
corresponding call (get buf()), a CFFI pointer to object’s internal buffer is re-
turned. This could only be of either integer or long long data type. But most
applications in Spark, work with floating point data. In that way, we had to mod-
ify the ”get buf()” method to also return a CFFI pointer of float data type. The

final form of the method is presented below.

def get buf(self, width=32, data type = ’int’):
777Get a CFFI pointer to object’s internal buffer.

This can be accessed like a regular array in python. The width can be

either 32 or 64.
Parameters

width : int

The data width in the buffer.
data type : string

The type of the returned pointer

Returns

cffi.FFI.CData

An CFFI object which can be accessed similar to arrays in C.

if self.buf is not None:
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if width = 32:
if data type = ’int ’:
return ffi.cast(7int *”7,self.buf)
elif data_ type = ’float ’:
return ffi.cast(”float *” self.buf)
else:
raise RuntimeError (”Not supported type”)
elif width = 64:
return ffi.cast(”long long *” self.buf)
else:
raise RuntimeError (”Buffer not created.”)

Listing 4.17: Modification in dma.py (2) - Add functionality to retun a pointer of
float data type

Finally, Spark uses serializers for sending or receiving data from workers. To seri-
alize an object means to convert its state to a byte stream so that the byte stream
can be reverted back into a copy of the object [45]. By default Spark uses Pickle
serializer for PySpark, while it includes a few more serializers (i.e Marshall, Cloud-
pickle etc.). Of course, a user can write his own serializer and port it to Spark. The
challenge here, is again related to the DMA library. The DMA objects that are
being created from PYNQ’s library have a complex structure that Spark cannot
serialize or deserialize. In fact, the Spark can’t serialize or desirialize the CFFI
objects that are being used for the DMA’s buffers. At this point, we had to choose
between two possible solutions: either create a new serializer or have the buffers
of the DMAs created outside the DMA objects.

The first solution, seemed to have the most disadvantages. Apart from spending
more time in writing a new serializer for the DMA objects, a user should always
explicitly set our serializer by creating a SparkConf object and passing it to it.
Apart from that, the serialization and deserialization process of the DMA objects
could be time consuming, while all of these serialized data would be transfered
over the network. It is now made clear, that this solution would not help the
acceleration process since it would add a huge overhead to the execution time of
an application.

On the other hand, the solution of creating the buffers outside the DMA objects

seemed promising. The main idea is simple enough. At first, the buffers for the
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data of the DMA objects are created and then, upon creating the DMA objects
the buffers are assigned to them. Before returning any data to the master node,
the buffers are dis-assigned from the DMA objects and instead of returning the
whole object structure only the virtual and physical addresses of the buffers are
returned along with their size into a new RDD. In that way, the data of the
buffers are persisted in memory on the worker nodes, therefore implementing a
similar to Spark’s method for persisting the RDDs on the workers. A more detailed
example will be given at the following section, where a use case scenario on Logistic
Regression is presented.

Now that we have finished with the steps necessary to accelerate a Spark appli-

cation, we can take a look to the whole architecture of our cluster (figure 4.11).
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Figure 4.11: Final architecture of the implemented cluster

As we have already mentioned, Spark Master is deployed on the Intel based Node,
that also hosts the Hadoop filesystem, while Spark Workers are hosted on the
PYNQ-Z1 boards. Since our applications are written in Python PySpark is used
for their deployment. PySpark is built on top of Spark’s Java API, so data is
processed in Python and cached / shuffled in the JVM. Upon submitting a Python
application, in the driver program a Python SparkContext is created and the

the driver uses Py4J to launch a JVM and create a JavaSparkContext. Py4J is
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only used on the driver for local communication between the Python and Java
SparkContext objects.

RDD transformations in Python are mapped to transformations on PythonRDD
objects in Java. On remote worker machines, PythonRDD objects launch Python
subprocesses and communicate with them using pipes, sending the user’s code and
the data to be processed. So in our particular case, when the data are received to
the Python subprocesses the hardware accelerator is invoked through the Python
API. Figure 4.12 shows in more detail the communication and the data flow for a

given task on the worker side.
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Figure 4.12: The data-path on the worker side.

The worker is active for the whole time and waits to receive some piece of work.
When a task arrives, an executor is launched (into the worker) and then the data
is sent to Python subprocesses. Upon using the hardware accelerators, the Python

API is invoked which then uses the C API to communicate with the programmable
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logic. The data is returned to the Python subprocess through the same path and

are sent back to the worker.

4.4.3 A Use Case Scenario on Logistic Regression

To evaluate the proposed framework, a hardware accelerator was developed for
Logistic Regression (LR) training with Batch Gradient Descent (BGD) and more
specifically for the gradients kernel. The accelerator was implemented as part of
the thesis entitled "FPGA-Acceleration of Machine Learning in Cloud Computing,
a case study using Logistic Regression” written by Elias Koromilas [46]. For any
further implementation or other information on the accelerator please refer to the
corresponding thesis and its author.

Figure 4.13 depicts the block diagram of the logistic regression overlay. The driver is
used to send the parameters through the AXI interface to the hardware accelerator.
In this example, four different channels are used for the communication between
the ARM and the accelerator; two channels are used for sending the data and one
channel is used for sending the weights. One more channel is used to receive the
results of the accelerator (gradients). We would like to note here that AXI4-Stream
Accelerator Adapter IP is also used (it does not appear in the figure), in order to
make the size of the data chunks variable.

Finally, to speedup the execution time, the programmable logic hosts two copies
of the kernels that can run in parallel. Each kernel consists of four blocks that are
used to calculate the gradients and are pipelined to increase the overall throughput.
In Spark gradients kernel can be parallelized using Map-Reduce, so partial gradi-
ents are computed in each Worker, using different chunks of the training set, and
then the Master aggregates them and updates the weights.

The Spark code for the utilization of the hardware accelerator through our acceler-
ated machine learning library is shown in listing 4.18. When the Spark user wants
to utilize the hardware accelerator, the only change that needs to be done is the
replacement of the Spark mllib library with the mllib accel. Therefore, the user
can speedup the execution time of the Spark application with a simple replacement

of the libraries that he wish to accelerate.

i from pyspark import SparkContext
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Spark code for the utilization of the hardware accelerator
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from pyspark.mllib.regression import LabeledPoint

from mllib_accel. classification import LogisticRegression

sc = SparkContext (appName = "Python Logistic Regression”)

trainRDD = sc.textFile(train_ file , numPartitions).map(parsePoint)

testRDD = sc.textFile(test file, numPartitions).map(parsePoint)

Figure 4.13: Acceleration of Logistic Regression in Spark using PYNQ-Z1’s FPGA

2 LR = LogisticRegression (numClasses, numFeatures). train (trainRDD, alpha,

numlterations, _accel )

15 LR. test (testRDD)
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5 sc.stop ()

Listing 4.18: Spark code for the utilization of the hardware accelerator

More specifically, in Python, a LogisticRegression object is created and various
methods are supported (train, test, predict etc.). Each required action is passed
in a map statement which is followed by a corresponding reduce or collect action.
For example, in method train of the LogisticRegression object, gradients kernel
is mapped to all available workers and then on the workers’ side, the accelerator’s
specific library is called to take advantage of the programmable logic.

After profiling the application, we concluded that most of the time ( 99,2%) is spent
on writing the train data to the allocated DMAs’ buffers. Since they remain the
same over the whole execution of the logistic regression training, we managed to
implement a novel scheme that allows the persistent storing of the data throughout
the invocation of the accelerator. We implemented a new function that returns the
allocated buffers for the corresponding data needed for the accelerator. In that
function, also the train data are written into the buffers and remain there for the
rest of the execution of the application. At each iteration of the algorithm, DMA
objects are created and the previously created buffers are assigned to them. Before
the return command of each iteration,the buffers are dis-assigned from the DMAs
and the DMA objects are destructed.

Based on the above, we have created a Python API which basically consists of

three calls:

e cma (contiguous memory allocate): This call is used for the creation
of the buffers and the further allocation of contiguous memory. Also at this
point overlay is downloaded and train data are written to the corresponding
buffers. Using cma, a new RDD, which contains only information about these

buffers (memory addresses, sizes, etc.), is created and persisted.

e gradients kernel accel: In this call, the DMA objects are created using
Xilinx’s built-in modules and classes. The previously allocated buffers are
assigned to the DMAs, while current weights are written to memory and

finally the data are transferred to the programmable logic. Gradients are
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computed in return, buffers are dis-assigned from DMAs and the last ones

are destructed.

e cmf (contiguous memory free): This call is explicitly used to free all

previously allocated buffers (RDD unpersist).

The source code of the Python API as well as of the new Spark library, can be found
in appendix A’".2. As it can be seen, the accelerator’s API is Spark independent

and can be used in any Python application.
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Results

5.1 Results of Execution on Processor

In this first section, we are going to present the results of our evaluation using
Spark’s built-in libraries. We have measured the execution time and the energy
efficiency of the applications we described in section 3.3 on the embedded plat-
forms of section 3.2. It is important to note that these applications are written
in Scala which is much faster than Python. We also measured the execution time
and the energy efficiency of a mainstream server, that comes with a typical high-
performance Intel Xeon processor and finally the execution time and efficiency
of a commodity processor for laptops, based on the Intel i5 processors family. In
this way, we are able to provide a good comparison on how each platform stands
against each other and to finally draw conclusions for each case.

To make a fair comparison between the evaluated systems, we have executed all of
the applications in Spark’s local mode, where 4 cores were used and the available
memory for the executor and the driver memory of Spark was set to 800MB re-
spectively. An exception to this, is the PYNQ-Z1 platform which only has 2 cores
and 512MB of RAM available. In this case, both cores were used while the memory
for the execution of Spark’s applications was set to 505MB. This final comparison
may be unfair, but as we have already mentioned, the main purpose of including
Pynq in this evaluation is to later (in chapter 4) project the gains of integrating
the use of hardware accelerators with Spark. So in this evaluation, only the CPU
cores of the PYNQ-Z1 were used.

Furthermore, the current performance evaluation does not measure the perfor-

mance of the processors on the Spark nodes but evaluates the performance of the
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whole Spark framework. The features of the operating system and the processors

of each platform are presented in the next Table (5.1).

‘ Features ‘ Server ‘ Laptop ‘ Raspberry Pi 3 ‘ DragonBoard 410c PYNQ-Z1 ‘
Vendor Intel Intel Broadcom Qualcomm Xilinx
Device E5-2650 i5-430M BCM2837 Snapdragon 410 Zynq XC7Z020

Cores(threads) 8(16) 2(4) 4 4 2
Processor E5-2650 i5-430M A53 A53 A9
Architecture 64-bit CISC | 64-bit CISC 64-bit RISC 64-bit RISC 32-bit RISC
Process 22nm 32nm 40nm 28nm 28nm
Clock Frequency 2.6GHz 2.26GHz 1.2GHz 1.2GHz 667MHz
Level 1 cache 512kB 128kB 32kB 32kB 32kB
Level 2 cache 2048kB 512kB 512kB 512kB 512kB
TDP 95W 35W NA 3.TW NA
Operating System CentOS Ubuntu Debian Debian Ubuntu

Table 5.1: Main features of the evaluated platforms.

For the overall evaluation, a bash script was created that invoked the execution
of each individual application. Because of the applications being executed in a
real system, the time measured varied from execution to execution. Therefore,
we modified the script to execute five times each application, thus returning the
mean execution time for each case. The time for each application was measured
by invoking Linux’s built-in time function and refers to its total execution time
including this for launching the Spark interface. Furthermore, upon running some
tests, we realized that in the embedded platforms, in some cases the most time was
spent in launching Spark rather than in computing the algorithm’s outcome. For
this reason, we modified the values of the applications’ default input arguments
(i.e. in iterative algorithms we increased the number of the iterations etc.) to
“force” the algorithmic part in spending more time compared to the time needed
for launching Spark’s components. The arguments we used for each application

are shown in the Tables 5.2 and 5.3.

‘ ‘ Linear Regression ‘ Logistic Regression ‘ KMeans ‘
Application File LinearRegressionExample.scala LogisticRegressionExample.scala KMeansExample.scala
maxIter 100 100000000 -
regParam 0.001 0.001 -
elasticNetParam 0.9 1.0 -
tol 1.0E-20 1.0E-20 -
Input Data File | sample linear regression data.txt sample libsvin data.txt sample kmeans data.txt

Table 5.2: Input arguments for ML family applications.
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‘ ‘ CcC ‘ Pagerank ‘ Triangles ‘
Application File | Analytics.scala (cc) | Analytics.scala (pagerank) | Analytics.scala (triangles)
numEPart 20 20 20
Input Data File | pagerank data.txt pagerank data.txt pagerank data.txt

Table 5.3: Input arguments for graph family applications.

Input Argument Meaning
Application File The source file of the evaluated application
maxlter The maximum number of iterations the algorithm will run
regParam The regularization parameter
elasticNetParam The ElasticNet mixing parameter
tol The convergence tolerance of iterations
numEPart The number of edge partitions
Input Data File | The name of the dataset file given as input to the application

Table 5.4: Glossary for applications’ input arguments.

5.1.1 Performance Results

The results for each application are presented below:

‘ Features ‘ Server ‘ Laptop ‘ Raspberry Pi 3 ‘ DragonBoard 410c ‘ PYNQ-Z1 ‘
Logistic Regression | 19.90 38.59 191.02 235.61 347.39
Linear Regression 7.72 17.15 59.50 88.90 77.46

KMeans 6.40 13.47 43.93 65.77 71.58
Pagerank 32.00 62.95 273.05 383.98 723.38

CcC 6.44 15.20 55.12 78.25 83.19
Triangles 5.47 14.65 48.63 70.11 69.41

Table 5.5: Execution time in seconds for each evaluated platform and each appli-
cation

Figure 5.7 depicts the execution time of the applications for each platform, normal-
ized to the server’s execution time. As it is shown there, the total execution time
of the applications running on the low-power SoC of the embedded platforms is
6.2x to 13x higher than that on the Xeon processor. In more detail, the Raspberry
Pi 3 is 6.2x to 9.6x times worst in terms of total execution time, while the Drag-
onBoard 410c is 10.3x to 12.8x worst in the same field. PYNQ-Z1, although being

the one having the most limited hardware resources, stands well against the other
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Figure 5.1: Execution time for Logistic Regression
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Figure 5.7: Comparison of the execution time for the Spark applications. The
execution times are normalized to the Intel Xeon platform

embedded devices by being only 14x times slower in average. In fact, in the four
out of six applications, PYNQ-Z1 performs almost the same as the DragonBoard

410c¢ does.

Features ‘ Server ‘ Laptop ‘ Raspberry Pi 3 | DragonBoard 410c ‘ PYNQ-Z1 ‘
Logistic Regression 1 1.9 9.6 11.8 17.5
Linear Regression 1 2.2 7.7 11.5 10.0

KMeans 1 2.1 6.9 10.3 11.2

Pagerank 1 2.0 8.5 12.0 22.6

CC 1 2.4 8.6 12.2 12.9

Triangles 1 2.7 8.9 12.8 12.7

Table 5.6: Execution time normalized to the time of the server for each evaluated
platform and each application

It is very interesting to note that although the Raspberry Pi 3 and the Drag-
onBoard 410c are using the same 64-bit A53 processors, which are clocked at the
exact same frequency of 1.2GHz, there is an overall higher execution time in the
Snapdragon platform. In more detail, the average execution time of the Raspberry
platform based on the Broadcom SoC is 8x longer than the Xeon processor while
the execution time of the DragonBoard platform based on the Snapdragon SoC is

11x longer than the Xeon processor. The prevailing reason why DragonBoard is
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worse than the Raspberry in terms of performance, could be that the RAM at the
Snapdragon platform is clocked at a much lower frequency of 533MHz than this of
the Pi 3 which is clocked at 900MHz. Spark is so fast compared to other big data
analytics frameworks, because of its abilotu to run computations on memory, so
the speed and the amount of a platform’s available memory, are a determining fac-
tor for Spark’s overall performance. Another reason concerning the performance of
the two platforms, could be the different process in which each SoC is fabricated.
As we have already mentioned, the Broadcom SoC is manufactured at a 40nm
process while the Snapdragon SoC is manufactured at a 28nm process. Finally, it
is important to point out that the operating system of each platform is not tha
same. Both operating systems are based on the debian distribution, but Raspbian
is a 32-bit OS, while the 410c’s OS is a 64-bit one. Of course, the degree to which
each operating system is optimized for each platform plays also a very significant

role for each platform’s overall performance.

5.1.2 Energy Efficiency Results

As far as the energy consumption is now concerned, the main advantage of the
SoCs is that they are optimized for low power consumption. In this section we
evaluate the energy efficiency (power * execution,ime) for the evaluated platforms
when running Apache Spark. Apart from the Xeon processor that has bult-in
tools for monitoring in detail its energy consumption and gives the option to
take consumption metrics for specific running processes, all of the other platforms
don’t have any kind of embedded tool for doing so. This leaves us with only
two choices: we could either place a multimeter in series with the power supply to
measure the current it draws and then multiply it by the supply voltage to compute
the consumption in Watts, or measure the energy consumption base on the TDP
(Thermal Density Power) features of the processors. But the first approach needs
a more complex setup and since we did not have all the required tools for taking
the measures in this way, we decided to go with the second solution. Therefore,
this evaluation for the SoCs’ energy consumption, is based on the TDP features
of the processors. TDP refers to the maximum dissipated power of the processors

when working at a full load. It is important to note here that the comparison on
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the energy efficiency between the platforms is just indicative and is used as a first

approximation for the potential energy savings based on the SoCs.

Before advancing to this subsection’s results, we should point out a few things
about the Raspberry Pi3 and PYNQ-Z1 platforms. As we saw in Table 5.1 we
were not able to find the TDP feature of their processor. For the Raspberry Pi 3,
we were able to find benchmarks that proved that even in full load the whole board
wouldn’t draw more than 0.6 Amperes [29]. Assuming a power supply of 5V input
voltage was used, we get a consumption of just 0.6A x5V = 3W. To be fair enough
we made a pessimistic assumption that the TDP of the Broadcom SoC is about 4W.
As far as the PYNQ-Z1 board is now concerned, we measured the consumption
of an equivalent (to the first) board called ZedBoard which provided tools for
monitoring its consumption. The latter platform, has the exact same Zynq SoC as
the PYNQ-Z1. The measured consumption even when using Zynq’s programmable

logic (the FPGA) did not go over 3.2W, so we again make a pessimistic assumption

that Zynq’s TDP is 3.5W.

We are now ready to move on the energy efficiency results of this evaluation. Figure
5.8 depicts the normalized energy efficiency of the Spark for the six evaluated

platforms.

NORMALIZED ENERGY EFFICIENCY

W Server  HLlaptop Raspberry Pi 3 DregonBoard 410c W PYNO-Z1

3.46

~ m = ~ N =
LOGIETIC LINEAR KMEANS PAGERANK cC TRIANGLES
REGREZSIONREGRESZION

Figure 5.8: Comparison of the energy efficiency. The energy efficiency is normalized
to the Intel Xeon platform
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As it is shown in the above figure, the energy consumption of the low-power SoC
is 2-3.5x better than the energy consumption based on the Intel Xeon processor.
While the latter platform comes first in performance terms, the power it draws
causes an overall high energy consumption. On the other hand, the low-power
SoCs provide a much greater energy efficiency at cost of performance. It is now
obvious, that in cases the energy efficiency is the main criteria upon choosing a

computing platform, the low-power SoCs are undoubtedly the best choice.

‘ Features | Server | Laptop | Raspberry Pi 3 [ DragonBoard 410c [ PYNQ-Z1 |
Logistic Regression 1 14 2.47 2.29 1.56
Linear Regression 1 1.22 3.08 2.36 2.71

KMeans 1 1.29 3.46 2.64 2.43
Pagerank 1 1.38 2.78 2.26 1.2

CcC 1 1.15 2.77 2.23 2.10
Triangles 1 1.01 2.67 2.12 2.14

Table 5.7: Energy efficiency of each platform, normalized to the energy efficiency
of the Intel Xeon platform

5.2 Results of Hardware Accelerated Execution

In this section of the results, we are going to evaluate the performance of the
SPynq framework we proposed in chapter 4, for the use case scenario on Logis-
tic Regression of the subsection 4.4.3. As a case study, we built a classification
model with 784 features and 10 labels using 40k available training samples, for a
handwritten digits recognition problem.

To evaluate the performance of the SPynq cluster,we also built a Spark cluster
consisting of four worker nodes that run on a server’s Xeon cores. Table 5.8 shows
the features of the two platforms.

Spark executor JVM processes consume most of the available 512 MB RAM on
PYNQ-Z1, placing a restriction on our application, which requires main memory
to cache and repeatedly access the working dataset from FPGA’s offchip RAM
once read from HDF'S.

On the other hand, the Xeon system has a 12 core CPU with a total of 24 threads.
As already mentioned, only 4 out of the 24 threads are being used by the Spark

cluster in order to make a fair comparison with the 4 nodes of the Pynq cluster.



Results of Hardware Accelerated Execution 77

’ Features \ Server \ PYNQ-Z1 ‘
Vendor Intel Xilinx
Device E5-2658 | Zynq XC77Z020

Cores(threads) 12(24) 2
Processor E5-2658 A9
Architecture 64-Dbit 32-bit
INstruction Set CISC RISC

Process 22nm 28nm
Clock Frequency | 2.2GHz 667MHz
Level 1 cache 380kB 32kB
Level 2 cache 3072kB 512kB
Level 3 cache 30MB -
TDP 105W 3.5
Operating System | Ubuntu Ubuntu

Table 5.8: Main features of the evaluated Xeon and Zynq Platforms

We also compare the accelerated platform with a CPU-only execution on the ARM
cores for embedded applications where only embedded processors can be used and
high performance processors like Xeon cannot be supported due to strict power
constraints.

The latency in the communication between the processor and the programmable
logic, especially in cases that is frequent and bidirectional, can be a major overhead
and may diminish the speedup that the accelerator provides. However, in appli-
cations where the processor sends a bulk amount of data (e.g. through the AXI
streaming interface), the communication overhead is overlapped by the computa-
tion time. In our case now, of the logistic regression with BGD, the processor needs
to send a large amount of data to train the model and therefore the communication
overhead is overlapped by the computation time. A simple DMA, however, cannot
handle more than 8 MB (2600 data lines in our case) in a single transfer. This
means that by splitting each partition of the RDD into chunks between 4k and
5.2k lines (we have 2 simple DMAs available for the data transfer) we can exploit

our accelerator to the maximum.
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5.2.1 Performance Results

Below, the results of the performance evaluation are shown in terms of execution

time.

Logistic Regression Training (1 Master / 4 Workers)
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Figure 5.9: Speedup versus the number of iterations, using the proposed Python
API (1)
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Figure 5.10: Footprint of the execution time, using the proposed Python APT (1)

Figure 5.9 depicts the execution time of the logistic regression application running
on a high-performance x86 64 Intel processor (Xeon E5 2658) clocked at 2.2 GHz

and on a Pynq cluster which makes use of the programmable logic, for an input
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dataset of 40000 lines splitted in chunks of 5000 lines for various numbers of
iterations. As it is shown, the acceleration factor is equivalent to the number of
the iterations. Figure 5.10 depicts the footprint of the execution on each Sprak
cluster, using the same results.

In more detail, in the PYNQ-Z1 boards the data extraction, takes about 8T sec
while every iteration of the algorithm is completed in 0753 sec since the train input
data is already cached into the previously allocated buffers. On the other hand,
Xeon reads and transforms the data in only 775 sec, but every BGD iteration takes
about 276 sec.

So the speedup actually depends on the number of iterations that are performed.
For the specific application we can achieve up to 91.5% accuracy with 100 iterations
in which we achieve up to 2x system speedup compared to the Xeon processor.
However, there are applications in which much higher number of iterations are

required. In that case, also much higher speedup can be achieved.

Worker Data Extraction BGD AlgOI‘lt}.lm C?mputatlons
(per iteration)
Xeon 7.5 26
ARM 784 16.6
Pynq (ARM{FPGA) [ 80.5 (ARM) 0.51 (FPGA)

Table 5.9: Execution time (sec) of the functions executed in the workers

Table 5.9 shows the execution time of the two main functions that are executed on
the worker nodes. In the Xeon platform and the ARM case, both the data extrac-
tion and the BGD are executed on the processors, while in the Zynq platform the
data extraction is executed on the ARM core and the BGD function is executed on
the programmable logic (accelerator). Therefore, for applications where a greater
number of iterations is required the system speedup (vs Xeon) converges to 5x.

Figure 5.11 shows the speedup and the execution time of the accelerated platform
compared to the software only solution running on the same cluster but using only
the ARM processors, while figure 5.12 depicts in another view the footprint of
the execution time. In this case, we can achieve up to 36x speedup compared to
the software only case. This comparison is useful for applications in which high-
performance processors cannot be used due to power limitations (e.g. embedded

systems).
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Logistic Regression Training (1 Master / 4 Workers)
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Figure 5.11: Speedup versus the number of iterations, using the proposed Python
APIT (2)
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Figure 5.12: Footprint of the execution time, using the proposed Python API (2)

5.2.2 Energy Efficiency Results

To evaluate the energy savings we measured the average power, running the al-
gorithm both in the CPU-only (for the Xeon and the ARM processors), and the
HW accelerated case. In order to measure the energy consumption of the Xeon
server, Intel’s Processor Counter Monitor (PCM) API was used. Among others,
PCM API enables capturing the energy consumed by the CPU and DRAM mem-
ory for executing an application. We also measured the power consumption using
the ZC702 Evaluation board, which hosts the same Zynq device as the PYNQ-Z1
board, using the on-board power controllers.

Figures 5.13 and 5.14 show the energy consumption between the Xeon and the

Zynq platforms, while figures 5.15 and 5.16 show the energy consumption for the
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Logistic Regression Training (1 Master / 4 Workers)

45000.000 B—

40000.000

35000.000 0.000
o 25000.000 15.000
2 20000.000 -

mop0000 . "  ®H ©®H ®W § ™

0000.000 I- - 000

25 50 75 100 125 150
terations

I rte] XEOM I HW acceleraed  =—Fnergy efficiency

Figure 5.13: Energy consumption of the Xeon and Zynq platforms based on the
number of iterations
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Figure 5.14: Energy consumption footprint of the Xeon and Zynq platforms based
on the number of iterations

Zynq platform for both execution cases (CPU-only and HW accelerated). In the
first case, the average power consumption of the Xeon processor and the DRAMs
is 103 Watt, while a single Zynq node (both the MPSoC FPGA and the DRAM)
consumes about 2.6 Watt during the data extraction and 3.2 Watt during the
hardware computations accordingly. So in this first case, we can achieve up to 18x
better energy efficiency (at 100 iterations) due to the lower power consumption

and the lower execution time.
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Figure 5.15: Energy consumption of the ARM-only and Zynq platforms based on
the number of iterations
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Figure 5.16: Energy consumption footprint of the ARM-only and Zynq platforms
based on the number of iterations

In figures 5.15 and 5.16 now, we can see that although the power consumption of
the accelerated execution on Zynq is slightly higher than the power consumption
of the execution using only the A9 CPU cores (2.3 Watt average, per Worker),
we can finally achieve up to 29x lower energy consumption due to the significant

higher execution time on the CPU-only solution.
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6.1 Conclusions

In this thesis, we demonstrated all the required steps for building and mapping
Spark on low-power embedded platforms like Raspberry Pi 3 and DragonBoard
410, including all the necessary modifications we made for being able to run Spark.
Apart from that, we built a cluster consisting of four PYNQ-Z1 nodes, and Spark
was deployed on it. Then, we implemented the SPynq framework for the seamless
utilization of hardware accelerators in Spark applications. Finally, we performed
two evaluations. In the first one, we evaluated the execution time of Spark’s six
widely used applications from the field of machine learning and graph processing.
We then compared these results, with the results of the same execution on a
typical mainstream server and a personal computer and in the end, we used the
TDP metric to approximate the energy efficiency of all the involved platforms. As
far as the second evaluation process is concerned, an a accelerator for a use case
scenario on Logistic Regression was used. We implemented its Python APT as well
as new libraries for Spark that invoke this API. Finally performance and energy
efficiency metrics where taken. The results were compared to a typical datacenter
server hosting an Intel Xeon processor.

Overall, the mapping of Spark on embedded systems comes with challenges. The
are mainly two types of problems: compatibility issues and problems regarding the
available hardware resources. Over the time, the compatibility issues are reduced
since applications, frameworks and packages are adding support for more and
more system architectures. On the other hand, it seems that for being able to

run applications on big data analytics frameworks, a major factor is the system’s
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available memory. The lack of a large RAM could mean that the data doesn’t fit
in memory. Especially for Spark, where most computations occur in-memory, this

means that its major advantage of being so fast is lost.

Also, we tried and built Spark from source on both the Pi 3 and DragonBoard
410c. Of course, this was done in order to test the capabilities of these embedded
platforms and for research purposes only. The difference in time that was spent
for building Apache Spark on embedded devices compared to the time necessary
for building a redistributable package of it on a mainstream server and then have
it copied on any embedded devices is very big. If a user does not need to set his
own parameters when building Spark, the best option he has, is to download a
pre-built version of it. In that way, not only he can save a lot of time but he could

also avoid himself running into more trouble.

Finally, from the evaluation we performed, we saw that the SoC-based proces-
sors are 8x to 11x worse in terms of performance while due to the lower power
consumption, they have the potential to offer much better energy efficiency. For
machine learning applications based on Spark they can provide up to 3x better
energy efficiency while for graph computations they can provide up to 3.5x better
energy efficiency. Therefore, in cases where we care more about the energy effi-
ciency and not mainly for the execution time, the SoC-based servers could provide
a promising alternative in order to reduce the power and the total cost of own-
ership (TCO) of data centers. The results of this evaluation can be also found in
the paper entitled ”Performance and Energy evaluation of Spark applications on

low-power SoCs” [47]

Concerning the second evaluation, currently data analytics frameworks like Spark
do not support the seamless utilization of hardware accelerators. However, in this
thesis the implemented framework showed that the accelerators can improve sig-
nificantly the performance and the energy efficiency of data analytic applications.
It was found that the proposed setup can be used both in high performance sys-
tems to reduce the energy consumption (up to 18x) and the execution time by a
factor of up to 2x, while in embedded systems it can achieve up to 36x speedup
compared to the embedded processors and up to 29x lower energy consumption. It

was also shown that the proposed framework can be utilized to support any kind
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of hardware accelerators, in order to speedup the execution time of computational
intensive machine learning and data analytics applications based on Spark.
The results of this evaluation can be also found in the paper entitled "SPyng:

Acceleration of Machine Learning Applications over Spark on Pyng” [48].

6.2 Future Work

As far as the future work is concerned, there could be several extensions and
improvements.

First of all, although the evaluation of the SPynq framework showed promising
results, we need to enrich our mllib_accel lbrary to also support other machine
learning algorithms like KMeans, Linear Regression etc. Therefore, more Python
APIs have to be implemented for new hardware accelerators.

Furthermore, as we saw in chapter 4, although the heterogeneity is genreally sup-
ported in Spark, right now we can’t take advantage of the heterogeneity of a
cluster. In more detail, we saw that one can easily use environment variables (like
the SPARK  WORKER_TYPE one) to separate for example nodes that host a
programmable logic from nodes that don’t, but this does not really offer any ad-
vantages. Spark’s task scheduler distributes the tasks to its workers in parallel
and waits for them to be computed in return. Until every worker has returned the
piece of work it was assigned, Spark can’t continue by sending new tasks. So, upon
having a heterogeneous cluster of workers, the acceleration that is provided from
the nodes that host an FPGA, is overlapped by the execution time on the nodes
that host only CPU cores. In order to take advantage of heterogeneous clusters, a
new task scheduler should be implemented which is aware of the nodes’ resources
and can schedule in a more smart way the distribution of the tasks depending on
the cluster heterogeneity.

Finally, to exploit to the maximum the benefits of hardware accelerators, our
framework could be modified to be deployed on Amazon’s F1 instances or on
other platforms hosting FPGAs connected on PCl-express cards. In this way, the
benefits of the acceleration could be combined with the powerful processors of
today’s mainstream servers, therefore combining great performance with better

energy efficiency.
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Scripts and Libraries

In this appendix, you can find the bash script we used for the evaluation of the em-
bedded low-power systems, as well as the whole Python API for the corresponding
hardware accelerator and the mllib_ accel library which is used for acceleration in

Apache Spark.

A’.1 Bash script

The bash script that we used for the first part of the evaluation is the following.
This script takes one input argument, which determines how many times each
application will be executed.

#! /bin /bash
5 LINE="$17
: > adv_results. txt
5 echo "Logistic Regression’ >> adv_results.txt
¢ for ((i=1; i <= $1; i++)); do
7 Jusr/bin/time &>> logistic tmp.txt —v ../bin/run—example ml.
LogisticRegressionExample —regParam 0.001 —maxIter 100000000 —
tol 1.0E—20 —elasticNetParam 0.9 ../data/mllib/sample libsvm data.
txt
s done
0 grep "Elapsed (wall clock) time (h:mm:ss or m:ss):” logistic_tmp.txt >>
adv _results. txt

1 rm logistic tmp . txt

15 echo ’Analytics — pagerank’ >> adv_results.txt
u for ((i=1; i <= $1; i++)); do

89



90 Appendiz a’. Scripts and Libraries

/usr/bin/time &>> an pagerank tmp.txt —v ../bin/run—example graphx.
Analytics pagerank ../data/mllib/pagerank data.txt —numEPart=50
done

b2

grep "Elapsed (wall clock) time (h:mm:ss or m:ss):” an_ pagerank tmp.txt
>> adv_results.txt

rm an_pagerank tmp.txt

echo "Analytics — cc’ >> adv_results. txt
for ((i=1; i <= 81; i++)); do
/usr /bin/time &>> an_cc_tmp.txt —v ../ bin/run—example graphx.
Analytics cc ../data/mllib/pagerank data.txt —numEPart=>50
done

grep "Elapsed (wall clock) time (h:mm:ss or m:ss):”

an_cc_tmp. txt >>
adv_results. txt
rm an_cc_tmp. txt

)

echo "Analytics — triangles’ >> adv_results.txt

for ((i=1; i <= $1; i++)); do
/usr/bin/time &>> an_triangles tmp.txt —v ../bin/run—example graphx.
Analytics triangles ../data/mllib/pagerank data.txt —numEPart=50

done

grep ”"Elapsed (wall clock) time (h:mm:ss or m:ss):” an_ triangles tmp.

txt >> adv_results. txt

5 rm an_triangles tmp. txt

10

echo "KMeans’ >> adv_results.txt

for ((i=1; i <= $1; i++)); do
/usr/bin/time &>> KMeans tmp.txt —v ../bin/run—example ml.
KMeansExample

done

> grep "Elapsed (wall clock) time (h:mm:ss or m:ss):” KMeans tmp.txt >>

adv_results. txt

3 Tm KMeans tmp. txt

9

echo ’'Linear Regression’ >> adv_ results. txt



mllib_ accel 91

s for ((i=1; 1 <= $1; i++)); do

/usr/bin/time &>> linear regression tmp.txt —v ../bin/run—example ml.
LinearRegressionExample —regParam 0.001 —tol 1.0E—-20 —
elasticNetParam 1.0 ../data/mllib/sample linear regression data.txt

done

grep "Elapsed (wall clock) time (h:mm:ss or m:ss):”
linear regression tmp.txt >> adv results.txt

rm linear regression tmp.txt

s awk —v var="$LINE” —F: ’{ {if (NR % (var+1) = 1) print; else s+=60*$5+

$6;}; if (NR % (var+1l) = 0) {print s/var; s=0;}}’ adv_results.txt

> adv_resultsl.txt

v mv adv_resultsl.txt adv_results.txt

Listing A’.1: Bash script for evaluating the ML and GraphX applications

A’.2 mllib accel

Below you can find the Python API for the hardware accelerator of the logistic

regression use case we presented.

import cffi

import numpy as np

3 import os

import platform

5 import re

16

from itertools import tee

from math import ceil

from pynq import MMIO, Overlay, PL
from .drivers import DMA

> chunkSizeMax = 5200

3 numClassesMax = 10

numFeaturesMax = 784

BS SEARCH PATH = os.path.dirname (os.path.realpath(__file )) + 7/

overlays/”
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ffi — cffi .FFI()

ffi.cdef(?””
static uint32 t xlnkBufCnt = O0;

> uint32 t cma mmap(uint32 t phyAddr, uint32 t len);

; uint32 t cma _munmap(void *buf, uint32 t len);

void *cma alloc(uint32 t len, uint32 t cacheable);
uint32 t cma get phy addr(void *buf);

void cma free(void *buf);

uint32 t cma pages available () ;

9 77)

LIB SEARCH PATH = os.path.dirname (os.path.realpath(__file )) + 7/
drivers/”

if platform.machine() = ”x86 647:

# load 64bit ELF

libxlnk = ffi.dlopen (LIB SEARCH PATH + ”libsds 1lib64.s0”)
elif platform.machine() = 716867

# load 32bit ELF

libxlnk = ffi.dlopen (LIB_ SEARCH PATH + ”libsds 1ib32.s0”)
elif platform.machine() = 7armv7l”:

# load 32bit ELF compiled for ARM

libxlnk = ffi.dlopen (LIB_ SEARCH PATH + ”libsds lib.so”)
else:

print (”Machine type not supported. Exiting!”)

exit (1)

1w DMA TO DEV = 0 # DMA sends data to PL.
s DMA FROM DEV = 1 # DMA receives data from PL.

16

def cma(LabeledPoints):

Tt

#  Download Overlay.
L
i

ol = Overlay (BS SEARCH PATH + "LogisticRegression.bit”)
ol.download ()
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elements = |[]

LabeledPointsl , LabeledPoints2 = tee(LabeledPoints, 2)

numLabeledPoints = sum(1 for _ in LabeledPointsl)
numChunks = int (ceil (numLabeledPoints / chunkSizeMax))
chunkSize = int (ceil (numLabeledPoints / numChunks))
if bool(chunkSize & 1):

chunkSize += 1

paddingSize = (numChunks * chunkSize) — numLabeledPoints

Allocate physically contiguous memory buffers.
Cast underlying buffers to a specific C-Type.
Get the physical address of the buffers.

Get the virtual address of the buffers.

datal buf = libxlnk.cma alloc(int (chunkSize / 2) * (numClassesMax -+

(1

+ numFeaturesMax)) * 4, 1)

if datal buf — ffi NULL:

raise RuntimeError(”Memory allocation failed.”)
datal = ffi.cast(”float *”, datal buf)
data2 buf = libxlnk.cma alloc(int (chunkSize / 2) * (numClassesMax -+

(1

+ numFeaturesMax)) * 4, 1)

if data2 buf = ffi .NULL:

raise RuntimeError (”Memory allocation failed.”)

data2 = ffi.cast(”float *”7, data2 buf)

buffers = |[]

buffers.append(int (libxlnk.cma get phy addr(datal buf

buffers.append(in

)))
re.split (”<| |>|0x”, str(datal buf))[5], 16))
)))

(

t( (

t (libxlnk .cma get phy addr(data2 buf
(

buffers.append(int (re.split (7<| |>|0x”, str(data2 buf))[5], 16))

(

(
buffers.append(in

(

(

buffers.append(chunkSize * (numClassesMax + (1 + numFeaturesMax))

4)

*
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91 buffers.append ((chunkSize — paddingSize) if ¢ = numChunks else
chunkSize)

92 elements.append(buffers)

94 i=20

95 for LabeledPoint in LabeledPoints2:

96 if i < int(chunkSize / 2):

o7 datal[i * (numClassesMax + (1 + numFeaturesMax)) + int (
LabeledPoint.label)]| = 1.0

98 datal[i * (numClassesMax + (1 + numFeaturesMax)) + numClassesMax |
= 1.0

99 f = ffi.from buffer(LabeledPoint.features.astype(up.float32))

100 features = ffi.cast(”float *7, f)

101 offset = 1 * (numClassesMax + (1 + numFeaturesMax)) +
numClassesMax + 1

102 datal|[offset:offset + len(LabeledPoint.features)| = features|[0:
len (LabeledPoint . features) |

103 else:

104 data2 [(i — int(chunkSize / 2)) * (numClassesMax + (1 +
numFeaturesMax)) + int (LabeledPoint.label)] = 1.0

105 data2[(i — int(chunkSize / 2)) * (numClassesMax + (1 +
numFeaturesMax)) + numClassesMax] = 1.0

106 f = ffi.from buffer(LabeledPoint.features.astype(np.float32))

107 features = ffi.cast(”float *7, f)

108 offset = (i — int (chunkSize / 2)) * (numClassesMax + (1 +
numFeaturesMax)) + numClassesMax + 1

109 data2[offset:offset + len(LabeledPoint.features)| = features|[0:
len (LabeledPoint . features) |

11 i +=1
112 if i = chunkSize:
113 c +=1

114 if ¢ <= numChunks:

17 # Allocate physically contiguous memory buffers.
118 # Cast underlying buffers to a specific C-Type.

119 # Get the physical address of the buffers.

120 +H Get the virtual address of the buffers.
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datal buf = libxlnk.cma alloc(int (chunkSize / 2) * (numClassesMax
(1 + numFeaturesMax)) * 4, 1)
if datal buf = ffi .NULL:
raise RuntimeError (”Memory allocation failed.”)
datal = ffi.cast(”float *”, datal buf)
data2 buf = libxlnk.cma alloc(int (chunkSize / 2) * (numClassesMax
(1 + numFeaturesMax)) * 4, 1)
if data2 buf =— ffi .NULL:
raise RuntimeError (”Memory allocation failed.”)

data2 = ffi.cast(”"float *”7, data2 buf)

buffers = |[]
buffers.append(int (libxlnk .cma get phy addr(datal buf)))
(re.split (”<| |>|0x", str(datal buf))[5], 16))
( )))

( (

( (
buffers.append(int (libxlnk.cma get phy addr(data2 buf

( (

(

[l

buffers.append(in

buffers.append(int(re.split (”<| |>|0x”, str(data2 buf))[5], 16))
buffers.append(chunkSize * (numClassesMax + (1 + numFeaturesMax))
1)

buffers.append ((chunkSize — paddingSize) if ¢ =— numChunks else

chunkSize)

elements.append(buffers)

i=20

return elements

5 def gradients kernel accel(buffers, weights):

chunkSize = int (buffers[4] / (numClassesMax + (1 + numFeaturesMax)) /

4)
numClasses = len (weights)
numFeatures = len (weights[0]) — 1

Physical address of the Accelerator Adapter IP.
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ADDR_Accelerator Adapter BASE = int (PL.ip dict[”
SEG LR _gradients kernel accel 0 if Reg”|[0], 16)

ADDR_ Accelerator  Adapter RANGE = int (PL.ip dict[”
SEG LR _gradients kernel accel 0 if Reg”][[1], 16)

L Initialize new MMIO object .

bus = MMIO(ADDR _ Accelerator Adapter BASE,
ADDR._ Accelerator Adapter  RANGE)

Physical addresses of the DMA IPs.

ADDR, DMAO BASE = int (PL.ip dict ["SEG dm 0 Reg”][0], 16)

ADDR DMA1 BASE = int (PL.ip dict[”SEG dm 1 Reg”]|[0], 16)

ADDR_DMA2 BASE = int (PL.ip dict["SEG dm_ 2 Reg”|[0], 16)

ADDR_DMA3 BASE = int (PL.ip dict[”SEG dm 3 Reg”|[0], 16)

+# Initialize new DMA objects.

dma0 = DMA(ADDR_DMAO BASE, direction = DMA TO DEV) # datal DMA
dmal = DMA(ADDR DMA1 BASE, direction = DMA TO DEV) # data2 DMA
dma2 = DMA(ADDR DMA2 BASE, direction = DMA TO DEV) # weights DMA
dma3 = DMA(ADDR_DMA3 BASE, direction = DMA FROM DEV) # gradients DMA
# Assign/Allocate physically contiguous memory buffers.

dma0. _bufPtr = ffi.cast(”uint32 t *”7, buffers[0])
dma0. buf = ffi.cast(”void *”7, buffers|[1])
dma0. bufLength = int (buffers[4] / 2)

dmal. bufPtr = ffi.cast(”uint32 t *7,

buffers [2])

dmal.buf = ffi.cast(”void *”7, buffers|[3])
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dmal . bufLength = int (buffers[4] / 2)
dma2. create buf((numClassesMax * (1 + numFeaturesMax)) * 4)

(
dma3. create buf ((numClassesMax * (1 + numFeaturesMax)) * 4)

+# Get CFFI pointers to objects’ internal buffers.
weights buf = dma2.get buf(data type = "float”)
gradients buf = dma3.get buf(data type = "float”)

w = ffi.from buffer(np.pad(weights, ((0, 0), (0, numFeaturesMax —
numFeatures)), ”"constant”).flatten ().astype(np.float32))

w_buf = ffi.cast(”float *7,  w)

weights buf[0:numClasses * (1 + numFeaturesMax)| = w_buf[0: numClasses

* (1 + numFeaturesMax) |

+# Write data to MMIO.

CMD = 0x0028 # Command .
ISCALARO_DATA = 0x0080 +# Input Scalar—0 Write Data FIFO.

bus. write (ISCALARO DATA, chunkSize)
bus. write (CMD, 0x00010001)
bus. write (CMD, 0x00020000)
bus. write (CMD, 0x00000107)

#  Transfer data using DMAs (Non—blocking) .
#  Block while DMAs are busy.

dma0. transfer (int (buffers [4] / 2), direction = DMA TO DEV)
dmal. transfer (int (buffers[4] / 2), direction = DMA TO DEV)
dma2. transfer ((numClassesMax * (1 + numFeaturesMax)) * 4, direction =

DMA_TO DEV)
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dma0. wait ()
dmal . wait ()
dma2. wait ()

dma3. transfer ((numClassesMax * (1 + numFeaturesMax)) * 4, direction =

DMA FROM DEV)

dma3. wait ()

g buf = ffi.buffer(gradients buf, (numClasses * (1 + numFeaturesMax))
* 4)

g = np.frombuffer (g_buf, dtype = np.float32)

gradients = np.copy(np.reshape(g, (numClasses, 1 + numFeaturesMax))

[:, :1 + numFeatures])

e Destructors for DMA objects .

dma0. buf = None

dma0. bufPtr = None
dma0. bufLength = None
dmal.buf = None

dmal. bufPtr = None
dmal . bufLength = None

dma0. del ()
dmal. del ()
dma2. del ()
dma3. del ()

return gradients

def cmf(buffers):

# Free previously allocated buffers.
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52 datal buf = ffi.cast(”void *”, buffers[1])
%3 data2 buf = ffi.cast(”void *”?, buffers|[3])
%1 libxlnk.cma free(datal buf)

%5 libxlnk.cma free(data2 buf)

266

267 return 0
Listing A’.2: Python API (LogisticRegression.py) of the logistic regression

hardware accelerator

Below you can find the new classification.py that was implemented.

| import numpy as np

3 from math import exp

i from pyspark import RDD

5 from time import time

¢ from .accelerators.LogisticRegression import cma,

gradients kernel accel, cmf

¢ _all = [’LogisticRegression ]

0 class LogisticRegression (object):

270

12 Multiclass Logistic Regression Model.

14 :param numClasses: Number of possible outcomes.

16 :param numFeatures : Dimension of the features.

17

18 :param weights: Weights computed for every feature.

19 (The intercepts will be part of the weights.)

79

22 def  init _ (self , numClasses, numFeatures, weights = None):
23 self .numClasses = numClasses
24 self .numFeatures = numFeatures

25 self . weights = weights

27 def train (self , trainRDD, alpha = 1.0, numlterations = 100, _accel =
0):
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7NN

Train a logistic regression model on the given data.

:param trainRDD: The training data, an RDD of
LabeledPoint .

:param alpha: The learning rate (default: 1.0).

:param numlterations: The number of iterations (default: 100).

:param _ accel 0: SW—only, 1: HW accelerated (deafult:
0).

:note: Labels used in logistic regression

should be
{0, 1, ..., k — 1} for k classes classification

problem .

79N

def gradients kernel(data):
# Compute the gradients given the (label, features) pair of a
single data point.

gradients = np.zeros ((self.numClasses, 1 + self.numFeatures))

for k in range (0, self.numClasses):
# margin (rawPrediction)
margin = self.weights[k][0] + np.dot(data.features, self.
weights [k][1:])

# score (probability)
if margin < 0:

score = 1.0 — 1.0 / (1.0 + exp(margin))
else:

score = 1.0 / (1.0 + exp(—margin))

multiplier = score — (1.0 if k = int(data.label) else 0.0)

gradients [k][0] = multiplier

gradients [k][1:] = multiplier * data.features
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61

62 return gradients

63

64 # Reduction of multiclass classification to binary classification .

65 # Performs reduction using one against all strategy (OneVsRest).

:H:

66 For a multiclass classification with k classes, train k models (
one per class).

67 print (” * LogisticRegression Training *7)

69 if accel :

70 trainRDD = trainRDD.mapPartitions (cma) . cache ()

7 numExamples = trainRDD .map(lambda buffers: buffers[5]) .sum()
7 else:
73 trainRDD = trainRDD. cache ()

74 numExamples = trainRDD . count ()

76 print (7 # numExamples: {:d}”.format (numExamples) )

77 print (7 # numClasses: {:d}”.format (self.
numClasses) )

78 print (” # numFeatures: {:d}”.format (self.
numFeatures) )

79 print (7 # alpha: {:g}”.format (alpha))

80 print (” # numlterations: {:d}”.format (numlIterations)

)

8 start = time ()

83

84 # Run Batch Gradient Descent (BGD) in parallel.

85 # Averaging the subgradients over different partitions is

86 # performed using one standard spark map—reduce in each iteration.
87 if self.weights is None:

88 self . weights = np.zeros((self.numClasses, 1 + self.numFeatures))

89

90 # Momentum Optimization .

91 gamma = 0.9

92 velocity = np.zeros like(self.weights)
93

91 for t in range(0, numlterations):

9 print (" {:3d}% |{:35s}| {:d}/{:d}”.format(int ((t / numlterations)
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*100), u”\u25A5” * int((t / numlterations) * 35), t, numlterations
), end = 7\r”)

9

o7 if accel :

98 gradients = trainRDD .map(lambda buffers: gradients kernel accel
(buffers, self.weights)).reduce(lambda a, b: np.add(a, b))

99 else:

100 gradients = trainRDD .map(gradients kernel).reduce(lambda a, b:
np.add(a, b))

102 velocity = np.add(gamma * velocity , (alpha / numExamples) *
gradients)

103 self . weights = np.subtract (self.weights, velocity)

105 end = time ()
106 print (7 {:3d}% |{:35s}| {:d}/{:d} Time: {:.3f} sec”.format (100, u”\

u25A5” * 35, numlterations, numlterations, end — start))

108 if accel :

109 trainRDD .map (cmf) . collect ()

111 return self

s def test(self, testRDD):

79N

115 Test a logistic regression model on the given data.

17 :param testRDD: The testing data, an RDD of LabeledPoint.

118

119 :note: Labels used in logistic regression should be

120 {0, 1, ..., k — 1} for k classes classification
problem .

79N

123 # Each example is scored against all k models and the model with
highest score
124 # is picked to label the example.

125 print (” * LogisticRegression Testing *7)
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197 true = testRDD .map(lambda data: 1 if data.label = self.predict(
data.features) else 0).reduce(lambda a, b: a + b)

128 false = testRDD.count() — true

129

130 print (” # accuracy: {:.3f} ({:d}/{:d})”.format(
true / (true + false), true, true + false))

131 print (7 # true: {:d}”.format (true))

132 print (” # false: {:d}”.format (false))

iz def predict (self, features):

99999

136 Predict values for a single data point using the model trained.

138 :param features: Features to be labeled.

7NN

141 # Compute and find the one with maximum margins.
142 maxMargin = —np.inf

143 bestClass = —1

145 for k in range (0, self.numClasses):
146 # margin (rawPrediction)
147 margin = self.weights[k]|[0] + np.dot(features, self.weights[k

[1L:1)

149 if margin > maxMargin:
150 maxMargin = margin

151 bestClass = k

153 return bestClass

55 def save(self, path):

7990

157 Save this model to the given path.

7N

160 np.savetxt (path, self.weights)

161

2 def load(self, path):
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7NN

Load a model from the given path.

79N

self . weights = np.loadtxt (path)

Listing A’.3: New Spark library (classification.py) that invokes the hardware

accelerator Python API

The

example application we used for running the accelerated logistic regression

version is the following:

1 from
> from
3 from
; from
5 from

6

pyspark import SparkContext

pyspark.mllib.regression import LabeledPoint
pyspark.mllib accel. classification import LogisticRegression
sys import argv

time import time

7 def parsePoint(line):

6 if

18 if

79N

Parse a line of text into an MLIlib LabeledPoint object.

79N

data = [float(s) for s in line.split (’,’)]

return LabeledPoint (data[0], data[l:])

_name = 7  main

len (argv) != T7:

print ("Usage: LogisticRegressionApp <dataset> <fraction> <

numPartitions> <alpha> <numlterations> < accel >")

exit(—1)

2 dataset = argv[1]

23 fr

action = float (argv|[2])

2+ numPartitions = int (argv[3])

5 alpha = float (argv[4])

5 numlterations = int (argv[5])

_accel = int (argv[6])
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train_ file = ”inputs/” + dataset + ” train.dat”
test file = "inputs/” + dataset + 7 test.dat”

with open(dataset, ’r’) as f:
for line in f:

if line [0] != 74 :

parameters = line.split (’,”)

numClasses = int (parameters|[0])

numFeatures = int (parameters[1])
f.close ()

sc = SparkContext (appName = "Python Logistic Regression on 7 +

dataset )
print (”* LogisticRegression Application *”)
print (7 # train file: {:s}”.format (train_ file))
print (7 # fraction: {:g}”.format (fraction))
print (7 # test file: {:s}”.format (test file))
print (” # numPartitions: {:d}” . format (numPartitions))
trainRDD = sc.textFile(train_ file, numPartitions).sample(False,

fraction ).map(parsePoint)

testRDD = sc.textFile(test file, numPartitions).map(parsePoint)

start = time ()

# Train a logistic regression model given an RDD of (label, features)
pairs .

# We run a fixed number of iterations of Gradient Descent using the
specified alpha.

# We use the entire data set to update the gradient in each iteration
(Batch GD).

LR = LogisticRegression (numClasses, numFeatures). train (trainRDD ,

alpha, numlterations, _accel )

end = time ()
if accel :

print (?! Time running LogisticRegression train in hardware: {:.3f}
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sec”.format (end — start))

61 else:

62 print (7! Time running LogisticRegression train in software: {:.3f}
sec”.format (end — start))

¢s  LR.save(”outputs/weights.out”)
o LR.test (testRDD)

e sc.stop()
Listing A’.4: Logistic Regression example application
Finally, below you can find the [r.sh bash script we used for running the example
application:

1 #!/ bin /bash

)

3 # $1 = accel and $2 = dataset, or just $1 = dataset
cif [ 7817 = 7 _accel 7 |
5 then

6 time spark—submit LogisticRegressionApp.py $2 1.0 4 0.75 100 1

7 else

s time spark—submit LogisticRegressionApp.py $1 1.0 4 0.75 100 0
9 fi

Listing A".5: Bash script for executing the Logistic Regression example
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