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Iepiinyn

H mpoxAnon tov onpepvod kdcuov givar ta dedopéva. ‘Evog 1epaotiog 6yKog Sed0UEVOV TopayETL
KkéOe devutepOLenTo Kot 1) dnpovpyia Tovg cuveyilel va avéaveton pe paydaio puBpd. Ewkdvec, Bivteo,
LOVGIKY], £yypopa, emails, apyeia Kotaypa@ng opaipdtov, dedopéva amd aebntpeg Kot Sopueod-
povG, tvarl peptkd POVo amd To 0ES0UEVE TTOL TOPAYOVTOL OO TOVG AVOPDTOVG EITE ATO UNYOVEG, (OC
uépog tov Atadiktoov Tev [payudtov (Internet of Things). Ola avtd ta dedopéva OPMG dev £xovv
rkapio agio, av 0ev LITOPOVLLE VO, TO LETOTPEWOVLE GE TOADTIUN TAPOPOPIL KOl VO, TN YPTCLLOTOU)-
GOVLUE OOTE va, BerTIdcOVE TIC (WEC oG,

Evtuyog, ) onpepvi emoyn, dtabétovpe ToAdTILO epyaAeia, To, omoia UTOpovV va, pag fondncovy
TNV 0pYAV®GOT, 6TV amobKevon Kol OTNV aviAvon OA0V avTdv Tev dedopévav. H sloaymyn tov
Yroioyiotikov Népovug (Cloud Computing), kabmg Kot 1 avamtuén Slopdpov KATAvEUNUEV®Y GUGTT-
UAT®V KO TPOYPOULLLATIOTIKOV HLOVTEAMV HOG E0MGE TN duvATOTNTA VO EEAYOVLLE OVGLAGTIKY TATPO-
@opio Kol vo LETATPEYOLE OAC OVTA TO GKOPTILOL, POIVOUEVIKA AoVVOETA LETAED TOVG dEOOUEVD, OE
TOADTIUN YVOOT.

g auT TN SMAOUATIKN EPYACI0, ETIKEVIPOVOUACTE TEPICGOTEPO GTA OEGOLEVE, LLE TN LOPPT YPAPOV.
Ta Awacvvdedepéva Aedopéva (Linked Data), onAadn ta dedopéva Tov dNUociedovTal 6TiG SIEPOPES
10T0GEAMOEG Ko cuvdEovTal peta&d Tovg, ivat o, Katnyopio 0E00UEVMV TOV UTOPEL VA, Oy LLOTICEL
TEPACTIONG YPAPOVG. A&lomotovpe Tig duvatdtnteg mov pog tpospépetl To Cloud Computing, kabmg
KOl TOL VITAPYOVTO KUTAVEUNILEVO GUGTNUATO, MOTE VO POPTMGOVE OESOUEVA OVTNG TG LOPPNG KoL
V0. VAOTIOIGOVE OAYOPIOOVE TTOV amAVTAVE GE UPOPOV EWOMV EPOTHUATA TAV® GE TETOLOV EI00VG
dedopéva. LT GUVEXELD, LEAETALE TNV ATOS00T) TOV CLGTHLATOG Log KOOMG 0 aptBudg TV VITOAOYL-
OTIKOV TOPOV AVEAVETAL KL EAEYYOVUE TIV EYKLPOTNTO TOV UTOTELEGUATOV LOG, UE TNV EKTELEON
TOV 1010V EpOTNUATOV TAVE oTa 1010 dedopéva oe Eva KevTpikd cvotnua. EmimAéov, epeuvoipe mog
&val EpATN O SIALPOPETIKOD €100V 1 1] AVTIKOTAGTOOT] S10POP®V TAPAPETPOV TOV, UTOPEL VOL ETTPE-
doet To YpSHVo LITOAOYIGHO TOV.

A&Eeg Khewoa

Hadoop, Giraph, Pregel, Openvirtuoso, YnoAoyiotiko Népog, Katavepnuéva cuotipota, MapReduce,
Bulk Synchronous Model, RDF, Atacuvdedepéva Aedopéva, ypapot, DBpedia, SPARQL.






Abstract

Today’s world challenge is data. A huge amount of data is generated every second and the pace of
data creation continues to accelerate rapidly. Images, videos, music, documents, emails, machine logs,
sensor data, satellite data are a few only the data produced either by people, or by machines as part
of the Internt of Things (IoT). All this data though is worth nothing unless we are able to turn it into
valuable information and use it in order to improve our lives.

Fortunately, nowadays we are holding in our hands precious tools, which can help us in the organiza-
tion, storage and analysis of all this data. The introduction of the Cloud Computing model, as well as
the development of various distributed frameworks and programming models has enabled us to ex-
tract meaningful information and transform all this scattered, seemingly unrelated data into valuable
knowledge.

In this thesis, we are focusing more on graph data. Linked data, the data published in various websites
and connected between them, are a category of data that can lead to huge graphs. We exploit the Cloud
environment, as well as the existing distributed frameworks, in order to load data of this form and
implement algorithms which allow us to answer various kinds of queries over such type of data. Then,
we study the performance of our system as the number of computer resources increases and verify the
validity of our results, by executing the same queries over the same datasets in a centralized system.
Furthermore, we investigate how a different kind of query or the change of the various parameters
involved, can influence the execution time.

Key words

Hadoop, Giraph, Openvirtuoso, Cloud Computing, Distributed systems, MapReduce, Bulk Synchronous
Model, RDF, Linked data, graphs, DBpedia, Pregel, SPARQL.
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Kepaiaro 1

Ewcayoyn

1.1  Avtikeipevo ™g Authopotikng Epyaciog

Ao TIG TPOTEG OTLYUEG TNG VOP®OTOTNTOG KANOMKOUE VO OVIILETOTIGOVLE dLAPOPO TPOPAILATA,
Vo To KATOAGBOVLE, VO TO 0VIADGOVLE Kol va fpodpe TpOTOVG Kot Te)voLoYies, mov Ba pag Bonon-
oLV va emPLdoovue Kot Vo BedTidcovpie TG (wéc poc. Mia omd TIg ONUOVTIKOTEPES TPOKANGELS TNG
OMUEPIVIG EMOYNG €ivar M amodoTikn dwyeipion Tov dedopévav. ‘Evac 1epdotiog 0yKog dedopéEvmV
TOPAYETOL KAOE OeLTEPOAETTO KOl O pLONOG TNS dNpovpYiag Tovg cuveyiletl va avEdvetar paydaia. O
KaBEvag amd ENAC, e TN XPNOT EVOC TANOOVS YNPLOKDV EQAUPLOYDV Kl KOWVOVIKOV SIKTO®V, TAPAYEL
KaBnpepva dedopéva oe SAPopeg LOPPLES, OTTMC Eyypaa, YOl Pivteo, oToypapicg, unvopato 1-
AEKTPOVIKOD TOYLOPOUEIOD, CUUPBUAAOVTAG £TCL G’ LTV TNV TEPACTLA 0VENGT T®V dedoUEVMY. OUmG
T dedopéva Oev TapdyovTol Lovo amd Toug avOpmmovg. O aplfudc TV dES0UEVMY TOV TOPAYETOL
omd Tig punyavég Ba yiver akdpo peyarvtepog. EEumnpetntég (servers), avayvaoTeS avoyvmploTIKOD
padtocvyvotitev (Radio Frequency ID readers), cuokevég KoToypopng Kivong, loTpikég GUOKEVEG,
d0pLEOPOL KoL s TAPES EIvOL PLEPIKH LOVO TTAPODELYLATO TNG TEPACTING TAPOYWYNC OESOUEVOV Ol
UNYOVEG LE DYNAN TO VT TO.

O)a ta dedopéva mov Tapdyoviot dev umwopovv va, a&toronBov Kot arorteiton tepaitépm enelepya-
cia yuo Tnv €£6puén yproune TAnpoeopiag. Emopuévac, o peydin mpokinon eivail ) eopeot Tpony-
UEVOV GLOTILATMV Y10, TV 0PYAV®GT Kot 0tofnkevot) Toug. Ot LEPOVOUEVOL VTTOAOYIGTES, ave&apTN-
T0 OO TO TOCO 1oYLPOL Elvat, dev etvat IKOvol vo ene&epyasTovy aTOV TOV TEPAGTIO OYKO dlabéotung
TANpopopiag LESH 6€ EDA0YO YPOVIKO SIAGTNLO. ZVVETADC, TO KATUVEUNUEVO GLOTHLOTO YivovTal OA0
Kol To dNUOPIAT, Kot poll pe autd avamthosovTol vEd epYaieio AOYIGHIKOD Kol TPOYPOUULOTIOTIKA
LOVTEAQ TTOL UTOPOVV VA AEL0TOGOVV VTO TO KATAVEUNEVO TEPIPAAAOV.

"Evo a6 10 VTOAOYIOTIKG LLOVTEAL TTOV TOV EMTPENEL TV KOTAVEUNUEVT] emegepyacia dedopévav elvar
t0 Ymoloyiotikd Népog (Cloud Computing). ‘Exet amoktiogt peydin dnUotikdtnta oTig HEPES LA,
KaODG PTopel v TapEXEL VAN PEGIES TOV SEV VTN PYOV TOTE TPLV KOl GTOVG TAPHYOVG KOl GTOVG XPTOTES
Tov ‘Aoyopkd og Yrnpeoiag’ (Software as a Service, Saas). O erwionpog opiopdg Tov Y TOA0YIGTIKOD
Népovg, 6nwg datibetar omd to EOviko Ivotitovto [potdnwv kot Teyvoroyiog (National Institute of
Standards and Technology) [7] eivat 0 akdAovBog:

To Yroloyiotiko Népog eivar Evo, HOVTEAO OV EMITPETEL TH OVVEXT], EOKOAN KO KOT Omaithon mpoofoon
o€ pia oudoo. (pool) amd TopPoUETPOTOGIUOVS DTOLOYIOTIKODS TOPOVS (OTWS JIKTVO, eLVTNPETHTES,
OTOONKEVTIKOD YWPOVS, EPOPUOYVES KO DTHPETIES) TOV UTOPODY VO, 0eoueVBODVY Kot vo, omeAevBepwBoiv
e eAdyiaTn TPOOoTaOEIa O10)EIPIONG 1] ALANAETIOPATHS LUE TOV TAPOYO TWV DITHPETIDV.

Ta TAeoVEKTANATO TTOV TPOEPYOVTOL OO QTN TNV EAACTIKOTNTO TOV TOPWV EIVOL TPOTOPOVY] GTNV
wotopia g Teyvoroyiag tng [TAnpogpopiag (IT), kot Exovv petapopemacet évo tepdotio pépog tng [T
Bropnyaviag kabiotdvtog To AoYiopikod o¢ Yanpecsio akdpa mo eAkuotikd Kot aAAGlovTog 0AoKAN-
POTIKG TOV TPOTO LE TOV 0TTO10 TO VAIKO TV LToAoylotdVv (hardware) oyedialetan kot ayopaletan[8].
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O1 TPOYPApLOTIOTEG Kot Ol ETapEieg O ypelaletal va avnouyohV Yo TIG LEYAAEG KEPAANLOVYIKES dal-
néveg o€ hardware ®oTe Vo avamTOEOVY TIC VANPEGIEG TOVE 1 TO AVOPAOTIVO KOGTOG TOL ATOLTEITAL
v TN Agrtovpyia Tovc. Mmopodv va apyicovv vo VAOTO00V KOVOTOUEG 10E€EG 1) VINPEGIES Xmpig va
VILAPYEL AOYOG VO OVI|GLYOVV Y10 TIG TEPITTMOGELS OTTOV 1] STLOTIKOTNTA TV VINPECIDY TOVE OEV OVTO-
TOKPIVETAL OTIG TPOGOOKieS TOVG N avtiBeTa av&avetal EaPVIKA, apov HTopobV v SEGUEVOLV KOl VO
amehevBep®VOVY TOVG EMBVUNTOVE TOPOLG AV TAGH GTLY N, XWPIG TNV avOp®OTIVIN OAANAETIOpOOT LLE
ToVv KGO Tapoyo vanpecidv. Emiong, 6Amv tov elddv ot vanpeoies (n.y. amobnkevon, encéepyaaioa,
LETAPOPA OEOOUEVAV, EDPEST] EVEPYDV AOYUPLAGHLDY PNOTAOV) LTOPOVV VO, TapokoiovBodvTat, va g-
AEYYOVTOL KOIL VO, LETPLOVVTOL KOL Y10, TOV TTAPOYO KOl TOV ¥PNOTI TV YPNCULOTOLOVUEVOV VINPESLAOV,
TPOGPEPOVTAG £TGL T SLVATNTO Y10 ¥PEDCT] OVAAOYO [E T XPNON.

H eicaywyn tov povtédov tov Yroroyiotikod NEpovg amartel va aAAAEEL 0 TPOTOG LE TOV 0010 TO
AoyoKS ypagetal péxpt Tmpa. 'Eva mpdypappa dev ypeldletor va eKTEAEITOL GE VOl LELOVOUEVO
VTOAOYIOTY] Y10 TOAAEG DPES, OVTE VILAPYEL 1| AVAYKT] Y10 TNV TPOUNOELD VITEPVTTOAOYIOTAOV aTd TNV
TAELPA TV gTonpeldv. 'Evag peydhog aptfudg epmoptkdv VIToAOYIGTAV, TOV EXIKOVOVOLY HETOED
TOVG HECM EVOG SIKTVLOL, UTOpEl va AVGEL TO 1010 TPOPANUA G TOAD UIKPOTEPO YPOVIKO S1AGTNLLA.
INa vo ekpetadientode ot T SLVVATOTNTA, TPETEL VA, YPAWOVLLE TPOYPALLLATO TTOV VO, LITOPOVY VO
elvar KMpok®opo. Avtd onpaivel, 0Tt peydia TpoPANLATO TPETEL VO, YOPLGTOVV GE SLAPOPT. OTAOV-
o1epa, 6oL T0 KaBEva amd avtd VTOAOYIleTal GTOVG HELOVOLEVOLG KOUPOLG EVOG KATOVEUNLEVOL
GUOTHLLOTOG.

Xwpic apgiBoiia, 1 vAOTOIMGON KOTAVEUNIUEVOY OAYOPIOLOVY gival TOAD 10 TOAOTAOKN OO QLT TOV
CEPLOKAV, YPEALETAL EPEVVE KO OTALTEL COGTH dloyeipnon Hiog cvotoryiog vwoioylotmv (cluster).
[Mopdia avtd, To TAEOVEKTALOTA TNG HEIDMONE TOL KOGTOVG, TNG KAMUOKOCILOTNTOS Kot TG a&loml-
otiog eivol aVTd oV KaOIGTOVV TOV KATAVEUNLEVO TPOYPUUUOTIGHO TOAD TT0 AkLOTIKO. 'ETot £ouv
0PLOTEL EYYEVAS TAPOUAANAOTOGILLO TTPOYPULLLATICTIKG LOVTEAN KO £XOVV avamTuyOel demapég Tov
EMTPEMOVY GTO TPOYPOUUATIGTH VO VAOTOMGEL TOV 0AYOplOLo TOV, KafdG Kol GUGTNHUATO TO OTOi-
0 LTTOPOVV VOl EKTEAOVV TO TPOYPOLLLLE, KO VO, TOPEYOLY OVOYY] GE COAALOTA, YMPIG KATOL0 EMTAEOV
npoondfela. Eva amd to TpoypopaTioTIKE LOVTELD TOV £XOVV OTOKTGEL LEYAAT ONUOTIKOTNTO OTIG
pépeg pog eivar 1o MapReduce, e 1o Hadoop va givat 1o 0ot a o omoio To vAomotel e amodoTikd
tpomo. To Hadoop, mapodra avtd, uropei va, Osmpndei amidc g éva onpeio ekkiviong, Kabog Eyovv
avantoybel ToAAd GAAa cuathpota, 6mmg to Spark [9] kot to Storm [10], kabéva amd o onoia emi-
YEWPEL VO TPOGPEPEL TO S1KO TOV TPOTO Yio. TNV enelepyacia Twv Asyouevaov ‘Meydhov Agdouévoy’
(Big Data).

Tétowo epyoieio poli pe moAAd GAAa Tov £xovv avamtuyel Kot VT TOV TPOKELTAL VO AvarTTLYHovV
6T0 PEALOV, Hag divouv TN duVaTOTNTO Yo TPDTY POPE Vo eMeEePYAGTOVUE £VOl LEYOAO LEPOG OLV-
TOV TOV OKEAVOD amd dedopéva mov pag meptrpryvpilet. Tétowov gidovg eneepyacio pmopei va pog
mapEyel mAnpoopia, wov Exel tepdotia enidpact otig {wég pag, amd Tov Tpdmo mov (oOLE Kol epya-
{opaote, otov TpOTO OV dlevBivovpEe EMYEPNOELS, TOAELG 1} akOua Kot KuPepvioets. Ot etaipeieg
LUTOPOVV VO YPTGLLOTOICOVV CUTH THV TANPOPOpia Yo v TPOPAEWOUY TACELS KOl GUUTEPLPOPESG
KOTOVOA®MTOV, 0l KUPEPVNOELS Y10 VO YIVOLV TTLO ATOJOTIKES, VO EE0TKOVOUNGOUY YPNLATO, VO EVTIO-
TGOV OmATES, ETE OO KOL VO LOTULDCOVY TPOUOKPOTIKEG eMBEcelS. AKOua, Kol 0 Kabévag amod
eNag Ba umopécel va detl PeATIOGEIC o€ OAOVE TOVG TOUEIG TG CmNg Tov, OTMG GTNV vYEid, OTNV 10~
TPIKN, GTIV OIKOVOUIO, GTNV £PEVVA, TNV EKTAIOELGT), GTNV TPOYVOGT] TOV Kapov, GTOV AbANTIGUO,
OTIG TNAEMOIKOVMVIESG, TN LOdA, OTNV YEmPYio Kot 6€ TOAAOVG GALOVG.

H ninBopa tov epyoieiov mov €govpe onuepa otn ddBeon Hog, PETOTPETEL TNV emeepyacio TOV
TEPAOTION OYKOL dedopévmv o€ pio amin dwadikacio. H mpaypatikny tpoxinen opwmg, dev givar  e-
neepyacio Twv dedopévav auti KabavTr], aAAd T0 ThG T 6edoUEVA LITOPOVV VO LLETAPPAGTOVV GE
ToAOTIUN Yvdor. O Tpomog pe Tov 0moio ta GLAAEYoLUE, Ta enelepyalOUOOTE, KOl TO EPUIVEVOVE
umopet va maigel kpiowo poAo ota cvumepdopata mov KatoAnyovpe. Tig mepiocdTepeg Popés, Ta
dedopéva Tov SLoYEPILOLOOTE MG UTOLOVOUEVEG VNGIOEG TANPOPOPIAG OEV £XOVV VO TPOCPEPOLV Ti-
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nota xpnopo. O TpodTog OUMG LE TOV 0010 0LTE GLVOEOVTUL LETOED TOVG, UTOPEL VOL LLOIG OTTOKOADYEL
TOALG TPy LLOTA, Y10L T SOUN KOt TN QUGN TOVG. Agdopéva Tov S1acvVOEoVTaL [LE S18POPOVE TPOTOLG,
umopovpe va. fpodpe og kKabe gidovg dikTLO, OTMS KOWVOVIKE 6iKTL, GNUACLIOA0YIKA diKTVa, KTV
LETAPOP®V, PACELC YVOGEWDV Kol AAAA. Ta dedopEVE aVTH, LTOPOVY VO GYNLOTICOVY TEPAGTIONS YPA-
(OVG, Ol OTOi01l PETA OO KOTAAANAN emelepyacia, UTOPOVV VO LG TPOSPEPOVY TOAD UEYAADTEPN
KATOVONON TOV SIKTO®V amd Ta omtoio e&nydnoav.

H enelepyacio tov mpoavapepBiviav ypapmv ded0UEVOV GE 16YVPA VTOAOYICTIKA KEVTPa (data centers)
umopet va maiEel onpovTikd poAo o€ TOAAOVG TopElG. AvTd GAADGTE NTOV KOt TO KIvnTpo Yio o Ypa-
YILLO 0VTNG TNG SITAMUATIKNAG EPYACIOG: 1) EDPECT] EVOC ATOJOTIKOD TPOTOL Y TNV EENYWYN YPNOUNG
TAnpogopiag amd dedopéva og popen Ypaowv. H enelepyacio dedopévav mov oynuatilovy ypapovg
glvar kaBopIoTIKNG ONUACIOG GE TOUELG OTTMOC UNyavES ovalITnomNg oL TPOSapUOoVTUL OTIC OTOLT-
oe1g TV ypnotov (personalized information and recommendation systems) Kol GUGTHLOTO AVAAVGNG
KoL AYNG omo@acemv. Ta dE0UEVH YPAP®OY £XOVV GUYKEKPILEVT LOPEN KAl Y1’ 0VTO TO AOYO £YOVV
avantoydel d1dpopa cLGTHUATA Yot TNV ATOdOTIKN Tovg amobnkevon kot eneéepyacio og Cloud v-
modopéc. Mepikd and ta o dnpoein sivar to Google Pregel[11], Google Big Query[12], Apache
Giraph, [13] xou to Graphlab[14].

e T TN SMA®UOTIKN epYacia, EMKEVTP®VOLOOTE KUpimg ota Atacvuvdedepéva Aedopéva (Linked
Data), onAaArn Koppdatio de30UEVOV TOL SMULOGIEVOVTOL GE O1APOPES IGTOGEAIDEG LLE GUVOECELG LUETO-
&V ToVG. Xto mAaioto TG epyaciog avuTie Ba peketricovpe Kot B €YKOTAGTCOVLE VO KOTAVEUUEVO
oVOTNUA Yo TNV eneéepyacio ypaewv, O elodyovpe To dedopéva 6To cOOTNA, O EKTELEGOVLE Ep®-
THLOTO OOLPOPETIKAV EWODV TAV® GE GOVOAN OESOUEVMV SLapOPeTIKOD peyéfong. Ba a&l0A0YHGOVE
TEPOUATIKG TO CUGTNO LETPOVTAG TO YPOVO OTOKPLIOTG TOVE KOl TAC 0VTOG LETARAAAETAL OTAV O O-
PLOLOG TMV VTOAOYIGTIKGV TOPOV AVEAVETAL, OTAV KAVOLE EVOL EPMTN L0 SIAPOPETIKOD EIB0VG, 1) OTAV
T 0E00UEVE, TTOV EUTAEKOVTOL GE EVOL EPMTNLLO TOL 1010V €i60VG elvart dlapopeTikd. XN cvveyela, Oa
TPOYLLOTOTOUGOVLLE T TOPATAV®D GE £VOL KEVIPIKO GUOTI O, MOTE VoL SOVUE AV 1] GUUTEPIPOPA vat
1N 0w, N av draeépet. H ypron evog kevpikoh GUCTAUATOS LLOG EMTPEMEL EMTALOV VA EMPEPAIDCOVIE
TNV £YKLPOTNTO TOV OTOTEAECUATOV TOV SIKOV HOG KOTAVEUNUEVOVY adyopiBpmy.

1.2 AwpOpoon tov Kepévou
To voéhomo Keipevo ™G SIMA®UATIKNG epyociag eival opyavouévo og e&Ng:

Kepdroarwo 2 To kepdroto avtd mepthopfdvel To amapaitnto Bewpntikd vroPpado yio v epyacio
pag. Hapovoidlel to cvotuo kotaveunuévng eneéepyaciog Hadoop, v apyltektovikn tov
Kal 1o povtého MapReduce. EEnyei yuoti To poviédlo avtod eivar akatdAAnio yio dedopéva o
LOPOT YPAPOL KOl HOG EIGAYEL GTO GUGTNHO Kataveunuévng enetepyacio ypaemv Giraph kot
éva o KOTAAAN A0 Y10 TO 0KOTO avTd TPOoypapatioTikd povtéro, To Bulk Synchronous Model
(BSP).

Kepdrowo 3 To kepdiaio avtd mopéyetl pio emiokommon tov Linked Data, Toug Adyovg yia Tovg
07010VG EIVaL GNUAVTIKA KOl 0101 Eival 01 S1BEGLOL TPOTTOL Yol TV TEPTYPAPT KO TNV EXEPD-
on Tovg. EmimAéov mepiéyel mAnpopopia oyeTikd Le ToL S1APOopa EPMTHUATO TOL EMAEEALE VO
viomomoovpe. [eptypdpovral To SlaPOPETIKA YUPUKTNPICTIKA TOV KOOEVOS KoL TOV TPOTO [UE
ToV 0moio ovtd vAomombnkay oto Giraph, ypnoyonroidvtag to Bulk Synchronous Model.

Kepdrorwo 4 To kepdroro avtd meptypdeel To 6THGIUO TOV TEPPEALOVTOC, TIG KdOGELS Tov Hadoop,
Giraph kot Openvirtuoso mov £yKOTOGTNOANUE KOODG KOl TO TAOG TOPOUETPOTOU|CALE T G-
oTOlY{0 TV VITOAOYIGTAOV TOL YPNCLOTOMGAUE 6T TEWPANATd pog. 'Enetta, mapovcidlovral
TO OMOTEAEGLLOTA TOV TTEWPAPATOV poG. ExteAéoapie Ta ida epompata kol oto Giraph Kot 610
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Openvirtuoso. Apyikd, LeAeToae TNV enidpact dlopopav mapopétpmv Tov Hadoop katd tnv
AVTLYPAPT TNG €GOV 0O TO TOMIKO GTO KATOVEUNLEVO CUGTNLLO OPYEI®MV, KOTA TH pOPTOON
TOL YPAPOL Kol KATE TOV DTOAOYIGUO TMV EPMTILATMV. XTN GUVEXEWL, EEETAGAUE TNV EMIOPOOT)
TOV €100VC TOL EPOTNHLOTOC, TNG XPNONG OLUPOPETIKOV GVVOAWV dedOUEVOV MG £16000, KOBMG
NG XPNON SLUPOPETIKMVY GTIYLOTOTMV TOL 16100 TOTOL EPMTNLOTOS GTO YPOVO VITOAOYIGLLOD TOV
OmOTEAEGLOTOC, KOOMG KOl TO TMG KAMPOKADOVETOL TO CVUGTNWE Lag KaBmg 0 aptBudg Tov dubéct-
pov Topmv avéavetat. TEAOG, GUYKPIVOLLLE TO ¥POVO TOL ATOITEITOL Y10 T1 POPTMOGCT) TOL YPAPOL
KOl TNV EKTEAECT] TOV EPAOTNUATOV GTO OVO GLGTIHLATA Kot EMPEPULMCALE TNV EYKLPOTNTA KO
TNV TANPOTNTA TOV ATOTEAECUATOV LOGC.

Ke@drorwo 5 210 KEQAAOO QLTO YIVETOL [LLOL GUVOYT] TOV TPONYOVLEVOV KEQOANI®MY KOl TOPOVGIH-
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fovtan ta cupunepdopata oto onoia kataAnEape. Emmiéov, mapovoialovion LeALOVTIKES Eme-
KTAGELG TTOL B0l Liropohoay va Yivouv MoTe Vo BEATIOGOVLE TO GLGTNIE LAG Ad AToYT ardd0-
ONG KoL AELTOVPYIKOTNTOG.



Kepaiaro 2

OeopnTIKo vaofabdpo

O 1epdoTiog OYKog TANPoPopiag Tov eivar drabéciog oto Tviepver amattel TNV avartuEn KALAK®-
GOV GLCTNUATOV, KAVAOV Vo, eneepyactodV TOV TEPACTIO 0YKO dedopuévmv. o 10 okond avto,
TOALG VEQL GLGTHUATO KAVOLV TNV EULPAVIOT TOVG, £ite omd dmoyn Aoyiopkoy (software) gite amod
amoyn VAo vroroylot®v (hardware). Enuavtikny Tp6odog £xet yivel otn dnuiovpyio TapdAinimv
oAyopiBImV Kot 6TV avanTuén TpoyPaULTICTIKOV TAdciwV (frameworks), evd Tavtdypovo GueTol-
yieg vrepvmoroyiotdv (High Performance Computing Clusters, HPC Clusters), povadeg eneéepyociog
YPOPIKDV Y1 YeVIKOV okomol eneEepyacio (GPGPUs) 1 apyttektovikég moAvvnuotikig dtapotpald-
pevng pviung (multihtreaded shared memory architectures), ETSUOKOVV VoL GUVEIGPEPOVV LLE TO KO
ToVg TpOMO oTNV amodoTikdTepPn enetepyacio Twv dedopévmv. Tlapodro avtd, To KATOVEUNLEVO GV-
otnuata cvveyilovv vo amoteAoVV o KoAvtepn Abon vy v eneéepyocia tov Big Data, kafdg
EMLTLYYOAVOLV VO OVTILETOTIGOVY £Eumval Kol 0modoTkd TN dtaféciun TAnpogopia, ympic vo av&d-
VOUV TNV TOAVTAOKOTNTA TOV TPOYPAUUATOV 7| Vo amortovy eEgtdtkevpévo hardware yio ) yprion
TOLC.

Y10 TAaiclo aVTHG TG SMAGUATIKNG, TPOKELTAL VO XpTGLoTocovpe 10 Apache Giraph [13], éva o-
7O TA L0 OTILOPIAT KOTAVEUNUEVA TPOYPALLOTIOTIKA TAicta (frameworks) yio eneéepyosio ypaemy.
[No va ducaioloynoovpe TNV ETA0YT LG Kot VO EE0IKELOGOVUE TO YPNOTY| LE TIG KUPLOTEPES EVVOLEG
GYETIKA LE TO KATAVEUNHUEVE, GLGTALATO, OTO KEPAANLO VTS B TOPOVGIAGOLLLE TO amapaitnto Oe-
®PNTIKO VILOPAOPO, TEPTYPAPOVTOG TOVG PACIKOVG UNYOVIGLOVG KOl TPOYPOUUATIGTIKG LOVTELD TTOV
YPNCLOTOLOVVTOL GTLEPQL.

Yuykekpipéva, oty evotnta 2.1, Ba mopovcsidcovpe to Hadoop kot Tig Pacikég Evvoleg yopm amod
ovTd. B0 TEPLYPAYOVLE TO TAEOVEKTNLOTA TOV GE GYECT UE TO TAPAAANAO TPOYPALATIONO, Oa TTa-
povcidcovpe to MapReduce, to Tpoypappatiotikd poviélo mov viorolel to Hadoop, kot Ba ddcov-
pe pio Bactkn meptypoen g apyltektovikng tov. H evotnta 2.2, e€nyet yati n tpocéyyion He 10
MapReduce givor pn omodotikny yio dedopéva Ypapmy, T CXETIKN EPELVO TAVM GE QVTOV TOV TO-
péa kot to Adyo mov to Giraph givorl to cvotua g mpotipnong poc. Téhog, n evotnta 2.3, KaAb-
TTEL TIG Pactkéc Evvoleg Yop® amd to Giraph, T0 TPOYPOUUATIOTIKO povTELD oV yproyomotel (Bulk
Synchronous Model - BSP) kait tv avtictotyn apyitekToviKn.

2.1 Hadoop

To Hadoop [15] givar éva mpoypappatictikd mhaicto (framework) avorytod kdduka, VAOTOUEVO GE
Java, to omoia vrootpilel v emelepyacio HEYAA®Y CUVOL®Y OEdOUEVOV GE KATAVEUNUEVO TTEPL-
Bairov. Eumvedotnke and tig onpooievcelg g Google oyeticd pe 1o MapReduce kot 1o d1kd g
ovotnua apyeiov (Google File System, GFS).

[Mopéyet éva kataveunuévo cvotnua apyeiov (Hadoop Distributed Filesystem, HDFS), 1o onoio amo-
Onkevel T 6ed0UEV GTOVC VTOAOYLOTIKOVG KOUPOVGS, TPOSQEPOVTAS TOAD VYNAO PLOUO HETAPOPAC
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dedopévav cvvolkd oto cluster. EmimAéov 1o Hadoop vAomotel éva mapdAinio vTOAOYIGTIKO [O-
vtého, mov ovoudletor MapReduce kot 1o omoio ywpilel v €Qoproyn o€ TOAAL LUIKPE KOUUATIO
gpyaciog, To kabéva amd To onola pmopel va ektedeotel Eava kot Eava og kabe kopPo Tov cluster.

[Tapdro mov To 010 TPOPANUATO LTOPOVY VO, AVOOVV e SLAPOPETIKO TPOTO, OTMG LE TAPUAANAOTO1-
nomn g epapproyng, To Hadoop gaivetor vo amotelel pio todd kodldtepn A0 yio S10¢Qopovs AOYouc:

[Ipotov, katd v tpocmdfela TapaAANAOTOINGNG LU0 EQPUPUOYNG, Ol TPOYPAUUOTIOTES TPEMEL VL
avaidBovv to poipacpo Tmv Sedopuévav, KATL ToL dev eival Tdvta e0KoAo 1 Tpoeavic. Kdmoo aka-
TAAANAO poipacua, LTopel vor 001 YN oEL 68 TUOTO TOAD SLOPOPETIKOD LEYEDOVE Kot TapOAO TOL 0L
dlepyaciec mov £(0VV OAOKANPAOGCEL TO O1KO TOVG KOUUATL TPOG eneéepyacio vapitepa, umopel va givar
wKavég va avaldpovy emimAéov epyacia, 1 OAN extédeon e€aptatal omd To LeYOADTEPO KOUUATL Mia
KaAOTEPN TTPOGEYYIOT), Ba TV VO Yopicove Ta Hedopéva E1GOS0V G TUNHATO IG0V peyEBovg Kat va
avaféoovpe To KaOe TN o€ o diepyacial.

AgbtepoV, 0 GLVOLOGHOG TOV ATOTEAECUAT®V amd aveEAPTNTEG depyaciec umopel va amottel Tepat-
Tépw eneEepyosia.

Tpitov, 1 VTOALOYICTIKY IKAVOTNTO LLOG LELOVMOUEVIC VITOAOYICTIKNG LOVAJOS Elval Teploptopévn, Le
OTOTEAEGLOL VO, EIvVOL AdOVOLTO VO, EYOVILE LEYOADTEPT] TAXDTNTA Y10 CUYKEKPLUEVO GOVOLO OEOOUEVDV
Kol opOpo eneepyactmdv. Avtifeta, 1 yp1 oM TOALUTDOV VTOAOYIGTIKAOV LOVAS®V, LITOPEl VoL 00Ny oEL
G€ TOAD KOAVTEPN OMAS00T LE TN OWOTH PLOULCT] S10POPWV TAPUUETPOV.

Téhog, évag peydroc aplBpdc and cdvora dedopévav, £xel 1oco peydio péyebog, mov gival advva-
TOV Vo enegePyacToVV OE [0l LEHOVOUEVT] VTOAOYIOTIKT HOVAdE, KOOIGT®VTAG avayKaio TNV yprion
TOALDV VTOAOYIGTIKOV HOVAS®V Y1 TV enesepyacio Tovg.

Emopévag, mapdro mov givar £piktd vo maparinromotcovpe v enefepyacia, oty mpacn eivor
TOAVTAOKO. XPNOHOTOIDOVTOG £VOL TPOYPAULATIOTIKO TAaicto cov To Hadoop, To omoio pmopei va
avaAdpet Térolov gidovg Intpata givar Todd peydin Bondela. Ot TPOyPOUUATIOTEG LTOPOLY VO SOV-
AéYOLV GTO KOPLO KOUUATL TNG emeepyaciog TG TANPOQOpiag, EVM TO HOIPOCHO TOV SEOOUEVOV, 1|
KOTOVOLT TOVG KOt 1] TOPUAANAOTOINGT] TOV SIAPOPOV EPYACLDY GE VO KATAVEUNUEVO TEPIPAAAOV,
KaBmg Kot 1 KMUOKOOUOTNTO Kol 1] 0vOY] 6€ GOAALATO VAIKOL Bpickoviol vtd v guBhvn Tov
MapReduce [16].

2.1.1 MapReduce

To MapReduce [17] eivon éva omd ta facikotepa otoyeio tov Apache Hadoop framework. Eivan éva
TPOYPOAULOTIOTIKO LOVTELO Y10 TNV EMEEEPYACTO KL TNV TOPAYMYT LEYAA®Y GUVOL®DY OEOOUEVOV LE
éva mapaAinio, katavenuévo alyopidpo og éva cluster. Agttovpyetl pe to va yopiler v enelepyacia
o€ 000 PaciKéc PAGELS: TN GACT TOV map Kal Tr eAacn Tov reduce. Ot avtictolyec map Kot reduce
GULVOPTNCELG £XOVV TNV aKOAOLOT| YEVIKT HOPON:

map : (k1,v1)— > list(k2,v2)
reduce : (k2,list(v2))— > list(k3,v3)

H map cuvdptnon déxetat og €i60d0 &va {edyog KAEWO100-TIUNG Kot Tapdyel oG €000 o Moo amd
gvotapeca kKAed1d-tipéc. H reduce cuvaptnon d€xetat £va KAEWT Ko Lo AGTo TIL®OVY Kol TOPEYEL JLLOL
Mota amd (ebyn KAed100-TIUNG ®G £€000.

O tHmot v mpoavapepféviav (evydV KAESI0V-TIUNG, ULTOPOVV Va. ETAEYOOVV 0O TOV TPOYPOLLLLOL-
TIoTN Ko propet va etvan drapopetikol peta&d toug. Le kabe mepintwon dpmg, 1 €lcodog g cuvap-
tnong reduce TPEMEL Vo, EYELC TOVG 1O10VC TOTOVC e TNV €000 TG Mmap GLVAPTNONC.

18



o

INo va kévovope To kaTovonto To T yivetain eneepyacia pe ™ forfeio tov MapReduce, propodpie
va kottd&ovpe To Tapadetypa Kortouétpnon Aélewv, 10 omolo peTpdel TG eppavioelg Kae AEENG o€
éva 6UVOLO OO £YYPOQO.

map(String input_key, String input_value):
//input_key: document name
//input_value: document contents
for each word w in input_value:
emit (w, 1);

reduce(String output_key, Iterator intermediate_values):
// output_key: a word
// output_values: a list of counts

int sum = 0;

for each v in intermediate_values:

sum += v;
emit (word, sum);

210 TOPAdELYUa. 0VTO, TO KB £yypao ywpiletal o AEEeLg kot 1 KAOe AEEN peTpdrtal omd T map
GULVAPTNON, YPNOIHOTOLDVTAG TN AEEN ™G To amotédecpa-kAewdi. To framework avalappdvel va cuy-
kevipaoet pali oAa ta {evyn pe To 1010 KAEWT Kot va To TpoPodoTHoEL 6T cuvaptnon reduce, 1) omoio
pe  o€lpd g 0bpoilel O e TIC TIHES OV TaipVEL G €10000, Y10 V. BPEL TIG GUVOAIKEG ENLPAVIGELG
oG TNG AEENG.

H pon tov dedopévav ansucovifetar oto oynua 2.1:

Unstructured e . . .
[ | [ ] (] [ ) (R

( N (" Lorem, 1
q [l 1
Lorem ipsum [
. ps — dolor,1
dolor sit amet sit 1
S v, . e 1
Aliquam euis: IS ™ e
:E:;:L?-I Ht - consectetur, 1
bibendum ultri consectetur » adipislcing, 1
adipiscing elit elit, 1
a1
- y, \ :
Aliguam, 4
bibendum, 2
( . 0 ( Aliguam, 1
Aliquam euismod, 1 nec, 5
euismod lectus - lectus, 1
ut eros ut, 1
" v, " o 1
tortor accums:
f lla id rutrum P -
Integer sit . 7 bibendum, 1
T QT bibendum ultrices, 1
ultrices nec ut - nec, 1
lacus ut, 1
" v, . o 1

Tympa 2.1: Ponf 0ed0UEVOV Y10 EQAPLOYT KATAUETPNONG AEEEMV LE YPNOT TOV TPOYPUUUOTIGTIKOD
povtédov MapReduce [1]

INa v extéleon pog MapReduce gpyaciag, o Tpoypapplatiots amiog xpetdleTal va opicet Tig -
vaptioelg map kot reduce, kot to MapReduce givat vrevovvo yio 6da To vtorouwa. TNy Tpdién OpUwe,
glvatl oNUOvVTIKO va EYEl KAVEIS Lol GTOLYELDON KATAVONGT TOL TPOTOV AEITOLPYING TOV GUGTNLOTOC,

€101Ka ov B€leL va Bertictomotnoet 1o MapReduce mpdypappd tov.
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O\n n dwdikacio areikovifetal oto oynfuo 2.2:

Map Copy "Sort" Reduce
Phase Phase Phase Phase

map task " reduce task
Partition,

sort &

spill to disk 5
Gt T
In-Memory; B .
Buffer - \
.
” merge reduce  S—
S~
o 5
~ merge 7
e T o aisk . )
h j g =
partitions r
- 1

mixture of in-memeory and on-disk data

Other maps

Other reduces

Xypa 2.2: Tpoémog Aettovpyiag TOv TPOYPOUUOTIOTIKOD poviéAov MapReduce

Onwg PAémovpe oty ekdva, 0 Mapper weptlapfavet ta akdAovda otado:

X1aow0 Enegepyaciog Ilpota, n apykn eicodog yopiletar og 1oopeyédn tunpata. To Hadoop on-
pwovpyei P map gpyoacio (map task) yio 1o ka6 Tpupa, T0 0moio TPEXEL TV OPICUEVT OO TO
YPNOTI GLVAPTNOT Yo TNV KAOE £YYPOPT| TOV TUALLATOG.

Y1do10 Spill H ££0d0¢ Tov map ypdeetatl 6e £vay KUKAKO amopovet phiung (circular memory
buffer), mov oyetiCeton pe to kGBe map task. Otav 10 péyebog Tov amopovo, ETaceL £va Ka-
TOEAL (1 TpokaBopiopévn emhoyn gival Eva vijpa wov tpéxel oto vrdPabpo apyilel va tomo-
Oetei(spill) ta mepieydpeva oto dioko, eved TapdAinie To map cvveyilel va ypaeel dedouéva
GTOV QMOLOVMTH HEYPL VO YEPIOEL, OmOTE KOl GTAUATAEL, £0C OTOL 0AOKANPwOEL N petapopd
o710 dioKo.

Xradw Kararpnong Avaroya pe to ov égovpe €va 1| moAld reduce tasks éyovpe xordTunom
(partitioning). ZuyKeKPUYEVA, TPV TO YPAWYILO GTO dioKO £va VLA oV TpEYEL 6T0 VILOPabpo
yopilel Ta dedopéva og TunpoTo (partitions) wov OVTIGTOLXOVV GTOLG reducers 6Tovg 0Toiovg
Ba otarlBovv TeEMKE. MTopovV va VIapxoLV TOAAY KA (Kot ot avTioTolyeg TYES) o€ KaBe
partition, aAAG o1 £yypaég Yo £va omolodnmote KAEWL Ppiokovtan 6Aeg 610 1610. O ¥pNoTNG
umopet va kabopicel tov Tpdmo pe Tov omoio Ba yivel 1 KATATUNGT, YPNOYLOTOIOVTAS T KT
TOV GLVAPTNON YU OLTO TO OKOTO, OV Kol GUVHOWME O TPOETIAEYLEVOC TPOTTOG KATATUNGNG, Lo
ocuvaptnon kotokeppotiopov (hash function) Aettovpyel ToAD KoAd.

21d010 Ta&vounoeng Méca oe kdOe partition, to vijpa ov BpickeTar 6to vVTOPabdpo Kavel pio Taét-
vounon avd kiewdi ot pviun. To tavounpuévo amoTéLecpa TAPEYETOL GTT GUVOVAGTIKT GL-
véptnon (combiner function) av vdpyel, £161 doTE ArydTEp dedopéva va YpAapovTal 6To 61cKo
Ko va petapépovton ato reducer.

Y1ao10 Xoyyoveveng(Merging) Ilpwv olokinpwbei n map Aettovpyia, Ta spill apyeio cvyyovedov-
Tl o€ éva Lovadtkd ta&vounuévo apyeio [16].

O Reducer éyet tpia otdo0:
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Y1adw0 Avrrypagiis To apyeio e£600v Twv map tasks yio kdOe partition, petapépovrot (uécow HTTP
TPOTOKOAOVL) 6T0 PEPOC oL Ppickovrol Ta reduce tasks (eite elvar éva 1 meprocodTepa). Ta
reduce tasks, propet va ypeidlovrarl v €060 amd moAAd map tasks, ta omoia pmopel va pnv
oAokAnpwBovv Tavtdypova. ‘Etotl ta reduce tasks apyilovv v avtiypoaen LOMS TEAEIOOEL TO
KaBéva.

2160610 Ta&vounoeng Otav Exovv avitypagtel OAeg ot E€odot amd Ta map, to reduce task Tig cuyyw-
VEVEL JATNPDOVTAG TNV Ta&vounuévn oeipd.

Xtad0 Meimong (Reduce phase) Ze ovtd 10 otddt0, kKakeitar ) reduce cuvaptnomn yio Kabe Khet-
ot oty tagwvounpévn €£o0do. H ££0d0¢ avtov Tov otadiov ypdeetot Kotevdeioy 610 GVOTHHO
apyeiov, cuvnbwg to HDFS.

Enopévacg, sivat poavepd Tdpa, TG TO TPOYPALOTO TO 0TToid £Vl YPOUUEVA ILE AVTOV TOV TPOTO Elval
gyyevmg Tapaiiniomomoipo omd v Tiateoppo MapReduce. To MapReduce frameowrk dev amauitet
Koo €101KN GuoToLyio VIToAoylotav (cluster) yia TapaiinAionoinon, ahAd umopel va amoteleitan
OO ATAG EUTOPLKA IOV LLOLTOL

2.1.2 HDFS

To Hadoop ypnowponoteitot kuping yio v eneéepyacio peydAmv cuvOLmV dEd0UEVAY, T OTTOL0 G-
vBw¢ Eemepvov TN yOPNTIKOTA LG LEHOVOUEVNG GUOIKNG unyovic. Eropévac, elvar avaykaio va
YPNOLOTOUCOVUE EVOL KATAVEUNLEVO GVUGTNLA apyeiv, To omoio va dwayelpiletor Tnv amodrievon
Oy 6€ VOl LELOVMUEVO DITOAOYIGTY] OAAG GE v OAOKANPO OTKTLO VITOAOYIGTAV.

To Hadoop y'’awto 10 oK0md ¥pnolLomolel £vo KATaveUnUEVO GUGTNHIO OpyEiV, TOV ovoudleton
Hadoop Distributed Filesystem 1 HDFS ko1 pmopei va tpéyel o€ COPTAEYLATO EUTOPIKDY VITOAOYL-
otav [16].

"Eva HDFS cluster £ygt 600 tomovg kOpuPwv mov Aettovpyolv e apyrtektovikn] Master-Slave (Agévin-
Epydn): tov Master Namenode ko éva cuvoro amnd Slaves, to Datanodes, 6nwg PAETOLUE 0TV
gwova 2.3.

To Namenode givon vevBuvo yio T Stoyeipion Tov cvoTHROTOg apyeimv. Atatnpel Eva d€vepo Tov
GLOTNLATOG OpYEi®mV Kol HETOEIOUEVA Y100 OAOL TOL OPYELR KOl TOVG KATAAOYOVG GTO OEVTPO. AvTh N
mAnpopopia amodniedetal povie 6Tov Tomko dicko. Emiong to Namenode yvopilel oo Ppicikovton
oMot Ta datanodes otovg omoiovg etvan amodnkevpéva dha T tupato(blocks) and Eva cuykekpyévo
apyeio. Opwmg dev amobnkevetl povipa tig Tomobesieg TV TUNUATOV AVTOV, Y10TL LT 1| TANPOPOpin
avaxotackevaletal and toug datanodes 60tav 10 CHGTNHA EEKIVAEL.

Amd Vv GAAN pepud, Ta Datanodes glval ol epyATec T0L GUOTHATOG ApyEimV. ATobnKevovy Kot ava-
kTovV blocks, 6mote Tovg {ntndel kau divovv avagopd 6to Namenode avd TaKTd ¥pOVIKE SLOGTH LT
ue o Aiota omd ta blocks mov amobdnkevouy.

To HDFS pmopei va givor moddtipo oA dev givar katdAAnio yio ke gidovg spapuoyn. Amoteiel
pio omd TIg KOADTEPES EMAOYEG, OTAV EYOVLE VO OL0EPIOTOVUE TOAD PEYAAa apyeia TG TAENS TV
eKotovtddowv giagabytes, terabytes 1 kot akopo peyorvtepa. Opmg ivatl axotdAAnio oy mepintmon
TOAL®V LUKPOV opyeimv, kabmdg To Namenode gival voypempuévo vo S1oTnpioeL To LETUOESOUEVO TOV
GLGTNHATOG apyei®V 6T pviun Tov, BETovTag £161 éva dplo otov aplfud Tov apyeio mov pmopodv va
VIAPYOLV.

EmimAéov, ypnoyomoteital to poviého WORM(Write-once, read-many), To onoio onpaivel 6Tt elvan
KATOAANAO LUOVO OE TEPUTTAOCELS TOV £V GOVOLO OESOUEVMV AVTIYPAPETAL GO TNV TNYN KOl OTN
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HDFS Component Process Flow

HDFES Nam: r

Heartbeat and Status Updates
From DataNode to NameNode

-

Client Application Read, Write,

Locate Request

o
MNameNode Reply: List of Servers
And Relevant Data Blocks
Client Application Data Block
Manipulation Request

>

MameNode Reply: Block Data If Read
Status Otherwise

DataNode to DataNode Block
Replication of Data

<] fc) 2014 Broomfield Technology Consultants. All Rights Reserved.

Xyfpa 2.3: HDFS Architecture [1]

GULVEYELD TOAAES EMUEPOVS AVOADGELS YIVOVTOL GTO 1010 GUVOAO SESOUEVOV LIE TNV TTAPOSO TOV YPOVOL
Kol Oyl O€ TEPMTMGELS OV amorteitan dpueom tpdcsPacm ota dedopéva.

Térog, Ta apyeio oto HDFS ypdpovrar and pio pévo mnyn, poévo oto téAog tov apyeiov ‘Etol, dev
UTOpovV Vo, Ypdpovy moAloi Tavtdypova 1 va Kdvouv oAlayég o€ omodnTote onpeio tov apyeiov,
Tapd LOVO Vo KAVOLV TTPoGONKeS 6TO TEAOG.

2.1.3 Apyprextoviki] Tov Apache Hadoop - Apache Hadoop YARN

To Apache Hadoop YARN [2] eivat éva 60GTNO TTOL ¥PNGULOTOIEITOL Y10 TOV TPOYPOUUATIGUO TMV
EPYACIOV Kot TN dlayeipton tov woépwv tov cluster, N apyITEKTOVIKN TOV 0TOioV ameEKoVILETOL GTO
oynuo 2.4.

H Bepeiidong 10éa tov YARN givat 0 yopiopog Tmv AEITOVpYLOVY TG SLXEIPIONG T®V TOP®V KOl TOV
TPOYPAULOTIGLOV/TapakoA0VONoNG TV epyacidv o€ Eeymplotong daipoveg (daemons). ‘Etot éyov-
pe €va kevipikd daxelploty nopwv, tov ResourceManager (RM) kot évav vevbuvo yio Tig epap-
poyéc, tov ApplicationMaster (AM). v ékdoomn tov Hadoop mov ypnoyoromoape, to poAO ToV
ResourceManager ka1 tov ApplicationMaster maiCovv o JobTracker ko TaskTracker avtiototya.

JobTracker O JobTracker [18] eivar 1 dtemapn peta&d (o epapuoyng TEAATN Kot TNG TAATQOP-
pog Hadoop. Etvar n vinpesio tov Hadoop mov odnyetl 11g didpopeg MapReduce epyacieg oe
GLYKEKPIUEVOLG KOUPOLG, 100VIKA GE 0LTOVG TOV £X0VV TO. dedOUEVH 1 TOLAdYIGTOV Ppiciovtal
Kovtd o€ avtd. Me v vmofoln pog epyaciog oto Hadoop cluster o Jobtracker eivat vmehBuvvog
Yo va emkovevioet e To Namenode, ®ote vo kKobopicel Tov Ppickovat ot Stipopeg Opddes
oedopévav Tov apykov apyeiov e1cddov, va Bpet motot ivar ot TaskTracker kdpPor pe d1abé-
oeg VTodoyég (slots) kovtd ota dedopéva, Kal va, avabESEL TNV EPYNGio. GTOVE EMAEYUEVOVG
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MapReduce Status ——»
Job Submission ------ -
Mode Status

Resource Request --........

Tyqpo 2.4: Apyrtektovikn Tov Apache Hadoop YARN [2]

KOpPove. Metd v vrofoin g epyasciog otovg TaskTrackers, avtol mapakorovBodvtar, dote
Vo, YIVOUV 01 aopoiTnTES EVEPYELEG OE TEPIMTOGT| OTOTVYIOC.

TaskTracker Xe ka6e Hadoop cluster pali pe tov DataNode, Eekivdetl kot pia diepyacia, mov o-
voualeton TaskTracker, og kafe xopuPo tov cluster tomov amobnievovrar dedopéva. O kébe
TaskTracker pvBuileton pe éva cuvoro dabéciuwv vwodoymv (slots), o omoiog VTOdNAMVEL TOV
apBUo TOV EPYUCIAOV TOL UTOPOVV Vo EKTEAESTOVV mapdiinia. Otav o JobTracker tpocmofel
va Bpet Tov Bo voPdAdel po epyacia, EMOIDOKEL TPOTO Vo Bpet o StBEGIUN VTTOd0YT| GTOV
010 server 6mov Ppicketarl o DataNode mov mepi€yet ta dedopéva.

2.2 Enelepyaociov ypdemv pe o MapReduce

€ auTN T SIMA®UOTIKY EPYOCT0 EMKEVIPOVOLAGTE GTNV avaAvon TV Aladvvdedepévav Asdopévev
(Linked Data). Ta Linked Data, £xouv to yapoktnpiotikd Ott givol tepdotia o€ péyedog Kot Lropodv
VoL GYNLOTIcCoVY TEPAGTIONS YPAPoLs. Emopévmg, yia v eneéepyacio Toug, mpémet vo Adfovpe voym
LLOG KOl TOLG 800 avTovg Tapdyovtes. Ommc £ovpe NON AVOQEPEL, 1) ETEEEPYOTIN TV LEYAA®DY O£00-
UéEVeV, umopel va yivel ebkoAn Kot amodoTikd pe Ty fondeta g TAateoppog MapReduce, n omoia
TapEYEL VoL ATAO Kol 1IoYVPO LOVTELD, TO OTOI0 EMITPEMEL GTOVE TPYPULUUATIOTES VO KATOOKEVAGOVY
TAPAAANAOVE, KAMUOKDGIHOVS GAYOPLOLOVS, TKOVOUG VO TPEEOVY GE CUTALYLOTO EUTOPIKDV VITOAOY1-
otov. [laporo avtd, 1 yyeVg LOPON ALTOV TV dedouévav kabiotd to poviéaAo MapReduce aka-
TAAAN 0.

Ievikd, ot alyopBpol yuo tnv encéepyocio ypaewy eivol exavainmtikol kot yperdlovtot va dlooyi-
covv 10 Yphpo pe kamowo tpomo. To MapReduce Movtého opmg, dev mapéyet apesn vmootipiin
Y0 TV OVAADLOT) EPYACLOV TAV® GE EXAVOANTTIKG dedOpEVA. AVTi Y1 avTd, O ¥POTEG KAAOVVTOL VO,
oYEO1ACOVV ETOVAANTTIKG TPOYPAUILOTO, LE TO VO, VO GUVIEOLY 0AVCIOMTA ToALamAEC MapReduce
gpyocieg kot vo kaBopilovv v eKTEAEGT TOVS XPNGLOTOIDOVTOS £V TPOYPOUUUA-0ONYO. AVTY| 1| TpO-
G£€YYIom OU®G OV elval KATAAMNAN Yo eneEepyacia YpAemVY, KOOMG OmALTEL TO TEPAGLLO OAOKANPNG
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NG KOTAOTANG TOV YPAPOL amd TO Vo GTASI0 OTO EMOUEVO, KATL TO OO0 EKTOG GO TNV OVAYKN
Y10 GUVTOVIGHO TOV PudTov pog aAvcdwtig Mapreduce epyaciag, omaitel ETTALOV ETKOVOVIO
KaBmg Kot T0 avTioTorY0 KOGTOGC GEIPLOTOINONG.

[Toapd tovg mapamdve Teploptopos, ToAAEC BipAtodnKkeg yio Ty enelepyacio yplomy Exovv dnpovp-
ynOei Bacilopeves oto MapReduce e€attiog tng tkavotntdg tov va tpéEovv a&lomiota og teptPailov-
Ta mopaymyNs. Emavainmrikéc mhateopues otn popoen tov MapReduce poypaploTioTikoy LOVTEAOD
&yovv gpevvnbei oto Twister[19] kot oto Haloop[20]. ITaporo avtd, avtéc ot Tpoceyyicelg Tapoé-
VOLV [N 00d0TIKEG Y1 emegepyacia YpAe®V, Yoti 1) 0modoTKOTNTA TV VITOAOYIGH®Y YPAP®V £E0p-
Tdtol o peydAo Babpod amod ta dikTvo, ol ot SOUES YPAP®OY CTEAVOVTOL LETOED TOV ENTEEEPYUCTMOV
UEC® SIKTOLOL UETE 0o KAOE ETAVIAN Y.

Evo peydio mAnBog amd to dedopéva mapaptévouy apetdfAnta ond emaviinyn ce emavainym, o
dedopéva mpémet va poptdvovton Kot vo eneEepyalovior Eava o€ kGOe emavainym, odnydviag o
onatdin Tov povadmv E1cddov/EE6dov (I/0), tov vroloyiotikdv topwv Kot tov bandwidth tov 61-
KTOOV.

210 oo 2.5 umopoLE va OOVLE TO TOPATAVE® YopaKTNPLoTkd Tov MapReduce:

Tympa 2.5: AAvoidwt covdeon epyaciov MapReduce

Mo v eniivon tov mpoPfAnuatog mov tapovoidletar oto Hadoop xatd tnv emeepyasio ypapov
AGY® NG OPYLTEKTOVIKNG TOV GLYKEKPLUEVOL GLGTILOTOS, OAPOPO KOTAVEUNUEVE CLUGTILLOTA Y10l
eneEepyooio ypapav £xovv gloaybel. vykekpiuéva, to 2010, 1 Google mpwtondpnce 6g VTV TNV
mepLoyn He v elcaymyn tov Pregel [11], og pia kMpakdoym tAatedpua yio Ty vAoroinor akyopio-
pnov ypaeov. To Pregel akolovBel (o mpocéyyion, faciopuévn yopw amd tnv kopuen (vertex-centric
approach), Tnv omoia eumvedoTNKE A6 TO TPOYPAppOTIoTIKO povtédo Bulk Synchronous Model(BSP)
[3], 6mov ta Tpoypdppate €ival VAOTONUEVO MG [l aAiniovyio eravainyemv. To Pregel otoyed-
el ot pofwn enegepyacia (batch oriented processing), Tpoypatonolel OAOLS TOVG VAAOYIGHOVS GTN
Uy, TpEYXEL TN 1K1 TOL LTOdOUN Kot 0KoAoVOEL apyltektovikn Master-Slave.

Avotuydg, o Tyaiog kddwkag Tov Pregel oe dnpocionomfnie. To Apache Giraph oyedidotnke yio va
oépeL TNV emeepyacia Ypaewv PHEYEAANG-KAILOKOC GTNV KOWOTNTO avOLyTOV AOYIGHKOD, Bactiopevo
010 povtédo Tov Pregel, evd mapdAinio TopEyel T SuVATOTNTO VO TPEEEL GTNV VILAPYOVGA LITOSOUN
tov Hadoop.

Ext6¢ amo6 to Giraph, acvyypova LOVTELN VTOAOYIGLOV YPAP®V £XOVV TPOTAOEL 0€ GLOTHUATL OTWS
7o Signal Collect [21], to GraphLab [14] kot to Grace[22]. O ac0yypovog vTOAOYIGUOS YPAP®V £xel
detytel OTL GLYKMVEL TTLO YPTYOPQ Y10 KATOLEG EQUPLOYES, OUMS TAVTOYPOVO TPocshETel aloon el
TOAVTAOKOTNTO GTO GOGTNILO KOL GTOV TTPOYPOUUATIOTH. AEV VITAPYEL EMOVIANTTIKOTNTO, 0LPOV O K-
O alyopBpoc yperaletal edko YEPIoUO, LE OMOTEAEGLA VO VOl TOAD SVGKOAOG O EVIOTIOUOG TMV
AaBoV, KabmG Kot To av avTd BPICKOVTOL GTNV DTOSOLT TOV GLGTHLOTOG 1] GTOV KOJIKA TG EPAPUO-
MG, AKOUN, N AcHYYPOVN GVOT TOV aAYopiBL®mY pmopel vo 00N YNGEL GE TEPAGTIEG OVPEG LITVOUATOV
Y10l KATOLEG KOPLPES, 0ONYDVTOG GE TPOPAUOTO EALEWYNG LVANG.

2.3 Giraph

I"a 10 oKomd aVTAG TNG SIMAGUOTIKNG epyaciag TpoKeELTOL va yprciponoticovpe to Giraph [13]. Ap-
yukd Oa Teprypayovpe to BSP vroloyiotikd povtélo, 1o omoio vAorotel to Giraph, énetta 6o mapov-

24



G1AGOUE TOV TPOTTO AELTOLPYING TOV KO TO AOYO IOV TO TPOTIUNGAUE OVAUESH GTO VTTOAOUTA S10OEGTLAL
frameworks.

2.3.1 To wpoypoppotiotiko povréro BSP

Eivar eppavéc 0t1 otig pépeg pog, pe ) paydaio adéEncn Tmv dES0UEVOV KOl TOVG VTOAOYIGLOVS TOV
0T GUVETAYETAL, Ol GEPLUKOL aAyOp1Bpot dev givar Bidoun Adon. I't’avtd o tedevtaia ypovia £xet
npotabel évag peydhog aplBpog and mopdiinia poviéra, omowg SIMD (Single-Instruction Multipe-
Data) maporlinAiopod, coyypovr amoctoAn unvopatog (synchronous message passing), Aoyikog wpo-
YPOUHOTIOUO, peimon TV Ypaemv (graph reduction), Kot S1opop®V E0GV EIKOVIKAG S10LO1PalOHEVTS
pvnung, Baciopévn og kpuen pvnun (cache-based virtual shared memory). [Tapodio mov kaBepio and
OVTEG TIC TPOCEYYIOELS EXEL TO OIKA TNG TAEOVEKTNLOTAL, Ol TEPIGGOTEPEG AMO AVTEG GTEPOVVTOL KOl
oMk g epappoy”ns, N KabiotoHv ToAD 0UGKOAO va, emitevyDel petapepodTTa Kol 0mdd0oT. AVTEC
7ov Bacilovtal 6To TéEpaca UNMVOUATOV Elval averapkn eEattiag TS TOAVTAOKOTITAG TNG ONLOvp-
yiog TV coot®v (evydv emkovmviag (AmosToA Kot Aqymn) o€ HEYEAO Kot TOADTAOKO AOYIGUIKD,
00N YOVTOG TOALEC POPEG TO GVOTN O O Ud1EE0DO.

To Bulk Synchronous Parallel (BSP) and tv dAAn, ivor ToAD S1apopeTikd omd TIG TPOUVOPEP-
Osioeg mpooeyyioeic. [Ipocpépel évav TpoOmo Yo To oXeSOOUO KOOOAK®DVY, KALOKOCIU®OVY, TANPOC
UETAPEPCILMY TPOYPUUUATOV, TO. OTOL0L LTOPOVV VA, TPOSPEPOVY LYNAN 0mdd00T e TPOPAEYILO
TpOMO, Gg KABe YeEVIKoy okomol mapdAinin apyitektoviky. EmmAéov emrpénel v opHpotnta tev
TOPAAMNA®Y TPOYPALIATOV Vo, KobopileTor pe tpdmo, €£lcov amAd LE OVTOV TOV GEIPLOKDOV TPO-
ypopupdtomv. To kAWl yio Trv KoBOAIKN TOV EQUPUOYN OVAUESH GE OAO TO PAGHE. TNG TOPAAANANG
OPYITEKTOVIKNG, EIVAL TO YEYOVOC OTL AmocuVoEel 000 BepelMddelg TTVYES TOV TOPAAANAOD VITOAOYI-
GLOV: TNV EMKOVAOVIQ, KO TO GUYYPOVIGLLO.

To BSP wpoypoppatioTikd povréio

‘Eva. BSP ooty aroteleitol amo:

1. pnyovég kaveg yio v enegepyacio kaun cuvailoyég tomikng pvnung (local memory transactions)
(1. emekepyaoTéc)

2. éva 6ikTvo T0 0Toi0 dpopoAOYEl PNVOUATO LETOED (EVYDMV TOV TAUPAUTAVEO UNYOVAY Kol

3. o €YKOTAGTOCT VAIKOD TTOL VO EXTPETEL TO GLYYPOVIGLO OA®V 1] EVOG VTTOGUVOLOV/LEPOVS TV
TOPATAVE LUNYAVOV.

To mapondve evkodo PeTOEPALETOL MG EVOL GUVOLO EMEEEPYACTMY, Ol OTTOI0L UTOPOVV VO KOAOLOT-
oLV J10POPETIKE VIILATO, VTOAOYIGHOV, e TOV KaOe eneEepyaot va ival eEomMopévo e ypiyopn
TOTIKY] VAN Kol vo, dtocuvoéetar pe €va diktvo emkowvmviag. 'Evag BSP alyopiBupog Paciletorl oe
peyddo Babuod oto tpito yapakTnplotikd. O VIOAOYIGUOG YiveTal e P oelpd amd Kaboiucd Prpota
7ov ovopdlovrtat supersteps, [e 1o ke superstep va yopiletal tepaitépm o€ Tpia 6TAdN, ATOTEAOD-
Leva, amo:

1. Zoyypovog vworoyiopog o kibe emeepyaotng PmMopel Vo EKTEAEGEL TOTIKOVS VITOAOYIGHOVG,
.Y M kGBe diepyacio umopel va PTOLLOTOIGEL TIG TIHEG TOL BPICKOVIOL GTN YPIYOPN TOTIKN
pvnun tov enegepyaotr|. Or vToAoYIGHOT YivovTol acVYYPOVA Kol LTOPEL VO EMKAADTTOVTOL LLE
TNV EMKOWVOVIL.
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2. Emxowovia Ot diepyacieg avtoldocovy dedopéva Leta&d Tovg yio Tr SIEVKOAVVGT TG dL-
VATOTNTOG OTOUOKPVUGIEVIC OMOBNKEVLOTG OESOUEV®V. ATOUAKPVGUEVIG ATOBNKEVOTG OEOOLE-
vov.

3. Epmodro cvyypoviepov(synchronization barrier) Otav pio diepyacio ¢tdost 6to synchronization
barrier, Tepiuével péypl OAEG 0L VIOAOITES SlEPYACIES VO PTACOVY G AVTO.

H amewcdvion evdg superstep Ppicketor oto oyfua 2.6.

Processors

Loeal
Compulation

Communication
- |
Synechrmonisation

Xympa 2.6: Superstep [3]

2.3.2 Tpomnog rertovpyiog Tov Giraph

To Apache Giraph &ival éva TpoypOUUOTIOTIKO TAOIGLO Y10 EMOVOANTTIKY EXEEEPYACIA YPAP®V.
Amotelel pia yohapn viomoinon tov Pregel tg Google kot ypnotiponotei tnv MapReduce viomoinon
tov Apache Hadoop dote va enelepyaletatl ypaeovg, 0nmc PAETovpe 610 oynpa 2.7.

Giraph on Hadoop / Yarn

MapReduce YARN |

( Hadoop J Hadoop | Hadoop | Hadoop ‘

0.20.X 0.20.203 1X 2.0.X

Yympa 2.7: Xpnon tov MapReduce an6 to Giraph [4]
AwncOnrikd, otav oyedialovpe évav oaiyopBpo oto Giraph, tpénet va axoiovBovue T Aoyikn ‘Xié-
yovu cav kKopven’ (‘Think Like A Vertex’). O alyopBudc pog exteleiton amd Kabe Kopuer| tov ypd-

@ov, N omoia yvopilel ™ dIKN TG KATAGTOGN, TOVG YEITOVES TG, UTOPEL VO GTEIAEL UNVOLLOTO, O
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0TOLOONTOTE GAAT KOPLPT| GTO YPAPO YpMoILoTolOVTaG To BSP poypappatiotikd povtéro, pmopel
va dNADoEL TOTE TEAEIDMGE KOl VL AAAAEEL TV TOTOAOYI TOV YPAPOV.

H &icodog oto Giraph givat évag ypagog Tov anoteAeitol omd KOpueEG Kot aKIES, Kabe pio omd Tig
omoieg £xetl T O1kn g Tun. Emopévmg n eicodog dev kabopilel Loévo tnv Tomoroyio ToV YpaEov oA
KOl TIG OPYKEG TILES TV KOPLODOV KOl TOV OKUAV.

Y10 Giraph, ta cvotipata eneéepyaciog Ypaemv eKPpaloviol ¢ e akoAovdio ETavaANYe®Y TOV
ovopalovtat supersteps. Katd tng didpkeia evdg superstep, 1o cuotnpa Eekvael Tnv tpokabopiopévn
amd to yprotn cuvdptnon compute() yio Ty KaBe Kopve1|. Ot Tpokabopiouéves GUVAPTNGELS ATO TO
xpot Kabopilovv T cupmepipopd pio Lovadikng Kopueng V kat evog povadikov superstep S.

H pébodog compute:

o AapPavet kot dtaPdlet To unvOLOTO TOV GTAAOMKOV GTNV KOPLOT KOTA TO TPOTYOVLLEVO superstep
S-1.

® KOVEL VTOAOYIGLOVG (PN CILOTOIMVTAG TO UNVOLOTO, KO TIG TIWES TMV KOPLO®OV Kol TV e&ep-
YOLEVOV OKUADV, TPAYLLO TOV UTOPEL Vo Vo, 001y OEL GE OAAAYEG OTIG TLULES, KOt

e umopei vo, oteidel unvopoTo o€ AAAEG KOPVPES, Ta. omoia Aapfdvovtal amd ovTéG GTO ETOUEVO
superstep S+1.

H pébodog compute dev €xel dpeon TpocPacn oTig TYES TOV AAADY KOPLPADV Kol TOV EEEPYOUEVOV
aKpov Toug. H emkowvmvia peta&d tov kopuedv yivetal otéAvovtag pnvopata. To pnvopota autd
oLVNO®G GTEAVOVTOL KOTA KOG TV eEEPYOUEVOV OKUDV, OALG TO TPOYPOALLO UTOopEl Vo oTeilel
éva unvopa o€ Kabe Kopue1 e yvootd avayvoplotikd (VertexID). Katd kovova, kdbe superstep
OVTITPOCMTEVEL OTOUIKEG LOVASES TAPAAANAOV VTOAOYIGUOV.

Meta&0 dvo cuveyopevmyv supersteps napepfaileror mavro évo epunddio cuyypovicpov (synchronization
barrier): Mg avtd gvvoovpue OtL:

1. To umvopata mov otdAdNKav 6T TAPOV superstep Ha PTACOVY GTOV TPOOPIGUO TOVG OTO EMO-
Hevo superstep, kot

2. 0l KOPLPEG UTOPOVV VO 0PYIGOVV TOV DITOAOYIGHO TOV ETOLEVOL superstep, Lovo epOGoV KGOE
oK €xel OAOKANPDOGEL TOV DITOAOYIGHO TOL TMPIVOL Superstep.

O ypaog pmopel va aAAGEEL KATA TN S1APKELD TOV VITOAOYICUOV UE TNV TPoctnkn 1 Vv apaipeon
KOPLP®V 1 aKU®V. Ot TIHEG SoTnPOoVVTOL OVALESO GTO GTLEI CLYYPOVIGLOV. AVTO oMpaivel, OTL T
TN kaBe Kopueng N akung katd To Egviivnpa evog superstep eivat 1 1810 pe v avticToyn TN 610
TEAOG TOL TPOTYOVLEVOL superstep, OTav 1 ToToAoyic Tov YPAapov dev £xel ahlayDel.

To Giraph gpoappolet to povtédo Master-Slave 6mov o kOppoc mov mailet To poAo Tov Master avabétet
TUNLLOTA TNG 16000V 6TOVS KOPovg Tov ailovv To poro twv Slaves, cuvtovilel To cuyypoviouo, {n-
T4 onpueia gELEyyov, cuvabpoilel T1g TIHEC TV cuvaBpoloT®V (aggregators) Kol GUALEYEL KOTOGTAGELS
vyelag (health statuses). ['la to cuyypoviopd ypnotponoteiton o Apache Zookeeper [23]. I'evikd, ta
apoypaupota Giraph tpéyovv wg epyacieg Hadoop ywpic tn @don reduce. Zvykekpiéva, to Giraph
a&1omotel To KOpUATL TPOYPAUpHOTIoHOD epyactdv tov Hadoop pe 1o va tpéyetl Slaves g €181kon
mappers, ol 0Toiol EMKOIVOVODV HETAED TOVG Y10 VO TOPUOMGOLY UNVOLOTO LETAED TV KOPLO®OV
KO VO GLUYYPOVIGTOOV LETOED TV supersteps.

Kotd v ektéheon tov mpoypapUaTos, TO GOVOAO T®V KOPLP®OV TOV Ypdpov, ywpiletal o emipé-
POVG TUNHLATO, TOV potpalovtal 6tovg epydteg (workers). O TpokaBoploHEVOG UNYOVIGUOG XOPLGHOD
(partioning) €ival [ GUVEAPTNON KATOKEPUATIGUOD, OLLMG VIAPYEL 1| SLVATOTNTO VA, PN CLLoTotn el

27



Kot TPOKABOPIGUEVN OTO TO YPNGTN GLUVAPTNON. XTO TPMTO SUPETStep TOL TPOYPALLOTOS TOV EKTE-
Agitai, 6OAeg o1 KOpLEEG elval evepyés. H kdBe kopuemn Umopel va ameVEPYOTOGEL TOV EQVTO TNG LLE TO
va yneioet va otapotnost (vote to halt) kot Tapapével avepvepyn og Kabe superstep mov akoAovdet,
eKTOG KL oV AdPet kdmoto pvopa. Avti 1 dadikoasio cuveyiletor Héypt OAEG 01 KOPLPEG VOL UMV EYOLV
UNvopoTo vo 6TEIAOVV Kot Vo YiVOuv avevepyEG, OmOTE KAl GTOUATA 1 EKTEAEGT] TOL TPOYPALLUOTOG.
H B¢ kopoven €xel og €060 Kdmo1o tomikd vroAoyioud, o onoiog cuVNBWS etval 1 TEMKN TN TG
d10g TG Kopueng. H kdBe punyavn mov Kavel KAmoto vroAoyiopd, S10Tnpel TI OKUEG KOl TIG KOPUPESG
OTN UVAUN KOl YPNCIUOTOLEL LETAPOPEG SIKTLOV UOVO Y10 TOL UVOUOTO. LUVETMG, TO LOVTEAO OVTO
Toplalel amOALTU GE KATAVEUNLEVEG VAOTONGELS, EMELON OV TEPIAAUPAVEL KATOIO UNYOVIGUO TOV
va evromilel Tn 6e1pd TG EKTEAEGT|G KOTA TNG OLAPKELN EVOC superstep, Kot OAN 1) exkovovia yivetot
omd To superstep S oto superstep S+1.

H pon dedopévy 610 Apache Giraph aneucoviCeton 610 oynua 2.8:

Apache Giraph data flow

Loading the graph Compute / Iterate Storing the graph
Input Inrmemary : Oukput

format format

-,

\
o)

Compute/
Send

B Parto

B Parti

(Wurker

splits 7|

¥ ¥
e
_,.-———-.._‘“
{ Workera
—

Send stats/iterate!

yqpo 2.8: Pon Agdopévev oto Apache Giraph [4]

210 oynua 2.9, pmopovpe va doVE TAC YIVETAL 0 VTOAOYIGLOC TG LEYIOTNG TIUNG 6To Giraph. Ot dio-
KEKOUUEVES YPOUUES ival TaL UNVOLLOTO KO Ol OKLOGIEVEG KOPLPEG eival avevepYES. Apyikd, OAES o1
KOPLPEG elvat evepyEg Kat 1) KaBepio GTEAVEL TNV TIUNG TNG OTOVG YEITOVEG TNG. XTO ETOUEVO superstep,
1N ka0 KopLP LTOAOYILEL TN PEYLOTN TIUN LLE TO VO GLYKPIVEL TIG TIUEG O TOL ELGEPYOUEVE UIVOLLOTOL
UE TN S1KN TNG. ZTNV TEPIMTMOT TTOL 1) SIKN TNG TN Elvar 1 LEYOADTEPT|, OTAUOTAEL ALOPOPETIKG, OLV-
TIKOIOTA TV TN TNG KE TN HEYLOTY TN oV €xel Bpebel péypt Tdpa, Kot T 010610el 6TOVG YEITOVES
. H {010 dwdikacio cvveyileton péypt OAEG 01 KOPLPEG VAL YIVOLV OveEVEPYES.

/@
\

Superstep 1

Zypa 2.9: [oapdaderypo Extéleong oto Giraph - YroAoyiopudc Méyiotng Tung [5]
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2.3.3 Adyog potipnong tov Giraph

Yrdpyovv moAroi Adyot mov potunoape to Giraph £vovit Tov GAA®V GUCTNUATOV Yo entepyacio
Ypaewv, Apyikd, og avtibeon pe to cvotnua Pregel, ivar avoiytold kddka kot tavtdypova givor
KOAQ TPOGOPHOGUEVO Yo eneEepyacio Ypdewv. Ot pepovopévol VTOAOYIGHOL YivovTol ot pviun,
TN pel TNV KOTAGTOCT TOV, KOl GTEAVOVTAL LOVO Ol evalapeses Tipéc. O diokog ypnoionoteital povo
KaTd TN O1dpKeLo TG €16000v, TG €000V Kot TV onueiov eAéyyov (checkpoints), oe avtiBeon pe
Kkémoto MapReduce mpoypayppa, éwov omatteitol TpdoPacn e avTOV TPV Kot LETA amd KAbe map Ko
reduce task. EmnAéov, o mepintwon mov 1 amontodpevn pvhiun Eenepdoet To Oplo TOV GLGTHILOTOG,
umopel va SOLAEYEL KO [LE TN YPTOT TOL ICKOV, MOTE VO, U1V OITOTVYEL O VITOAOYIGLOG, £XOVTOC OLLMG
younAdtepn anddoon. Eniong, eivar and to Aiyo cvetipoto eneéepyaciog ypdowv mov vrootpilovy
oAy TNG ToTOAOYi0G TOL YpAgpov (graph mutation).

Ext6¢ amd ta mpoavapepbévta yapaktnpiotikd tov Giraph, éva mold peydio mheovékTnua givat 0Tt
givar TMpwg evoopatopévo pe to Hadoop. Ta v axpifeta, a&romotei to 100% g vadpyovcog
vrodoung tov Hadoop, e amotélecso vo ETO@EAEITOL KoL 0O TOL TAEOVEKTILATO TOV TPOEPYOVTOL
a7to TN (PO TOV, OTMG 1] AVOYN GE CRAALATA VAIKOD KOl 1) KAMUOK®OGIHOTNTA. AKOUN, 1] EXKOVOViL
7ov givon Baciopévn oto pnvopato, odnyel oto va un ypswldpacte locks, evd to synchronization
barrier ko016Td pn avaykaio tn ypnon onuaedpmv. Télog, eivar TOAD To andd amd To AcLYYPOVA
HOVTEAQ, £VOG TOAD OTILOVTIKOG TAPAYOVTOS Y10 TOV EVIOTICUO KoL TV OVTLLETMTIOT COUALAT®OV GE
LEYAAEG GVOTOLYIEG VTOAOYIOTAV.
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Kepdararo 3

Kotavepnuévn enelepyocio epOTNUATOV 6€
AloovVoEOENEVE ASOONEVD,

Onwg avagépape 010 kKePdAao 1, 0 KOPLOg GKOTOG VTHG TG SIMAOUATIKNG epyaciog gival vo o-
ELOTTOCOVLLE TNV IKOVOTNTO TMV KATOVEUTLEVOV GUGTNUATOV Y1, Yp1yopn encéepyacia ypdowy, va
glodyovpe peBOS0LE Yo TNV ETIALGOT S10POPOV EWDOV EPOTNUATOV TAV® GE dEG0UEVH YPAPOV OE
tétoln cvothpata (m.y. Apache Giraph) kot vo peAetcovpe TV anddoon TG KUTAVEUNIEVNG ETE-
Eepyaoiog TETOIOV EpOTNUATOV.

e avTo 10 KePAAao, Ba meprypayovpe ev cuvtopia ti glvar To Atocuvoedepévo Agdopéva, Tovg Tpo-
TOVG OV €VOEIKVLVTAL Y10 TN SNUOGIEVOT] TOVG, TO LOVTEAD TTOL YPTCLOTOLEITAL Y10l TNV TEPLYPOPT|
TOVG, TOVG VIAPYOVIEC TPOTOVG GELPLOTOINOTG Kot Tr YADooo epetnpdtov SPARQL. Tt cuvéyela,
00 avaPEPOLLLE TTOL0 GUVOLL OEGOUEVMV YPNCULOTOIGALLE Y10 TO EPMTHLOTA LG Kol B0, ETIKEVTPO-
Bovpe oV el60y®YN ATOJOTIKOV LEBOSOAOYIDV Y10 TNV EXIAVCT] OVIUTPOCOTEVTIKAOV TOMV EPM-
TNUATOV TAVO GE TETOL GLVOAN OedOUEVDV, OTTMG cuvavT@vTal ot PifAloypaeio. ZvyKekpiéva,
Ba Topovoidcovpe Tovg Pactkovg TapAyovTEG TOL AdPape VITOYN KOG, KAOMS Kot LETPIKES ATOd0-
ongc. Térog, Bo TapoVGIAGOLLLE TO TPOTO LLE TOV OTOI0 Ol EMAEYUEVOL TOTOL EPOTNUATMOV AVONKAV 1
Katoveunuévo tpdmo oto Apache Giraph kot ™) pebodoroyio mov Tpoteivetal yio TV €XiAVGT| TOVG.

3.1 Awovvoedepéva Aedopéva,

3.1.1 Xpnoypotnrto TOV AlocuvoedEPEVMV AEOOpEVMY

Zovue o€ €va KOGHO TOV GUVEYMS TapPAYEL Eva TEPACTIO OYKo dedouévmv. ‘Eva peydro, av oyl 1o
UEYOADTEPO UEPOG AVTOV TV dedopévav, Topdyetol HESH TOL dtodikToov. Ta dedopéva avtd dev
glvat ypnotpa ov To avTILETOTILOVIE G ATOUOVOUEVES VNGI0eg TANpopopiag, ahAd propel va givan
TOAD GTLLOVTIKA 0TV BPOVLE TIC GXEGELS TTOL VILAPYOVY HETAED TOVG. AVTO LOG EMLTPENEL VO EEAYOVILE
xPNOWUN TANPOoQopia kot vo PBYGAOVLE CMUOVTIKA GUUTEPACUOTO, T oTtoia Og Ba pmopovcae va
glyape KataAnEetl S10popeTIKA.

Ta Ataovvdedepéva Agdopéva vITdpyovy YU v TdV aKpIP®OG TO GKOTA: TO VAL YPNGUYLOTOI0VE TO O10di-
KTVO Y10, VO GUVOEGOVLLE GYETIKA OEOUEVE TTOL € GLVILOVTAV TTPLY. AVTO UTOPEl vau emLTevyDel e TO
Vo SNUOGIEHOVIE TAL SOUNUEVOE SESOUEVO YPTCILOTOIDVTAG TEYVOAOYiEG dnwg to Hypertext Transfer
Protocol (HTTP), to Resource Description Framework (RDF) kot povadikd avoyveopiotikd topmv
(uniform resource identifiers, URIs), £t61 dote o 6edopéva vo uopoldv vo dlocLVOEOVTOL KOt Vo
YivovTol o PG HECH CMILOGIOAOYIKAOV EPOTNUATOV [24].

e avtd 10 onueio, mpokvmTel T0 eENG Tpoaveg epdtnua: [otl ypealdpacte To Atacvvoedepéva
dedopéva Kat dev TPoomafovpe Vo YPNGILOTOCOVUE 1 VAL GUVOVAGOVUE EVaY 1| TEPLGGOTEPOVG OO
TOVG VITAPYOVTES PNYAVIGLOVG YidL Tr) ONUOGIELOT) KOl EMAVAYPTCLLOTOIoN TV dE0UEVOV GTO d1adi-
KTVO? ApYIKA, €lval onpavTiKo Ta dedopéva avTd va givat wg éva faduo sopmpéva. Oco o Sopnuévn
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glvar m Lopen Tovg, TOGO o EVKOAT YiveTar 1) dnpiovpyia epyareimv yio v eneepyacio Tovg. XMpe-
pa, doUNUEVE dESOUEVE YivovTal 100610 0TO JLASTKTVLO LE H1APOPOVE TPOTOLE KOl KOTE GUVETEL,
£xovv avomtuyel S10QopPeS TPOCEYYIGELS VIO TV OVOKAALYN, TNV AVAKTNGT KOl TNV EneEepyacio Tov
Sbéomv dedoévev oto dtadiktvo. Ot o dNpoeiiels, sivorl péom g xpnong HTML 1 S1a9popwv
Web epappoymv. Opwmg, otny Tpd TEPITTOOT VIAPYEL TEPLOPICUOC OTIG OYECELS KO OTLG OVTOTITES
IOV UITOPOVV VO TEPLYPAPOVY, EVED GT dEVTEPT OmauTEITOL TEPAGTIO TPOOTADELD OO TOV TPOYPOLLL-
LOTIOTH Y10 VO, EVOTTOUOEL TO 0E00LEVE OO Eva TEPAGTIO aplOUd AYVOOTOV TNYOV ded0UEVOV Kot
emmA£oV Ogv glvar SLVATO va VILAPEEL 1] KATAAANAN S10GVVIEST] TV SEOOUEVMV MGTE VO LTOPOVY VO
gvtomiotovv. Ta Alacvvdedepéva Agdopéva, omd Ty GAAN TAELPE, TOPEYOLY UNYAVIGHOVG MGTE VO
Eemepa,coTOVY OAOL TO, TOPUTAVE® TPOPANLLOTAL.

3.1.2  Ouvapyéic Tov Aloovvoedepévev Aedopévov

O 6pog Alacvvdedepéva Agdopéva(Linked Data) avaeépetal e éva cUVOAO BEATIOT®OV TPAKTIKMOV
vl TN dNpocievon Kot T dtaoHLvoesn doUNUEV®Y OeSOUEVMV 6TO d1adikTvOo. AVTEG OL TEYVIKEG £16M-
yOnoav and tov Tim Berners-Lee, dievbvuvn g Kowonpa&iag tov [Maykdéopov Iotov (World Wide
Web Consortium - W3C), otnv apyttektovikn tov onueioon ‘Linked Data’[25] to 2016 kot pmopovv
VO TOPAPPOSTODY (G EENG:

1. Xpnowomowjote URIs ¢ ovopata yio To mpdrypato.
2. Xpnowononote HTTP URIs 161 ®dote T0. OVOLATO VTE VO LTTOPOVV VO EPUNVEVTOVV.

3. No moapéyete ypnoun TAnpoeopia yio 10 Tt Tpocdiopilel To Kabe dvopa, XPNOLOTOIDOVTOS TPO-
tona 0nw¢ 10 RDF, SPARQL kot dAra.

4. Na avapépeote 6€ GAAN TPAYUATO YPTCLLOTOLMVTOS TO. OVOLOTA, oL gival faciouéva oto
HTTP URI tovg, dote meptocdtepa TPAYLOTO VO LTOPOHY VAL ovaKoAvOovv.

M edwkn] katnyopio Atwcvvdedepévav Agdopévov eival to Avoktd Altacvvoedepéva Agdopéva
(Linked Open Data), to mepieydpevo tov onoimv givar avowktd. TETotov £idovg BAGELS YVDOOEWDV amo-
tehoOv 11 DBpedia ko1 1 Freebase.

H ewova 3.1 anewovilel v KAipako Tov AldcOVIEIUEVOV AESOUEV®OV TOL TPOEPYOVTAL OO THV
kowotnta Linking Open Data kot ta&vopel ta ohvora dedopévav ava tomikd nepdia tovilovtog tnv
TOWKIMO T®V GLVOLA®VY dedopévav oV givol mapdvia otov Taykoculo 1016 (Web of Data). To ypd-
QMO TOV PAIVETOL G QLTIV TNV E1KOVO givot d100€c10 610 http://lod-cloud.net. BeAtiopéveg
€KO0GELG ONUOGIEVOVTAL 6TO Website avd TaKTE YPOoVIKA SIOCTHHATA.

3.1.3 RDF

Onwg avagépbnie, To vo dtocuvoselg dedopéva mov eival KATAVEUNIEVO 6TO dL0diKTVO omattel Evov
TPOTLTO UNYAVIGUO OV £YEL G 6TOYO va. kabopicel TNV HIapEn Kot To VON L TOV CLVIEGEMY LETOED
TOV OVTIKEWWEVAOV OV TEPLYPAPOVTUL GE AVTA TO dedopéva. AvTdg 0 PNYaviouog TapExetal omd To
Resource Description Mechanism (RDF). O unyoviopdg ovtdg dakpivetal yio Ty amiotnTd Tov,
TNV KOvOTNTA VO EKPPAGEL TOAVTAOKE GYNUATO KOl GYECELG KOOMG KO Yol TNV KATOAANAOTNTA VO
LLOVTEAOTOINGEL OAN TO EEMTEPIKA GVOTHUATO SEGOUEVOV Yol AdOUNTO, UI-OOUNUEVE KO SOUNIEVOL
dedopéva.

Y10 RDF, n meprypapn evog mopov emtvyydvetor péca omd Eva aptBpud tpumietdv. Ta tpia koppdtio
G KAaOe TpimAétog ovopudlovTol VITOKEILEVO, KATITYOPOVLEVO KO avTiKeipevo. Mia tputAéta ovTuko-
tpontilel T footkn SO HoG AmAig TPOTAONC, OTMS Y10 Tapadetypo 1 Tapakdto: ‘H Baotkn €xet
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Syipe 3.1: LOD Cloud 2014 [6]

yevddvopo Bdow’. 6mov ‘H Bactlikn|’ eivat 1o vToKeipevo, ‘Exel weLdMVULO Eival TO KATNYOPOULLE-
vo’ kot ‘Baow’ etvon 1o avtikeipevo.

"Evag 1pomog va okeptel Koveic éva ovvoro amd RDF tputhétec etvon g évav RDF ypdgo. Ta URIs,
7oV guPavifovtal Mg VITOKEIUEVO KoL OVTIKEIUEVO, EIVAL 01 KOPLEEG TOVL YPAPOV, Kot 1) kabe TpumAéta
gtvon pio katevBuvopevn axpn mov cuvdéet To vrokeipevo pe to ovrikeipevo. Kabag ta URIs tov
Aracvvdedepévav Agdopévav gival kaborukd povadikd kot propovv va avalntmbovv oe Eva chvoro
oamd RDF tputhéteg, pmopovpie va poviactooue oo ta Altacvvdedepéva Asdopéva g Eva Kabolkod
vYpaoo, énwg mpoteivetar amd tov Tim Berners-Lee. Ot epappoyég yio Atocuvdedepéva Asdopéva
KGVOUV EVEPYEIEG TAV® GE GWTO TO YLYOVTIOAO0 YPAPO KOl AVOKTOVY KOLLATLO TOV LE TO VO ovalnTovV
URIs ko1’ omaitnon.

RDF - Tpémor Xepromoinong

To RDF givon éva povtého yuo v meptypaprn Tmv S1060vOedeEVMV OEG0UEVMV OTI| LOPPT| TPUTAE-
TAOV: VTOKEIUEVO, KOTNYOPOVUEVO, avTikeipevo. o va dnpoctedoovpe éva RDF ypdeo oto diadiktvo,
TPEMEL TPMTA VL TOV GELPLOTOMGOVLLE XPNOLHoToldvTos Kamoto RDF cuvtaktis. Avtd amid onpai-
vel 0L Taipvoupe Tig TpuAéteg mov amotelobv Tov RDF ypdgo Kot ypnoiomolode GUYKEKPIUEVO
GUVTOKTIKO Y10l VOL TIC YPAWOLLLE G€ €va, apyeio. AVo €idn celplonoinong éxovv tpotvmonotnel amd to
W3C, 1o RDF/XML kot RDFa. Opmg yio tnv KGAVWT GUYKEKPIUEVAOV aVOyK®V £xouv dnuovpyndel
TOALEC AAAEG LOPPEC GELPLOTOINOTG.

Y10, S1KA pog TEPApATE EUEIG ypnoomomaape cuvora dedopévav oe N-Triples popon. Eivar pio
amAn popo1| Kewwévov, omov 6ia ta URIs kabopiloviar mAnpog og kdbe Tpimhéta. Luvenmg o ap-

33

Linked Datasets as of August 2014

@0



xelo mov mepiéyovv N-Triples umopel va givor ToAd peyodvtepa amd GUTA OOV YPTGILOTOIOVVTOL
GAAEG LOPPEG TELPLOTTOINOTG, KOOMG 08 aVTEC YiveTal ¥p1ion Tpobeldtov Kol GAA®Y E10®V GLVTOLO-
ypaeiog. Opmg 0 TAEOVAGHOG ATOTEAEL TOLTOYPOVE KO TO KUPLOTEPO TAEOVEKTNLLA AVTHG TNG LOPPNG
N-Triples, e oyéon pe Tig GAAEG LOPQEC, KABDG EMTPETEL VO, YIVEL 1| TPOCTEANCT OVTMV TOV OPYEL-
@V ava pio ypoppn ™ eopd, KefioT@VTOG T0 WO0VIKA Y10l T1 GOPTMGT TOAAMV apyeimv dedoUEVHV
T omoia O Ba ywpécovy oty Koplo pvhun. Emiong Adym avtod tov mheovacpov, ta apyeio avtd
EMOEYOVTUL GUUTIEST], LELDVOVTOG £TOL TNV Kivnon oto dikTvo 4TV avtaAldccovTol apyeia.

"Evo avTimpooonenTikd mopadety o, oiveTol TopaKiTo:

1 <http://biglynx.co.uk/people/dave-smith> <http://www.w3.0rg/1999/02/22-rdf-syntax-
ns#type> <http://xmlns.com/foaf/0.1/Person> .

2 <http://biglynx.co.uk/people/dave-smith> <http://xmlns.com/foaf/0.1/name> ‘Dave
Smith’ .

3.1.4 SPARQL

Koabog 1o péyebog tov Alacuvdedeévaov AeSopEVeV avEAvETOL CNIAVTIKAE YpOVOo LE TO XpOVo, elval
amopaitnT N ¥PNoN HEG YADGGOS EXEPAOTNONG MOTE VO OVAKTNCOVUE TNV emBounth TAnpopopia.
H SPARQL(SPARQL Protocol and RDF Query Language), eivat 1 ootk YAOGGA yio epOTLOTO
Tavo og Atacvvoedepéva AeSopEVA, TKOVT VO OVAKTIGEL Kol Vo dtoxelplotel dedopéva e popen RDF.
Modlet modd pe v SQL, aAld epappodletar o éva ypdpo RDF.

3.1.5 DBpedia

Mia Khooikn mepintmon evog peydlov cuvorov Alacuvdedepévav Aedopévov gival n DBpedial26],
oKomOG NG omoiag eival va eEQyet SOUNUEVO TEPLEXOUEVO OO TV TANPOPOPI TOV OMLLLOVPYEITOL (OC
tpunqpa g Wikipedia, kot kéver avtd 1o mepieyopevo dabéosio otov [aykoopo Ioté (World Wide
Web). Eivat povo éva amd ta o SMpo@idn KOPUATo TG amokevipopévng tpoonddetag yo Linked
Data, kabn¢ meptiapfaver 6yt povo dedopéva, and t Wikipedia, AL EVEOUATMVEL KOl GUVOEGLOVS
o€ GALo cvhvola dedopévmv oto O1adikTLo, OTMG Ta Geonames.

Epeic oty epyacio avt ypnoporomoape RDF dumps og N-Triple popen ceiploroinong, mov gtvor
dwbéoa yio Ayn oto site tng DBpedia.

H Baon yvooewv g DBpedia avartiooetal cuveymg, kabmg petafariietarl kabe popd mov aridlel
t0 mepteyouevo ¢ Wikipedia, KoAOmTEL Eva €0PY QACUO, OO JLOPOPETIKA TESIN KOl GUVOEEL OV-
TOMTES PETaEL avTdV TV Tediov. 'Etot, éva tlovolo chpa amd Sipopeg TNyEg YVAOOTG UTOpEl va
amokTNOel HES® TN cLVEPYUTING EVOG TEPAGTION ap1BLLOV ¥pNoTOV, TV Ypnotmv ¢ Wikipedia, ot o-
70i01 deV £YOVV KAV YVAOOT OTL GUVEIGPEPOVY GE pia dopnpévn Bdon yvooewv. Etopévag, n DBpedia
glval KATAAANAN KOl Y10 TOVG OKOTOUG QLTHG TNG OUTAMUATIKNG EPYACIOG, KOOMG LG EMTPETEL VO
xpnopomomoovpe to Giraph yio va Kdvovpe epoTipate Tave og dedopéva Ypapv te TAoVo10 Te-
pleyouevo, mov wepthappdvovy didpopa medio Kot d1apoOp®V E0MV GYECEIS LETAED TV OVTOTHTOV.
Emumiéov, to yeyovog 0tL 10 péyefog tng avEAveTor cuVEXMG, LOG ETLTPETEL VO YPT|CLLOTOGOVE
GUVOLO SESOUEVOV JLAPOPETIKOD HEYEBOVG, MOTE VO LEAETHGOVLE TNV KALAK®OGIULOTNTA TOV CLGTI-
Latdg HOG.

3.2 Emoyn Tov epotTuatey

INa va a&lodoynoovpe TV amdd00T TOL GLCTHHOTOC LG Y10 KOTOVEUNLEVT enedepyacia 6 GUYKPIOT
ue kevtpikég faoelg yio RDF dedopéva, emhéEaple va, ypnCIULOTOINGOVLLE £VO GOVOAO OVTITPOCMITEL-

34




TIKOV EPOTNUATOV ULE SIUPOPETIKA YAPAKTNPIGTIKE GOUPOVO HE TO KPITHpLo ToL oKolovBovv. O
6T10Y0G €lval VO, VAOTOIGOVE OMLOQIAELG TOTOVE EPOTNUATOV HE KATAVEUNUEVO TPOTO KOl VO 0pi-
GOVLLE TO TPOPIA TOV EPMTNUATOV TTOV UTOPOVV VO EXOPEANHOVV TEPLGGOTEPO AN TNV KATAVELUNHEVN
eneEepyocial.

1. MéyeBog E16000v. Avtd petpdtol g 1 avoroyio TV GTIYHIOTOT®V TV KAACEWDY TOL TEPL-
AapBAvovTol 6TO EPATNIO MG TPOS TO GUVOAIKO apPlBd TV GTIYUIOTHTOV TOV KALGE®V Yo
éva dedopévo guvoro dedopévav. ES® avapepolaote Oyl LOVO 0TO GTIYUIOTUTO T®V KAUCEMV
OV EUTEPIEYOVTAL PNTA OTO EPATNLA OAAE KOl QVTA TTOL GuVETAyovTal ard TN Pdor YvoOcemy.

2. EaektikétnTo. AvTd HETPATOL O 1) EKTILMUEVT] OVOAOYIN TOV GTIYUIOTOT®V TOL TEPIAOLL-
BavovTol 6To EpAOTNLO KOl IKOVOTOIOUV T KPLTNPle Tov epotiuotoc. [Ipogavac, to av 1 emt-
AEKTIKOTNTO €Ivol LYNAN 1} YOUNA €EapTATOL ATTO TO GHVOLO SESOUEVAOV TTOV YPTGLLOTOLEITAL.

3. Holvmhok6TNTa. XpNGILOTOIOVUE TOV 0PIOUO TOV KAAGEDY Kol TOV IO10THTOV Ol OTOIEG TEPT-
Aappévovtol 6To epdTNHO ©G £VOEIEN NG ToALVTAOKOTNTAG. Olmg 0 Tpoyuatikds Babuodg mo-
ATAOKOTNTOG OTNV TPAEN umopel vo SopEPEL AVAAOYO IE TO GUGTNLLOTO 1] TO GYALLOTO TOV
PN OLOTOLOVVTOAL.

Emopévag, &govue emAEEel EVOEIKTIKG EPOTAOTO TO OTOL0 KAADTTOVV EVO PAGUA OO WO1OTNTEG [UE
Baon ta mapoamdve kprripla. Tavtdypova £xovpe dMGEL EPPACT GE EPOTALATA LE LEYAAO HEYEBOg
€16000V Kol VYNAR eMAeKTIKOTNTO. KaTd TO 0Ye010G1O TOV EpOTUATOV EYOVUE AAPEL VTTOYN LOG
KOl KOTOL0VG GAAOVG TOPAYOVTES, OTMG Y10 TAPASELY LA TOV TPOTO HE TOV 0Toio 01 KAGOELS KOl Ot
101011 TEG cLVOEOVTOL Ll OTO EPMTNLOL.

3.3 MeTpikéc am00001C KUl EMAEYNUEVA EPOTILOTO
Bempolpe Eva GHVOLO OO PETPIKEG ATOS00TG:

1. Xpbvo pdpTmong
2. MéyeBog amobetnpiov (repository)
3. Xpovog Amoxpiong Epotipatog

4. ITinpdétra ko OpBpotnta tov Epotipatog

ATd TIG TUPOTAVEO UETPIKEG, Ol TPATEG TPELG gival TpoTLTES Yo KO database benchmark. Tnv te-
Aevtoio TNV EIGAYALE EUEIC Y10 TOVG GKOTOVS TMV SIKMV UG TEWPAUATOV.

EmAé&ape vo vAOTTOUGOVE SaPOpETIKG ep@TiHOTO LE Pdon Ta Tpoavaeepbéva kpithpla. Edm Oa
TOPOVGLAGOVLE TO SLOPOPETIKE €101 EPOTNLATOV, dIVOVTOC TEPIGGOTEPT| ELPOACT GTHV TOAVTAOKOT-
TG TOVG KOl TOV TPOTO LLE TOV 0010 01 KAAGELS KOl 01 1310TNTEG GuVOEovTal peTa&y Tovg. Ta epotipota
OVTE LTOPOVY VO, TEPLYPAPTOVY KOADTEPA UEGH KATUAANA®Y GYNUATOV, OOV TO KAOE EpATN LN OTTEL-
KovileTar oG £vag Ypaeoc. O1 KopueES TOL YPAPOL AVTITPOCOTEVOVY T VITOKEILEVA 1] TOL AVTIKEILEVA
IOV EUTAEKOVTOL GTO EPATNHO, EVED Ol AKLES TOV YPAPOL AVTITPOSHOTEVOVY TO KOTNYOPOVLEVO TOV
nepthapPavovtotl. Ot dAAot dVo Tapdyovies, To LEYeBOc 10000V Kat 1) EMAEKTIKOTNTA, EEAPTMOVTOL
otd To, GUVOAQ SEGOUEVMV TTOV YPNGILOTOONKAY Kot UTOPEL VO TOIKIAOVY OKOLLOL KO Y10 EPOTILLOTOL
pe v id1o ypapikn avamopdotaot. o to oxedocpud tov epotnudtov tog, kaddg Kot yio Toug 516~
(POPOVG TAPAYOVTEG KOt TIG HETPIKES amdO0oNC oL AdPape voyn pag, ypnooromcape to Lehigh
University Benchmark(LUBM) [27].
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O1 0TEIKOVIGEIS TOV EPMTNUATOV TOL VAOTOMGOUE QaivovTal oto oynuata 3.2 - 3.8. 1o oynuota
otd, 0o ypnopomrolovpe couPora 6nwe Y, Z, Y1, kin, vrobétovpe 0Tl pumopel va Yovpe omota-
ONToTE KOPLPN, 1 OMOi0 GUVOIEETOL LLE TOVG YEITOVES TNG LLE TOV TPOTO OV PAIVETOL GTO Gy ATO
™V GAAN, cOppora g popeng ‘Objectl’, ‘Predicatel’, Osmpeitor Tt lvar 1 1010 1) T TOL AVAYVO-
plotikov g kKopueng (VertexID) kot tg axpng avtictoyo.

Xyfqpe 3.2: Epotmua 1

To Epampa 1 (Zynpa 3.2) eivar ToA0 ando, {Ntdvtag £vo 0Tol001TOTE VITOKEIEVO TO OTTOlo £)EL
¢ avtikeipeva o ‘Objectl’ kot ‘Object2’, pne ‘Predicate]l’ ko ‘Predicate2’ va givon ot Tipég tev
eEepYOLEVOV OKUAOV TTOL GUVOEOVY TO VITOKEIEVO LLE TO TPOAVAPEPHEVTO OVTIKEILEVO OVTIGTOLYA.

Xyfqpa 3.3: Epotua 2

To gpatnpa 2 (ZyMuo 3.3) nepropPdvel moAAES 1010TNTEC Yo TO 1010 LIoKeipevo. Mmopei vo Bem-
pnbei og enéktaon tov Epotpatog 1, agov £yl v idia popen, 1e TN d1apopd 6Tt To T0 EmBuunTod
VROKEIEVO-amdvIn o, Bo Tpémel va Exel TPELG EMMALOV eEEpYOUEVEG OKUEC LLE CUYKEKPIUEVES TUUEG,
7oV va glvat cuvdeUEVeG o€ omotodNmote avTikeipevo. Eivor mpopavég 6Tt molvmAokdtnta av&aveton
G€ OYE0N L€ TO TPAOTO EPMTNUM, KOODG 0 aptBUdc TV KAAGE®V KOl TOV 1O10TNTOV TOV EUTEPLEYOV-
TaL elval apketd peyadbtepog. Mia emmAéov TapaTnpnon ivol 0Tt v 6TO d1dypappo PAETOVLE O
apOpdg TV KOpPoV va Exel avEnbel poévo katd tpia, oty TPAEN o apBudS avtdg elval apkeTd peya-
AOTEPOG KOOMG KAOE i amd avtég Tig Tpelg kopueég (Y1, Y2, Y3), oty ovcia ovIimposmredel Eva
oUVOLO KOPLO®V, kaepio amd TIC 0T0iEG GLUVOEETAL LE TO VITOKEIIEVO UE OKT GUYKEKPIUEVTG TIUNG.

Predicatel

Xynpa 3.4: Epotpa 3
To Epotnpa 3 (Zynua 3.4) eivol to epdTnua Le T WKPOTEPT TOATAOKOTNTA. To gpMOTNHO QVTO
{nréer omorodnmote vTokeipevo cLVOEETOL Pe TO avTikeipevo ‘Object]l’, pe v axpn v omoia to

ovvdéel va, Eyel Tnv Ty ‘Predicatel’.
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Object3

Predicate3

Y
&

Predicatel

Predicated

Predicate2

Y
Object2

Yympa 3.5: Epotpa 4

To gpatnpa 4 (ZyMua 3.5) sivor Eva axopa epoTNUA Le aVENUEVO aplBUd KAGCE®Y Kot 1010THT®V,
EMOUEVAC 1 TOAVTAOKOTNTO Kol THAVOTUTA 1) EMAEKTIKOTNTO VA €ival TOAD VYNAES. ZVYKEKPIUEVA,
TOL VITOKEIEVO TTOL AOTELOVV PEPOG TNG OTAVTNONG TPENEL AV EXOVV TOVAGYLGTOV dVO e&epYOUEVES
axpég. Mia pe v Ty ‘Predicatel’ ko GAAN pia pe v tipn ‘Predicate4’, mwov va deiyovv oto av-
Tikeipeva ‘Objectl’ kot Y avtiototya. To Y €0 dev avaeépetal o€ £V GUYKEKPIUEVO OVTIKEIEVO,
0AAG o€ KABe KopLeN, 1 omoia £xet pa e€epyodpevn axpn pe Tyun ‘Predicate2’ wov va T cuvdéet pe to
‘Object2’ ko pio eloepydpevn akun pe Ty ‘Predicate3’ amd o svykekpipévn kopven ‘Object3’.
Eravolapfdvovpe edd 611 10 cOUPOAO Y, 0VAPEPETAL GE OTOLONTOTE KOPLPN UE Ta EMBLUNTA YO~
POKTNPIOTIKA, £TG1 0 aPlBLOC TOV KOPLPDOV TOL TEPIAAUPEVOVTOL GTO EPAOTNIO LTOPEL VO TOTKIAEL
avAAOYQ LLE TO GOVOAOD TV OESOUEVMV TTOV YPNCULOTOLCULLE.

Predicatel

Xympa 3.6: Epotua 5

To Epotqpa 5 (Zynpa 3.6) sivor axoépa mo moAdvmAoko ard 10 epdtnua 4, teptlapupdvovtag pio
axopa WotnTo Kot kKAdon. To vrokeipevo-andvinon 0o tpémetl va givar cuvdgpévo e tpio avTiKei-
peva, évo ouykekpiévo: 1o ‘Object]’ pe axpn tiung ‘Predicatel’, kot Ao dvo Y kot Z, T omoia
UTOPEL VOL EIVOIL OTTOLONTTOTE OVTIKEIUEVO £XOVV KATOL0 CUYKEKPILEVO OPUKTNPLOTIKA. ZVYKEKPIUE-
va, 1 kopuen Y, Ba mpeet va eivor cuvdepévn pe 600 dAdeg Kopvéc: ‘Object2’ kot ‘Object3’ pe akpég
mov €yovv TéC: ‘Predicate2’ and ‘Predicate3’ avtictowya. H kopvon Z pmopel va givat omotodnmo-
TE AVTIKEILEVO, e TV TPpobmdeot Ot elvarl CUVOEUEVO LE TO VITOKEILEVO-ATAVTNOT e OKUN TIUNG
‘Predicate5’.

To Epoatnpa 6 (Zympa 3.7) etvar oxeddv 1o 1010 pe 10 5, aArd Aiyo Arydtepo moAOTAOKO, 0oV TEPt-
AopBaver pio Atyotepn 1010t Kot KAGOM.
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Predicatel

Predicated

Predicate3

Yympa 3.7: Epotua 6

Predicatel

Predicate2

Xynpa 3.8: Epotua 7

To Epamypa 7 (Zynua 3.8) elvar éva amd ta amAoDoTEPO VO, LEAETNOEL KAVELS. ZNTAEL Y10, [0l KO-
pvon Y, N onoia €xel (o togpyOuevn akun pe tiun ‘Predicatel’ amd pa kopven ‘Objectl’, kot pio
eEepyouevn axun pe Ty ‘Predicate2’ mpog 1o ‘Object2’.

Mio dievkpivnon eivar 0Tt Kavéva omd o TPoavaeepOEivTa ep@TAOTE deV VTOBETEL TANPOPOpia
vy Vv epapyio petobd tov kKAdoewv (class hierarchy), obte amoitel Kdmow Aoy cuvenaymyn
(inference). EmmAéov, etvatl mop@avéc 0TL 01 ETIKETES TOL (PN CLOTOON KOV GTA GYNLOTO TOV TEPL-
YPAQOLV Ta. EPMTNHATA, Elval amhd Tapadeiypoto dote va etval mo Egxdfopa Kot Oyl TPy LOTIKES.
210 TEPApatd pog, avtég ot eTikéteg (m.y. ‘Objectl’, ‘Predicatel’) maipvouv mpaypotikég TYES, dto-
(QOPETIKEG KABE Qopd, MOTE Vo KOTOANEOVUE Vo £XOVLLE Eva GOVOAO amd 15 drapopeTind epoTnuaTa,
SLOPOPETIKNG TOAVTAOKOTNTOG, LEYEOOVG £16000V Kot EMAEKTIKOTNTAG. ExTeAécOE TO TOpATAV® €-
POTNHOTA GE £VOL KOTAVOUEUNLEVO cOoTNua, To Giraph, oAAd kat o€ Eva kevtpiko, To Openvirtuoso,
€161 DOTE VO LEAETNCOVE TAG TOIKIAEL O YPOVOC EKTEAEONG ILE EPOTNHOTA SIAPOPETIKMV YOAPOUKTNPL-
OTIKAOV.

3.4 Extéleon gpotmnuatov oto Apache Giraph

3.4.1 To ocvotnua pog
Onwg avapépape vopitepa 0 6T0Y0G ival vo LTOPECEL TO GUGTNUA LLOG VO ATTOVITGEL TO. TPOAVAPEP-
0évta epoTNHOTO [LE VO KATOVEUTLEVO TPOTTO, OEIOTOIDOVTOG T1 SUVOLN TOV TOAATADY EUTOPIKDOV

VITOAOYIGTIK®V KOUP®V.
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H eicodog givarl ta RDF cvvolo dedopévav, eva 1 €060 Ba eival 1 odvIneT oTo EpMTHLOTA LAG,
Ommg paivetol oto oynua 3.9.

RDF datasets Query Query Results
1
1
Subjectl Predicatel Objectl
Subject? Predicate? Object2
Subject3 Predicate3 Object3
Subjectd Predicated Objectd
Subject5 Predicate5 Objects . . Subject2
Subjectf Predicatet Objectl e Distributed Sub]'ect}'
Subject? Predicate? Object] - o |
Subjects PradicataB Objact3 Query Processing
Subjectd Predicated Object5
Subjectl0 Predicatel 0 Objectd
| Subjectll Predicatel 1 Objects
\J\ \/\

Yympa 3.9: Katavepnpuévo Xvotpa Encgepyasioc Epompdtov

Mo v eneepyacio Tov mapandve TOTOV sparql ep@TUdTOVY, EMAEEOUE VO YPTCLLOTOIGOVLE TO
Giraph, To omoio pHog eMTPENEL VA PPOVLLE TNV ATTAVTNON UE EVOV ATTAS TPOTO, AAANL TOLTOYPOVO IKOL-
VO va a&loTooeL T S0V EVOG KOTAVEUNUEVOL GLGTHHATOG. MTTOpPOVLLE VO ETKEVTPOOVLE GTOV
olyopBpo mov oyedtalovpe yopPIic TNV GVAYKN VO AVGLUYOVUE Y10, T YPOPIKT OVOTAPACTUCT] TOL
YPAPOL GTN VALY, TOV TPOTO LE TOV OTTOi0 0 AAYOPIOUOC oG EKTEAEITOL TOPAAANAL GTO KOTOVELLT]-
HEVO GUGTN O KOL TO TTMG EMLTVYYAVETOL 1] 0VOYY] GTO GOAALATO VAIKOV. O aAyOpBIog pog dev €xet
Koo yvdon Tov TPOTOVL LE TOV 0moio Ta. dedopéva potpalovtal 6TiG S1PopPES EMEEEPYAUCTIKEG LOVA-
O€G KoL TOV TPOTO e TOV 0Toi0 0 KMAKag ektergiTal TawTOYpOVa. 'Etat, dev vdpyet Kapio avaykn
v KAewdopota (locks) 1 cuyypovioud omd v TAevpd pog.

210 oyfua 3.10 anewovileTon o pLopen eMTEd®V T S18POPa LLEPT) TOV CLGTNLATOG LLOG.

Query Parser

Query Execution

Giraph

MapReduce I YARM

HDFS

. T B Tl

Typa 3.10: [oAveninedn Avanapdotacn tov Zvotipatog Eneéepyacioc Epomudtov

H uAomoinon pog amoteheiton amd 600 TUNUATA GTNV KOPLPT TNG EIKOVOG. ZUYKEKPIUEVAL:

e Query Parser, o onoiog d€yetot amd 1o YPNGTN TNV TANPOPOPIa Yio TO 010 EpMTN A BEAEL VO
TpéEEL, TIG AMAPAITITEG TOPAUETPOVS OVAAOYO LLE TO EPATNLE, KAODG KoL TOGES popég BEAEL VoL
TO EKTEAEGEL KOl TOV 0plOUO TV epyatdv ov embupel va ypnopomomost. Emopévac, pe avtdv
TOV TPOTO, UTOPOVLE VO, EKTEAEGOVLLE TOV 1010 TUTTO EPMTALUATOG YPTCLLOTOLDVTOS OLUPOPETIKEG
TIES Y10 TOL VITOKEIUEVE, KATNYOPOVUEVA KOl TO, OVTIKEIHEVO TTOV EUTAEKOVTOL GTO EPATN LA

e Query Execution To koppdtt avtd mepthopfdavel Tov KOOWKE Tov TPEXEL OPOL O YPNOTNG EXEL
ELOAYEL TIG TPOTIUNOELG TOL Kol 1 pyocia el vToPANOel. Xe avTd T0 omMueio, TPEYEL O OvaryKaiog
KOOGS Y10 T @OPTOOT TV OEOOUEVAV, TNV EKTELECT] TOV VITOAOYICUAV KOl TO YPAWILO TNG
€£660v. O KOIKAG aVTOC TPEYEL G OAOVE TOVG KOUPOVG-EPYATEC.
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3.4.2 Ilpoeneiepyaocia

Onog avaepépalle Tapamdvo, 1 £l6000g 6To cuaTnud pag eivor to RDF ohvola dedopévav. Avetuydg,
to Giraph dev pumopei va ta petappdost ovtopata o€ Ypapo, Kabde 1 TAnpoeopia yo pic kopuen 1
oK pwopel vo, Bpioketatl o€ TOAEG SLopopeTIKES YPOoUUES. o To AOY0 0vTo, Kavaue pia tpoenelep-
yooia Tov dedopévav. Zuykekpiuéva, viomomoape po epyacio MapReduce, n onoia exteAeiton ota
RDF civoia dedopévav kot to opadomoletl avd avtikeipevo. H opadonoinon Ba pmopovoe va giye
YiVEL KOl 0vE DTOKEILEVO 1) KOTNYOPOVUEVO, OUMOG O TPOTOG OV EMALEUUE EIVOL TTO OTOSOTIKOG Yl
TO GUYKEKPLUEVO EPMTALATO OTTOV TO {NTOVUEVO givar hvTo To vVtokeipevo. To amotéleoua g Tpo-
enefepyaciag eivar £vo oOvoro omd Aloteg yertviaong, OTov 1o TP®TO ototyeio glval To avtikeipevo,
0KOAOVOOVUEVO OO TNV OPYLIKT TOL TIUN, UNOEV oTNV TTEPITTOON MG, Kot o (0yN LIOKEWEVOL-
katnyopobvpevov. H apykr Tyun ypetaletar dote va va pnv 0dnyndodpe oe okabopioto anotéheco
KATA TN SLApKELD EKTEAEOTG TOV OAYOopiBpov. Oa prmopovoe va, elval SOPOPETIKN amd Unodév, apkel
va punv etvat povada, 1 kémwota GAAN and TIG TIHES TOL YPNCLUOTOIOVVTOL HECH TMV UIVOUATOV KOTA
TNV 018pKEL TOV VTOAOYIGHMV.

H dwdwacio avtn aneikoviletor oto oynua 3.11.

Initial input Input after pre-processing

Subjectl Predicatel Objectl
Subject2 Predicate2 Object2

Subject3 Predicate3 Object3

Subjectd Predicated Objectd Objectl 0 Subjectl Predicatel Subject6 Predicate6 Subject? Predicate?
Subject5 Predicate5 Object5 Object2 0 Subject2 Predicacte2

Subjecté Predicate6 Objectl Object3 0 Subject3 Predicate3 Subject8 Predicate8

Subject? Predicate? Objectl Object4 0 Subject4 Predicate4 Subjectl0 Predicatel0

Subject8 Predicate8 Object3 Object5 0 Subject5 Predicate5 Subject9 Predicate9 Subjectll Predicatell

Subject9 Predicate9 Object5

Subjectl0 PredicatelO Objectd

Subjectll Predicatell Object5
LY /

Yympa 3.11: [poenetepyacio Aedopévmv

3.4.3 Yhiomoinon tov Epotypatov
Mo v viomoinon tev epemudtev oto Giraph tpio TpdypoTo amoitovvTal ond TV TAELPE HOG:

1. KatdAinAin Mopen Agdopévaov Eicddov(Input Format)
2. Katdiinin Mopon Agdopévav EE66ov (Output Format)

3. AlyopOpog Kopuong - Zvvaptnon compute

Input Format Ot ypdgot propodv va amrofnkeutodv 610 dioko pe ToAAES SlapopeTikég Loppés. To
Giraph ypelaletat va £xet €va TpOTo va, StoPAcel avTd Ta SE00UEVE 0T TO OO KELTIKO GVOTN O KoL
va T LeTappacel o Ypaeo. Ovclootikd, ypetdletat £va Tpodmo va kabopicel 1o Tog Oa dafdoet Ta
dedopéva kot Ba, ta petatpéyel oe Kopopés ko Axués. Avtd umopel va yivel péocw tov Input Format.

To Giraph pag mapéyet éva AP yr’avtdv 1ov 0Komd, aArd OT®G EXOvLEe NN avapépel Oev pmopel
va ypnooromn el amevdeiog yia va diafdoel ta RDF covora dedouévov oe N-Triple 1| kdmoto GAAN
popoen oepromoinong. '’ avtd kat Exovie 10 61dd10 TG TpoeneEepyasiog 6mov ta RDF datasets €yovv
UETAPPACTEL 08 AloTEC YerTviaong opadomomuéves ava avtikeipevo. Eropévac, pmopobe mAéov va
viomomoovue katdAinio Input Format, To omoio 0o petatpéyet avtiv v TAnpogopia 6€ ypaeo.

Yuykekpipéva, LeTd TV mpoemeEepyocio To dedopéva Lo amoTelovVTaL amd TOAAES YPOUUES TNG
HOpONG:
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Objectl 0 Subjectl Predicatel Subject2 Predicate2 ... SubjectN PredicateN

Edm, 10 Object] vmoonimvel o kopven pe Avayvopiotikd: Objectl kat apykn T undév. Kabéva
a6 to, {0y VTOKEUEVOL-KOTIYOPOVIEVOD TTOV 0KOAOVOOVV €ival Ol KOPLQEG-YEITOVEG TNG APYIKNG
KOPLPNG, EXOVVTAG WG avoyvoploTikd: Subjectl, Subject2, ..., SubnectN avtictotya. [Tapduota, ot
e&epyoueveg axpég Exovv Tipéc: Predicatel, Predicate?2, ..., PredicateN.

H avtioctoyn ypaeikn avaroapdotaocn arnewoviletor 6to oynpa 3.12.

Objectl 0 Subjectl Predicatel Subject2 Predicate2 .. SubjectN PredicateN

Input Format

Yyqpa 3.12: I'poeikn) Avamopdotaon

To Giraph API ya ypogikég avarnapactdoels Paciopéveg otig Kopueég ovopaletar Vertex Input
Format. To oynpa 3.13 amewcovilel éva pukpo detypo amd d1dpopeg kKAGoelg input formats 6tov k®OKo
tov Giraph.

VertexinputFormat

TextVertexinputFormat HBaseVertexinputFormat

A

AdjacencyListTextVertexinputFormat

Xympa 3.13: Mopen Agdopévav Eigodov

Ta AevKd KOVTLA AVATOPIETOVV VITAPYOVGES QPN PNUEVES KAAGELS, EVA TO YPOLOTIGUEVO:
TextIntTextAdjacencyListVertexInputFormat omotelel tn 61K1 LOG VAOTOINOT), OOV ENEKTEIVOVLE TNV
aenpnuévn kabon AdjacencyListTextVertexInputFormat.

Output Format
To Output Format kdvet v axpifag avtibBet dwdikacia, katd tnv omoio 0 Ypaeog petappaleton

o€ KATOoo LOpON LE TNV omoia puropel va amodnkevtel 6to dioko.
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YVYKEKPLUEVD, TO OTOTELEGLLO TOV EPMTNUATOV PPICKETOL GTIG KOPLPES KAl OTIG AKUEG TOV YPAPOV.
2V TEPInT®MON Hag OAEG Ol KOPLEEG e TN TN ‘17, IKavoTolohV Ta KPLTHPLoL TOV EPMTAATOG, Kot
EMOUEVMS G EE000 Ba BENape va £xovpe LOVO Ta OVaYVEOPIGTIKA TV Kopueav (VertexIDs) mov £xovv
OLTHY TNV TR OVTY.

AV 1 HETATPOTY| TOV YPAPOL STV TEAKN pag €000 pumopel va pavel oto oynua 3.14

Object2 (0)

Objectl (0)

Predicated

Predicatel Predicate

Predicate2

Subject4(0)

Y

Output Format

Subject3

Yympo 3.14: Mopon Asdopévav EE6dov

[Mapdpota pe o Input Format, ypdwyape 1o d1kd pog Output Format pe 1o vo emexteivovpe tnv aen-
pnuévn kAdon TextVertexOutputFormat.

Vertex Algorithm - Compute Method Ze avto6 10 onpeio éva 1 TepiocdTepa partitions Tov Ypapov
&yovv avatebel oe KaBe KOUPo-gpydTn, Ko TOPO 0 1d10¢ givarl vevBuvog va KaAésel TNV compute
GULVAPTION Y10 OAEG TIG KOPLPEG TTOV Ppiokovial 6€ avTtdv ToV KOUPo-£pydTn. AVt 1 GuVAPTHON
VROAOYIGHOV EKTEAEL OAOVE TOVE VITOAOYIGHOVG TTOV otantovvTol Yo va fpebel n amdvinon Kot exte-
Agiton omd kGO kOpPo-gpydrn. [a va viomomocovpe trv compute péBodo, n omoia Ba exterectel amd
™V kaBe Kopven, akoAovOncape TNV aKOA0LON AoYIKY.

Bempovpe T SPARQL gpotipata g dévipa, pe pila To VTOKEIUEVO 1 TO AVTIKEILEVO TO 0TTOT0 Wi
YVOLLLE, LEPIKEG EVOLAUETEC KOPLOEC/aKUéS Kat eUAA. H emilvor kdbe epotpotoc exktedeitan amod
pio akorovBia supersteps. ¢ yevikd kavova, yio vo emADGoVLE To epdtnua oto Giraph, Eexvape pe
T OAAQ. XTO TPMTO superstep, OAEC 01 KOPLOES EAEYYOVV av ivor Tal emiBopntd ‘OAAA’ GTO EpMTN-
Lo Kot oV o1 eEEPYOUEVES OKUEG TOVG TULPLALOVV LLE OVTEG TOV EPMTHATOC. AV 10YVEL QVTO, GTEAVOLV
KATOAANAQ UNVOLLOTO OTIC KOPLOEG-YEITOVEG Kot oTApATAVE. ATO TO deVTEPO superstep Kot HEYPL TO
TpoPAnua vo Avbei, o1 KopLEEG TOL Exovv AAPEL UNVOUATE OO TIG KOPLOEG-QVAAD, YIVOVTOL EVEP-
YEC, EAEYXOVV OV IKOVOTTOLOVV KATTOL0 GUYKEKPLUEVO YOPAKTIPIOTIKA KOl AVOAGYMG TO ATOTEAEGLLATOL
umopel va 6Teilovv KatdAAndo umvopota otovg yeitovég Tovg. H idta dradikacio akolovbeitar puéypt
va emAvfel To epdTU. XTO TEMKO superstep, 01 KOPLPEG TOV TKOVOTOLOVV T, KPLTHPLL TOL EPAOTN-
patog €yovv v Tiun ‘17, Agv avtaAdooetol KavEva GALO UNVOLLO Kot OAEG Ol KOPLPEG £YOLV Yivel
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avevepyég. ‘Etot, 6tav o vmoroyiopog £xel ohokAnpwbei,  ££060g YpAPeTAL KOL TO TPOYPOUUA LLOGC
teppatiletor.

Mo vo KGvoupe KaTovonT) oUTHV TV TPOGEYYICT] GTOV AVAYVAOGTI, Oa doVpEe TV TAPATavED Stodt-
Kkaoio fpa fpa. Ag mdpovpe Yo mopdderypo To Epdtpa 6, mov aneikoviletal oto oynua 3.7.

Apyka, pe tn Pondewa Tov Input Format, poptdvovpe 6ia ta dedopéva og va ypapo. Topa, pe
Compute 1E0060, Ydyvoupe 0VGLIGTIKA LEGO GTO YPAPO Yo EVAV VITOYPAPO TOL £XEL TN LOPPT TOL
PAémovpe oto oynua 3.7, pue T d10popa OTL 01 AKUES £XOVV aKpIPmg TV avtifetn katevBuvon, Onmg
eatveton 6to oynpa 3.15.

Predicate4, redicatel

Yympa 3.15: Epdtua 6 oto Giraph

Enopévac, ag modpe, 6Tl T0 péEPOG Tov Ypagov Tov givol poptopévo oto Giraph givatl avtd mov eai-
vetal 6to oynpa 3.16.

H extéleon Tov EpOTAUOTOC GE AVTOV TOV TUTO EPWTILLOTOG OAOKANPOVETAL GE Tpio supersteps.

Superstep 0 Zto apyikod superstep, 1 kGOe kopven eléyel To dikd tng VertexID. Av dev givan éva amd
ta Objectl, Object2, Object3, n Kopve1 dev Kdvel Timota Kot anAd otapatdel. Av 1o VertexID tng
eivarto Objectl, 1ote eléyyet av o Predicatel givarm tun yuo pio oo Ti¢ e€epyOpeVeS OKUEG TNG. XTNV
TEPIMTMON MOV OVTO 1GYVEL GTEAVEL TNV TIUN ‘4’ STV KOPLEN LE TNV omoia gival cuvOgUEV e TV
axpn pe T ‘Predicatel’, ko otapatdet. [apopoa, n kopven pe VertexID Object2 kon e&epydpevn
akpn Predicate2, otélver v Tiun ‘17 otnv avtictoyn kopven-yeitova (mibovo Y), Kot n Kopuen pe
VertexID Object3 ko e€epyouevn axun Predicate3 otéhver v tuf 2° omnv avtiotolyn Kopuemn-
yettova ( kot wéA mlavd Y). Kot o1 500 avtég Kopueég otapatdve apéone HeETd mov Bo oteilovy ta
unvopata. Ta Tapondve propodpe va to, dovue 6to oynua 3.17.

Ot TéC TOV GTEAVOVTOL HEGM TV UNVOLATOV oo T [ KOpuer oty GAAN propel va ivat dtago-
PETIKEC OO AVTEC TOV TAPOVGIALOVTOL GTO GUYKEKPILEVO TAPADELYLLO. XTI GCUYKEKPIUEVT] VAOTOINON
YPNCLOTOLOVLE T UNVOHOTO WOV Yo va, dnhdcovpe 6Tt pio kopuen EAafe pnvopa amd o GAAN
KOPLPN TOL TEPIAAUPAVETAL GTO EPATNLO 1)/KOL Y10 VO, LETATPEWYOLLLE LLLOL OVEVEPYT KOPLON, EVEPYN
Eava. o mapdderypa, €d® to ‘4’ onpaivel 61t “Edafo pivopa and tnv kopuen pe VertexID: Objectl,
LE TNV omoia il CLVOEUEVT] HEC® O akUng pe T ‘Predicatel’.

Superstep 1 Xto superstep 1, givar evepyég LOVo o1 Kopueég Tov EAafay VRN 0t TO TPOTYOOUEVO
superstep. 'Etol 610 mapdadetypd pag, topa gvepyég givar o O, D, P, M, H kot F. Ot O ko D €yovv
MaPer pMvopa pe Tun 4 and v kopuen pe VertexID: Objectl. Or P, M kot H éyovv AdPet privopa
pe Ty 1 amd v kopven pe VertexID: Object2. Or P, M, H kot F éyovv AaPet pivopa pe tipm 2 and
v Kopvoen pe VertexID: Object3.

e avto 1o superstep, kdOe pio amod TIg EVEPYES KOPLPEG EAEYYEL TO WAVLLA 1) TOL UNVOLOTA TOV EAOPE
Kot gvepyel avoroywg. Ot O kot D éyovv eivar Kopueég mov 1kavomoovy pio amd TG OmTapoiTnTES
GLVONKEC MOTE VO AOTEAEGOVY AMAVINGT 0T0 £pATNUA pag. [ va dnAwBel avti 1 TAnpopopia,
OAAG Kal Vo vo Topapeivel apetdBAntn ota supersteps wov o akolovbrcovv, aArdlovv TV TN
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. Predicatg#4 Predicatel
Predicatel
Prescates
° Predicate2

@ Predicate3
@ Predicatg °
Predicate2
He2 Predicate3

Predicated

Yyqpa 3.16: Tunpa tov ypaeov mov &xel poptwbei oto Giraph

tovg and 0 og 5 kot otapatdve. [Tapdpoia ot kopveég Tov ElaPav pivopa kot omd To Object2 kot To
Object3, ( oty nepintwon pag ot P, M ko H ) eléyyouv av Egovv e€epyopevn axun pe tyn: Predicate4
KOl 0V 00TO 1oYOEL GTEAVOVV GE KOPLOT UAVLHO e TV TN “3°, ko otapatdve. Edd, n kopven F,
dev kel Tinota, yoti £xel Adafer pqvopa povo amd tnv Object3. Avtiotorya 1 H, tapdro mov érafe
Kol T 000 amortovpeve pnvopata amod Tig Kopueég Object2 kot Object3, dev €xet eEgpyopevn akun
LE TNV KOTOAANAN TN Kot £0TL OTAUOTAEL XOPIG va KAVEL Kaptio GAAN evépyeLa.

Ta mopandve eoivovtol oto oyfua 3.18

Superstep 2 Xt0 telkd superstep evepyég eivor pdvo ot Kopueég mov Exovv AdPet unvopa ond 1o
TPOTYOVLEVO superstep. XTo mapdoetyud pog avtég ivat ot O kat N. EAEyyouv av Exovv Adfet pivopo
UE ATV oL Eyovpe dNAmdoel mg embountn TN (3) kat av avTo 16YHEL, EAEYYOLV TN O1KT TOVG TIUY.
Av avtn givar ‘5°, Tov onuaivetl 6tL Exovv AdPet pvopa ard to Objectl, T0TE Kavomolovy OAES TIG
amopoitnTeg TPOVTODESELG, TPAYIO TTOL CNUAIVEL OTL ATOTEAOVY OAVTNON 1 LEPOG TNG ATAVTNONG
TOV EPMTAUATOS oG Kot BETovy TN dikn Tovg Tiun og 1. Xto moapdderypd pog, n kopven O amoteiel
OTAVTINGT OTO EPATNHA, EVD N N, Tapdro mov &xetl AdPel uvopa pe v embountn tiun, dev givan
ocuvoepévn pe Object] kot kT’ €TEKTOOT OV OMOTEAEL ATAVTNGOT TOV EPWTHLLOTOG.

Avtictotya, 1 kopven D mov éyetl papkapiotel og mbovn ardvinon oto superstep 0, Tedikd dev ivat,
KaBmG dev glvarl GLVOEUEVT LE KATOL0 KOPVPT TTOV VO, £XEL TO YOPUKTNPLOTIKA TG Y, dpa dev amoteAel
OmAVTNOT| KOl YIVETOL OVEVEPYT).

O aAhayéc avtég ameikovilovtal oto oynua 3.19
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Msqg: 1

“redicate2 Predicate3
Object3
Predicate Msg:2

Predicate2

Predicatez M59°2  oioiicates
Msg: 1§ Ms9:1 Mpa: 2

Predicated

Xympa 3.17: Superstep 0

Metd v oAokAnpnion tov 3ov superstep (superstep 2), OAEC 01 KOpLEEG elvar avevepyéc. Emopévamg, 1
€PYAGI0 OLOKANPAOVETOL LE TO YPAWILO TV aroterecpudtov oto HDFS. ¥to cuykekpipévo mapadety-
pa povo 1 kopve O KavoToLEL TOL KPLTNPLL TOV EPWTNLATOG, OTATE Elval Kl To povadtkd VertexID
7OV TVTTOVETAL GTO apyeio e£660v. [Tpopavmg, To mapamdve ivol omAd Eva Topadetypa. Ty Tpasn
TOALEC KOPLPEG LITOPEL VO IKAVOTOLOVV TO KPLTHPLOL TOL EPMTNUATOG, KOl CUVETMDS VO EYOVLLE TOAAES
KOPLOEG ®G €E000.

3.5 Xpovoroto Giraph

IMo vo petpoovpe 1o ¥pdvo TOV AmOLTELTAL Yio TNV OAOKAP®ON KdTolov epmTtipatog oto Giraph,
ypNoomomaoape tovg xpovovg tov Giraph (Giraph timers), mov eppavifovtot oto stdout, apécmg
LETEL TNV OAOKANPOCT] TOVL EPMTALATOG.

AxorovBel pia facikn Teptypaen Tovg:
o Initialize Metpdet to ypovo mov amarteitol amd v epyocio kabdg TEPIPEVE Y10 VTOAOYICTIKOVG

opovg (resources). Otav o1 mOPot potpdlovral, eivarl ToAd mBavo 1 epyacio Tov VIOPAAELS VO
unv UTopEceL va deoEVGEL OAOVG TOVG KOWPBOVG TToL Ypetdlovtar yia vo EEKIVIACEL.

o Setup Eivai o ypdvog mov anarteiton mpv va apyicet va dwafalel v €i6000, amd T GTLyUn Tov
OA01 o1 kKopPot Exovv draveundel kot Petd.
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J Msg: 4

Predicatd4 ;"-..“ Predicatel
Msg: 3 MSg: N i
/ Predicatel

Msg: 2
Predicatel3
Msg: 1
rredicate2 Predicate3
Object3
Predicate e i
Object2
Predicate2

Predicatez MS9°2 b icates
Msg: 1 Msg=1 Mso: 2

Pred|cat94
Msg 3

Xympa 3.18: Superstep 1

e Input Superstep Eival o ypdévog mov amatteitat yio v avayvmor g 16660V (KOpueég Kot
aKUEG), TN QOPTMGN OMNANSN TOV YPAPOL GTN UVIUN TOV HEUOVOUEVOY KOUPOV-EpYUT®V, TNV
avaBecT KOPLPOV GE TUNILOTO KO GTT) GUVEYELDL TO TLOTO OVTH GTOVG EPYATES, TN LETAPOPA
OAOV TOV ATOITOOUEVOV TUNUATOV 6T0 KAOe £pydtn kabdS Kol TP 0N KATOI®V ECMTEPIKMV
doudv Tov Ba ¥PNGILOTOLOVY KATH TOV VITOAOYIGUO.

o Superstep i Ed® tpéyet n mpokaBopiopévn amd To pf ot GLVAPTIOT VITOAOYIGHOD.
e Shutdown Eivat o yp6voc mov amateiton 1o vo GTOUOTCOVIE Kol Vo eTPeRatdcovpe 6Tt OA
&xovv yivel pHetd to ypayipo e e£000v, dnAad1 o1 Tépot EYovv amodecHeELTEI(OAES O1 GUVIEGELS

dKTOOV EYoLV KAEgloEL, OAQ TOL VILOTA, YOV EVODEL KAT) Kot 0 xpNoTng €xel evnuepmOEL.

e Total Eivot o mpaypatikog xpovog Tov ypetdleton yio va TpEEEL 1] EPUPLLOYT| OO T GTLYLT TOV
&yovv deapevtel OAol o1 TOpot. Apa dev TepthapPdvet Toug xpovovug Initialize 1j Shutdown.

3.6 Extéleon oto Openvirtuoso

Mo va a&lohoyncovpe TV 0md300T TOL GLOTNUATOS LG G GUYKPLON UE Uit EVPEIDG O100Ed0UEVT
KEVIPIKN TPOGEYYIOT Y10 EXEPDTNON TETOLWV CLVOA®VY dedopéav, emAéEape to Openvirtuoso [28].
[Mopaxdtom akorovbovv ta akpiPn epotiuata wov Tpééaie, opiopéva oe SPARQL.
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Predicatg4 Predicatel

/ Predicated
4 Msg: 3

Xympa 3.19: Superstep 2

Queryla

sparql select ?x where { ?x
<http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type>
<http://xmlns.com/foaf/0.1/Person> . ?X
<http://dbpedia.org/property/birthPlace>
<http://dbpedia.org/resource/Queens> .};

Queryilb

spargl select ?x where {?x
<http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type>
<http://xmlns.com/foaf/0.1/Person> . ?Xx
<http://dbpedia.org/property/birth>
‘1979’ AN<http://www.w3.0rg/2001/XMLSchema#date> .};

Querylc

| spargl select ?x where {?x <http://xmlns.com/foaf/0.1/name>

‘Sokrates’@de . ?x <http://purl.org/dc/elements/1.1/description>
‘griechischer Philosoph’@de .};

Queryld

spargl select ?x where {?x
<http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type>
<http://dbpedia.org/class/yago/City108524735> . ?x
<http://dbpedia.org/property/populationAsOf>
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‘2006’ AM<http://www.w3.0rg/2001/XMLSchema#Integer> .};

Queryle

spargl select ?x where {?x
<http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type>
<http://dbpedia.org/class/yago/Emiratel108557396> . ?x
<http://dbpedia.org/property/mapCaption>
<http://dbpedia.org/resource/Saudi_Arabia> .};

Query2a

sparql select ?x where {?x <http://xmlns.com/foaf/0.1/name> ‘Verne,
Jules’@de . ?x <http://dbpedia.org/property/deathPlace>
<http://dbpedia.org/resource/Amiens> . ?x
<http://xmlns.com/foaf/0.1/givenname> 2?2yl . ?x
<http://xmlns.com/foaf/0.1/surname> ?y2 . ?x
<http://dbpedia.org/property/birthPlace> ?y3 .};

2| Query2b
3| spargl select ?x where {?x <http://dbpedia.org/property/influences>

<http://dbpedia.org/resource/Plato> . ?x
<http://dbpedia.org/property/influenced>
<http://dbpedia.org/resource/Alexander_the_Great> . ?Xx
<http://dbpedia.org/property/shortDescription> ?yl . ?X
<http://dbpedia.org/property/notableIdeas> ?y2 . ?Xx
<http://dbpedia.org/property/mainInterests> ?y3 .};

Query2c

sparql select ?x where {?x <http://dbpedia.org/property/influences>
<http://dbpedia.org/resource/Plato> . ?x
<http://dbpedia.org/property/influenced> ?yl . ?X
<http://dbpedia.org/property/shortDescription> ?y2 . ?x
<http://dbpedia.org/property/notableIdeas> ?y3 . ?Xx
<http://dbpedia.org/property/mainInterests>
<http://dbpedia.org/resource/Science> .};

Query3a

spargl select ?x where {?x
<http://www.w3.0rg/1999/02/22-rdf -syntax-ns#type>
<http://dbpedia.org/class/Book> .};

5| Query3b
o| sparql select ?x where {?x

<http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type>
<http://xmlns.com/foaf/0.1/Person> .};

Query3c
sparql select ?x where {?x <http://xmlns.com/foaf/0.1/homepage>
<http://www.educause.edu/> .};

Query4

sparql select ?x where {<http://dbpedia.org/resource/\%21\%21\%21>
<http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type>
<http://dbpedia.org/class/yago/Groupl00031264> . ?X
<http://www.w3.0rg/1999/02/22-rdf -syntax-ns#type>
<http://dbpedia.org/class/yago/Groupl00031264> . ?X
<http://dbpedia.org/property/genre>
<http://dbpedia.org/resource/Alternative_rock>
. <http://dbpedia.org/class/yago/Groupl00031264>
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<http://www.w3.0rg/2000/01/rdf-schema#label> ‘Group’

5| Query5s

sparql select ?x where {?x
<http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type>
<http://xmlns.com/foaf/0.1/Person> . ?Xx
<http://xmlns.com/foaf/0.1/name> ?z . ?x
<http://dbpedia.org/property/birthPlace> ?y . ?y
<http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type>
<http://dbpedia.org/class/yago/City108524735> . ?y
<http://dbpedia.org/property/populationRef>
<http://www.statistik.baden-wuerttemberg.de> .};

Query6

spargl select ?x where {?x
<http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type>
<http://xmlns.com/foaf/0.1/Person> . ?Xx
<http://dbpedia.org/property/birthPlace> ?y . ?y
<http://dbpedia.org/property/populationRef>
<http://www.statistik.baden-wuerttemberg.de> . ?y
<http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type>
<http://dbpedia.org/class/yago/City108524735> .};

Query7

sparql select ?x where

{<http://dbpedia.org/resource/Ferdinand_Rudolph_Hassler>
<http://dbpedia.org/property/birthPlace> ?x . ?x
<http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type>
<http://dbpedia.org/class/yago/Capital108518505> .};

-}

49







Kepaiaro 4

Iewpapato

4.1 Xmiowpo wepfairlovtog

4.1.1 Xdvora Agoopévav

Mo ta Tepduatd pog ypnoomomoape 600 GOVOAN dEG0UEVMV SLOPOPETIKOD HEYEBOLE amd TV
DBpedia:

1. Zvvolo Aedopévev 1: http://downloads.dbpedia.org/2.0/

2. XHvoro Agdopévov 2: http://downloads.dbpedia.org/3.0/en/
AvTd 0 GOVOAN dESOUEVDV TTEPIEXOVV GpBpa, TEPIANYELS, EIKOVEC, GUVOEGIOVG 0 eEMTEPIKEG 10TO-
oeAideg, mAnpogopieg mov £yovv e&uybel and ta infoboxes tng Wikipedia, cuvoéspovg petald yem-
YpoeK®V ToTtmv oty DBpedia kot dedopéva yi’ avtovg otn Bdon dedopévaov Geonames Kot GALAL.
[eprocdTepn TANpoPOpia Y10 TO TEPIEXOUEVO AVTMV TOV GLUVOA®DV dedouévmv prmopet va, Bpebei oto
wiki ¢ kowotntag g DBpedia. Zuykekpyuéva, 6Toug TapakaTm GUVIESUOVS Y10, TO XHVoAo Agdo-
pévav 1 ko 2 avtictoryo:

e http://wiki.dbpedia.org/data-set-20

e http://wiki.dbpedia.org/data-set-30

Kot ta 800 cuvora dedopévav mepiéyovv dedopéva og N-Triple popen. To cuvorikd tovg péyebog,
TPV KAl PLETA TNV TpoeneEepyacio Tovg anekovileTon otov mivaka 4.1:

Dataset Name  Apjyxoé MéyeBog MéyeOog petd v mpocmelepyocia
Dataset 1 6.8GB 5.2GB
Dataset 2 18.0GB 13.0GB

Mivakag 4.1: Méyebog Tav xpnoionomEviwov cuvolwv dedouévav

4.1.2 XopoxtnproTikd nepairlovtog

Ola pog to mepdpata £ywvav og mepipdirov cloud, ypnoonoidvtog to Openstack g TAaTOpLLL
AoyloKOV. Anovpynoape 8 sikovikég unyoaveg (Virtual Machines - VMs), mov ¢giho&evovvtal 6to
Computer System Laboratory of NTUA. Ot etkovikég punyoveg €00V EYKOTEGTNIEVO TO AELTOLPYIKO
ocvotnua Ubuntu 14.04.2 x64, 8GB RAM 1 xaBepio, 4VCPUs kat 80.0GB amodnkevtikd yopo. ['a
TO, TEWPAUOTE LG YPNCLOTOU|COLLE:
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e Hadoop ékdoon: 0.20.203.0
e Giraph ékdoom 1.2.0 and

e Openvirtuoso ékdoon 6.1.

INo va éxovpe aoporéotepa OTOTELEGUATO EKTELECOLE TO KOOE EPMTNLLA TEVTE POPES KOL THPOLE TO
HEGO OPO MG TEMKO OTOTEAEGHLAL.

4.2 Amoteréopata [lerpapdrov

4.2.1 Emioyn tov napopétpov tov Hadoop

To Giraph a&lomotel v vrdpyovca vrodoun tov Hadoop kot ta epothpatd pog vroBaiioviol o
avtd og Hadoop gpyacieg, mov éxovv povo Map pépoc. Mia epyacio Hadoop, pmopet va €yt apketd
OLPOPETIKN AOS00T aviroya e Tig emieyeioeg TIHEG TV dopopmv TapapéTtpov Tov Hadoop.
"Etot, Bempioape Aoyucd va vmoBécovpe 4Tt 1 EDPECT] TOV COGTAOV TILAOV Y10, KATOLES TAPUUETPOVS
umopet va Tai&et onpoavtikd poro oty anddoon pog epyosiog Giraph. Edm e€etdoapie tv emidpaon
TOV aKOAOLOOV TOPAUETP®V:

1. dfs.replication
2. dfs.block.size
H npd xaBopilel to méoeg popés avtiypdeetal n €i60dog and to Tomkd cOoTNUo apyeimv oTo

HDFS, xvpimg yio va eEacparicovpie vynAn dtbectudtnto tov dedouévay, evd 1 devutepn kabopilet
t0 péyebog tv blocks oto HDFS.

Epgvvnoape v enidpaomn Tov TapapuETpOV aVTOV KoTd T 01dpKelo TV akOA0VO®mY oTadiwV:

1. Avtiypaen g €16650v omtd 10 ToTKO cvoTnUa apyeiwv oto HDFS
2. ®optwon tov Ypaeov oto Giraph

3. Xpo6vog vToAOYIGHOD TOV EPMTHUATOS

Avtiypagn oto HDFS

210 oynuo 4.1 anewkoviletal To TOC LETAUPAALETAL O XPOVOS AVTIYPOENS OTAV 1) TAPAUETPOG:
dfs.replication av&avera.

Onwg sival avapevopevo, 660 avédvel 0 aplBpog TV avTlypaemV, amalTeitol TEpIocdTEPOS YPOVOG
Yo TNV avTypa@en Tovg and to Tomkd cvotnua apyeiov oto HDFS. Tapoia avtd, mapatnprioope
OTL e T iom pe 6v0o, 0 ¥pOVog avTLypaeng eival cuYKPICIHOG He avuTdV, dTav 1 TN ival va, v
v i1 otrypn £xovpe vVYNAR S100eGIUOTNTA TOV SEGOUEVMV, e OTOTEAECILO VO EIVOL TPOTILOTEPT).
Meyal0tepeg TIEG TNG TOPAUETPOV QVTHG TPOGHETOVY APKETH TEPIGGATEPO YPOVO GTO GTASIO TNG
oVTLYPOPNC.

Y10 oynpa 4.2 anekoviletol 1o Tmg HetaPaAletal o xpovog avirypaeng 6tav n mapapetpog: dfs.block.size

av&avetat.

Awmotdvoupe 0Tt Yo Tipés block amd 128Mb e 1408Mb, 0 ypodvog avTrypapng givatl Guykpiciog,
pe v tipn 1408Mb(7 1.375GB) va givar 1 Bértion. Me peyaivtepeg Opmg TIEG SimAacotdleTot o
YPOVOG TOV ATOUTEITOL YOl TI) PACT] TNG AVTILYPOPT|S.
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Yynpa 4.1:

Xypa 4.2:

Copy to HDFS

g
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v l I I I I
0
1 2 4 6 8

Replication Factor

Copy Time (s)
8588

3

Avtrypagn| amd 1o Tomikd cvotnpa apyeiov 6to HDFS yia dtapopetikég Tiég g mopa-
pétpov dfs.replication

Copy to HDFS

300

200
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0
128 768

1024 1408 2816
Block size (MB)

Avtiypaon| amd to Tomikd cvotnua apyeimv 6to HDFS yia dtapopeticég Tipég tng mapa-

pétpov dfs.block.size

Copy Time (s)

Doptmon ypdeov cto Giraph

Y10 oynua 4.3 amewcoviletal To TOG PETARAAAETAL O YPOVOG POPTMONS TOV YPAPOL, OTAV 1 TaPEpLE-

pog

dfs.replication av&dverar.

[oapatnpovpue 6t 1 OPTO®CT TOL YPAPOL OMOLTEL GNUAVTIKE TEPLGGOTEPO YPOVO OTAV O TOPAYOVTOG
avTIypoenG gival £va, GLYKPLTIKG e OTOONTOTE GAAN T AVTO €lval aVOUEVOUEVO, YI0TL T, dE-
dopéva Bpickovrol povo og £va KOUPo Kat OAot ot gpydteg BEAOLY VO, POPTHOGOLYV UEPOG TOV YPAPOL
GULO®VO LE TO TUNHOTO TOV TOVG EYOVV avoTedel.

Oleg o1 VIOAOWES TLLEG TOV TOPAYOVTO OVTLYPAPNG Elval o KovTd PeTa&h Tovg He TNV TR 600 va
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Input Superstep
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Replication Factor
Yympa 4.3: Input Superstep yio dtopopetikég TInég ¢ mapapéTpov dfs.replication
ouvveyilel va givorl n Kahvtepn emloyn.

210 oynua 4.4 ansikoviletal 10 TAOC peTafAAAETAL O XPOVOS Yol TN POPTM®GT TOL YpAPov, KabdS To
péyebog tov block av&averar.

Input Superstep
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Typa 4.4: Input Superstep Yo S10QopeTIKES TIES TC TapapéTpov dfs.block.size

Me péyefog 2816MB OAeg o1 ekTEAETELG TAY OTOTUYNUEVES. AVTO givol aVaEVOLEVO, KAO®DS 0 KGOE
EPYATNG TPEMEL VAL POPTAOGEL TO KOUUATLOL TG GOS0V TOV TOV ovatédniay omd Tov apévn ot Otk
TOV TOTIKN pviun. Extéc amd ™ pviun wov mpémel va SeGUeEVTEL Yo Vo omofnKeLTovy 0 fOCIKA
oTolyeio, TOV YPAPOL: Ol AKUEG KOl 01 KOpLOES Lol He TIG TYEG TOVG, OmoLTEITOL VAU KO Yol TOL
gloepyopeva/eepyOreva, UNVOIOTO, KAVOVTOG £TGL TI] GUVOAMKN UV TTOL amatteitan va Eemepvaet
to dbéoipa 8GB.

YyeTikd e TIg VITOAOITEG TILES, TAPATNPOVUE OTL deV EYovE oTafepn cLUTEPLPOPA KAOMDS TO péye-
Bog tov block av&avetar. Ta kaldtepa amotelécpata emttuyydvovton pe Tiun: 1408 MB. Qaivetor va
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glvat 10avikn Tiun, Yot To péyebog eival apkeTd HEYAAO, MGTE VO EYOVUE TO EAAYIOTO LETOOESOUEVA
KoL TNV avtiotouyn dlyelpton Tovg, 0ALL TOVTOYPOVE, KO OPKETH UIKPO, MOTE VA YWOPAEL OTN UV
€VOC LELOVOUEVOL KOUPOV, e ATOTEAEGLO VO [T) TPOKOAOVVTOL OTOTVUYIEG AOY® VITEPPOPTMOCNG TNG
pvipng.

Xpovog vToAoYIGHOY EPMOTINATOG

210 oyfua 4.5 anekoviletotl 10 TOG LETOPAALETOL O YPOVOG VITOAOYIGHOV TOV EPWTILOTOS, KAOMG M
napdpetpog dfs.replication av&dvetar.

Computation
18500

18000

17500
17000
16500
16000 l
15500
1 2 4 2] 8

Replication Factor

Tirme (ms)

Tyfqna 4.5: Xpovog Ymoloyiopov yuo Stopopetikég TIHEG Tng mapopétpov dfs.replication.factor

Me o TpdTn Hotid eaivetol Kamoe topado&o 0Tl 0 VTOAOYIGUAG TaipveL To AydTeEPO YPOVO, OTAV
0 TOPAYOVTOG OVTLYPAPNG IOOVTOL LE £Va. Xg QLT TNV TEPINTWOT), OAOKANPT 1 €lc0dog, He TV
avtiypoen oto HDFS 0a mael o€ éva povo kouPo. ‘Etot, 1o peyodldtepo pnépog tov ypdpov 16600V,
VIapyel o€ va Povo KOUPO Kal 1 ETKOVOVio, LETAED TMV EPYATOV Elval 1 EAAYIOT TOV OTOLTEITOL.

Y10 oynua 4.6 ameucoviletal 1o TOG PLETAPAAAETAL O YPOVOG VTOAOYIGHOV, OTAV avEdveTar To puéyedog
Tov block.

[Topatnpovpe 6TL 0 LIOAOYIGHOG EKTEAEITOL OE LUKPOTEPO YPOVIKO dtdoTnpa O6Tav To péEyehog Tov
block av&averar, Tpdypo mov woyvet yio pueyédn block amd 128MB émg 1024MB. Meyaidtepeg Ti-
pég amd 1024MB 0onyodv o peyadhtepo ypdvo VIToAOYIGHOV. AVTO GUUPALVEL, Y1OTI VITAPYOVY TOAD
AMYOTEPEG EMAOYEG YLOL TNV KOTATUNGT TOV YPAPOV, 0dNYDVTAG GE U Omod0TIKN dlaygipion @opti-
ov (load-balancing), mov onuaivel 0TL Egovpe ePYATEG TOV ATOITOOYV APKETH TEPIGGOTEPO YPOVO VL
VITOAOYIGOVV T UMOTEAEGLLOTA TOVG OE GYECT LE AAAOVG.

Ta mapamdve aroteléopata gival yuo to To X0voro Agdopévov 1. [Tapora avtd, exteréoaps pepikd
TEPALOTO YPNCILOTOLDVTAG TO peyaAdtepo dataset, kot O PAVIKE vV LITAPYEL KATOL0, S10POPOTOINGT
OTN GUUTEPLPOPUL.

4.2.2 Xpovog - Al0QOPETIKOS TUTOG EPOTNATOV

YKk0mog aVTOD TOL TUALOTOG EIVOL VO, EVTOTIGOVE TIC S10POPES GTO YPOVO VTOAOYIGHOV UETOED TV
EPOTNUATOV SLOPOPETIKOV £id0VE, av 1 idta onumepipopd mapopével, kabdc o apBudg tov KouPmv
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Computation
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Yympa 4.6: Xpovog YTOAOYIOHOD Yo SopopeTikeg TIéEG TG mapouétpov dfs.block.size
av&aveTat Kot Toug Adyoug Tov e£nyodv auTY| Tr GLUTEPIPOPA.

Ta amoteAéopato apopovV Kot TOVG EQTE SLALPOPETIKOVS TOTOVG EPMOTNUATOV Kot ametkovi{ovTat oTa
oynuarto 4.7 ko 4.8.

Computation Time - Dataset 1

70000
BOO00
__ 50000
E 40000
T
E 30000
-
20000 I
< I Dloilin  alalll
. " - i.n0l
4 nodes 6 nodes & nodes
Nodes

B Query1 B Query2 B Query3 8 Queryd B QueryS B Queryt B Query7
Yypa 4.7: Xpovog Ymoroyiopov - Zovoro Agdopévay 1

Mmropolpe vo d0OUE OTL G€ OAEC TIG MEPUTTMOOELS 1] CUUTEPLPOPE TOV EPOTNHATOV OTO AITOYT TOV
YPOVOL VIOAOYICUOV givar 1 1010, €ite £xovpe TéooePLg, gite €EL eite oyxTM KOUPOLE. AVTO onpaivel
otL av 10 Epamnua 1 ypetdletor Arydtepo xpovo yuo va extereotel amd 1o Epdtnua 2 o €va cluster
amotelovpevo amo 4 koppovg, tote Ba ypelaotel Ayotepo ypovo kot av ekteleatel o cluster €61 1
oyt® kKOpPwv. Ta 1610 GUUTEPAGLOTO IGYVOVY KO Y10 TO HEYOADTEPO GVVOAO OESOUEVOV.

Ytov mivaka 4.2 gaivovtol o1 S1popeTIKol TOTOL EPOTNUATMV, TAEIVOUNUEVOL OE pio. GEPE EEKIVAV-
TG amd OVTOV TOV ATATEL TO AYOTEPO YPOVOL VITOAOYIGUOD KOl KATAAYOVTAG G OTOV TOV amaTel
TOV MEPIOTOTEPO.
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Computation Time - Dataset 2
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Yympa 4.8: Xpovog Yroroyiopov - Xovoro Asdopévav 1

Query3 Query7 Queryl Query4 Query6 Query5 Query2

Mivakog 4.2: Ta epotiuata tavopnuéva pe Baon to ypdvo VITOAOYIGHOD

Epdoov, avt) n cupmeprpopd 1oyvet o€ KGBe mepintwon, sivol ac@arés va vrofécovpe 6Tt dev elvan
Toyoio, 0AAG BacileTol oTo £YYEVT YOPUKTNPIOTIKA TOV EPOTNUATOV aVT®V. Ta YapoKINPIoTIKA TOV
eaivetal vo ennpealovy TEPIGGOTEPO TO YPOVO VTOAOYIGLOD Eival:

1. O ap1Budg TV supersteps

2. H molvmhokdtnTa T0U EpOTAOTOG, oL Kabopiletal Kupimg amd Tov apBpd TOV KOPLOOV Kol
TOV OKUOV TOV TEPIAMAUPAVOVTAL GTO EpMTNLUA KABMG KoL TOV TPOTO LLE TOV OTOI0 OVTEG CLUVOE-
ovtat peta&d Toug.

2YETIKA LLE TOV TPMOTO TApAyovTa, elvar Aoyikod va vofécovpe 0Tt 660 uKpdTEPOG £ival 0 aplOudg
TOV ATOLTOVIEV®V supersteps, TG0 UIKPOTEPOG Bal eivat Kat 0 ¥pOVOog VTOAOYIoUOD. AVTO cupPaivel
vt kée superstep cuVOSEVLETAL KOt Ao [0 PACT) GLYYPOVIGHOD, OOV 0 KABE epydng mepévet O-
AOVG TOVG LTOAOLTOVE VO OAOKAT| POGOVV, TPAYLLO, TOV UTTOPEL VL 00N YNGEL GE TOAD LEYAAVTEPO YPOHVO
VTOAOYIGHOD, KUPIMG GE TEPUTTMGELS OOV OEV EYOVUE 10T KOTOVOUT POPTIOV OVAUESH GTOVG KOLL-
Boug, N av évag képPog eivor o apydg amd tov dAho. v mepintwon pag to Epotipata 1, 2, 3 kot
7 yperdlovtar dVo supersteps yio va oAoKANp®Oovv, evd Ta 4,5 kot 6 ypetalovron tpio. BAémovpe 611
YEVIKE TOL EPOTILLOTOL LLE OVO Supersteps 0OAOKANPGVOVTOL YPYopOTEPQ, LE EEQTPEST] TO EpMTNUA 2, TO
0m010 £XEL TO UEYOAVTEPO XPOVO VTOAOYIGLOD OO OAL, TAPOAO TOV YO TIV OAOKANPMOCT| TOV OOl
TovVTOL PHOVO 000 supersteps. Xe ovTHY TNV TEPITTM®ON, AAAOL TUPAYOVTES, EXNPEAlOVY TEPIOTOTEPO
TO QTOTEAEGLOL.

H molvmhokotnta @aivetal va mailel emiong ToAD onUavTiKd pOAO GTOV XPOVO LITOAOYIGHOD TOV &-
potipotoc. [aipvovag éva éva ta epotiuaTa £ovpe:

To epmtnua 3, ival To ATAOVCTEPO KO AVOUEVETOL VO OTTOLTEL TO AYOTEPO YPOVO VITOAOYIGHOV. ZVY-
Kekpléva, omAd amortel amd pio akpipdc Kopven pe cvykekpipévo VertexID vo oteider pqvopa 1
UNvOLOTO 6€ OAES TIG KOPLPES TOL GLVOEOVTAL LLE AVTNHV LEGM OKUNG Le cuyKekplévn Tiur. OAeg ot
KOPLPEG TOL EAOPaY IV ATOTEAODY LEPOG TNG OTAVTINOTG.
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To gpotpa 7, glvar Aiyo mo moAvTAoKo o 10 3, TEPIAAUPAVOVTOG Lo aKOUO KOPUOT KoL OKUT.
O vmoloyiopdg yivetar pe tov 1010 TPOTO OV YIVETOL KOl GTO EPATNHN 3, HE TN OPopd OTL GTO
TENOG £xovpie pio eMIAEOV GUVONKN: OAEG 01 KOPLPES TOL EAABOV VUL Y10l VO, OTOTEAEGOVV LEPOG
NG OMAVTNONG TPEMEL EMITAEOV VO, EIVOL GUVOEUEVEG LE LE oL GAAT] GUYKEKPILEVT] KOPLOT LECH
GUYKEKPLEVTG OKUTG.

To gpodua 1, dev etvor o moAvmAoko and to 7, pe v €vvola Ot tepthapPdavetl tov ido aplfuo
KOPLPGV Kot akpdv. Opme, 0 TpOTog e ToV 0moio 01 KopLPEG cuVOEoovTal PeTalh Tovg eivar dia-
(POPETIKOC, EUTEPLEYOVTAG TEPIOCOTEPES EVEPYES KOPVPEG GTO APYIKO superstep Kot Evav avénuévo
apOpd IMVOUATOV TOL GTEAVETOL LETAED TOV EPYATMV, 0ONYDOVTAG £TGL GE HEYAAVTEPO YPOHVO VLTTO-
AOYIGLOD.

To gpotnua 4, av&avel aebntd TV TOALTAOKOTNTA, KOOGS TEPLEYEL TEGTEPLS 1O10TNTES (OKUES), TPEIS
KOPLPEG LLE CLYKEKPLULEVT TN KoL VoL GUVOAO 0td AopueEéC Y, TOV GUVOEOVTOL LE AALEG KOPLOES e
OLYKEKPLEVO TpOTO. Motdlet pe cuvovacuo and to epdTnua 7 kot 1.

To gpatnua 6, £xet Tov id10 AP KOPLE®V Kol AKUOV e TO 4, £TCL 1] TOALTAOKOTITA gV givan
ooONTd avENpévn. Alaepépel GTov TPOTO GUVIESNC TV KOPLO®OV HETAEL TOVS, Kot UTopel va Bem-
pnbei og cuvdvaopoc dVo EpMTNUATOV TOTOL 1, S1KAIOAOYDVTOG £TGL TOV AlYO TEPIGGOTEPO YPOVO
VROAOYIGHOV TTOV amatteital (o€ GVYKPLoT UE TO 4).

To gpadnua 5, givorl mo ToAOTAOKO amd OAM TO VIWOAOUTO, TEPIAAUPAVOVTOG Lo aKOHA 1O10TNTa,
KaOdG kol £V GOVOAO OO KOPLOEG ‘Z’ e GUYKEKPUUEVO XOPOKTNPLOTIKE. ZUVETMG OTULTEL KOO
TEPLGGOTEPO YPOVO VITOALOYIGLOV.

Téhog, T0 epdTNHA 2, TO OTOT0 AMALTEL TNV TEPLOTOTEPT BPA GLYKPLTIKA e OAQ T VITOAOITO. ATail-
tel pOVO VO supersteps Kot 0 TPOTOG [LE TOV OTOI0 GUVIEOVTAL LETAED TOVG 01 KOPLOES KO Ol AKUES
glvar apreTd amAds. Opmg, o aptBpog Tov WI0THTOV Tov gumeptéyovion lvar peydAog (mévie), Kot
KOTO CUVETELOL ATOULTELTA 1] OVTOAAQYT] LEYGAOL aplBovy unvoudtmy, Ta otoia LaAloTo Oa dtayept-
oTel Vag epYATNG, LELDOVOVTOG £TCL TO EMIMESO TAPOUAANAGHOD KOl TO YPOVO TOV GTULTEITOL VIO TV
OAOKANPOGN TOL.

4.2.3 Xpovog Yroroyiopov kor AplOpég koppov

[Ipogavac, epdcov gipoote o KoTaveunuévo eptBailov B ovpe va dovpe MG LETAPAALETOL O
YPOVOG VTTOAOYIGHOV KaBDS avédvetar o apBudg tov kKOpPov. Xta Tepauotd pog, tpééape OAOVG
TOVG OL0LPOPETIKOVG TOTOVE EPOTNUATMV, LLE OLOPOPETIKES EMAOYEG Y10, VTOKEILEVA, KATYOPOVUEVA
KoL avTIKEIPEVa, o€ dtapopeTikd aptBud kopPov. Tpé&ape 0 KaOe epOTNUA TEVTE POPES, KoL TPOLE
TO PECO OPO MG TO TEMKO OTTOTEAECLLAL.

Ta amoteréopata kot angikovilovtal oto oynua 4.9.

Onwg eivar avopevoprevo yioo OA0 To €101 EPOTNUATOV, O Y¥POVOG VTOAOYIGHOD UEIOVETOL KAODE O
apOpog TV KOUPmV avédvetat o 6OA0VG TOVG THTOVG EPMOTNUATOV.

Ta amoteréopata yio To peyaAdtepo cHVoro dedopévav aivovtol 6to oynua 4.10. g autiyv v me-
pintwon ta dedopéva amodeiyTnKe OTL NTOV TEPIGGOTEPA OO OGO UTOPOVGE VO OLOYEIPLOTEL 1] LV
pog.

Xpovog Yroroylopo¥ Kot Alo@opeTikd XTiypétona Tov idtov gidovg Epomipatog

IMa vo dovpe TOG 1 EMAOYN TOV VIOKELEVOV/KATIYOPOVUEVAOV/AVTIKELLEVOVY ETNPEGLEL TO ATOTE-
Aeopo, o Epotiuata 1,2 kot 3 eKTeAéoTnKay YPNOLLOTOIOVTOS OOPOPETIKES TILES Y10, SLUPOPETIKO
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Computation vs Number of Nodes
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Tympa 4.9: Xpovog voAoylopol Yo StapopeTikd aplfud kKOpPwv - Zovoro Agdopévov 1
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Zyqpo 4.10: Xpdvog vrtoloyiopo yio Stpopetikd apipd koppfov - Xovoro Aedopévov 2

apOud kouPav (4, 6 ko 8 koéppor). Ta aroteléspota ancikovilovtal oto oynuota 4.11, 4.12 ko
4.13.

Opota, ya to ZHvoro Agdopévemv 2, Exovpe ta oxnuata 4.14, 4.15 ko 4.16 avtictoya:

Ao 10 TAPOTAVED GYNUATO LTOPOVUE VA SOVE TAC 1] ETAOYT TOV VIOKEUEVOV, KATIIYOPOLIEVMOV
KO OVTIKEWEV®V UTTOPEL VoL 00N YNGEL GE TOAD SLOPOPETIKO ¥POVO VTOAOYIGHOV. Xg OAEC QUTES TIG
TEPMTMGELS, 1 OOUN KoL KOT EMEKTOCT] YPUPIKT OVAUTOPACTOCT) TOV EPOTILOTOC TOPALEVEL {d100 Kot
0AAGLovV HOVO 01 SIAPOPEG TIEG TOV KOPLO®V 1/Kaol aKp®dV. ZTov akoAovbo mivaxa 4.3 uropolpe
va dovpe T d1dpopa oTIyUIOTLTO, 0Td TOV 1010 TOTO EPWTHLLATOG, Tavounpéva Katd avovta ypdvo
VTOAOYIGLLOV.

AvTéc o1 S10popég HmopolV Vo S1KatoAoyYN00VV OTIG TEPIOCOTEPES MEPUTTMOELS ATO TOV APLOUO TV
KOPLO®V TOV EUTAEKOVTOL GTO EPMTNLLO.

Onwg Prémovpe ota oynuoato 4.17, 4.18 ko 4.19, yu 1o Epdtnpa 1 kot 3, 660 pikpotepog givat o
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Yynpa 4.11: Epompuoa 1 - Xpovor YroAoyiopod yio to XOvoro Aedopévov 1
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Xypa 4.12: Epdmpa 2 - Xpovor YToAoyiopo yio o ZOvoAio Agdopévav 1
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Xyqpna 4.13: Epotua 3 - Xpdvotr Yroroyiopot yia 1o ZOvoro Agdopévav 1
apOpdS TV KOpLEAOV, TOCO HKPOTEPOG glval Kot 0 Ypdvog vroroyicpov. Ta topamdve dev 1oybhovv
Yol TO EPAOTNUA 2, OTTOL TO EpATNL 20 XpeLaleTar To AtydTepo ypovo Yo va omavtnbei, Tapodro wov

01l KOPLPEC TOV EUTAEKOVTOL GTO EPATNO EIVOL TEPIGGOTEPES KOIL TO, UNVOLLOTO TTOV OVTOAAGYONKaLY
elvaL TEPLOGOTEPO. ZE AVTNV TNV TEPIMTOOT) CNUAVTIIKOTEPO POLO TPEMEL Ve TAiloVV GALOL TOPAYOVTES
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Yympo 4.14: Epomuo 1 - Xpovor YroAoytopod yio to XOvoro Aedopévaov 2
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Tyqna 4.15: Epotuo 2 - Xpdvotr Yoroyiopov yia to LHvoro Agdopévav 2
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Tyqna 4.16: Epotuo 3 - Xpdvor Yroroyiopot yia 1o LHvoro Agdopévav 2

OGS TO MG gival YOPIGUEVOS 0 YPAPOS Kol TG EYOLV KaTovapepunonei o dedopévo 6Tovg EPYATEC.

Axp1Pog 1 1010, GUUTEPIPOPA TAPAUTNPEITOL KOL GTO GEVTEPO GUVOLO OESOUEVMV TTOV YPTGLLOTOGO-
LLE.
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Mivaxkag 4.3: Epotuata toa&tvopmpéva ava avovia ypdvo VToAoYIGHOD
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Yympa 4.17: Epodmuoa 1 - AptBudc Axudmv

Query2
15025000 15023582
15020000
15015000
# 15010000
g 15005000 15003906 15003911
15000000
14995000
14990000
Query2a Query2b Query2c

Xypa 4.18: Epdtpa 2 - ApiBudc Axucdv

4.2.4 Openvirtuoso

INo vo emPefardcovpe 6TL 1 VAOTOINGN TOV EPOTNUATOV LE KATAVIUEVO TPOTTO EMOTPEPEL OAN TOL
OTOTEAEGLOTO, OALG KOl TO 6MOTA, Ta cLYKpivaue pe avtd and to Openvirtuoso. Xe OAeg TG MEPL-
TTMOGELG TO, ATOTEAECUATA TYTOV TO, 110,

Endong, 0éhape va SovE 0V TO EPOTALOTO GUUTEPIPEPOVTAL LIE TOV 1010 TPOTO Kol 6T VO GUGTH-
poTa Kot ov 0xL, To A0Yo mov KpOPeTot Tom amd ovTn T SL0POPETIKT] CLUTEPIPOPE.

4.2.5 ®optoon I'pagov

O ypdvoc mov amatteiton amd To Openvirtuoso yio va poptdcel OAa to. RDF dedopéva, eivan apketa
peyoAvtepoc. H poptmwon tov ypdpov 6to Openvirtuoso £yive 7 opég Kot TNPOUE OC ATOTEAEGLO, TO

péco 6po. Tov ypapo arotelovv 6Aa ta RFD apyeia mov ypnoiponocaye kot oto Giraph. @aiveton
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Yympa 4.19: Epdmpa 3 - ApiBpdg Axuov

OTL YPEAGTNKAY TEPITOV 6 DPEG Y1t TN POPT®GST OAGKANPOL TOL YpAPov. Ta pepovapéva omoTeELE-
GHOTO Y10 TO cUVOLO dedopévev 1, paivetal otov mivaka 4.4. ITapodro mov k cOKpion dev givan dikain,
pe v évvola 01t oto Giraph ypnoomomoape TEGGEPIS POPES TEPLGGOTEPOVG VIOAOYIGTIKOVG TTO-
pOVG, o1 6 dpeg cuVEYILOVY VO TOPAUEVOLY IO OPKETA LEYAAT TN, CUYKPLTIKA LE T VO AETTA TOL
yperaletat to Giraph yio 10 1610 GUVOAO dedOUEVMVY, OTAV TO PLOUIGOVLLE LE TIG KATAAANAES TOPOULE-
TPOVG.

Xpovog DopToong

(ms)

Openvirtuoso Giraph
23233681 118553
25289059 105188
12021112 128640
25706906 118150
23536321 134792
18211069 119050
22010159 114458
21429758.14 119833

Mivaxog 4.4: Xpovog ®optwong - Openvirtuoso - Giraph

4.2.6 Xpovog Ymoroyiopov

Amo v GAAN TAevpd, o ypovoc amdkpiong tov Openvirtuoso eival ToAd KaAvTEPOG 0md 4TL 6TO
Giraph, 6mov pmopei va givor £mg Kot S pe 6 popég mo apydc, TapOAO TOL XPTGLULOTOLIOVUE Kol TOVG 8
KOUPBoLS. AvTo OUMG glval avoapevopevo o€ kamoto Padpo, dedopévov 61t 1o Giraph givat katdAAnio
v TV eneéepyacio TEPAOTIOV GUVOL®DVY dEdOUEV@MV, TaL OTTOl0 LTOPEL VoL fpioKovTal 08 EKOTOVTAOES
KOpUPove. Yro téroteg cuvinkeg, vobétovpe 6t to Giraph Ba €xet vVYMAOTEPES EMOGGELS £VAVTL TOV
Openvirtuoso, kat emmAéov Oa givarl og BEcel va, amavINCEL EPOTALATA T 0TOLA Bol eivat adVvVATO
va AvBovv pe to Openvirtuoso. to SIKG Lo HEYEOM OU®S, TO KOGTOG TNG EMKOVMVING KO 1] ETUTAE-
oV dlayelpn o OV ATOUTEITAL AOY® TOL KATOVEUNLEVOL TEPIPAALOVTOC QaiveTal va KaBuoTEPOLV TO
YPOVO VIOAOYIGUOV.

Axoun, eéetdoaple 10 TG cupmeprpépetal o Openvirtuso Ue SLAPOPETIKOVS TOTOVG EPOTNHATOV. Ta
OTTOTEAEGLOTOL Y10, TO TPADTO CUVOAO JESOUEVMV PaivovTal 6To oynua 4.20.
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Yynpa 4.20: Xpoévoc Yroroyiopob oto Openvirtuoso

BAémovpe 60TL 1 GLUTEPIPOPA TOV EPOTNUATOV Elval apKeTd StapopeTiK omd vtV 6to Giraph. Xtov
nivoka 4.5 BAémovie Ta gpoTipaTa TOEWVOUNUEVE 0V adEOVTO XPOVO VITOAOYIGLLOV.

Query7 Query2 Query5 Queryl Query6 Query3 Query4

Mivaxag 4.5: Epotpata ta&vopnpéva ava adEovta ypovo DVTOAOYIGLOV

AVTEG 01 510pOPEG OPEIAOVTAL GTO SLUPOPETIKO TPOTO e Tov omoio to Giraph kot tov Openvirtuoso
eneEepyalovtal To EpMOTNUA, KAODC Kol TO YEYOVOG OTL 1| (PAGCT] TOV YPAWILOTOG TOV OMOTEAEGLOTOC
otV €000 amaitel TeplocdTEPO YPOVO GuyKprtikd e to Giraph. 1o Giraph, o kdfe epydtng umopel
va ypawyetl oto HDFS 10 pepikd amotéhespio, ka1t mov oto Openvirtuoso TpEmEL va, Yivel GEIPLOKAL.

Avtog givar kol 0 Adyoc mov to Epotnpa 3, av kot to aniovotepo, givar ovtd mov ypetdleTal To
de0TEPO UEYADTEPO YPOVO Y10 Vo 0OAOANpwBEL, evd To Epdtnua 7 mov gival eAdylota mo moAdTAoKo
aAAG Exel LOvo éva vrokeitevo g é£0do, ypeldletar T AyodTepn dpa.

Ta oyuata 4.21, 4.22 kot 4.23 delyvouv TOG KVUAIVETOL O YPOVOG VTOAOYIGHOD Y10 SL0POPETIKA
GTLYLLOTVLTIO TOV 1310V TUTTOL EPMTNHUATOC.

Query1

2500

2000

;‘-_._f 1500
b

= 1000

500

0

Queryla Queryib Queryic Queryid Queryie

Xyqpa 4.21: Epotpa 1 oto Openvirtuoso
Edd PAémovpe 6Tt 01 S10popEg 6TO YPOVO VIOAOYIGHOD HOlALoVV TEPIEGATEPO e aVTéES 6T0 Giraph,
KOl Ol OTI01EC AOKAIGEL TPEMEL VO OQEILOVTAL GTO YPAWILO TOV OTOTEAEGUATOS, 101G OTOV TOAAES

YPOUUEG EMOGTPEPOVTOL MG OTOTEAEG L.
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Tyqna 4.22: Epotpo 2 oto Openvirtuoso
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Iyqpe 4.23: Epotpa 3 oto Openvirtuoso

4.2.7 TIImpétntae ko OpOétnta Tov Epotipatog
Téhog, ouykpivape ta amotehécpata Tov Tpape omd to Giraph kot to Openvirtuoso, €161 OCTE va

emPBefardcovpe 6TL M EPUPLOYN LOC ETECTPEYE OA TO, AmOTEAEGILATA, KoL TO. 6otd. H emiPBefaimon
€ywve Kot yuo 7o, 500 GUVOLD OESOUEV®V.
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Kepalaro 5

Xopumepacpato Ko MEALOVTIKES EMEKTAGELS

5.1 Xvpmepaopato

e vt T STA®UOTIKT EPYaGio, TPOTA TAPOVCIAGAE TN paydaio abHENCT TV OES0UEVOV GIG LEPES
LLOG KO EKQPAGOLLE TNV OVAYKT) Y10 TV Ao KeVoT Kot TV a&lonoinch To0G, MGTE VO LTOPEGOVLLE VOl
e&ayovpe TOAOTIUN TANPOPOPIa KoL Vo feATidGOoVUE d1popovg Toueis g Long pag. [Tapovoidoape
S1aQopa LTOAOYIGTIKA LovTédd, OTwg To Cloud Computing kot to Distributed Computing, KaOd¢ o1-
LLEPOL TOL TEPIOCOTEPH CLOTNH AT BacilovVTal 68 QVTA, DOTE VO EMTVYOVY ENEEEPYOTIO TV OESOUEVOV
LE OTOJ0TIKO TPOTO. TN CLUVEYELL, TAPOVGLACALE TO. TO SNUOPIAN EPYOAEID Y10l KATAVEUNUEVT) ETE-
Eepyaoia, 0nmg to Hadoop kot to Giraph, kabmg kot To TPOypOUHOTIGTIKG LOVTELN TTOV DAOTOLOVV.

211 GUVEXELN, TOPOVCLACHLE TNV O1KT LLOG GUVEICQOPJ, EVaV amAd enelepyaoTti EpOTNUAT®V, 6TOYOG
TOV omoiov gival Vo aEl0TONGEL TO KATAVEUNIEVO TEPPAAAOV DOTE VO ATOVIGEL SAPOPOV EWODOV
EPMOTAUATO LE OTOSOTIKO TPOTO. AEIEUUE SIUPOPETIKA EI0T) EPOTNUATOV KoL ELGAYOLUE ATOOOTIKEC
uebodoroyieg yio v emilvon tovg. [leprypdyope Tov TpOTO pe TOV 0TTOI0 VAOTOMGOLE TOVG OAYO-
p1Opove pog, pe ™ Aoywn ‘Think Like A Vertex’ kot SieEdyaple TEPEIATA VIO VO LEAETIGOVLLE TV
0tO00GT] KOl TNV KALOKOGIUOTNTO TOV GUGTHLOTOG LOG GE L0 GVGTASN VTOAOYIGTOV OTOTEAODUEVN
omd okt kOppove. EmmAéov, emPefoatdcaiie Ty IANpOTNTO Kol THYV EYKVPOTNTA TV OTOTELEC LA
TOV LG, LEGM TNG CUYKPLONG TOVGS LLE AVTAOV TOL EMOTPEPEL EVA KEVIPIKO GUGTILLAL.

Amd To. OTOTEAEGLOTO TOV TEPAPATOV oG, EEAYOUE TO GUUTEPAGO TAOG EIVOL EPIKTO VO OTOVTY-
Bovv mAMpwg dapopwv eddv SPARQL gpotiuata mdve oe Linked Data, pe katoavepnuévo tpdmo.
Tavtoypova gldape TOG 0 ¥POVOG VITOAOYIGUOV TOV AMOTEAEGHATOS BedTidveTan kKaBdg avEavetal o
apOpdS TV VTOAOYICTIKAOV TOPAOV, TPAYLLO TOV GNLLOIVEL OTL UTOPOVLE VO, BEATIOGOVIE TNV ATOJ0-
o1 ENIAVONG TOV EPOTNUATOV ATAG YPNOUYLOTOIDVTAG TOPATAVE® VTOAOYIGTIKOVG TOPOLS EPOCOV KoL
OTAV TOVG £YOVE GTI O1A0E0T LG, TPAYUA TTOV EV EIVAL EPIKTO UE KEVIPIKOTOUEVES TPOGEYYIGELS
IOV EKTEAOVVTAL GE LEUOVOUEVOVG DITOAOYIGTIKOVG TOPoLC. EmmAéov, idape OTL SopopeTikd 10m
EPOTNUAT®V, S0POPETIKA GHVOLA SESOUEVOV MG E1G000G, KAOMG Kol SIAPOPETIKA GTIYUOTLA TOV
1010V TOTOL EPMTAUATOG, LTOPOVY VO 0O YGOVV GE SLUPOPETIKOV YPOVOVG VTOAOYIGLOD TOV OTOTE-
Aéopatog. Téhog, He pio ikpr GUYKPLOT HE EVa EVPEMS YVOOTO KEVIPIKO GVGTI A, To Openvirtuoso,
gldape 6t to Giraph givatl TOAD ypnyopoOTEPO KATA TN GOPTM®GT TOL YPAPOL, EVM Y10, TO YPOVO TOL
VTOAOYIGHOD TO. amoteAéopata givarl To akpPag avtiBeta kot ypeidlovior mepartépw depedvnon.
Ouwc, o peyaddtepog ypdvoc vroAoylopol mov omortel To Giraph, eitvor dtkatoloynuévog ylo pikpa
oUVOAL 6EGOUEVOV OTOG BVTA TTOV XPTCLLOTOMCOLE, KOL 1] TPOYUOTIKT TOL dUVOUT Ba propovoe va
QOVel LLe TN XPNOT TEPICCOTEP®Y VIOAOYICTIKAOV TOPMV Y10l TNV ATAVINGT EPOTNUATOV GE OPKETE
UEYOADTEPA GOVOAL OEOOUEVAV.
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5.2 MEegLLOVTIKEG EMEKTAGELG

Yrapyovv apketés BEATOOELG TOV B0l TOpOVGAV VO YivOuV 6TO HEALOV DGTE TO GUGTNLLA LOG VOl EYEL
peyarvtepeg dSuvaToTnTeG OAAL Kot Vo BEATIOGOLE TNV ATdS00T TOV KOt TNV EXIAVOT EpOTNUATOV.
Néec Aettovpyiec pmopovv va, tpoctefodv Tov divovy T dSuvaTOTNTA Y10, EKTELEGT) TOAVTAOKOTEPMV
EPOTNUATOV UE CVUTOUATOTOMUEVO TPOTO Y10 TNV EMAVGOT TOV 0ToiwV Ypelaletal TAnpoPopia Yo
™V epapyio KaBOg Kol AOYIKY cuVETAY®YT. ATO TV GAAN Bo pmopovoay va yivouv BEATIOCELS Kot
GTOV TPOTO VITOAOYIGUOD TOV EPMTHLATOC. AVTL VOl £(0VLE TOAAOVG SLOPOPETIKOVS TPOTOVG ETIAVGONG,
KaBEVAG KATAAANAOG Y10, VO CUYKEKPLULEVO E100G EPMTAUATOG, Bl NTAV TPOTIUOTEPO VO, EYOVLLE LULOL YE-
VIKOTEPN TPOGEYYIOT], OOV 0 aAYOPOUOG Hag Ba elvat tkavog VoL avaADGEL TOV TOTO TOV EPMTNALLATOC
KO TIG TAPOUETPOVGS TOV, KAl Bal TPOYmPAEL GTNV EVPEGT TOV OTMOTEAEGLLATOC, XWPIG va ypeldleTor mo-
pandve TAnpogopia amod to ypnotn. [lapoupola, otn diemapn pe To ypfotr, Ba NTovV TPOTHOTEPO, VAL
umopet avtog va 16dyel To emBountd epdTNHO, AvTi Vo KaAgitol va teplopiletal oe £vo GLYKEKPLUEVO
TOmo omd ATAL.

ZYETIKA LLE TNV ATOS0CT] TOL GUOTAUOTOC Hag, Bo NTaV YPNOLLO VO SOKIUAGOVUE SAPOPES EMAOYES
aKOUN OTIS TOPOUETPOVE TOV Urropovpe va pubuicovpe gite oto Hadoop gite oto Giraph. EmimAéov,
0o UTOPOVGALLE VO EYOVLE OPKETE SLOPOPETIKA ATOTELECUATO YPTOLUOTOLDOVTIOS SLOPOPETIKO €160
npoenebepyaociag, (m.y opadomroidvrog tig RDF tpumhéteg avd voxeipevo, katnyopodevo) 1 SoKipd-
Covtag 010popeTIKOVE TPOTOVE SLUUOLPACHOD TOV YPAPOL OVALEST GTOVG SLAPOPOLE VITOAOYIGTIKOVS
koppovg. Emiong, moAld mepfdpio Epevvag, EXOVLE KOl 6TO TS0 TNG KAMUAKOGIUOTNTASG, KOOMG 1
YPNOT LEYOADTEP®V KOl SLUPOPETIKOV €100VC CLVOL®Y SEGOUEVOV, LLE TN YPNOT OKOUO TEPLOGOTE-
POV VIOAOYIOTIKAOV TOP®V, B pmopovoe va avadei&el meplocotepo Tic dSuvatdtnteg tov Giraph yo
eneéepyooio ypaewv. Téhog, tépa and to Giraph, Ba fTov ¥prioun N doKIUN GAADV KATAVEUNUEVOV
CLOTNUATOV Yo TNV eneepyacia YpapmVv Kal 1) cOYKPLoT TNG 0TOd0GNS TOVG,.
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TCavaxn Baouikn
Amhopotovyog Hiektpohdyog Mnyovikdc kot Mnyavikog Yroroyiotov E.MLIL

Copyright © Tlavéxn Baocilkr, 2016.
Me empOracn movtdg dikardpotoc. All rights reserved.

AmayopeleTol 1 avTiypan, amodiKeuon Kal JlaVopUn NG Topovods epyoaciog, €€ OAOKANPOL 1
TUNHOTOG 0TS, Yo EUTOP1kd okomd. Emtpénetol ) avatunmon, amwobikeno Kot Slovopn Yo 6KoTo
L1 KEPOOGKOTMIKO, EKTOIOEVTIKNG 1) EPEVVNTIKNG GUOTG, VIO TNV TPoLIOBEST Vo avapEPETAL 1| TN
npoélevong kot va dtatnpeiton to Tapdv unvope. Epotipata mov apopoldv ) ypion e epyaciog
Y10 KEPOOOKOTIKO GKOTO TPEMEL VO OTELOVVOVTAL TPOG TOV GUYYPUPEQ.

Ot amOWeELg Kol TO. GUUTEPACLOTO TOL TEPLEXOVIOAL GE OVTO TO £YYPUPO EKPPALOLY TOV GUYYPOUPEN
Kol dgv mpémel va, epunvevdel Ot avtmposmnrevovy Tig enionueg Béoelg Tov EBvikod Metcofiov
[Tolvteyveiov.



Iepiinyn

H mpoxAnon tov onpepvod kdcuov givar ta dedopéva. ‘Evog 1epaotiog 6yKog Sed0UEVOV TopayETL
KkéOe devutepOLenTo Kot 1) dnpovpyia Tovg cuveyilel va avéaveton pe paydaio puBpd. Ewkdvec, Bivteo,
LOVGIKY], £yypopa, emails, apyeia Kotaypa@ng opaipdtov, dedopéva amd aebntpeg Kot Sopueod-
povG, tvarl peptkd POVo amd To 0ES0UEVE TTOL TOPAYOVTOL OO TOVG AVOPDTOVG EITE ATO UNYOVEG, (OC
uépog tov Atadiktoov Tev [payudtov (Internet of Things). Ola avtd ta dedopéva OPMG dev £xovv
rkapio agio, av 0ev LITOPOVLLE VO, TO LETOTPEWOVLE GE TOADTIUN TAPOPOPIL KOl VO, TN YPTCLLOTOU)-
GOVLUE OOTE va, BerTIdcOVE TIC (WEC oG,

Evtuydg, ) onpepivn emoyn], KPATApE oTa ¥EPLOL LLOG TOADTILO EPYOAELN, TO OTTOL0 LITOPOVV VoL LLOG
Bonbfcovv otV 0pyavmen, otV 0ToBNKELGT KOl OTNV aVAAVGT OA®V ALTOV TV dedouévav. H
gloaymyn Tov YrnoAoywotikod Népovg (Cloud Computing), kabmg kot 1 avantuén S1apopwv Kota-
VEUNUEVOV GUOTIHATOV KOl TPOYPOAUUATIOTIKOV LOVIEA®V LG £00E TN duvatdtnta va. eEdyouple
OVLGLOCTIKY TANPOPOPIO. KO VO, LETATPEYOLLE OAL OVTA TO CKOPTLO, QOLVOUEVIKE 0GVVOETO OEDO-
UEVa, GE TOADTIUN YVOON.

g auT TN SMAOUATIKN EPYACI0, ETIKEVIPOVOUACTE TEPICGOTEPO GTA OEGOLEVE, LLE TN LOPPT YPAPOV.
Ta Awacvvdedepéva Aedopéva (Linked Data), onAadn ta dedopéva Tov dNUociedovTal 6TiG SIEPOPES
10T0GEAMOEG Ko cuvdEovTal peta&d Tovg, ivat o, Katnyopio 0E00UEVMV TOV UTOPEL VA, Oy LLOTICEL
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Abstract

Today’s world challenge is data. A huge amount of data is generated every second and the pace of
data creation continues to accelerate rapidly. Images, videos, music, documents, emails, machine logs,
sensor data, satellite data are a few only the data produced either by people or by machines as part
of the Internt of Things (IoT). All this data though is worth nothing unless we are able to turn it into
valuable information and use it in order to improve our lives.

Fortunately, nowadays we are holding in our hands precious tools, which can help us in the organiza-
tion, storage and analysis of all this data. The introduction of the Cloud Computing model, as well as
the development of various distributed frameworks and programming models has enabled us to ex-
tract meaningful information and transform all this scattered, seemingly unrelated data into valuable
knowledge.

In this thesis, we are focusing more on graph data. Linked data, the data published in various websites
and connected between them, are a category of data that can lead to huge graphs. We exploit the Cloud
environment, as well as the existing distributed frameworks, in order to load data of this form and
implement algorithms which allow us to answer various kinds of queries over such type of data. Then,
we study the performance of our system as the number of computer resources increases and verify the
validity of our results, by executing the same queries over the same datasets in a centralized system.
Furthermore, we investigate how a different kind of query or the change of the various parameters
involved, can influence the execution time.
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Hadoop, Giraph, Openvirtuoso, Cloud Computing, Distributed systems, MapReduce, Bulk Synchronous
Model, RDF, Linked data, graphs, DBpedia, Pregel, SPARQL.
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Chapter 1

Introduction

1.1 Motivation and problem statement

From the first moments of mankind, we were called to deal with various problems, understand them,
analyze them and figure out ways and technologies, which would help us to survive and improve
our lives. Today’s world challenge is data. A huge amount of data is generated every second and
the pace of data creation continues to accelerate rapidly. Each and every one of us is responsible for
this tremendous growth of data, by producing and releasing it in various forms through social media,
documents, emails, photos, videos, sounds or business apps. Data is not generated only by people
though. Although every individual’s data footprint grows significantly every year, the amount of data
generated by machines is going to be even greater [7]. Servers, Radio Frequence ID (RFID) readers,
traffic recording devices, medical devices, satellites, sensors are only some paradigms of huge data
generation with high velocity by machines.

Not all of the data are useful. Inside this flood of data, the race is on how to extract insight and value
from this abuntant resource. So, the use of advanced systems for their organization and storage is
essential in order to help us tackle this challenge. Single computers, no matter how powerful they
are, are not able to process the huge amount of the available information in a reasonable amount of
time. Thus, distributed systems are becoming more and more popular and new software tools and
programming models, able to take advantage of this distributed environment, are developed.

One of the computing models that enables us to use distributed frameworks, is Cloud Computing. It has
gained great popularity nowadays, since it can provide new capabilities to both Software as a Service
(SaaS) providers and users, that were never feasible before. The formal definition of Cloud Computing
as provided by the National Institute of Standards and Technology (NIST) [8] is the following:

Cloud computing is a model for enabling ubiquitous, convenient, on-demand network access to a
shared pool of configurable computing resources (e.g. networks, servers, storage, applications, and
services) that can be rapidly provisioned and released with minimal management effort or service
provider interaction.

The benefits arising from this elasticity of resources are unprecedented in the history of IT, and have
transformed a huge part of the IT industry, making Software as a Service even more attractive and
changing completely the way IT hardware is designed and purchased [9]. Developers and companies
do not need to be concerned about the large capital outlays in hardware in order to deploy their services
or the human expense to operate it. They can start implementing innovative ideas or services, without
the need to worry about overprovisioning for services whose popularity does not meet their expecta-
tions, or underprovisioning for the ones that gain popularity suddenly, since they can provision and
release the desired resources at any point, without human-interaction with each service provider. And
all kind of services (e.g. storage, processing, bandwidth, active user accounts) can be monitored, con-
trolled and measured for both the provider and the consumer of the utilized services, thereby providing
the capability to be charged in a pay-as-you-go manner.
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The introduction of the Cloud Computing model requires to change the way software is written till
now. A program does not have to be executed in a single computer for many hours, nor is there the need
for the companies to be supplied with supercomputers. Many commodity computers communicating
through a network can solve the same problem instead, in a much less amount of time. In order to
seize this opportunity, we have to write programs that can scale. That means, large problems should
be breaked down into several tasks, where each task is computed in the individual computers of the
distributed system.

Without a doubt, writing distributed algorithms is much more complicated, needs algorithm research
and demands cluster maintenance. However, the advantages of cost reduction, scalability and relia-
bility are the ones that make distributed programming much more tempting. Inherently parallelizable
programming models have been defined, interfaces that allow the programmer to implement the algo-
rithm have been developed, as well as frameworks that run the program and provide fault-tolerance
and scalability out of the box. One of the programming models that have gained great popularity nowa-
days is MapReduce with Hadoop being the framework which implements it in an efficient manner.
Hadoop, however, is merely a starting point, other frameworks, like Spark [10] and Storm [11] have
been developed as well, each one trying to provide its own way of processing big data.

Such tools along with many others that have been developed and the ones that are going to be intro-
duced in the future, make it possible for the first time to process a large part of this ocean of data
that surrounds us. Such processing can provide us with information, that has a great impact in our
lives, from the way we live and work, to the way we run businesses, cities, governments. Companies
can use this information to predict trends and costumer behaviours, governments to become more
efficient, save money, identify fraud, even foil terrorist plots, and every individual will be able to
see improvements in all aspects of our lives, like healthcare, medicine, finance, research, education,
weather prediction, sports, telecoms, fashion, agriculture and everything in between.

With such valuable tools in our hands, the temptation to start processing everything around us is huge.
The real challenge though, is not the data processing by itself, but how data can be translated into
valuable knowledge. The way we collect it, scrutinize and interpret it can play a crucial role to the
conclusions we reach. Most of the times, the data that are handled as isolated pieces of information
have to offer nothing useful. The real treasure, seems to be hidden not in the data themselves, but in
the relationships between them. Any kind of network (e.g. social networks, transportation networks,
bibliographical networks, knowledge bases), may produce big amount of data interconnected in var-
ious ways. Such kind of data are able to form huge graphs which can provide us with a much better
insight and understanding of the networks they were extracted from, after the appropriate processing.

The processing of the aforementioned graphs of data in powerful computing data centers can play
a crucial role in various aspects. This was also the motive of writing this thesis: To find an efficient
way to retrieve useful information from graph data. Search engines, adapted to the users preferences, (
personalized information and recommendation systems) and decision-making systems, are only a few
of the domains processing of graphs is needed. Graph data has a specific form and various systems
have been developed for efficient storage and processing of such data in cloud infrastructures. Some
of the most popular ones, are Google Pregel [12], Google Big Query [13], Apache Giraph [14] and
Graphlab[15].

In this thesis, we are focusing more in Linked data, i.e., pieces of data published in various websites
with connections among them. We are going to use a distributed system, load the graph data, make
different kind of queries over datasets of different size, measure the time needed for the response and
how it differentiates when the number of computer resources increases, when we make a different
kind of query or when the relationships between the data included in the same query are different.
Then, we are going to apply the above in a centralized system, so as to see if the behaviour is the same
or if it differs and how. The use of an official centralized sytem will also allow us to verify the validity
of the results produced by our own algorithms, running in the distributed system.
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1.2 Outline

The reminder of this thesis is organized as follows:

Chapter 2 includes the essential background for our work. It presents the well-known Hadoop sys-
tem, its architecture and the MapReduce Model. It explains, why this model is inappropriate
for graph data and introduces us to Giraph and a more appropriate for graph-data programming
model - the Bulk Synchronous Model (BSP).

Chapter 3 provides an overview of Linked Data, the reason of their importance, the sources that can
produce it and the available ways to describe and query it. It also contains information regarding
the various queries we chose to implement. It describes the different characteristics of each one
of them and the way we implemented them in Giraph, using the BSP synchronous model.

Chapter 4 describes the experimental setup. The versions of Hadoop, Giraph, Openvirtuoso we
installed and how the cluster was configured. It continues with the results of our experiments.
The same queries were executed both in Giraph and Openvirtuoso. First, we studied the impact
of various Hadoop configuration parameters on the time required to copy the input from the local
filesystem to the distributed one, to load the graph and to answer the query. We continued, by
examiming the effect of the type of the query, the use of different datasets and the use of different
instances from the same type of query on the execution time, as well as how our system scales as
the number of the available resources increases. Last, we compare the time required for loading
the graphs in both systems and verified the validity and the completeness of our results.

Chapter 5 finally summarizes the above results and the conclusions made. In addition, it presents
possible future extensions that could be done, in order to improve our system in terms of effi-
ciency and functionality.
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Chapter 2

Theoretical Background

The massive amounts of information available on the Internet nowadays requires the development of
scalable platforms that can quickly process massive-scale data. Although, there has been significant
work on parallel algorithms and frameworks on high performance computing (HPC) clusters, General
Purpose Graphing Processing Units (GPGPUs) and multithreaded shared memory architectures, they
have their own limitations, making distributed systems a better solution for big-data processing.

In the context of this thesis, we are going to use Apache Giraph[14], one of the most popular distributed
frameworks for graph processing. In order to justify our choice and familiarize the reader with the
main concepts concerning distributing systems, in this chapter we are going to provide the necessary
background, describing the basic mechanisms and programming models used nowaways, as well as a
brief reference to related work.

In specific, in Section 2.1, we are going to present Hadoop and the basic concepts around it. We are
going to describe its advantages over parallel programming, present MapReduce, the programming
model Hadoop implements, and give a rudimentary description of its architecture. Section 2.2, ex-
plains why MapReduce approach is inefficient for graph data, related work done on this field, and the
reason Giraph is the system of our preference. Finally, Section 2.3, covers the basic concepts around
Giraph, its own programming model of use (Bulk Synchronous Model, BSP) and the corresponding
architecture.

2.1 Hadoop

Hadoop [16] is an open-source, Java-based programming framework that supports the processing of
large data sets in a distributed computing environment. It was inspired by Google MapReduce and
Google File System (GFS) papers.

It provides a distributed file system (HDFS) that stores data on the computed nodes, providing very
high aggregate bandwidth across the cluster. In addition, Hadoop implements a parallel computational
paradigm named MapReduce which divides the application into many small fragments of work, each
of which may be executed or reexecuted on any node in the cluster.

Although the same problems can be solved with a different way, like parallel processing, Hadoop
seems to be a better solution from various aspects:

First, developers should take over the splitting of the data, something which is not always easy or
obvious. Inappropriate splitting, may lead to chunks of quite different size, and although the processes
that have completed their part of computation earlier may be able to pick up further work, the whole
run is dominated by the longest chunk. A better approach, would be to split the input into fixed-size
chunks and assign each chunk to a process.

Second, the combination of the results from independent processes may require further processing.
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Third, the processing capacity of a single machine is limited, not allowing you to go any faster given
a specific dataset and number of processors. The use of multiple machines though, can lead to a much
better performance with the right configuration.

Last, a great number of datasets, grow beyong the capacity of a single machine, making the use of
multiple machines essential.

So, although it is feasible to parallelize the processing, in practice it’s complicated. Using a framework
like Hadoop to take care of these issues is a great help. Developers can work on the main task of
processing the information, while splitting of the data, their distribution and parallelization of the jobs
in a distributed environment as well as scalability and fault tolerance are now under the responsibility
of MapReduce [7].

2.1.1 MapReduce

MapReduce [17] is a core component of the Apache Hadoop software framework. It is a programming
model for processing and generating large datasets with a parallel, distributed algorithm on a cluster.
It works by breaking the processing into two basic phases: the map and the reduce phase. The map
and reduce functions have the following general form:

map : (k1,v1)— > list(k2,v2)
reduce : (k2,list(v2))— > list(k3,v3)

The map function gets a key/value pair as an input and produces list of intermediate key-value pairs.
The reduce function, accepts a key and a list of values and provides a list of key/value pairs as output.

The types of the aforementioned key-value pairs may be chosen by the programmer and can be dif-
ferent with each other. However, the reduce input must have the same types as the map output.

In order to make more comprehensible how processing can be done with the help of MapReduce, we
can take a look at the WordCound example, which counts the occurences of each word in a set of
documents:

map( String input_key, String input _value):
//input_key: document name
//input_value: document contents
for each word w in input_value:
emit (w, 1);

reduce (String output key, Iterator intermediate values):
// output _key: a word
// output_values: a list of counts
int sum = 0;
for each v in intermediate values:
sum += v;
emit (word, sum);

Here, each document is split into words and each word is counted by the map function, using the word
as the result key. The framework groups together all the pairs with the same key and feeds them to
the reduce function, which in turn sums up all of its input values to find the total appearances of that
word.

The whole dataflow is illustrated in figure 2.1:
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Figure 2.1: MapReduce logical data flow - WordCount Example[1]

In order to run a MapReduce job, the developer simply needs to define the map and the reduce func-
tions and the framework is responsible for the rest. In practice however, having a basic understanding
of how the system works, especially the ”shuffle” phase, is crucial should you need to optimize a
MapReduce program.

The whole procedure is illustrated in figure 2.2:

Map Copy "Sort" Reduce
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Figure 2.2: Shuffle and Sort in MapReduce

As we can see in the picture, Map task involves the following actions:
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Map Processing First, the original input is divided into fixed-sized pieces called input splits. Hadoop
creates one map task for each split, which runs the user-defined function for each record in the
split.

Spill The map output is written in a circular memory buffer, associated with each map. When the
buffer size reaches a threshold size ( default 0.80 or 80%) a background thread starts to spill the
contents to disk. While the spill takes place map continues to write data to the buffer, but in case
the buffer fills up during this time, the map will block until the split is complete.

Partitioning Depending on whether there is one or multiple reduce tasks partition occurs. In specific,
before writing to the disk a background thread divides the data into partitions corresponding to
the reducers that they will be ultimately sent to. There can be many keys (and their associated
values) in each partition, but the records for any given key are all in a single partition. The
partioning can be controlled by a user-defined partioning function, but normally the default
partitioner, which uses a hash function to bucket the keys, works very well.

Sorting Within each partition, the background thread performs an in-memory sort by key. The sorted
output is provided to the combiner function if any, so that less data is written to local disk and
transferred to the reducer.

Each time the memory buffer reaches the spill threshold, a new spill file is created, so after the
map task has written its last record, there could be several spill files.

Merging Before the map task is finished, the spill files are merged into a single partioned and sorted
output file[7].

The Reducer has three phases:

Copy Phase The output file’s partitions are transfered (over HTTP) to the place the reduce task or
tasks are going to take place. Note, that the reduce task needs the map output for its particular
partition from several map tasks across the cluster, that they may finish at different times. So,
the reduce task starts copying their outputs as soon as each completes. This is known as the Copy
Phase of the reduce task.

Map tasks are copied to the reduce tasks JVM’s memory if they are small enough, otherwise
they are copied to disk. They are merged together and spilled to disk. If a combiner is specified,
it will be run during the merge to reduce the amount of data written to disk.

Sort Phase When all map outputs have been copied, the reduce task moves into the Sort Phase, which
should properly be called the Merge Phase, as the sorting was carried out on the map side, which
merges the map outputs, maintaining their sorting order.

Reduce Phase When the final round of merges into a single sorted file is done, the merge saves a trip
to disk by directly feeding the reduce function in what is the last phase: the Reduce Phase. This
final merge can come from a mixture of in-memory and on-disk segments.

During the reduce phase, the reduce function is invoked for each key in the sorted output. The
output of this phase is written directly to the output filesystem, typically HDFS. In the case
of HDFS, because the node manager is also running a datanode, the first block replica will be
written to the local disk. [7]

So, it is clear now that the programs written in this style are automatically parallelized by the MapRe-
duce framework. MapReduce framework does not require any specialized cluster for parallelization,
a simple cluster made up of commodity machines, can be used to form a MapReduce cluster.
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2.1.2 HDFS

Hadoop is mainly used for processing large datasets. Since those datasets usually outgrow the stor-
age capacity of a single physical machine, it becomes necessary to use a distributed filesystem, that
manages the storage across a network of machines instead of a single one.

Hadoop comes with a distributed filesystem called HDFS, which stands for Hadoop Distributed
Filesystem. HDFS is a filesystem designed for storing very large files with streaming data access
patterns, running on clusters of commodity hardware [7].

HDFS Concepts

Blocks: HDFS, like a filesystem for a single disk, has the concept of the block, but it is much larger
- 128 MB by default. Like in a regular filesystem, files in HDFS are broken into block-sized
chunks, which are stored as independent units. However, unlike a filesystem for a single disk, a
file in HDFS that is smaller than a single block does not occupy a full block’s worth of underlying
storage. For example, a 1MB file stored with a block size of 128MB uses 1MB disk space, not
128MB.

This block abstraction of HDFS brings several benefits:

e All disks in the cluster can be utilized, and of course a file can be larger than any single
disk in the network.

e Storage system becomes much simpler, able to handle efficiently failure nodes and elim-
inating metadata concerns since file metadata does not need to be stored with the blocks
and can be handled by another system separately.

e Furthermore, blocks are much easier to manage than files, fitting well with replication and
providing fault tolerance and availability.

The reason HDFS blocks are large compared to disk blocks is to minimize the cost of seeks. If
the block is large enough, the time it takes to transfer the data from the disk can be significantly
longer than the time to seek to the start of the block.

Namenodes and Datanodes: An HDFS cluster has two types of nodes operating in a master-worker
pattern: a namenode(the master) and a number of datanodes(workers), as we can see in figure:
2.3.

The namenode manages the filesystem namespace. It maintains the filesystem tree and the meta-
data for all the files and directories in the tree. This information is stored persistently on the local
disk in the form of two files: the namespace image and the edit log. The namenode also knows
the datanodes on which all the blocks for a given file are located; however it does not store
block locations persistently, because this information is reconstructed from datanodes when the
system starts.

Datanodes, on the other hand, are the workhorses of the filesystem. They store and retrieve
blocks when they are told to (by clients or the namenode) and they report back to the namenode
periodically with list of blocks they are storing.

Namenode nees to be resilient to failure, since without it the filesystem cannot be used. Without
the namenode, all the files, even those residing in different machines, will be lost, since there
is no way of knowing how to reconstruct the files from the blocks on the datanodes. For this
reason, there have been developed two mechanisms:

e The files that make up the persistent state of the filesystem metadata are backed up. The
usual configuration choice is to write (synchronous and atomic operations) to local disk as
well as a remote NFS mount.
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o A secondary namenode is ran. Despite its name it does not act as a namenode. Its main role
is to periodically merge the namespace image with the edit log. In case of total failure of
the primary the namenode’s metadata files that are on NFS are copied to the secondary and
the secondary can be used as the new primary.

HDFS Component Process Flow
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Figure 2.3: HDFS Architecture [1]

Block Caching: Normally a datanode reads blocks from disk, but for frequently accessed files the
blocks may be explicitly cached in the datanode’s memory, in an off-heap block cache. By
default a block is cached in only one datanode’s memory, although the number is configurable
on a per-file basis. Job schedulers can take advantage of cached blocks by running tasks on the
datanode where a block is cached, for increased read performance.

HDFS Federation: The namenode keeps a reference to every file and block in the filesystem in mem-
ory, which means that on very large clusters with many files, memory becomes the limiting factor
for scaling. HDFS Federation, allows to create a cluster to scale by adding namenodes, each of
which manages a portion of the filesystem namespace.

Under federation, each namenode manages a namespace volume, which is made up of metadata
for the namespace, and a block pool containing all the blocks for the files in the namespace.
Namespace volumes are independent of each other, which means namenodes do not communi-
cate with one another, and furthermore the failure of one namenode does not affect the avail-
ability of the namespaces managed by other namenodes. Block pool storage is not partioned,
however, so datanodes register with each namenode in the cluster and store blocks from multi-
ple block pools.

HDFS High Availability: The combination of replicating namenode metadata on multiple filesys-
tems and using the secondary namenode to create checkpoint protects against data loss, but it
does not provide high availability of the filesystem. The namenode is still a single point of fail-
ure (SPOF) and in case of failure, all clients — including MapReduce jobs - would be unable
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to read, write or list files. In order to recover from such a failure, HDFS high availability(HA)
is added, with a pair of namenodes in an active-standby configuration. If the active namenode
fails, the standby can take over very quickly ( in a few tens of seconds ) because it as the latest
state available in memory. The transition from the active namenode to the standby is managed
by a new entity in the system called the failover controller [7].

When to use HDFS

HDFS may be very valuable but it is not suitable for any kind of applications. HDFS is useful when
handling very large files, meaning files that are hundreds of megabytes, gigabytes, when handling very
large files, meaning files that are hundreds of megabytes, gigabytes, terabytes in size or even larger. It
is not suitable for handling lots of small files. The amount of files in the filesystem is governed by the
amount of memory on the namenode since the namenode holds the filesystem metadata in memory.

Furthermore, the write-once, read-many(WORM) pattern is used, which means that it is suitable only
in cases that a dataset is generated or copied from the source and then various analyses are performed
on that dataset over time. As a result, applications that require low-latency access to data, will not
work well with HDFS. HDEFS is optimized for delivering a high throughput of data and this may be at
the expense of latency.

Last but not least, files in HDFS may be written to by a single writer. Writes are always made at the end
of the file, in append-only fashion. Hence, there is no support for multiple writers or for modifications
at arbitrary offsets in the file.

2.1.3 Apache Hadoop YARN

Apache Hadoop YARN [2] is the framework used for job scheduling and cluster resource manage-
ment, as we can see in 2.4.

MapReduce Status ——
Job Submission ------ -
Mode Status

Resource Request ... ...

Figure 2.4: Apache Hadoop YARNJ2]
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The fundamental idea of YARN is to split the functionalities of resource management and job schedul-
ing/monitoring into separate daemons. So we have a global ResourceManager (RM) and per-application
ApplicationMaster (AM), where application can be either a single job or a DAG of jobs. In the version
of hadoop we used, the JobTracker and the TaskTracker play the role of the ResourceManager and
the ApplicationMaster accordingly.

JobTracker JobTracker [18] is the interface between a client application and the Hadoop framework.
It is the service within Hadoop that farms out MapReduce tasks to specific nodes in the cluster,
ideally the nodes that have the data, or at least are in the same rack. Once code is submitted to
the Hadoop cluster, JobTracker is responsible for communicating with the NameNode in order
to determine where the data blocks of the input file reside, locating the TaskTracker nodes with
available slots at or near the data and submittting the job to the chosen TaskTracker nodes. After
the submission of the job to the TaskTracker nodes, those are monitored. In specific, JobTracker
expects to see heartbeat signals from each one of them, otherwise it assumes that they have
failed and the work is scheduled on a different TaskTracker. TaskTracker from its side, notifies
JobTracker when a task fails. In this case, there are three options:

1. the job is resubmitted elsewhere, on a different node if necessary, up to a predefined limit
of retries.

2. that specific record is marked as something to avoid

3. or the TaskTracker may be blacklisted as unreliable

After the completion of the job, JobTracker updates its status and client applications can poll the
JobTracker for further information.

TaskTracker When the Hadoop cluster is started, along with the DataNode processes, a TaskTracker
[19] process is started on each node of the cluster on which data is to be stored. The TaskTracker
gets its execution orders (Map,Reduce or Shuffle operations) from the JobTracker. Every Task-
Tracker is configured with a set of slots, which indicates the number of simultaneous tasks that
it can accept. When the JobTracker tries to find somewhere to schedule a task, it first looks for
an empty slot on the same server that hosts the DataNode containing the data, and if not, it looks
for an empty slot on a machine in the same rack.

The TaskTracker spawns separate JVM processes to do the actual work, so as to ensure that
process failure does not take down the TaskTracker. The TaskTracker monitors these spawned
processes, by capturing the output and the exit codes. When the process finishes, successfully
or not, the TaskTracker is responsible for communicating job execution status back to the Job-
Tracker, along with housekeeping messages such as the number of the avalaible execution slots
and periodic heartbeat messages to assure the JobTracker that the TaskTracker is alive and run-
ning.

2.2 MapReduce and graph processing

In this thesis our main focus is the analysis of Linked Data. Linked data, have the characteristics that
are huge in size and can form huge graphs. So, for the processing of those data, we have to take both
those factors into consideration. As already mentioned, the processing of big data, can be done easily
and effectively with the help of the MapReduce framework, which provides a simple and powerful
model that enables developers to build scalable parallel algorithms capable of running on clusters
of commodity machines. However, the inherent graph nature of those data, renders the MapReduce
framework suboptimal.
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In general, graph processing algorithms are iterative and need to traverse the graph in some way.
MapReduce framework though, does not provide direct support for iterative data analysis tasks. In-
stead, users need to design iterative jobs by manually chaining multiple MapReduce tasks and or-
chestrating their execution using a driver program. This approach however, is ill suited for graph-
processing, since it requires passing the entire state of the graph from one stage to the next, something
that except for the need of coordinating the steps of a chained MapReduce job, requires additional
communication and the associated serialization overhead.

Even with these limitations, several graph and iterative computing libraries have been built on top
of MapReduce due to its ability to run reliably in production environments. Iterative frameworks on
MapReduce style computing models is an area that has been explored in Twister [20] and Haloop [21].
However, these approaches remain inefficient for the graph processing case because the efficiency of
graph computations depends heavily on inter-processor bandwidth as graph structures are sent over
the network after each iteration.

While much data may be unchanged from iteration to iteration, the data must be reloaded and repro-
cessed at each iteration, resulting in unnecessary wastage of 1/0, network bandwidth, and processor
resources. In addition, the termination condition might involve the detection of when a fix point is
reached. The condition itself might require an extra MapReduce task on each iteration, again increas-
ing the resource usage in terms of scheduling extra tasks, reading extra data from disk, and moving
data across the network.

We can see the mapreduce chaining in Figure: 2.5.

Figure 2.5: MapReduce Chaining

To solve the inherent performance problem of MapReduce, several distributed graph processing sys-
tems have been recently introduced. In particular, in 2010, Google has pioneered this area by introduc-
ing the Pregel [ 12] system as a scalable platform for implementing graph algorithms. Pregel relies on a
vertex-centric approach, which is inspired by the Bulk Synchronous Model(BSP) [3], where programs
are implemented as a sequence of iterations. It aims to batch-oriented processing, the computation is
done in-memory, runs on own infrastructure and follows a master-slave architecture.

Unfortunately, the Pregel source code was not made public. Apache Giraph was designed to bring
large-scale graph processing to the open source community, based loosely on the Pregel model, while
providing the ability to run on existing Hadoop infrastructure.

Apart from Giraph, asynchronous models of graph computing have been proposed in such systems
as Signal Collect[22], GraphLab[15] and Grace[23]. While asynchronous graph computing has been
demonstrated to converge faster for some applications, it adds considerable complexity to the system
and the developer. Most notably, without program repeatability it is difficult to ascertain whether bugs
lie in the system infrastructure or the application code. Furthermore, asynchronous message queues
for certain vertices may unpredicatably cause machines to run out of memory.

Asynchronous graph processing engines tend to have additional challenges in scaling to larger graphs
due to unbounded message queues causing memory overload, vertex-centric locking complexity and

overhead, and difficulty in leveraging high network bandwidth due to fine grained computation.
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2.3 Giraph

For the scope of this thesis we are going to use Giraph [14]. First we are going to describe the BSP
computing model which Giraph implements, then we are going to explain how it works and the reason
we chose it chose it among the other available frameworks.

2.3.1 BSP

It is clear that nowadays, with the rapid growth of data and the computations that come along with
them, sequential computing is not a viable solution. Therefore, a large number of parallel models
have been proposed over the past years. They include: IMD parallelism, synchronous message pass-
ing, logic programming, graph reduction, dataflow and various forms of cache-based virtual shared
memory. Although each of these approaches has its own benefits, most of them are lacking universal
applicability, or make it hard to achieve portability and performance. Those based on message passing
are inadequate because of the complexity of correctly creating paired communication actions (send
and receive) in large and complex software. Such systems are also prone to deadlock as a result.

Bulk Synchronous Parallel (BSP) though, is quite different from the aforementioned approaches. It
provides a discipline for the design of universal, scalable, fully portable programs, which are capable
of offering high performance in a predictable way, on any general purpose parallel architecture. It
also permits the correctness of parallel programs to be determined in a way which is not much more
difficult than sequential programs. The key of its universal applicability across the whole range of
parallel architecture, is the fact that it decouples the two fundamental aspects of parallel computation
- communication and synchronization.

The BSP programming model

In architectural terms a BSP computer consists of:

1. components capable of processing and/or local memory transactions(i.e processors)
2. anetwork that routes messages between pairs of such components, and

3. a hardware facility that allows for the synchronization of all or a subset of components.

This is commonly interpreted as a set of processors which may follow different threads of computa-
tion, with each processor equipped with fast local memory and interconnected by a communication
network. A BSP algorithm relies heavily on the third feature. A computation proceeds in a series of
global supersteps, where each superstep is further subdivided into three ordered phases consisting of:

1. Concurrent Computation: every participating processor may perform local computations, i.e.,
each process can only make use of values stored in the local fast memory of the processor. The
computations occur asynchronously of all the others but may overlap with communication.

2. Communication. The processes exchange data between themselves to facilitate remote data stor-
age capabilities.

3. Barrier synchronization. When a process reaches this point (the barrier), it waits untill all other
processes have reached the same barrier.

26



Processors

Local
Compulation
-

Communication

Barrier
Synchronisation

Figure 2.6: Superstep[3]

A superstep is shown in figure 2.6.

The computation and communication actions do not have to be ordered in time. Communication typi-
cally takes the form of the one-sided put and get Direct Remote Memory Access (DRMA) calls, rather
than paired two-sided send and receive message passing calls. The barrier synchronization concludes
the superstep: it ensures that all one-sided communications are properly concluded.

The BSP model is also well-suited to enable automatic memory management for distributed-memory
computing through over decomposition of the problem and oversubscription to processors. The com-
putation is divided into more logical processes than there are physical processors, and processes are
randomly assigned to processors. This strategy can be shown statistically to lead to almost perfect
load balancing, both of work and communication.

Furthermore, since communication and synchronization are decoupled in a BSP program, the pro-
grammer does not have to worry about problems such as deadlock, which can occur with synchronous
message passing. Debugging a BSP program is also made much easier by this decoupling. The barrier
at the end of a superstep provides an appropriate breakpoint at which the global state of the parallel
computation is well defined and can be interrogated. Debugging and reasoning about the correctness
of a BSP program are, therefore, not much more difficult than for a sequential program.

2.3.2 How it works

Apache Giraph is an iterative graph processing framework. It is a loose implementation of Google’s
Pregel and utilizes Apache Hadoop’s MapReduce implementation to process graphs, as we can seen
in figure 2.7.

Intuitively, when designing a Giraph algorithm you should think like a vertex, that knows its local
state, its neighbours, can send messages to any other vertex in the graph using the bulk synchronous
parallel programming model, can declare when its done and can mutate graph topology.

The input to a giraph computation is a graph composed of vertices and directed edges. Each vertex
stores a value, so does each edge. The input, thus, not only determines the graph topology, but also
the initial values of vertices and edges.
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Figure 2.7: Giraph on Hadoop/YARN][4]

In Giraph, graph-processing systems are expressed as a sequence of iterations called supersteps. Dur-
ing a superstep, the framework starts the user-defined compute() function for each vertex, conceptu-
ally in parallel. The user-defined functions specifies the behaviour at a single vertex V and a single
superstep S.

The Compute method:

e receives and reads the messages sent to the vertex in the previous superstep S-1.

e computes using the messages, and the vertex and outgoing edges values, which may result in
modifications to the values, and

e may send messages to other vertices, which are received at superstep S+1.

The compute method does not have direct access to the values of other vertices and their outgoing
edges. Inter-vertex communication occurs by sending messages. Messages are typically sent along
outgoing edges, but the program can send a message to any vertex with a known identifier. In principle,
each superstep represents atomic units of parallel computation.

There is a barrier between consequtive supersteps. By this we mean that:

1. the messages sent in any current superstep get delivered to the destination vertices only in the
next superstep, and

2. vertices start computing the next superstep after every vertex has completed computing the cur-
rent superstep.

The graph can be mutated during computation by adding or removing vertices or edges. Values are
retained across barriers. That is, the value of any vertex or edge at the beginning of a superstep is equal
to the corresponding value at the end of the previous superstep, when graph topology is not mutated.

Giraph applies a master/worker architecture where the master node assigns partitions to workers, co-
ordinates synchronization, requests checkpoints, aggregates aggregator values and collects health sta-
tuses. It uses Zookeeper for synchronization. In general, Giraph programs run as Hadoop jobs without
the reduce phase. In particular, Giraph leverages the task scheduling component of Hadoop clusters by
running workers as special mappers, that communicate with each other to deliver messages between
vertices and synchronize in between supersteps.

During program execution, graph vertices are partioned and assigned to workers. The default partion-
ing mechanism is hash-partitioning. However, custom partion can be also applied. Initially, all vertices
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are assigned an active status at superstep 1 of the executed program. Each vertex can deactivate itself
by voting to halt and turn to the inactive state at any superstep if it does not receive any message. A
vertex can return to the active status if it receives a message in the execution of any subsequent super-
step. This process continues until all vertices have no messages to send, and become inactive. Hence,
program execution ends when at one stage all vertices are inactive. Each vertex outputs some local
information, which usually amounts to the final vertex value. Each machine that performs computa-
tion, it keeps vertices and edges in memory and uses network transfers only for messages. Therefore,
the model is well-suited for distributed implementations because it does not involve any mechanism
for detecting the order of execution within a superstep, and all communication is from superstep S to
superstep S+1.

The Apache giraph dataflow is illustrated in figure 2.8

Apache Giraph data flow

Loading the graph Compute / Iterate Storing the graph

Input Inmemory = Output

format { graph = format
g Compute/ -

] Parto =e| = Sen

\
o)

1%

Messapes

Splity ; R Part1

’J ( Waorker

E .\E
_,.-———-.._‘“
Waorker )
LR

-~

14

Send stats/iterate!

Figure 2.8: Apache Giraph data flow [4]

In 2.9, we can see how the computation of the maximum value is done in Giraph. Dotted lines are
messages, and shaded vertices have voted to halt. Initially, all vertices are active, and each one send
its value to its neighbour. In the next superstep, each vertex computes the max value, by comparing the
values from its incoming messages and its own. In case, its own value is the biggest one, it votes to halt.
Otherwise, it replaces its own value with the max found till now, and propagates it to its neighbours.
The same process continues, till all vertices have become inactive.

Superstep 1 Superstep 2 Superstep 3 Superstep 4

Figure 2.9: Giraph Execution Example - Max Value Computation [5]
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2.3.3 Why Giraph

There are many reasons why Giraph is the system of our preference. First of all, unlike Pregel system,
it is open-source and well-suited for graph processing. Since computations take place in-memory, it
is stateful and only the intermediate values are sent. The disk is hit only during input, output, and
checkpointing, unlike when running a MapReduce program. In addittion, it can go out-of-core, when
the necessary memory is not available, resulting in slower performance though. Graph mutation is
supported as well.

Except from the above mentioned features of Giraph, a great advantage is that it is fully integrated with
Hadoop. In fact, it leverages 100 percent of the existing hadoop infrastructure, thus Hadoop clusters
can be reused, unlike other similar systems like Hama. Since, it is built on the top of Hadoop, it inherits
the benefits that come with its use, like fault-tolerance and scalability. Furthermode the message-based
communication results in no locks, while the global synchronization renders the use of semaphores
unnecessary. In addition, it is much simpler than the asynchronous models, a very important factor
for debugging and troubleshooting in large clusters.
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Chapter 3

Distributed processing of queries over Linked Data

As mentioned in Chapter 1, the main purpose of this thesis is to exploit the ability of distributed
systems for fast processing of graphs, introduce methods for resolving various types of queries in
such systems (e.g., Apache Giraph) over graph data and study the performance of the distributed
processing of such queries. In this chapter, we are going to briefly describe what Linked Data is, the
best ways to publish it, the model used for its description, the existing serialization formats and the
SPARQL query language. Subsequently, we are going to present the datasets we chose for our queries
and focus on introducing efficient methodologies of resolving representative types of queries on such
datasets, as met in the bibliography. In particular, we are going to present the basic factors we took
into account, as well as various performance metrics. Finally, we are going to present the chosen types
of queries resolved in a distributed manner using Apache Giraph and the methodology proposed for
their resolution.

3.1 Linked Data

3.1.1 The Rationale for Linked Data

We live in a world which constantly produces a huge amount of data. A great, if not the biggest part
of this data, is produced through the web. This data is not so useful when we treat it as isolated pieces
of information, but it can be of great importance when we find the relationships that exist within. This
allows us to extract meaningful information and come to important conclusions, to which we could
not reach otherwise.

Linked Data is exactly about that: using the Web to connect related data that was not previously linked
or using the Web to lower the barriers to linking data currently linked using other methods. This can be
achieved by publishing structured data using standard Web technologies such as Hypertext Transfer
Protocol (HTTP), Resource Description Framework (RDF), and uniform resource identifiers(URIs)
so that data can be interlinked and become more useful through semantic queries[24].

At this point the following obvious question arises: Why do we need Linked Data and don’t try to use
or combine one or more of the current mechanisms for sharing and reusing data on the Web? In order
to answer this question we have to consider what kind of data are published on the Web, in which
form and which are the current mechanisms of retrieving and processing such kind of data.

First of all, it is essential that the data published on the Web is in some way structured. The more regular
and well-defined the structure of the data is the more easily people can create tools to reliably process it
for reuse [25]. Structured data is made available in the Web today in various forms. Data is published as
CVS dumps, excel spreadsheets and in a multitude of domain-specific data formats. It is also embedded
into HTML pages using Microformats, or accessible via Web APIs made by various data providers. So,
it is clear, that already exist well-established publishing technologies, which can make data available
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in the Web, in a structured form, most of the times sufficient to reveal also information, like if there
are correlations within data and of what kind.

In specific, most Web sites have inherently some degree of structure, due to the language in which
they are created, HTML. However, HTML is oriented towards structuring textual documents rather
than data. As data is intermingled into the surrounding text, it is hard for software applications to
extract snippets of structured data from HTML pages [25]. This issue, can be solved to some extent,
with the use of a variety of microformats that have been invented and can be used to publish structured
data, describing specific types of entities, such as people, organizations, events, reviews, ratings and
other, through embedding of data in HTML pages. This approach however, has the drawback that
microformats are restricted to representing data about a small set of different types of entities and
various kinds or relationships cannot be expressed through them. Therefore, microformats are not
suitable for sharing arbitrary data on the Web.

The use of Web APIs on the other hand, can provide a more generic approach to making structured
data available on the Web. Web APIs provide simple query access to structured data over the HTTP
protocol. The weak point of this approach though is that there are needed specialized applications that
can combine data from several resources, each of which is accessed through an API specific to the data
provider. This requires significant effort from the programmer, since he should be able to understand
all the methods available to retrieve data from each API and write custom code for accessing data
from each data source.

Furthermore, many Web APIs refer to items of interest using identifiers that have only local scope and
they are meaningless outside of the context of that specific APIL. In such cases, there is no standard
mechanism to refer to items described by one API in data returned by another. In addition, although
the format the structured data is provided, such as XML and JSON, have extensive support in a wide
range of programming languages, they have their own limitations. For example, data cannot be the
‘followed’ in the way links are followed in HTML. They exist as isolated fragments, lacking onward
links signposting the way to related data. Hence, browsers and search engine crawlers cannot exploit
such kind of information, traverse one or more links and retrieve valuable information from the ref-
erenced data [25].

Consequently, although there are various approaches of discovering, retrieving and processing data
available in the Web, they are inadequate since either they cannot describe all kind of relationships
between the data, either require huge effort by the programmer in order to integrate data from large
number of formerly unknown data sources, or they cannot provide the right linkage between the data
and thus making them discoverable. Linked Data on the other hand, provide mechanisms to overcome
the aforementioned issues. Before, describing those mechanisms though, it is preferrable to explain
how Linked Data ‘work’.

3.1.2 Principles of Linked Data

The term Linked Data refers to a set of best practices for publishing and interlinking structured data
on the Web. These best practices were introduced by Tim Berners-Lee, director of the World Wide
Web Consortium (W3C), in his Web architecture note ‘Linked Data’[26] in 2006, paraphrased along
the following lines:

1. Use URIs as names for things.

2. Use HTTP URIs so that those names can be looked up (interpreted, ‘dereferenced’)

3. Provide useful information about what a name identifies when it’s looked up, using open stan-
dards such as RDF, SPARQL, etc.
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4. Refer to other things using their HTTP URI-based names when publishing data on the Web, so
more things can be discovered.

A specific category of Linked Data is Linked Open Data, content of which is open. Large Linked
Open Data sets include DBpedia and Freebase.

Those practices have become known as the Linked Data principles or rules, but, in essence, they are
expectations of behavior. Breaking them does not destroy anything, but misses an opportunity to make
data interconnected [26].

So, let’s describe them in a bit more detail: The first Linked Data principle advocates using URI ref-
erences to identify things, where ‘things’ does not refer only to Web documents and digital content.
It can be also real world objects, such as people, places, cars, or abstract concepts, such as the re-
lationship type of knowing somebody. So, it is clear, that it allows to express any kind of object or
relationship, something not possible when using microformats.

The second principle, basically, provides us with a way to discover and access data. With the use of the
well-known HTTP protocol, objects and abstract contents can be dereferenced and thus it is possible
to extract additional valuable information.

The third rule refers to the use of a single data model for publishing structured data on the Web. This
is essential, since in order to enable a wide range of applications to process Web content, we have to
agree on standardized content formats. The Resource Description Framework (RDF), a simple graph-
based data model that has been designed for use in the context of the Web, is appropriate for this
role.

The fourth rule describes a way to connect things, via the use of hyperlinks. It is important that those
hyperlinks are not only between Web documents, but they can indicate relationships between any type
of thing, such as a person and a company [25].

It should be clear now why Linked Data is preferable instead of the use of the other publishing tech-
nologies: it provides a more generic, more flexile publishing paradigm which makes it easier for data
consumers to discover and integrate data from large number of data sources.

In particular, Linked Data provides:

A unifying data model It relies on RDF, which has been especially designed for the use case of
global data sharing. In contrast, other methods for publishing the data on the Web rely on a wide
variety of different data models, making the integration process too complex.

A standardized data access mechanism Linked Data makes data accessible through the use of the
HTTP protocol. Hence, data sources can be accessed using generic data browsers, and the com-
plete data space can be crawled by search engines, something not possible with the use of Web
APIs, which can be accessed only different proprietary interfaces.

Hyperlink-based data discovery Hyperlinks enable Linked Data applications to discover new data
sources at run-time, by connecting entities in different data sources into a single global data
space, instead of having data in proprietary formats which remain isolated in data islands.

Self-descriptive data Linked data eases the intergration of data from different sources by relying on
shared vocabularies, making the definitions of these vocabularies retrievable, and by allowing
terms from different vocabularies to be connected to each other by vocabulary links.

Compared to the other methods of publishing data on the Web, these properties of the Linked Data
architecture make it easier for data consumers to discover, access and integrate data. However, it is
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important to remember that the various publication methods represent a continuum of benefit, from
making data available on the Web in any form, to publishing Linked Data according to the principles
described here [25].

Figure 3.1 illustrates the April 2014 scale of the Linked Data Cloud originating form the Linking
Open Data project and classifies the data sets by topical domain, highlighting the diversity of data sets
present in the Web of Data. The graphic shown in this figure is available online at http://lod-cloud.net.
Updated versions of the graphic are published on this website in regular intervals.

Linguiatics

Linked Datassts as of Avgust 2014 @ @

Figure 3.1: State of the LOID Cloud 2014 [6]

3.1.3 RDF

As mentioned above, linking data distributed across the Web requires a standard mechanism for speci-
fying the existence and meaning of connections between items described in this data. This mechanism
is provided by the Resource Description Mechanism (RDF). RDF is one of the basic building blocks
for forming the web of the semantic data. It is powerful because of its simplicity, ability to express
complex schemas and relationships and suitability for modeling all external data frameworks for un-
structured, semi-structured and structured data.

In comparison with HTML documents and conventional Web APIs, the key features of RDF worth
noting in this context are the following:

RDF links things, not just documents: therefore, RDF links would not simply connect the data frag-
ments from each API, but assert connections between the entities described in the data fragments.
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RDF links are typed: HTML links typically indicate that two documents are related in some way,
but mostly leave the user to infer the nature of the relationship. In contrast, RDF enables the
data publisher to state explicitely the nature of the connection, making data significantly more
discoverable and usable [25].

RDF provides a data model that is extremely simple on the one hand but strictly tailored towards Web
architecture on the other hand. To be published on the Web, RDF data can be serialized in different
formats. The two RDF serialization formats most commonly used to publish Linked Data on the Web
are RDF/XML and RDFa.

In essence, RDF defines a type of a graph database. This means, that resourses are related to other
resources, with no single resource having any particular intrinsic importance over another (arbitrary
object relations), as happens for most other types of data storage (where the concept of hierarchy
dominates and some elements are having more precedence or importance over other elements).

In RDF, a description of a resource is represented as a number of triples. The three parts of each triple
are called its subject, predicate and object. A triple mirrors the basic structure of a simple sentence,
such as this one: ‘Katerina Markaki has nick name Kate’, where Katerina Markaki is the subject, has
nick name is the predicate, and Kate is the object.

The subject of a triple is the URI identifying the described resource. The object can either be a simple
literal value, like a string, number or a data; or the URI of another resource that is somehow related
to the subject. The predicate, in the middle, indicates what kind of relation exists between subject
and object, e.g., this is the name or date of birth (in the case of literal), or the employer or someone
the person knows (in the case of another resource). The predicate is also identified by a URI. These
predicate URIs come from vocabularies, collections of URIs that can be used to represent information
about a certain domain.

Two principal types of RDF triples can be distinguished. Literal Triples and RDF Links:

1. Literal Triples have an RDF literal such as a string, number, or data as the object. Literal triples
are used to describe the properties of resources. For instance, literal triples are used to describe
the name or date of birth of a person. Literals may be plain or typed: A plain literal is a string
combines with an optional language tag. The language tag identifies a natural language, such
as English or German. A typed literal is a string combined with a datatype URI. The datatype
URI identifies the datatype of the literal. Datatype URIs for common datatypes such as integers,
floating point numbers and dates are defines by the XML Scheme datatypes specification.

2. RDF Links describe the relationship between two resources. RDF links consist of three URI ref-
erences. The URIs in the subject and the object position of the link identify the related resources.
The URI in the predicate position defines the type of relationship between the resources. Note
that a useful distinction that can be made between internal and external RDF Links. Internal
RDF Links connect resources within a single Linked Data source. Thus, the subject and ob-
ject URIs are in the same namespace. External RDF links connect resources that are served by
different Linked Data sources. The subject and the object URIs of external RDF links are in
different namespaces. External RDF links are crucial for the Web of Data as they are the glue
that connects data islands into a global, interconnected data space.

One way to thing of a set of RDF triples is as an RDF graph. The URIs occuring as subject and
object are the nodes in the graph, and each triple is a directed arc that connects the subject and the
object. As Linked Data URIs are globally unique and can be dereferenced into sets of RDF triples, it
is possible to imagine all Linked Data as one global graph, as proposed by Tim Berners-Lee. Linked
data applications operate on top of this giant graph and retrieve parts of it by dereferencing URIs as
required [25].
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RDF Serialization formats

It is important to remember that RDF is not a data format, but a data model for describing resources
in the form of subject, predicate, object triples. In order to publish an RDF graph on the Web, it must
first be serialized using an RDF syntax. This simply means taking the triples that make up an RDF
graph, and using a particular syntax to write these out to a file (either in advance for a static data set or
on demand if the data set is more dynamic). Two RDF serialization formats - RDF/XML and RDFa -
have been standardized by the W3C. In addition several other non-standard serialization formats are
useful to fulfill specific needs. The relative advantages and disadvantages of the different serialization
formats are dsicussed below, along with a code sample showing a simple graph expressed in each
serialization.

RDF/XML The RDF/XML syntax is standardized by the W3C and is widely used to publish Linked
Data on the Web. A weakness of this syntax though, is that its not human friendly for read and and
writing. The RDF/XML syntax is descripted in detail as part of the W3C RDF Primer [27].

RDFa RDFa is a serialization format that embeds RDF tripples in HTML documents. The RDF data
is not embedded in comments within the HTML document, as was the case with some early attempts
to mix RDF and HTML, but is interwoven within the HTML Document Object Model (DOM). This
means that existing content within the page can be marked up with RDFa by modifying HTML code,
thereby exposing structured data to the WEb. A detailed introduction into RDFa is given in the W3C
RDFa Primer [28].

Turtle Turtle is a plain text format for serializing RDF data. Due to its support for namespace prefixes
and various other shorthands, Turtle is typically the serialization format of choice for reading RDF
triples or writing them by hand. A detailed introduction to Turtle is given in the W3C Team Submis-
sion document Turtle - Terse RDF Triple Language [29]. The MIME type for Turtle is text/turtle;
charset=utf-8.

An example of its usage can be seen below:

@prefix rdf: <http ://www.w3.0rg/1999/02/22 -rdf -syntax - ns#>
@prefix foaf: <http ://xmlns.com/foaf/0.1>

<http :// biglynx .co.uk/people/dave - smith>
rdf:type foaf:Person ;
foaf:name ‘Dave Smith’

AN N B W~

N-Triples N-Triples is a subset of Turtle, minus features such as namespace prefixes and shorthands.
The result is a serialization format with lots of redundancy, as all URIs must be specified in full in
each triple. Consequently, N-Triples files can be rather large relative to Turtle and even RDF/XML.
However, this redundancy is also the primary advantage of N-Triples over other serialization formats,
as it enables N-Triples files to be parsed one line at a time, making it ideal for loading large data files
that will not fit into main memory. The redundancy also makes N-Triples amenable to compression,
thereby reducing network traffic when exchanging files. There two factors make N-Triples the de facto
standard for exchanging large dumps of Linked Data, e.g., for backup or mirroring purposes. The com-
plete definition of the N-Triples syntax is given as part of the W3C Test Cases recommendation[30].

A corresponding example is shown below:

1 <http ://biglynx.co.uk/people/dave-smith> <http ://www.w3.org
/1999/02/22 -rdf -syntax -ns#type> <http :// xmlns.com/foaf/0.1/Person> .
2 <http :// biglynx.co.uk/people/dave-smith> <http ://xmlns.com/ foaf/0.1/

name> ‘Dave Smith’
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RDF/JSON RDF/JSON refers to efforts to provide a JSON(Javascript Object Notation) serialization
for RDF. Availability of JSON serialization of RDF is highly desirable, as a grwoing number of pro-
gramming languages provide native JSON support, including staples of Web programming such as
Javascript and PHP. Publishing RDF data in JSON therefore makes it accessible to Web developers
without the need to install additional software libraries for parsing and manipulating RDF data. It is
likely that further efforts will be made in the near futur to standardize a JSON serialization of RDF
[25].

3.1.4 SPARQL

Since the amount of Linked Data increases significantly year by year, the use of query language in
order to retrieve the desired information is essential. SPARQL [31], which stands for SPARQL Pro-
tocol and RDF Query Language, is the basic query language for Linked Data. It is a semantic query
language, able to retrieve and manipulate data stored in RDF format. It bears close resemblance to
SQL, but it is applicable to an RDF data graph. It was made a standard by the RDF Data Access
Working Group (DAWG) of the World Wide Web Consortium, and is recognized as one of the key
technologies of the semantic web.

SPARQL allows for a query to consist of triple patterns, conjuctions, disjunctions, and optional pat-
terns. Implementations for multiple programming languages exist. There exist tools that allow one
to connect and semi-automatically construct a SPARQL query for a SPAQRL endpoint, for example
ViziQuer. In addittion, there exist tools that translate SPARQL queries to other query languages, for
example to SQL, and to XQuery.

It provides a full set of analytic query operations such as JOIN, SORT, AGGREGATE for data whose
schema is intrinsically part of the data rather than requiring a separate schema definition. Scheme
information(the ontology) is often provided externally, though, to allow different datasets to be joined
in an unambiguous manner. In addition, SPARQL provides specific graph traversal syntax that can be
though of as a graph and figure. It also allows users to write queries against what can loosely be called
‘key-value’ data or, more specifically, data that follows the RDF specification of the W3C. The entire
database is thus a set of ‘subject-predicate-oject’ triples. This is analogous to some NoSQL databases,
such as MongoDB.

The example below demonstrates a simple query that leverages the ontology definition ‘foaf’, often
calles the ‘friend-of-a-friend’ ontology. Specifically, the following query returns names and emails of
every person in the dataset:

PREFIX foaf: <http ://xmlns.com/foaf/0.1/>
o| SELECT ?name ?email

:|WHERE  {

?7person a foaf:Person.

?7person foaf:name ?name.

?7person foaf:mbox ?email.

7|}

This query joins together all of the triples with a matching subject, where the type predicate, ‘a’, is
a person (foaf:Person) and the person has one or more names(foaf:name) and mailboxes(foaf:mbox).
The chosen variable name here is ‘person’ for readable clarity, however it could be anything else, as
long as it is the same on each line of the query to signify that the query engine is to join triples with the
same subject. The result of the join is a set of rows - ?person, 7name, ?email. This query returns the
name and ?email because ?person is often a complex URI rather than a human-friendly string. Note
that some of the ?people may have multiple mailboxes, so in the returned set, a 7name row may appear
multiple times, once for each mailbox. This query can be distributed to multiple SPARQL endpoints
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(services that accept SPARQL queries and return results), computed and results gathered, a procedure
known as federated query. Whether in a federated manner or locally, additional triple definitions in
the query could allow joins to different subject types, such as automobiles, to allow simple queries,
for example, to return a list of names and emails for people who drive automobiles with a high fuel
velocity [31].

3.1.5 DBpedia

A typical case of a large Linked Dataset is DBpedia [32], whose aim is to extract structured content
from the information created as part of the Wikipedia project, and makes this content available on
the World Wide Web. It is one of the most famous parts of the decentralized Linked Data effort, as
it includes not only Wikipedia data, but also incorporates links to other datasets on the Web (e.g.
Geonames).

The resulting DBpedia knowledge base currently describes over 2.6 million entities. For each of these
entities, DBpedia defines a globally unique identifier that can be dereferenced over the Web into a rich
RDF description of the enity, including human-readable definitions in 30 languages, relationships to
other resources, classifications in four concept hierarchies, various facts as well as data-level links to
other Web data sources describing the entity. Over the last year, an increasing number of data publish-
ers have begun to set data-level links to DBpedia resources, making DBPedia a central interlinking
hub for the emerging Web of data. Currently, the Web of interlinked data sources around DBpeida
provides approximately 4.7 billion pieces of information and covers domains such as geographic in-
formation, people, companies, films, music, genes, drugs, books, and scientific publications.

The idea behind this project lies in the fact that Wikipedia is one of the central knowledge knowl-
edge sources of mankind. It is maintained by thousands of contributors, whereas most of the other
knowledge bases cover only specific domains, are created relatively by small groups of knowledge
engineers and are very const itensice to keep up-to-date as domains change. Hence, The DBpedia
project leverages this gigantic source of knowledge and the result is to have a knowledge base which
covers many domains, represents community agreement, it is truly multilingual, it is accessible on the
Web and automatically evolves as Wikipedia changes. Advantages missing from most of the existing
knowledge bases [33].

Access to the DBpedia knowledge base can be provided through the following access mechanisms:

Linked Data. DBpedia resource identifiers are set up to return (a) RDF descriptions when accessed
by Semantic Web agents (such as data browsers or crawlers of Semantic Web search engines),
and (b) a simple HTML view of the same information to traditional Web browsers.

SPARQL endpoint. Client applications can send queries over the SPARQL protocol to the SPARQL
endpoint at http://dbpedia.org/sparql. In addition to the standard SPARQL, the endpoint supports
several other extensions of the query language that have been proved to be useful for developing
client applications, such as full text search and aggregate functions, notably COUNT(). The
endpoint is hosted using Virtuoso Universal Server.

RDF Dumps. Parts of the DBpedia knowledge base in N-Triple serialisation format are available for
download on the DBPedia website.

Lookup Index. DBpedia offers a lookup service at http://lookup.dbpedia.org/api/search.asmx, which
proposes DBpedia URIs for a given label, thus making it easier for Linked Data publishers to
find DBpedia resource URIs to link to.
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In order to enable DBpedia users to discover further information, the DBpedia knowledge base is in-
terlinked with various other data sources on the Web according to the Linked Data principles. The
knowledge base currently contains 4.9 million outgoing RDF links that point at complementary in-
formation about DBpedia entities, as well as meta-information about media items depicting an entity.
Over the last year, an increasing number of data publishers have started to set RDF links to DBpedia
entities. These incoming links, together with the outgoing links published by the DBpedia project,
make DBpedia one of the central interlinking hubs of the emerging Web of Data. These RDF links
lay the foundation for:

Web of Data Browsing and Crawling. RDF links enable information consumers to navigate from
data within one data source to related data within other data sources using a Linked Data browser.
RDF links are also followed by the crawlers of Semantic Web search engines, which provide
search and query capabilities over crawled data.

Web Data Fusion and Mashups. As RDF links connect data about an entity within different data
sources, they can be used as a basis for fusing data from these sources in order to generate
integrated views over multiple sources.

Web Content Annotation DBpedia entity URIs are also used to annotate classic Web like blog posts
or news with topical subjects as well as references to places, companies and people. As the
number of sites that use DBpedia URIs for annotation increases, the DBpedia knowlesdge base
could develop into a valuable resource for discovering classic Web content that is related to an
entity.

Concluding, we showed that a rich corpus of diverse knowledge can be obtained from the large scale
collaboration of end-users, who are not even aware that they contribute to a structured knowledge base.
The resulting DBpedia knowledge base constantly evolves when Wikipedia content is changed, covers
awide range of different domains and connects entities across these domains. More and more valuable
information can be extracting by allowing complex queries against the Wikipedia content, making it
an exciting test-bed to develop, compare and evaluate data integration, reasoning and uncertainty
management techniques, and to deploy operation Semantic Web applications [33].

With this way we are going to use it also in the context of this thesis, since it allows us to use Giraph
to do queries over graph data with rich content and include various domains and kinds of relationships
between the entities. In addition, since Wikipedia is constantly evolving we can do our experiments,
by using each time datasets of different size.

3.2 Selection of queries to study

In order to evaluate the performance of our framework for distributed processing over existing cen-
tralized approaches, we chose to split the processing phases for a set of representative types of queries
with different characteristics according to the following criteria. The goal is to implement popular
types of queries in a distributed manner and define the profile of queries that benefit at most from
distributed processing.

1. Input Size. This is measured as the proportion of the class instances involved in the query to
the total class instances in a given dataset. Here we refer to not just the class instances explicitly
expressed but also those that are entailed by the knowledge base.

2. Selectivity. This is measured as the estimated proportion of the instances involved in the query
that satisfy the query citeria. Of course, whether the selectivity is high or low for a query may
depend on the dataset used.
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3. Complexity. We use the number of the classes and properties that are involved in the query
as an indication of complexity. Since, we do not assume any specific implementation of the
repository, the real degree of complexity may vary by systems and schemas. For example, in a
relational database, depending on the schema design, the number of classes and properties may
or may not directly indicate the number of table joins, which are significant operations.

So, we have chosen test queries that cover a range of properties in terms of the above criteria. At the
same time, we have emphasized queries with large input and high selectivity. Some subtler factors have
also been considered in designing the queries such as the way classes and properties chain together in
the query.

3.3 Performance Metrics & Chosen Queries

We consider a set of performance metrics including:

load time

repository size
e query response time

e query completeness and soundness.

Among these metrics: the first three are standard database benchmark metrics - query response time
and load time and repository size have been commonly used in other database benchmarks; query com-
pleteness and soundness are new metrics introduced for our experiments. These metrics are addressed
below:

1. Load Time
2. Repository Size
3. Query Responses Time

4. Query Completeness and Soundness

We have chosen to implement different queries in terms of the aforementioned criteria. Here we are
going to present the different type of queries, focusing more on their complexity and the way classes
and properties chain together. Those can be better described through appropriate figures, where each
query is visualized as a graph. The vertices of the graph represent the subjects or the objects involved
in the query, while the edges of the graph represent the involved predicates. The other two factors,
input size and selectivity, depend on the datasets used and the specific class instances involved in the
query, so they may vary, even for queries with the same graphical representation. For the design of
our queries, as well as the various factors and performance metrics we used, have been chosen with
the help of the Lehigh University Benchmark(LUBM) [34].

Those visualizations can be seen in Figures 3.2 - 3.8. In those figures, wherever we use symbols like Y,
Z, Y1, etc, we assume that it can be any VertexID, which is connected with its neighbours in the way
shown in the figure. On the other hand, symbols of the form ‘Objectl’, ‘Predicatel’ are considered to
be the exact values of the VertexID and the Edge accordingly.
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Figure 3.3: Query2

Query 1 (Figure 3.2) is quite simple, asking about any subject which has ‘Object]l’ and ‘Object2’ as
objects, with ‘Predicatel’ and ‘Predicate2’ being the values of the outgoing edges that connect the
subject with the aforementioned objects accordingly.

Query 2 (Figure 3.3) queries about multiple properties of the same subject. It can be considered as
an extension of Query 1, since it is the same, with the difference that the desired subject-answer X,
should have three more outgoing edges with specific values, connected to any object. It is obvious that
the since the number of classes and properties involved in the query is much bigger, the complexity
increases. Note that, although from a first look, it seems like the classes involved in this query are
just three more than in Query 1, it is not exactly like that. Since each one of those three additional
outgoing edges may lead to a huge number of different objects, the actual number of classes involved

in the end, might be quite large.

Predicatel

Figure 3.4: Query3

Query 3 (Figure 3.4) is the query with the lowest complexity. This query searches for any subject
that is connected to a specific object ‘Objectl’, with the edge that connects them having the value
‘Predicatel’.

Query 4 (Figure 3.5) is another query with increased number of classes and properties, thereby com-
plexity and probably selectivity are high. In specific, the subjects-answer should have at least two
outgoing edges. One with value ‘Predicatel’ and another one with value ‘Predicate4’, pointing to the
objects ‘Objectl’ and Y accordingly. Y here does not refer to a specific object, but to any vertice,
which has an outgoing edge with value ‘Predicate2’ connecting it with the vertice ‘Object2’, and an
incoming edge with value ‘Predicate3’ from a specific subject ‘Object3’. Once again, although three
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Figure 3.5: Query4

of the vertices involved in the query are specific, one of them (Y) is not, meaning that there may be
many vertices Y with the desired characteristics, thus the actual number of vertices involved in the
query may vary a lot depending on the dataset.

Predicated Predicatel

Predicate5

Figure 3.6: Query5

Query 5 (Figure 3.6) is further more complex than Query 4, including one more property and class.
The desired answer should be connected two three objects, one specific: ‘Objectl’, with edge of value
‘Predicatel’, and two others Y and Z, which can be any objects with some specific characteristics. In
specific, the vertice Y, must be connected to two other vertices: ‘Object2’ and ‘Object3’ with edges
having the values: ‘Predicate2’ and ‘Predicate3’ correspondingly. Z can be any object as long as it is
connected to the X-answer with an edge of value ‘Predicate5’.

Query 6 (Figure 3.7) is almost the same as the Query5, but less complicated, since it involves one
less property and class.

Query 7 (Figure 3.8) is one of the simplest types of queries to study. It asks for a vertex Y, which can
has an incoming edge with value ‘Predicatel’ from a vertex ‘Object]’, and an outcoming edge with
value ‘Predicate2’ towards a vertex ‘Object2’.

Note that none of the aforementioned queries assumes any hierarchy information or inference. In ad-
dition, it is obvious that the labels used in the figures that describe the queries, are just examples for
readable clarity, rather than real ones. In our experiments, those labels (e.g. Objectl, Predicatel) take
actual values, different each time, so as to end up having a set of 15 different queries of different com-
plexity, input, and selectivity. We execute those queries both in a centralized system, Openvirtuoso
and a distributed one, Giraph, using datasets of different size, so as to study how the execution time
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varies with queries of different characteristics.

3.4 Distributed execution of graph queries in Apache Giraph

3.4.1 Our System

As mentioned earlier, the goal is to of our system is to resolve the aforementioned queries, in a dis-
tributed manner harvesting the power of multiple commodity processing nodes. The input is going to
be the RDF datasets, while the output, is going to be answer to our queries, as shown in Figure 3.9

For the processing of the aforementioned types of sparql queries, we chose to use Giraph, which allows
us to find the answer in a distributed but simple way. We can focus on the algorithm we are designing,
without the need to worry about the graph representation in memory, the way our algorithm is executed
in parallel across the distributed system and how fault tolerance is achieved. Our algorithm is agnostic
to the way data is shared across the processing units and the way code is executed concurrently. Thus,
thre is no need for locking or concurrent coordination by our side.

Figure 3.10 shows the conceptual stacked organization.

Our implementation consists of the two layers on the top of the figure. In specific:

e Query Parser, which basically is a script calling the user to select which type of query he
wants to run, provide the necessary arguments, depending on the query he chose, as well as how
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Figure 3.10: Conceptual stacked organization of Giraph applications

many times he wants to execute it, and the number of workers he wants to use. With the use
of custom arguments, we are able to run the same type of query, using different values for the
subjects/predicates/objects, involved in the query, thus there is no need to implement the query
execution part many times, with different arguments each time.

e Query Execution This involves the code run after the user has inserted his preferences, and the
job is submitted. At this point, runs the necessary code for loading the data, do the calculations
and write the output. Note that this code is run in all workers, ( the number of which is defined
by the user initially).

3.4.2 Preprocessing

As mentioned before, the input to our system is the RDF datasets. This is not exactly the truth, in the
sense that RDF datasets are copied to HDFS after a pre-processing is done, and the query execution
operates on this processed dataset which contains exactly the same information as the original datasets,
but in a different form. This pre-processing is required, since Giraph cannot automatically translate
into graph those datasets, if they are in any of the existing serialization formats. In our experiments,
we chose to use datasets in N-Triples format, and implemented a MapReduce job which runs over the
data sets and groups RDF statements by object. The grouping could have been done by subject, or
even predicates, but the chosen way will help us more in the implemention of our queries that follows.
The result of this pre-processing is a group of adjacency lists, where the first element is the object,
followed by its initial value: zero in our case, and subject-predicate pairs. The initial value, could be
different, and any other value other than ‘one’, or one of the values with special meaning, used through
the exchanged messages among vertices during computation time.
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This procedure is illustrated in Figure 3.11.

Initial input Input after pre-processing
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Subject2 Predicate2 Object2
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Figure 3.11: Pre-processing

3.4.3 Implementation of Queries

In order to implement the aforementioned queries in Giraph three basic things are required from our
side:

1. Appropriate Input Format
2. Appropriate Output Format
3. Vertex Algorithm

Input Format Graphs may be stored in a storage system in a variety of formats. Giraph needs to have
a way to read this data from the storage system and translate it to a graph. In essense, it needs a way
which specifies how to read the data and convert them to Vertex and Edge objects. This is done by the
various Input Formats.

Giraph already offers an API for this purposes, however it cannot be directly used in order to read the
RDF datasets in N-Triple (or any other format). The existing API needs a way to retrieve and alter
already created nodes and it is assumed that it will get exactly one line for each vertex to create. That
one line is assumed to hold all the information necessary to create the vertex. The N-Triples format
though does not work that way, as it can use multipe lines to describe the same node. This is the reason,
we chose to do a pre-processing using a MapReduce job. Now, all the information regarding an object
can be found in the same line, and we can write an appropriate input format, which can translate this
information into a graph.

In specific, now (after pre-processing) our data consist of mulitple lines of the form:
Objectl 0 Subjectl Predicatel Subject2 Predicate2 ... SubjectN PredicateN

Here, Object] will now denote a Vertex with VertexId: Objectl and initial value zero. Each of the
following subject-predicate pairs are the vertex-neighbours of the initial vertex, having VertexIds:
Subjectl, Subject2, ..., SubnectN accordingly. Similarly, the outgoing edges values are Predicatel,
Predicate2, ..., PredicateN.

The corresponding graph representation is illustrated in Figure 3.12

The Giraph API for vertex-based graph representations is Vertex Input Format. Figure 3.13 shows a
small sample of the vertex-based input format classes in Giraph code base.

The white boxes represent existing abstract classes, while the colored box: TextIntTextAdjacencyListVer-
texInputFormat is owr own implementation, which extends the abstract class AdjacencyListTextVer-
texInputFormat.
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Figure 3.13: Giraph Input Format

Output Format The exact oppossite procedure, that is translating the graph into a format which can
be saved in a storage system, does the Output Format.

In specific, the result of our queries exist in the Vertex and Edge objects in the graph. In our case,
all the Vertices with value ‘1°, satisfy the query criteria, so as output we would like to have only the
Vertexld of the vertices that satisfy the query criteria.

This graph transformation into our output can be seen in Figure 3.14

Similarly to the input format, we wrote our custom output format by extending the abstract class
TextVertexOutputFormat.

Vertex Algorithm - Compute Method At this point each worker has been assigned one or more
partitions of the graph, and now is responsible for calling the compute function for all the vertices
resident on that worker. This compute function performs the whole calculation of the answer, and is
run by every worker. In order to implement the Compute Method, which every Vertex is going to run,
we used the following approach.

We see the sparql queries as trees, with root the subject/object we are looking for, some intermediate
vertices/edges and leafs. As a general rule, in order to solve the query in giraph, we start with the
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Figure 3.14: Giraph Output Format

leafs. In the first superstep, all vertices check if they are the desired leafs in the current query and if
their outgoing edges match those of the current query. If so, they send approppriate messages to their
neighbours and they halt. From the second superstep till the problem is solved, the vertices which
have received the initial messages from the vertices-leafs become active, check if they match specific
characteristics and depending on the results they might send appropriate messages to their neighbours.
The same procedure continues, till the result is found. In the final superstep the vertices that satisfy
the query criteria have value one. No other messages are exchanged and the vertices that satisfy the
query criteria halt. Since, computation has been completed, output is written and the bsp program is
finished.

We are going to see step by step how this procedure is followed, in order to make it clear to the reader.
Let’s take for example: Query6, which is illustrated in Figure 3.7.

First of all, with the Input Format, we load the whole data set as a graph. Now, with the Compute
method, we are basically searching inside this graph for a subgraph of the form of the graph shown in
Figure 3.7, with the difference that edges have the exact opposite direction, as shown in Figure 3.15.

Predicated4, redicatel

Figure 3.15: Query6 - Giraph
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So, let’s say, a part of the graph loaded in Giraph is the following 3.16.
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Figure 3.16: Part of the graph loaded in Giraph

The query execution in this type of query is completed in three supersteps.
Superstep 0

In the initial superstep, each vertex checks its own VertexID. If it is not one of the Objectl, Object2,
Object3, the vertex does nothing, and it simply votes to halt. If it is Objectl, then checks if Predicatel
is one of its outgoing edges. If so, it sends the value ‘4’ to the vertex connected with the edge with
Value ‘Predicatel’, and votes to halt. Similarly vertex with Id: Object2 and outgoing edge Predicate?2,
sends the value ‘1’ to the corresponding vertex-neighbour - possible Y, and vertex with Id: Object3
and outgoing edge Predicate3 sends the value ‘2’ to the corresponding vertex-neighbour - possible Y.
Both those vertices, halt right after they send the messages. We can see the following in Figure 3.17

Note that here the values sent through the messages from the one vertex to another, can be different.
In our case we do not want to pass any specific information through the message. We just use it as a
way to denote that a vertex has received a message from a vertex that is part of our query, and also in
order to make a possibly inactive vertex, active again. Hense, instead of ‘4’, any other Integer value
can be used, probably part of an enum type, which in our implementation code has specific meaning.
For example, here ‘4’ means that ‘I received a message from Vertex with VertexID: Objectl, with
which [ am connected through an edge with value Predicatel’.

Superstep 1 Now in superstep 1, all the vertices are inactive (since all have voted to halt in the previous
superstep ), except for those who received a message. Hence, in our example, now active are O, D,
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Figure 3.17: Superstep 0

P, M, H and F. O and D have received message with value: 4 from vertex with Id: Objectl. P, M and
H have received message with value: 1 from vertex with Id: Object2. P, M, H and F have received
message with value: 2 from vertex with Id: Object3.

In this superstep, each of the active vertices, checks the messages it got and acts accordingly. O and D
have received message with value: 4 from vertex with Id: Objectl. O and D, are for now, canditates
for being the answer to the query. In this superstep they just set their own value to 5 and vote to halt.

Similarly, all vertices which received a message both from Object2, and Object3, ( in our case P, M
and H ) check if the have outgoing edge with Value: Predicate4 and if so, they send to the possible X
message with Value ‘3’. After that they vote to halt. Note that F, does nothing, since it has received
message only from Object3. Correspondingly H, although received both required messages from Ob-
ject2 and Object3, and it does not have an outgoing edge with value: Predicate4, hence it votes to halt
as well, without sending any other message.

The above can be seen in Figure 3.18
Superstep 2

In our final superstep active are only the vertices, which have received a message in the previous
superstep. In our example, those are: O and N. They check if they received a message with the desired
value (3) and if so they check their own value. If their own value is ‘5°, meaning that they have received
amessage in superstep0 from Object], then they fullfil all the essential requirements, satisfy the query
criteria, are part or the asnwer to our query and they set their own value to 1. Here, this is the case with
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Figure 3.18: Superstep 1

vertex O. Vertex N does receive a messsage with the desired value, but it is not connected to Objectl,
so it is not part of the answer. Similarly, vertex D which was marked as possible answer in superstep0
since it was connected to Objectl, is not part of the answer, since it is not connected with a vertex,
which has the ‘characteristics’ of Y, as a result it has not received any message and is inactive in the
final superstep.

We can see the aforementioned changes in Figure 3.19

After superstep 2 all vertices have become inactive, so this is also our final superstep. After its com-
pletion, the output-answer to our query is written to HDFS. Obviously, here is just an example and
only vertex O satisfies the query criteria, something that may be different in a real dataset, where more
than one vertices can be part of the answer.

3.5 Giraph Times

In order to be able to see how much time is needed for the completion of a query using giraph, we
used the pre-existing giraph timers. They are shown in stdout, right after the completion of the job.

So, let’s describe them, in order to know what they measure, and which of them are useful to us.

o Initialize It measures the time spent by the job waiting for resources. In a shared pool the job
you launch may not get all the machines needed to start the job. So for instance, you want to
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run a job with 200 workers, giraph does not start until all the workers have are allocated and
registered with the master.

Setup It is the time it takes before starting to read the input, once you have all the machines
allocated.

Input Superstep The time needed to read the input(vertices/edges) provided into memory on
individual workers, assign vertices to partitions and partitions to workers, moving all partitions
to a worker (which own the partition) and doing some bookeeping of internal data structures to
be used during computation.

Superstep i Here the user-define function compute takes place.

Shutdown The time it takes to stop and verify that everything id done, resources are shutdown
and user is notified, once you have written your output. This could mean the time needed to wair
for all network connections to close, all threads to join, etc.

Total It’s the actual time take to run by your application after it got all resources. It does not
include initialize or shutdown time, so it’s basically the sum of Setup, Input Superstep, and the
sum of the time in all supersteps.
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3.6 Running in openvirtuoso

To evaluate the achieved performance of our system to a widely used centralized approach for query-
ing such datasets, we chose OpenVirtuoso [35]. OpenVirtuoso is by far the most widely deployed
SPARQL endpoint. Among others, Virtuoso is implemented as the SPARQL endpoint for DBpedia
and DBpedia Live, LinkedGeoData, Sindice, the BBC, BioGateway, data.gov, CKAN, and the LOD
Cloud Cache [36].

In OpenVirtuoso, the queries were executed using SPARQL. Below you can find the exact queries we
executed, defined in SPARQL.

Queryla
sparql select ?x where { ?x
<http ://www.w3.0rg/1999/02/22 -rdf -syntax -ns#type >
<http ://xmlns.com/ foaf/0.1/Person> . ?7x
<http :// dbpedia.org/property/birthPlace >
<http :// dbpedia.org/resource/Queens> .};

Querylb
sparql select ?x where {?x
<http ://www.w3.0rg/1999/02/22 -rdf - syntax -ns#type >
<http :// xmlns.com/ foaf/0.1/Person> . ?x
<http :// dbpedia.org/property/birth >
‘1979’2 <http ://www.w3.0rg/2001/XMLSchema#date> .};

Querylc

sparql select ?x where {?x <http ://xmlns.com/foaf/0.1/name>
‘Sokrates @de . ?x <http ://purl.org/dc/elements/1.1/description >
‘griechischer Philosoph’@de .};

Queryld

sparql select ?x where {?x
<http ://www.w3.0rg/1999/02/22 -rdf - syntax -ns#type>
<http :// dbpedia.org/class/yago/Cityl108524735> . ?x
<http :// dbpedia.org/property/populationAsOf>
2006’ " <http ://www.w3.0rg/2001/XMLSchema#Integer> .};

Queryle

sparql select ?x where {?x
<http ://www.w3.0rg/1999/02/22 -rdf -syntax -ns#type>
<http :// dbpedia.org/class/yago/Emiratel08557396> . 7x
<http :// dbpedia.org/property /mapCaption>
<http :// dbpedia.org/resource/Saudi_Arabia> .};

Query2a
sparql select ?x where {?x <http ://xmlns.com/foaf/0.1/name> ‘Verne,
Jules "@de . ?x <http :// dbpedia.org/property/deathPlace>
<http :// dbpedia.org/resource/Amiens> . ?7x
<http :// xmlns.com/ foaf/0.1/givenname> ?yl . ?x
<http :// xmlns.com/foaf/0.1/surname> ?y2 . ?x
<http :// dbpedia.org/property/birthPlace> ?y3 .};

2| Query2b
sl sparql select ?x where {?x <http ://dbpedia.org/property/influences >

<http :// dbpedia.org/resource/Plato> . ?x

<http :// dbpedia.org/property/influenced >

<http :// dbpedia.org/resource/Alexander_the Great> . ?x
<http :// dbpedia.org/property/shortDescription> ?yl . ?x
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4|  <http :// dbpedia.org/property/notableldeas> ?y2 . 7x
4| <http :// dbpedia.org/property/ mainlnterests > ?y3 .};

si| Query2c

2| sparql select ?x where {?x <http ://dbpedia.org/property/influences >
s3s|  <http :// dbpedia.org/resource/Plato> . ?x

s4f  <http :// dbpedia.org/property/influenced> ?yl . ?x

ss|  <http :// dbpedia.org/property/shortDescription> ?y2 . 7x

so| <http :// dbpedia.org/property/notableldeas> ?y3 . 7x

s71  <http :// dbpedia.org/property/ mainlnterests >

ss|  <http :// dbpedia.org/resource/Science> .};

| Query3a

ol sparql select ?x where {?x

| <http ://www.w3.0rg/1999/02/22 -rdf -syntax -ns#type>
3|  <http :// dbpedia.org/class/Book> .};

os| Query3b

| sparql select ?x where {7x

7|  <http ://www.w3.0rg/1999/02/22 -rdf -syntax -ns#type>
es| <http ://xmlns.com/foaf/0.1/Person> .};

70l Query3c
71| sparql select ?x where {?x <http ://xmlns.com/foaf/0.1/homepage>
2| <http ://www. educause.edu/> .};

74| Query4

15| sparql select ?x where {<http ://dbpedia.org/resource/\%21\%21\%21>
76| <http ://www.w3.0rg/1999/02/22 -rdf -syntax -ns#type>

77| <http :// dbpedia.org/class/yago/Groupl00031264> . ?x

7| <http ://www.w3.0rg/1999/02/22 -rdf -syntax -ns#type>

7|  <http :// dbpedia.org/class/yago/Groupl00031264> . ?x

0| <http ://dbpedia.org/property/genre>

81 <http :// dbpedia.org/resource/ Alternative rock >

82 . <http :// dbpedia.org/class/yago/Groupl00031264>

s3] <http ://www.w3.0rg/2000/01/rdf -schema#label > ‘Group’ .};

ss| QueryS5

| sparql select ?x where {?x

g7 <http ://www.w3.0rg/1999/02/22 -rdf -syntax -ns#type>
ss|  <http ://xmlns.com/foaf/0.1/Person> . 7x

9o <http ://xmlns.com/foaf/0.1/name> ?z . ?x

oo <http ://dbpedia.org/property/birthPlace> ?y . ?y
91 <http ://www.w3.0rg/1999/02/22 -rdf - syntax -ns#type>
9| <http :// dbpedia.org/class/yago/Cityl08524735> . ?y
93 <http :// dbpedia.org/property/populationRef>

o4  <http ://www. statistik .baden -wuerttemberg.de> .};

96| Query6

o7 sparql select ?x where {?x

os|  <http ://www.w3.0rg/1999/02/22 -rdf -syntax -ns#type>
9| <http ://xmlns.com/foaf/0.1/Person> . 7x

wo| <http :// dbpedia.org/property/birthPlace> ?y . ?y
| <http :// dbpedia.org/property/populationRef>

12| <http ://www. statistik .baden - wuerttemberg.de> . ?y
03| <http ://www.w3.0rg/1999/02/22 -rdf -syntax -ns#type>
04|  <http :// dbpedia.org/class/yago/Cityl108524735> .};
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106 Query7
sparql

107

1

select ?x where

s| {<http :// dbpedia.org/resource/Ferdinand Rudolph Hassler>
9|  <http :// dbpedia.org/property/birthPlace> ?x
ol <http ://www.w3.0rg/1999/02/22 -rdf -syntax -ns#type>

I <http :// dbpedia.org/class/yago/Capitall08518505> .};

7x
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Chapter 4

Experiments

4.1 Experimental Setup

4.1.1 Datasets

In our experiments we used two datasets with different size from the DBpedia project:

1. Dataset 1: http://downloads.dbpedia.org/2.0/

2. Dataset 2: http://downloads.dbpedia.org/3.0/en/

Those datasets contain articles, abstracts, images, links to external web pages, information that has
been extracted from Wikipedia infoboxes, information about persons, links between geographic places
in DBpedia and data about them in the Geonames data base, as well as links to RDB Book Mashup,
to DBLP, Eurostat, Project Gutenberg, MusicBrainz and many others. More info about the content of
the aforementioned datasets can be found in the wiki of the the DBpedia community. Specifically, in
the following links:

e http://wiki.dbpedia.org/data-set-20

e http://wiki.dbpedia.org/data-set-30

Both of them contain N-Triple data. The total disk size of the datasets before and after the MapReduce
pre-processing can be seen in table 4.1:

Dataset Name  Original Disk Size  Disk-Size After Pre-processing
Dataset 1 6.8GB 5.2GB
Dataset 2 18.0GB 13.0GB

Table 4.1: Disk-size of used datasets

4.1.2 Testing environment

All of our experiments were conducted in cloud environment, using Openstack as software platform.
We created 8 virtual machines (VMs) hosted in the Computer System Laboratory of NTUA. The VMs

were running Ubuntu 14.04.2 x64, had 8GB RAM each, 4VCPUs and 80.0GB disk storage. For our
experiments we used:
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e Hadoop version: 0.20.203.0
e Giraph version 1.2.0 and

e Openvirtuoso version 6.1.

Since we were concerned about the variability of the results, we executed each query five times and
then we took the average time as the final result.

4.2 Experimental Results

4.2.1 Choosing hadoop parameters

Giraph exploits the existing Hadoop infrastructure and our queries are submitted as map-only Hadoop
jobs. A Hadoop job may have quite different performance depending on the chosen values for its
configuration parameters. Hence, it is reasonable to assume that finding the right values for some
configuration parameters may be crucial in order to have a good performance in Giraph job. Here, we
studied the impact, if any, of the following parameters:

1. dfs.replication

2. dfs.block.size

The first specifies how many times the local filesystem is copied to the HDFS, mostly to ensure high
availability of the data, whereas the second specifies the size of the blocks into HDFS.

We investigated the impact of the aforementioned parameters in the following phases:

1. Copy the input from the local file system to HDFS
2. Load the graph in Giraph

3. Query Computation time

Copy to HDFS

In Figure 4.1 is illustrated how the copy time changes, when the replication factor increases.

As expected, as the replication factor increases, it takes more time to copy the local filesystem to
HDFS. However, we observed that with replication factor equal to two, the copy time is comparable
to that of replication factor one, while at the same we have a basic high availability of the data, so it is
obviously preferable. Bigger values of the replication factor add considerably more time to the copy
phase.

In Figure 4.2 is illustrated how the copy time changes, when the block size increases.

It seems that block sizes from 128Mb to 1408Mb have comparable performance, with the copy phase
needing less time when the blocksize is equal to 1408Mb (or 1.375GB). Bigger blocksize though
doubles the time needed from the copy phase.
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Load Graph in Giraph
In Figure 4.3 is illustrated how the time to load the graph changes, when the replication factor in-
creases.

We can see that loading the graph takes significantly more time when the replication factor is one,
compared to any other value. This is expected, since data reside only in one node and each worker
needs to load the graph data according to its assigned input splits, making the read time significantly
lower.

All the other values of replication factor are closer to each other, with the value two continuing to be
the best option.

In Figure 4.4 is illustrated how the time to load the graph changes, when the block size increases.

With blocksise 2816MB, all runs failed. This is expected, since each worker has to load the input splits
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Figure 4.4: Input Superstep vs block size

assigned to this node by the master to its own local memory Apart from that memory should be allo-
cated in order to store the Vertex and Edge Objects, with their values, as well as the incoming/outgoing
messages, making the memory required to exceed the 8GB memory it has.

Regarding the rest of the values, we can see that there is no consistent behaviour of the load time as
the block size increases. The best results are achieved with block-size: 1408 MB. It seems to be a good
option, since its size is big enough, to have less metadata and the handling that comes with them, but
also small enough, to fit into a single worker’s memory and thus not causing failures, due to memory
overload.

Computation Time

In Figure 4.5 is illustrated how the computation time changes, when the replication factor increases.
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Figure 4.5: Computation Time vs replication factor

It is a bit suprising that the computation seems to take less time, when the replication factor is one. In
this case the copy to HDFS results in having all the HDFS data stored in blocks in the same node they
were stored before the copy. Thus, the biggest part of the input graph resides in one worker and the
communication between the rest of them is the minimum required.

In Figure 4.6 is illustrated how the computation time changes, when block size increases.
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Figure 4.6: Computation Time vs block size

In this figure, we observe that computation takes less time as the block size increases. This is valid,
for block sizes beginnign from 128MB till 1024Mb. Block sizes bigger than the last value result in
bigger computation time. This occurs, since there are less options for partioning the graph, resulting
in worse load-balancing, meaning that we have workers that need much more time to calculate their
own results than others.

The aforementioned measurements, were taken from runs in which we used only Dataset 1. However,
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we executed some of the runs using also the bigger dataset, and it showed that the same behaviour is
valid there as well.

4.2.2 Time vs Different Type of Queries

Aim of this section is to identify the differences in computation time between queries of different type,
if the same behaviour remains when the number of nodes increases, and how it can be explained.

The results concern all of the seven different types of queries and they are illustrated in Figures 4.7
and 4.8 for Dataset 1 and Dataset 2 accordingly.

Computation Time - Dataset 1
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Figure 4.7: Computation Time - Dataset1

Computation Time - Dataset 2
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Figure 4.8: Computation Time - Dataset2
We can see that in all cases the behavior of the queries in terms of computation time. is the same,
either we have four, either six or eight numbers of nodes. This means, that if Queryl takes less time

to be executed than Query?2 in a cluster composed of 4 nodes, then it would also need less time than
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Query?2 in a cluster of 6 or 8 nodes. The same is valid for the Dataset 2. In Table 4.2 the different
types of queries are shown, ordered in a row starting from the one needing the less execution time and
ending with the one requiring the most.

Query3 Query7 Queryl Query4 Query6 Query5 Query2

Table 4.2: Queries, sorted by computation time

Since, this behaviour is valid in every case, it is safe to assume that it is not random, but based on the
inherent characteristics of those queries. The characteristics that seem to affect at most the computation
time are:

1. The number of supersteps, or let’s say the "height of the tree’ as can be seen in the given figures.

2. The complexity of the query, which is mostly determined by the number of vertices and edges
involved in the query and how they are chained together.

Regarding the first factor, it is reasonable to assume that the less the number of the required supersteps
are, the less the computation time is going to be. This is because with each superstep comes along a
synchronization barrier, where each worker waits for the rest of them to finish, something that is
necessary on the one hand, but may result in much bigger computation time, especially in cases one
worker is much slower than the rest of them. In our case, Query 1, Query 2, Query 3 and Query 7 need
two supersteps, while Query 4, Query 5 and Query 6 need three. We see that in general the queries
with two supersteps need less time to complete from the others with three. The only exception to this
rule, seems to be Query2 which has the biggest computation time, but needs only two supersteps.
Other factors, which are going to be explained later, play most important role in this case.

Complexity seems to play also a crucial role in the query computation time. Let’s take the queries
one by one. Query 3, is the simplest one and it is expected to require the less computation time. In
particular, it just requires for exactly one vertex with specific VertexId to send message or messages
to all the vertices which are connected with it with edge that has a specific value. All the vertices that
received a message are part of the answer.

Query 7, slightly more complex than Query 3, including one more vertex and edge. The computation
is performed in the same way as Query 3, but with one additional condition: The vertices that have
received a message in the previous superstep are part of the answer only if they have are connected to
a specific vertex with a specific outgoing edge. Thus, it is expected, to require a little more time than
Query 3.

Query 1, does is not more complex than Query 7, in the sense that the same number of vertices and
edges are involved. However, the way the vertices are chained together is different, involving much
more active vertices in the initial superstep, and an increased number of messages sent among the
workers, thus leading to more computation time.

Query 4, increases much more the complexity, since it contains four properties (edges values), three
vertices with specific VertexID, and a set of vertices ‘Y’, which are connected with the other vertices
involved in a specific way. With a little more observation, we can see that it is a combination of Query
7 and Query 1, thus it is expected to require considerable more time than the previous three queries.

Query 6, has the same number of vertices and edges as Query5, thus complexity is not that increased.
It differs in how the the vertices are chained together, and it can be considered as a combination of
two queries similar to Query 1, justifying why it required a little more time than Query 4.

Query 5, is again more complex than all the previous ones, since it contains one more property, and
another set of vertices ‘Z’ with specific characteristics. Thereby, it requires more time than all the
others.
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Last but not least, Query2, which surprisingly requires much more time to be completed than all the
others. As discussed before it requires only two supersteps and the way vertices and edges are chained
together seems to be quite simple. However, the number of properties involved is large (five), and
a large number of exchanged messages is required from different kind of vertices. Thus, the final
number of vertices involved is quite large and all of them send message to the exact same vertex-
answer. All those messages have to be handled by the same worker, the one which has in its memory
the vertex-answer, hence reducing the level of parallelism and requiring more time for the completion.

4.2.3 Time vs Number of Nodes

Obviously, since we are in a distributed environment, we want to see how the computation time dif-
ferentiates as the number of nodes increases. In our experiments, we run all types of queries, some
of them with different choices as predicates, objects or subjects in different number of nodes. Each
query was executed five times, and we took the average as the final result.

The results are illustrated in figure 4.9. Blue, orange and grey colors, represent that the number of
nodes is 4, 6 and 8 accordingly.

Computation vs Number of Nodes
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Figure 4.9: Computation Time vs Number of Nodes - Dataset 1

As expected, for all type of queries, the computation time decreases as the number of nodes increases
for all types of queries.

The results for the bigger dataset are illustrated in Figure 4.10. In this case, the dataset was proven to
be bigger than our memory could handle, thus the execution with only 4 nodes was impossible. It was
always resulting on failing Giraph jobs. The results for 6 and 8 nodes though, were as expected, with
the computation time being much less in all type of queries when the number of nodes is 8.

Time vs Different Instances of the same Query type

In order to see how the specific - instances influence the result, we run Queryl, Query2 and Query3,
using different parameters, and took the results in 4, 6 and 8 nodes. The results for those queries are
illustrated in Figures 4.11, 4.12, 4.13.

Similarly for Dataset 2, we have figures 4.14, 4.15, 4.16, accordingly:

62



Computation vs Number of Nodes
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Figure 4.10: Computation Time vs Number of Nodes - Dataset 2
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Figure 4.11: Queryl - Computation Times
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Figure 4.12: Query2 - Computation Times

From the above figures we can see how the choice of the subjects, predicates and objects we use can
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Query3
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Figure 4.15: Query?2 - Computation Times

lead to a quite different computation time. In all of these cases, the structure of the query is the same,
only the various values differ. In specific, we can see in the following table 4.3 the various query
instances, sorted by computation time.

Those differences can most of the times be justified by the number of the vertices involved in the
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Figure 4.16: Query3 - Computation Times

Queryl Queryle Querylc Queryld Querylb Queryla
Query2 Query2a Query2b Query2c
Query3 Query3c Query3a Query3b

Table 4.3: Queries, sorted by execution time

query. As we can see in Figures 4.17, 4.18 and 4.19, for Queryl and Query3, the less the number
of vertices is, the less the computation time is. Surprisingly enough, this is not valid for Query2, in
which Query2a, takes the least time to execute comparing to the other two, although more vertices are
involved in the query and more messages are exchanged. In this case, maybe other factors play more
important role, like how the graph is partiotioned and how the data are distributed across the workers.

Vertices
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15000000

14995000 I
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Figure 4.17: Queryl - Number of Vertices

The exact same behaviour can be observed in Dataset 2 as well.

4.2.4 Openvirtuoso

In order to verify that our way of implementation of the queries returns all the results, as well as the
right ones, we compared those with the ones in openvirtuoso. In all cases, the results where the same.

Similarly, we wanted to see that the queries, behave the same way in both systems, and if not, the

65



Query2
15025000 15093562
15020000
15015000

15010000

Vertices

15005000 15003906 15003911

15000000

149895000

14990000
Query2a Query2b Query2c
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Figure 4.19: Query3 - Number of Vertices

reason underneath.

4.2.5 Load Graph

The time required from Openvirtuso to load all the RDF data, is quite big. We loaded the dbpedia
graph, containing all the RDF datasets we used in Giraph, seven times and took the average as the
final result. It seems that it needs about 6 hours to load the whole graph. The individual results for
Dataset 1 can be seen in table 4.4. Although the comparison is not fair, in the sence that in Giraph
we may use four times bigger resources than those in openvirtuoso, 6 hours seem to be too much,
comparing to the 2 minutes that Giraph needs for the same dataset when we choose the appropriate
configuration parameters.

4.2.6 Computation

On the other hand, the query response time is much better in OpenVirtuoso. The Computation part in
Giraph can be even five times slower that this of Openvirtuoso, although we utilize the 8 nodes of the
cluster. We should consider though, that this can be expected to a point, since Giraph is suitable for
processing huge datasets, which may reside in hundreds of nodes. In such datasets, we assume that
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Load Time (ms)

Openvirtuoso Giraph
23233681 118553
25289059 105188
12021112 128640
25706906 118150
23536321 134792
18211069 119050
22010159 114458
21429758.14 119833

Table 4.4: Load Time - Openvirtuoso - Giraph

we would see Giraph outperfoming Virtuoso in terms of computation time, and maybe even answer
queries that openvirtuoso cannot even do. In such sizes, the communication overhead and the extra
handling needed, in order to manage this distributed environment, is big enough, slowing down the
whole procedure.

In addittion, we wanted to see how Openvirtuoso behaves with the different types of queries. The
results for Dataset 1 are shown in Figure 4.20.
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Figure 4.20: Computation time - Openvirtuoso

We see that the behaviour of the queries is quite different from that in Giraph. Here the queries sorted
by computation time, can be seen in 4.5

Query7 Query2 Query5s Queryl Query6 Query3 Query4

Table 4.5: Queries, sorted by computation time

Those differences are due to the different way Giraph and Openvirtuoso process the query, as well
as that due to the fact that writing the output in openvirtuoso needs much more time, comparing with
that Giraph needs. Giraph workers can write their partial output to HDFS simultaneously, while in
Openvirtuoso this has to be done sequentially. This may be the reason why query3, although the
simplest one, is the one which requires the second biggest time to complete, whereas Query7 which
is slightly more complex than Query3 and has only one row as output, takes the less time.

Figures 4.21,4.22,4.23 show how the computation time varies for different instances of the same type
of Query.
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Figure 4.21: Query 1 - Openvirtuoso
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Figure 4.23: Query 3 - Openvirtuoso

Here we see that the differences in execution time are more alike with those in Giraph, and any vari-
ations seem to be due to the time needed to write the output in the cases many rows are returned as
results.
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4.2.7 Query Completeness and Soundness

Last but not least we compared the results we took from Giraph and Openvirtuoso, so as to verify that
our application returned all the results and right ones. The verification was done in both datasets.
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Chapter 5

Conclusions and Future Work

5.1 Conclusions

In this thesis, we first provided an overview of the rapid growth of data nowadays and expressed the
need to store and exploit them in order to extract meaningful information and impove various aspects of
our lives. We presented computing models, like Cloud Computing and Distributed Computing, since
currently most systems are based on them in order to achieve big data processing in an efficient way.
We continued by providing information about the most popular tools used for distributed processing,
like Hadoop and Giraph, as well as the Programming models they implement.

Then, we presented our own contribution, a simple query processor, whose goal is to exploit the dis-
tributed environment in order to answer various queries in an efficient manner. We presented different
kind of queries over DBpedia datasets and introduced efficient methologies in order to resolve them.
We described the way we implemented our algorithms, in a ‘Think Like A Vertex’ manner and con-
ducted experiments in order to study the performance and scalability of our system in an Openstack
cluster consisting of 8 nodes. We also verified the validity and completeness of our results, by com-
paring them with those an existing centralized system would return.

From the results of our experiments, we came over to the conclusion that it is feasible to use distributed
algorithms in order to provide complete answers for different types of SPARQL queries over Linked
Data. At the same time, we saw that the query execution time improves as the number of the computer
resources increases, which means that we can achieve much better performance in the query response
time, by simply using more computer resources, something that it is not possible with centralized
approaches, which can exploit only one single machine. In addition, we saw that different type of
queries, different datasets as input, as well as different instances of the same types of queries can lead
to different computation times. Last, we made a small comparison with Openvirtuoso, a well-known
centralized system, which showed that Giraph outperforms Openvirtuoso in loading the graph datasets,
but it is much less efficient in terms of computation, something that requires further investigation. We
assume though that this extra time required by Giraph in order to provide complete answers to the
queries, is justified by the overhead of coordinating many nodes, when we use small datasets as input
and we would be able to see its real power with the use of much bigger datasets.

5.2 Future Work

There are many extensions which could be done in order to improve our system by providing better
performance and functionality. New functionalities can be added, which would let us execute more
comlex queries, like ones that assume hierarchy information and logical inference, in an automatic
way. On the other hand, improvements can be made in the way of calculating the query result. Instead
of using many different algorithms, each of them suitable only for a specific type of query, it would
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be preferable to have a more generic approach, where our algorithm would be capable to read the
SPARQL query, analyse it, find its type and its parameters, and would proceed to the query execution
without the need to ask any more information from the user. Similarly, an appropriate user-friendly
API could be created, which would let user to give the desired query without restricting him to choose
a specific one.

Regarding the performance of our system, it would be useful to examine more configuration options
either in Giraph or Hadoop. Furthermore, we could have different results either with the use of different
kind of pre-processing (i.e. grouping by subject or predicate instead of object) or by trying different
ways of distributing the graph partitions among the workers, or by exploting the capability of graph
mutation in order to reduce the number of supersteps required. Research can be also made in the field
of scalability by using even bigger datasets with more computing resources. Last but not least, we
can enrich our study, by examining the performance of other distributed graph systems as well and
compare it with that of Giraph over the same datasets.
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