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Iepiinyn
2V emoyN HOG, EQUPUOYES OEOUEVOV UEYAA®V G OYKO KOl TOAVTAOKOTNTO TOPEyoLV
dedopéva o koloootaieg Tipée. [a va etvar gt 1 enegepyacio TETo1V dedopuévav pong
Kol vo Ttopayfodv ypriyopa omoteAéouato, xpNoUoTolEiToL 1) TeYVoroYia TG eneéepyaciog
dedopévav ponc. 201860, 01 GUYYpOVES TAUTPOPLEG enclepyaciag podv dedoUEVOV, OTTMOC
to Apache Storm, to Spark Streaming kot To Apache Samza, gite dev daBétovv gite Exovv
nepropiopévn vroot)piEn SQL yuo ) MMAwon epoTUATOV cLVEXODS POTS KOl OTUITOVV
KOAT YVOOT TPOCTAKTIKOD TPOYPOUUATICHOD KOl KOTOVEUTUEVOV GUOTNUATOV Yo Vo
ypnotpomoinbodyv amotedecpatikd. EmimAéov, tétol0 cvotipuaTo vTooTnpilovy TVTIKOHE
kavoveg PBeltiotonoinong mov Pacilovior oe evupilotikovg kavoveg (Spark Catalyst) kot
TEYVIKEG PEATIOTOTOINONG TOL GTOYEVOVYV GE LOVIEAN KOGTOVG POCICUEVE GE ZVOTHUOTA
Awyeipiong Zyeolaxmv Bdoeov Agdopévov, yopig va Aapfdvovtal véyn ot S1apopeTIKEG
OTOLTAOELG TTOL €XOVV Ta GVoTHHATA pong. Eved vdpyovv moAld drapopetikd pLoviEAa Kot
alyopifpolr mov €yovv mpotabel ywoo TN PeAtictomoinom TG eKTéAEONC GVOVOETMOV
EPMTNUATOV GUVEYOVS PONG, OEV YPNOIUOTOOVVTAL OO TO, GUYYPOVO GUOTNHUOTO PONG
OdOUEVOV, KOOMG amoLTelTol LEYAAT GYEOIUCTIKY] KOl TPOYPULUUOTIKY] TPOGTADBELD Yo TNV
viomoinon tove. To cbotnud pog, to RBStream, sivat ytiopévo maveo oto Apache Calcite,
éva oOyypovo TAOiGI0 OvOlXTOD KMOIKO Yoo TNV 0ovAaAvomn, TNy EMKLPOCY Kol 1)
BeltioTomoinon T@V EpOTNUATOV Kal l00yeL Eva Aoyikd epyadreio PeltioTonoinong Pdoet
k6oTOovg otV VPP unyovy eneepyaciag pong SABER. Tlapovcialovpe teyvikég
Beltiotomoinong Pacicuéveg oto pubud elopong 6edOUEVOVY, YPNCUYOTOIOVTOS £Vl
ovvdvaopd tov Volcano pali pe t vAomoinon evog Heuristic BeAtictonomt oto Calcite,
napopolo pe to Spark Catalyst. H dwdwoacio Beltiotonoinong ywpiletar oe @acelg
YPNOUOTOIDVTAG EVOMUATOUEVOVS KOL TPOCUPUOCHEVOVS KOVOVEG, Tov eoprolovv
160dVVAIOVG AAYERPIKOVG LETOCYNUATIGHOVG Yo Vo Tapoydei Eva mhdvo PedtioTomomuévo
og eminedo throughput, latency xai ypriong tg CPU. Epapuocape ta evpripuoatd pog cto
SABER «xot oa&ohoynoape mepapoatikd 1o RBStream pe ovvBetikd dedopéva oe

dlapopetikd configuration.

AéEaig Khewdwa: Calcite, SABER, RBStream, enefepyocio dedopévav porg, OTOTIKN
Bektiotomoinon epotnuitov, PBeltiotonoinon pe Pdon 1o pvOUd €1GPoNG dESOUEVOV,

ocvpoueva mapabuvpa, otabepd Tapdbupa, Volcano, Cost Based Logical Optimizer.






Abstract

Nowadays, Big Data applications produce data at colossal rates and enterprises have to
extract valuable information in acceptable time from these massive data volumes, as to react
quickly when problems arise or to detect new trends. In order to process this rapidly
flowing data and produce fast results, the technology of stream processing is being used.
However, modern data stream processing platforms like Apache Storm, Spark Streaming
and Apache Samza either lack or have limited support for SQL like declarative query
languages and require sound knowledge on imperative style programming and distributed
systems to effectively utilize them. In addition, such systems support typical optimization
rules based on heuristics (Spark Catalyst) and optimization techniques targeted towards
Relational Database Management Systems’ cost models, without taking into account the
different requirements that streaming systems have, such as, for instance, stream rates or the
size of the windows used. Although there are many different models and algorithms that
have been proposed to optimize the execution of complex streaming queries, they are not
utilized by modern streaming systems, as it requires a lot of design and programmatic effort
to remodel them. Our system, RBStream, is built on top of Apache Calcite, a state of the art
open-source framework for query parsing, validation, and optimization, and introduces a
Cost Based Logical Optimizer to SABER, a hybrid relational stream processing engine.
With our integration, we present rate-based optimization techniques by utilizing a
combination of Volcano planner along with a Heuristic optimizer implementation of
Calcite, similar to Spark Catalyst. The optimization procedure is divided into separate
phases using built-in and custom transformer rules, that create equivalent algebraic
transformations and result in considerable improvements as far as throughput, latency and
Cpu utilization are concerned. We applied our findings to SABER and experimentally

evaluated RBStream with synthetic data on different configurations.

Keywords: Calcite, SABER, RBStream, stream processing, static query optimization,
rate-based optimization, sliding windows, tumbling windows, Volcano, Cost Based Logical

Optimizer






Evyopiories

Apywd, 0o n0eha va gvyaplotiom tov kabnynti K. Nektdpio Kolvpn yia ) dvvatdtnta
OV LoV £0M0E VO acYOAN0d e TO cOYYPOVO KOl EVOLLPEPOV OVTIKEILEVO TNG TAPOLONG
dwmhopatikng. Emiong, 6o Mbeko va guyoplotiom TOVG UETASOAKTOPIKOVG EPELVNTEG
lodvvn Kovotavtivov kot AAéEavdpo KoAilovon yia 1t ovveyn mapokoiovdneom, tnv
VTOGTAPIEN KOl TO YPOVO OV APIEPOGAY YO TNV EKTOVNOT TNG EPYOUCIAG OVTNG,.

Téhoc, Ba f0ela va gVYOPIOTNC® TOVG YOVEIG Kol TOLG avOpMTOVG TOV NTAY KOVTIA OV, Yo
mv anepldoplot otpién TOV HOV TOPEYOV G€ KOAEG KOl SVGKOAEC GTIYUEG KOATO TNV

OLAPKELD TOV GTOVOGV LLOV.

TCempyrog Paganh 1. Ocodwphxng,

AbBnva, 121 IovAiov 2017
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Table 6.2.6, Execution metrics of Query 6.
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Fig.
Fig.
Fig.

Fig.

6.2.7.a, rate-based optimized plan of Query 7.
6.2.7.b, not optimized plan of Query 7.
6.2.7.c, Throughput Results of Query 7.
6.2.8.a, rate-based plan of Query 8.

6.2.8.b, not optimized plan of Query 8.

6.2.8.c, Throughput Results of Query 8.

Table 6.2.8, Execution metrics of Query 8.
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Fig.

6.2.9.a, rate-based plan of Query 9.

6.2.9.b, not optimized plan of Query 9.

6.2.9.c, Throughput Results of Query 9.

6.2.10.a, optimized plan using FilterPushThroughFilterRule of Query 10.
6.2.10.b, optimized plan with FilterMergeRule of Query 10.

6.2.10.c, Throughput Results of Query 10.

6.3.a, Throughput Results of Queries 1, 7, 8 and 9.

6.3.b, Throughput Results of Query 10.

6.3.c, CPU Utilizaton Percentage Results of Queries 2, 3, 4, 5 and 6.

6.3.d, Throughput results for different number of threads of Queries 2, 3, and 4.

6.3.¢, Join Reordering Results of Query 3.
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Ewoaywyn

0.1 Xvorijuara Awayeipions Poig osdouévav

Tig Tehevtaieg dekaetieg, T0 GLGTHHOTA SloYEIPIONG OYECIAKDY PAGEDMV HESOUEVOV
UTopovoay va avtene&EABouY GTIC aVAYKEG TOV TAPASOCIUK®Y ETLYELPTLOTIKMDY
epappoymv. Ta dedopéva elyav poptbel ek TV TPOTEPOV 6TN Pdor dtav ot xproTeg
vréPaiov oOVOETO EPOTAUATA, TO, OO0 GTN CLVEYELN VITOAOYILOVTAY OTOTEAEGLATIKG OO
1 oyectokn Paon dedopévav. Avtd ta arobnkevpéva apyeio dEd0UEVOV UTOPOVV Vi
BewpnBovv oyetikd otatika Kot e&aoAovBolv va givar Eykvpa pEypig 6tov TtporonomBodv
N aeapebodv. Eropévmg, vrobétovpe 6t1 0 aplfuog tov epotnudTov tov vrofdiiovtal
070 ovatnuo, vepPaivel Tov apOpd TOV TPOTOTOCEDY TOV dedopévav. O GTOYOC oG
OYECLOKNG Paomng dedopuévay eival va mapéyel avOekTikdTNTA, GLVERELN, Kot dtabesipudtnTa,

pali pe TNV omoTEAEGLATIKT EKTELEST] TOV EPOTNLOTOG.

Qc1060, GNUEPD EXOVUE TNV EUPAVIOT] EVOG VEOD TOTOV EPAPLOYDV LE LEYAAT] £VTOAOT)|
dedopévav Tov arortel v eneepyacio SECOUEVMY TOV GVVEXDG PTAVOLYV GTO GUGTNLLOL
amd nyéc pong. Ot web epapuoyéc, ta diktva atedntipwy, ol vanpecieg mov Pacilovrol
otV tomobecia, 1 TapaKoAovONoN TG KVKAOPOPINC TOL OIKTVOV, Ol NAEKTPOVIKEG
OLUVOALQYEG KO 1] KATOYPAPT) CUVOALAY®V ivOl LEPIKE TAPASETYLLATO TOV OVI{KOVY GE
LT TNV VEQ KATNYOPio EQAPHOYDV Kol Tapdyovv dedopéva o€ ToAb Tayels puBuovc. H
av&avOpEV YPNOT] TOV OGVPLOTOV GUGKEVADV TANPOPOPIKNG, O ALEAVOUEVOS OplONLOC TV
web gpappoydv kat ot eEeli&elg oTovg atenTpec ovuPdirlovy otny avamTuén TéTolwV
EQUPULOY®Y pong dedopévmv. [Tapdio mov 1 SEKTEPAIOTIKN KAVOTNTA QVLEAVETAL, Ol
EMYELPNOELS KOl OL YPNOTEG EMOVUOVY OAO KoL 7o EyKopa amoteléspato. Mmopet ot
terevtaieg eelilelg oto hardware vo fonBovv mpog avthv Vv Kotevbovven, aAld avtd dev
elvar apketod yuo vo copfodicovpe pe To TpofARpaTe arddoong Kal TNV Aavidvovoa
nepiodo. Eivar eanpetikd axpio va e&aydyovpe moAvTILEG TANPOPOPIEG GE ATOSEKTO
YPOVO amd TOAD HEYAAOVG OYKOVG OEGOUEVOV TTOV £XOVV GVGGMPEVTEL TAVM amd HUVEG N
aKOUN Ko ¥pdvia. Q¢ ek TOVTOV, KATOH dESOUEVA TPETEL VAL OTOPPLPBovV, Ywpic va

avalvBolv, yia va arnelevBepmbel ydpog Yo véa dedopéva Tov £pYOVTaL.
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INo va emeéepyaoTodpe avTEC TIC YPNYOPESG PoEg dedopévev Kal va, mapayfovv dueco
amoteAécpata, ypnolwonoteitar n texvoloyio tng emefepyaciog podv dedopévav. Ot
Baoikég évvoleg miow amd qUTH TNV TEXVOAOYID TPOEPYOVTOL AT TNV EPEVVITIKN KOWVOTNTA
TV Pacemv dedouévav. Av Kol oXeCLOKEG PACEIC dESOUEVOV KOl UNYOVEG GUVEYOVS PONG
popalovior TOALL KOG YopoKTNPIoTIKE, Oev givol id1eg. Xe pio faomn dedopévmv, ot
YPNOTEG KAVOLV EPMTILATA GYETIKA e 0ed0UEVA TOV £XOVV PTAGEL KAl amodnKevTel ek TV
wpotépmv. Ot cupPatikéc oyeotakéc Pacelg dedopévav dev Exouv oyeJNGTEL Yo T GLVEN
a&loAdyNoN TOV £POTNUATOV GE JEJOUEVO GUVEXOVG PONG. AVTIOET®OC, GE Mo pUNnyovy

EPMTNUATOV GLVEYOVS PONG, TO EPOTHUATO TOPOVGLALOVTAL TPV OO TO, SEGOUEVAL.

Toa Xvotquato Awayeipiong Pong dedopévov mopéyovy TV omaltodUEVN VTOGTHPIEN Y
EPOTALATO TOV TPEMEL VO, VITOAOYIGTOOV € OEOOUEVA TTOL £PYOVTOL CLVEXDS MG SVVNTIKA
aneploplotn, Tayeion kot ypovikd petofaidopevn por| dedopévav. Ov poéc dedopévmv
TEPVAVE PECH OO U0 CEPA CLVEXDG EKTEAOVUEVAOV EPOTNUATOV KOl TEAEGTOV, omd TO
omoia TaipVouUE MG ATOTEAEGLO TOVG UETACYNUATIOLOVS TOVS. Bo UmopoOce KOVEIS Vo e
0Tl (o oyxeotakn Paomn dedouévav eneEepydletal Ta 0EO00UEVO GE KOTAGTOON MPEUNG LUE
petapintd epotiuata, eved &voa Xvotnuo Awayeipiong Pong dedopévav emeEepydletal

dedopéva mov Epyoviat cuveyoueva [17] pe otabepd epwtipota.

0.2 Kivytpo

20yypoveg TAATQOpuEG enelepyaciag podv dedouévev 6mm¢ to Apache Storm [40], to
Spark Streaming [41] kot To Apache Samza [43] dev €xovv vrootipiEn Yo SQL epmtipata
KOl  OOLTOOV  KOAT  YVAOGOTN TPOGTOKTIKOD TPOYPOUUOTIGHOD KOl  KOTAVEUTUEVOV
CLGTNUATOV YL, Vo xpnoiporombovy arotedecuatikd [4]. To cvothuate avTd TOpEYoVy
API yopnio¥ emmédov Kol OomortoOVTOL ONUOVTIKEG TPOOTADEEG Yoo TNV TAPAY®OYN
aEOTPEMOVG  KOOIKA, AOY® 1TNG TOAVTAOKOTNTOG TOUG Kol TNng emiPdpovvong AdY®
ocvovtipnong [20]. EmmAéov, apketéc yvmotég Avoelg mov Pacilovtar oe Hadoop
ypnotponolovy vrootpiEén SQL, 6mwg to Hive [56], Impala [74] 1 Presto [75]. 'Etol,
epmTNON 7oL TibeTal gival av UTOpPOVUE VO ETEKTEIVOVUE AVTEG TIG UNYXOVES PONG UEYOA®V

dedopévav yio va vrootnpifovpue SQL pe caen onuaciorloyio 1 Oyt

I'vopilovpe oM and T mapadoctokés Pacelg dedouévav, 6Tt 1 SQL cav yAdoca gival

évag pofnpotikd opBoc TpOTOG EKEPOCNG HOG £POTNONG G€ Mo PAcn dedouévmv.
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[Ipokeyévov va KoTaoToOV T0 GUGTHUATA GVVEYOVS PONG O EVKOAN TPOGPACIUA Y10 TOVGS

YPNOTEC TOL eV givol €EOIKEIOUEVOL UE TOV TPOYPOUUUOTIOCUO KOl TO KOTOVEUTUEVA

ovothiuota, 8o mpémel va ewoayxfel n vroopiEn SQL cuveyovg yYAOOGOS ep@TACEDV N

SQL pe emextdoelg ovveyovg pong. Ot Adyor ywu ™ ypnion ¢ SQL cav yildooa

gpotpdtov givor [52, 76, 77, 80]:

H SQL eivan dnrotwkn. Emopéveg, ov ypnotec kabopilovv moleg mAnpoopieg
0élovv va e&dyouv, aAld Oy Tdg o vToAoYIGTOUV.

Emitpénel 11¢ avaldoelc 6e mpaypatikd ¥pdvo vo EKPPUGTOVV YPTCLUOTOIDOVTOG
amAd EPOTARATA, AOY® TNG EKPPACTIKOTNTA TNG. O1 TEPIGTOTEPOL TPOYPOLLATIOTES
katovoovv v SQL kot elvar gvkordtepo Yo avtodg va tn pabovv. Mdvo otnv
MEPIMTOGCT MOV OEV KOAVTTEL MO CLYKEKPUEVT TEPITTOON YPNONG, TPEMEL V.
aoyoinfovv pe mo ovvOeTEG AVGEL, OMMOG 0 TPOCTUKTIKOG TPOYPUUUATIGHOG. H
SQL eivor tkovny vo gumePLEYEL TNV VTOKEIUEVT] TOAVTAOKOTNTO TOV EPYUCLDV
Olayeipiong dedopévmv, Kot £T61 Vo OTAOTOLEL TIC OVOADGELS G TPAYUOTIKO XpOVO.
Erniong, ot avalvoelc oe mpayuotikd ypovo Umopovv vo  PeAticTomoinfovv
kaAvtepa pe v SQL. Me 1t ypnon tng vrootpiéng SQL oto ovotnud pog,
divovpe N dvvatodtnto Pedtictomoinong pe pio Sopnuévn dwdikacic, 1 omoia
TPOEPYETAL A0 TIG TWOPAdOCLOKEG OYeECLOKEG Paoelg dedopévmv. Ot TeXVIKES
BeAtiotomoinong kot ot aAyOplOHol TOV YPTGLUOTOIOVVIL GTIS GYECIUKES PAGELS
0edOUEVOV UTOPOVV VO TPOGAPHOGTOVV KOl VO ETEKTABOVY avVOAIYMC, TPOKEUEVOL
va emADGoVY o {NTHHOTA TOL TPOKVTTOLY Amd TIC EPAPULOYES POTG OEGOUEVOV.

“H SQL umopei vo. epopuoatel yio 10 oovauiko oyediaouo kol feltiotomoinon
EPWTHTEDV, 0POD EIVaL puabnuatikd oyedioousvy yia 1o okomo ovto.” [52]

Ta gpotipate ce SQL umopodv va PeATIoTOTO00VTAL OVTOUATO EITE GE KEVTPIKG
glte oe Katovepunuéva ovotnuato. Q¢ €k ToOLTOL, UTOPOVUE VO EMITUYOVUE
ONUOVTIKA KOAVTEPO, AmOTEAEGHOTO UE AydTEPN Tpoomdbela, sEoieipovtag tnv
avlykn vy yepokiviTn Kot ovyvd Kokng moldtnrog Peiticromoinomn Tov
gpomuatov. “H SQL mpoopéper 1oyvpd Kol KOUWA OTOIYElo, TOD EYOVV YEVIKH
xpnon, umopei vo, Peitioromonbfel ue ovvauixo tpomo yia Péitiotn amoédoon ue
0e00UEV TNV TPEYOVAO, OLOUOPPWON VAIKOD, KOl UTOPEL VO, OVLVODOOTEL UE GAAES
Aettovpyieg SOQL” [52]. Ot epappoyég SQL Streaming amodidovv kaAvTepo amd Tig
avtiotolyeg epappoyés Storm 1 Spark, kaBdg 1 avédmtuén pwog epappoyng pong
dedopévav oe avtég Tic mTAoTeOpues amattel ypaon Kodko oe Java i Scala, ot

omoieg etvar Arydtepo cvpmayeig amd v SQL. Avtég o1 YADGGEC TPOYPAUUATICUOD
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“amoitodv onuavtiKy ovALOYH GKOVLTIOIWV, 1§ OTOI0, EIVOL 10LGITEPO. AVETOPKNS KOl
evoyintikn yio. v emelepyaoio eviog e uviuns” [79].

e Mmnopovue va amocvvdécovpe v bAomoinor gpapuoym®v SQL amd 10 vwodAoumo
GUOTNO, OEGOUEVOL OTL UTOPOVV VO KOTOOKEVAGTOVY GE AYOTEPO YPOVO GE GYEOT
UE TIC YOUNAOD ETTESOV TAATPOPUES OVOIKTOD KMOIKO Kot TiG SQL mAatpoppec.

e X¢ avtifeon pe ta Xvotmuarto Enegepyociog Tovletwv I'eyovotmwv (CEP [55]) ko
TOAAEC OO TIC ONUEPWVEC TANTQEOPLES OVOIKTOD KMOIKA, ol mAoteopueg SQL
Umopovv vo. eviuepmBodv Katd Tnv Agrtovpyia Tovg Ywpilg va ypeldleTor va
LETAYAMTTIOTEL 0 KMOIKAG, YULPOUKTINPIOTIKO TO OTOi0 €lval 0mapoitnTo 0€ TOAAEG
epapuoyéc. Ta mopddetypa, otav ypnowomolovue stored procedures ot adAayég
YIVOVTOL QUECH ELPAVEIC YOPIC LETAYADTTION TOV KMOOITKO.

e Emiong, umopovue vao opicovpe Asttovpyieg amd To YPNOTH YPOUUEVEG GE IO
YADGGA vyniol emmédov Kot va avoantuyBovv oe SQL, ot omoieg Ba Advouv ev
népet 1o TPOPANHa mov dev vrrootnpilel OAES TIC MEPMTMGELS YPNIONG TPAYLATIKDV
EQAPLOYDV.

o Téhog, UmopoVLE VO YPNCLLOTOIGOVIE TAUTPOPLES Y10 OVAAVGT] POV dESOUEVEOV
KOl OTTIKOTTOINOoNG TOVG e YPaPIkd TEPPAALOV, 0oV KATL TETO10 gival €OKOAO Va

dnuovpyndet avtdpata oty SQL.

Qotoc0, N mapadocstokn SQL, ta oyxeclakd poviéha dedouévov kat 1 aiyefpa [73] dev
oyxedtiotnkay ywoo tnv enefepyacio ocvveyovg ponc. To ovotiuate oyeclokng Paong
dedoUEVOV 0OYOAODVTOL LE TEMEPOUCUEVEG aKoAoLOieG TTAEGO®Y, Ol omoieg gival dueca
dbéoec kalr moapdyovv amotelécpato otabepol peyébovg. Oplopéva amd ovtd TO
cvotnuata yopoktnpifovior amd £€viovn JSwTAPNON TOV VAOTOMUEVOV TPOPOADV
(materialized views), mov opilovtar e éva gpodtuo SQL cav po kovovikn mpofoin.
Avtdg o tomog emeepyociog eival Tapopolog pe v a&loAdynon epotuatov SQL g poég
dedouévav, e T dSQOopE OTL GTO CLGTNUATO PO TPETEL VO EVIILEPDGOVUE TNV TPOfOAn

otV tpomomotnBovv ot facikéc oyEGELS.

Emopéveg, givor mpopavég 6TL vIapyel ovayKn Yo TIg unyaveg eneepyaciog cuvexovs pong
va debétovv po dSnilmtikn yAoooo SQL kot og ek tovTov vITooTPIEn PerTioToNOINONS
epotnudtov [80]. H Peitictomoinon tov epomuitov amotehel Pacikd otoygio Tng
TEYVOAOYiNG TV PAcemv dedopuévmv eneldn Aettovpyel o¢ yEQupa HeTaéD TOV epOTNUATOV
SQL kot tng amoteAeopotTiKNG ekTéAeoN Tovc. EmmALov, GTI TEPIOGOTEPEC TEPIMTDOGELS,

ot Beitictomomtég kabiotovv 1o NAoTikd epotipoata SQL po mold KaAvtepn emdoyn
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ond TOV EMTAKTIKO TPOYPOUUUATIOUO. Q0TOCO, “ov kol 01 mEPICeOTEPES TAATPOpUES Big
Data emaveletalovy molAéG amo TIC 10£6C WOV TPWTOOTATHOAY GTHYV KOIVOTHTO TV PAOEDV
oedouevav koza ) dekaetio ov 2000, AgitovpyikdTnTeS, OTWS 01 TOTIKOL SEATIOTOTOINTES
EPWTNUCTWV O OVTC, TA TAQLTIO, EIVOL TTOLYELWOIELS O OUYKPIOH UE TOALES DPIUES EUTOPIKES
Paoeic dedousvav, alld eCelicoovror ypryopa” [18]. Oplopéva cuothuarta, 0Toc to Spark
[41] 1 to Storm [40], mpooc@épovv oploHEVES PEATIGTOTOMNGEL EPOTNUATOV, OALL Ogv
Bacilovtar oe yapoaktnpiotikd pong. Ilpoxeévov va PeAticTomotjcovpe v amddoon
TOVG, TTPEMEL EITE VAL YPAWYOLLE TPOCAPHOCUEVO KOOIKO EITE VO GUVTOVIGOVUE TIG EPUPUOYEG
pog pe aAloyég opopemong. Amd v GAAn mAevpd, tapoéio mov to Apache Flink [42]
vioBetel streaming SQL pali pe adyefpucods PLETOGYNUATIOUOVG TNV TEAELTAIN £KOOOT
(1.3.0), ypnowomowwvtog to Apache Calcite, dev ypnowonotei petapfintés oamd T0
nepIPariov Tmv dedopévav ponc yio vo Ppet to PéATIoTo oYédio extédeonc. Emopévac,
npénel va dobel pio Mo GLYKEKPIUEVN ADON Tov €0TIALEL GTN ONUOGLOAOYIO TOV POdV,
ocvpumeprropfoavorévev Tov TeXVikeV Pedtictomoinong Pdoet KOGTOLE, KOt Oyl HOVO GE

LETAOYNHUATIGLOVG OE ENITESO TOTOAOYING.

AvTég 01 800 TTLYEG TOV GLGTNUATOV OlAXEIPIONG POV FEGOUEVMV OEV TPOCSPEPOVY LHVO
VKoM TN XPNON, OAAL BEATIOVOLY CNUAVTIKAE TNV 0000 £vOg cvoThatoc. Koatd v
VTOPOAT £VOG TOADTAOKOL EPMTNUATOC, 0 ¥PNoTNG dev ypetdletal va E0devEL ¥pdvo Yo va
TO YPAYEL Pe KaTGAANAo TpOTO Mote va ektelentel Pedtiototomuéva. [ Tapaderypa, dev
amouteitor va kabopicel T celpd pe v omoia Ba yivel N cuVEV®GT TOV PpOodV dES0UEVDY,
kaOmg givor evBvvn g PeAtioTomoinong va YEPLOTEL TETOIEG TEPUTTOCELS. ATAEG TEXVIKES
BeAtioTomoinong, OTMC To KAAOELD 1O10THTOV KOTA TNV TPOoPoAR], UTopohv Vo EXNPEAGOVY
1060 1Tn GULVOAIKN amd6d0cT OGO KOl TOLG TOPOLS TOV YPNGHOTOVVTAL, KAOMS TO
dgdopéva mOL UETOPEPOVTIOL OTN OloYeETELUEVN Oladikacio eKTELEONC €VOG TETOLOV

GUOTLLATOG LELDVOVTOL.

0.3 Avtikeiuevo Aimiouatikys ko 2ovelcpopd

H dumhopotiky ewodyer v vmootipiln UG ONA®TIKAG YADGGOS EMEPADTNONG,
aE0TOIOVTAG U0 GVYYPOVT] TAATEOPLL OVOLYXTOD KAOJIKE Y10 TNV avAALGT, TNV EXKVPOOT
kol T Peitiotomoinon gpotnudtewv SQL. Zag mapovsidlovpe teyvikéc PedtioTomoinong
nov Pacilovtar 6to pvOUd TopayOYNS amoTEAECUATOV TV ©E poég dedouEvmV Kot

epappdlovpe o evpNUAT pog ot unxovh emeepyaciag podv mov Exovpe emAEEEL, TO

25



SABER [2]. Ot teyvikég ovtég ta&lvopodvtal oTn oTOTIKN PeATiotomoinon Kot €xovv

TEPAGTIO AVTIKTLTO GTNV AMOJ0CT| TOL GLGTNHOTOG Lo, RBStream.

O1 ovvelo@opég pog svvoyilovrol wg e&ne:

1.

BeAtiotomoinon epomnudtov: Xpnoilomolove Kol SIUOPPOVOVLE Lo GEPA Ao
TEYVIKES PeATIoTOTOINONG EPOTNUATOV, OTWG TNV MONON KATNYOPUATOV TPOS TO
KAT®, TO KAGOENO TPOPOADV, TN CLYYDVEVLGCT TEAEGTMOV KOl TNV EMAOYN CEPAG
EVAOOEMV TOV GUVEXDV PomdV OedoUEVOV, POCIGUEVEC GE KOVOVEC KOl LOVTEAQ
k6GTOVG TOL Tpoteivoviaw otn  PipAoypagic, Yo ™ Pertictomoinon TG
moAvmAoknG emelepyoaciog SQL epotnudtov oe poég dedopévov, AapPdavoviog
vdym 1o pLBUd g1GpoNg, 10 pEyeBog TV Tapabvpwy, TN XPNON TOV TOPOV TOV
GUOTAHOTOG KOL TNV KATOVIAMOT) LWVAUNG.

Movtého Koéotovg: Tpomomomoape Kol ETEKTEIVAUE TO  (PNOLLOTOLOVUEVA
HOVTEAQ, TPOKEWEVOD VO, PEATIGTOTOM|GOVUE TNV AMOS00N TNG EKTEAEONC TOV
EPOTNUATOV, EVED TOVTOYPOVO EANYICTOTOIOVUE TNV KATAVAA®MON TOPWV, OTMS TN
xpnon pnung kot CPU. Ewsdyovpe éva poviého k6otoug mov Pacilfetatl 6to pubud
TOPOYOYNG OTOTEAEGUATOV TAVO GE XOPAKTNPIOTIKA podv dedopévav. To poviéio
OUTO EMTPENEL TNV EKTIUNON TNG XPNOLOTOINoNG TOp®V Ko Ponbd tov optimizer
va eTAEEEL TO KOADTEPO GYE010 EKTELEGTC.

SQL vrootpi&n: ‘Exovpe tpocsBécet vmootpién SQL yio 1o SABER, pio vBpokn
oyeclOKN Unyovny eme€epyaciag podv. Xe avTi TN OMAMUOTIKY, EIGAYOVUE L
MAOTIKN YADGGO EMEPMDTINONG, Y10 VO EKQGPACOVE CLVEXEIG EPWTNOEL TAV® GTIG
TNYEG OEOOUEVMV GLVEXOVG PoNG, mov Paciletor 6e €va VTOGVVOAO GTOLXEI®V
mapabdpov opilopevov oty SQL-99 via 11g cvvaptioelg OLAP [64]. 'Eva
gpdtnuo SQL petappdletol og deKAdES YPAUUES KMOOKA, ETOLLEG Y10 EKTELEGT] GTO
SABER.

YAomoinon ouoTiHaTOg: AMUIOLPYNCAUE TO GUGTNUO HOG (PN OLLOTOIDOVING MG
Baon to Apache Calcite [1], o mloatedpua Pertiotonoinong epotnudtoy, Kot
OMUOVPYNOUUE EVOV UETUTPOTEN, YO VO LETATPEYOVUE TOVG AOYIKOVG TEAEGTEG
GTOVG OVTIOTOLYOVE PLGIKODG TNG UNYOVNG EKTEAEONG UG XTNV VAOTOINGT UOC,
enexteivoope 10 Apache Calcite yioo vo ypNGLLOTOMGOVUE TIC TPOOVAPEPOUEVES
TEYVIKEG, EMITPEMOVTAC TOVTOYPOVO OTOV  YPNOTN VO  EKTEAEL EKPPACTIKES
enmepotoelg SQL axoiovbdviag 10 mpdétumo SQL-99, kot mpoooipovpe €va
ovotnpo end-to-end, 6mov £xovpe eveouaT®oel To Tpomontompuévo Apache Calcite

pe to SABER, pio vpidkn unyovn exeepyaciog pomv.
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AZioAdoynon  omotedecpdtov:  Eyoope  avalvoer kot aflohoyfost TNV
amoteAecHOTIKOTNTO. TOv RBStream vwmd Sl0Qopetikés mepmTOGES POPTOL
gpyaciog Kot S10POPETIKES SIUUOPPDOCELS TOL GLOTNHATOG Tavew o Benchmark pe
ouvlheTikd Oedopéva, TOv o@opovoe cuvaAlayéc oe Ayopég kot [lapayyerieg
wpoioviov, kot Ba deifovpe 6tL M vVAoToinon pog umopel vo Egmepdioel TNV AmAN
npocéyylon oe €va dadpactikd web Ul Ze opiopéveg mepmtdoels yopig TeAecTEG
OVVEVOONG, TO PEATIGTOTOMUEVO TAGVO €ixe G AMOTEAECLO AKOUN Kot 2,7 POpPEC
LEYOADTEPT] OTOSOGT, XPNCULOTOLDVIOG GYEOOV TOVG LGOS TOP®Y GE GUYKPLIOT) WE
10 un Pertictomompévo mAdvo. Otav ypnoipomomdnkav €vag M TEPLGGOTEPOL
TELECTEC GVVEVAOGNG GTO EPATN LA, TapotnpNOnke Atydtepo and to 70% tov latency

evog ouppatikod TAdvov.

0.4 Aoun Epyaciag

To vrdéAromo avg TG epyaciag eivatl opyavourévo g €ENG:

Ymv Evétra 0.5, o emkevipwbovpe oto Bempntikd vrofadpo mov amarteitot yio
TNV KATOVONoT TOV PACIKOV EVVOIOV Yo TIS poéc dedouévav, ) Pedtiotonoinon
EPOTNUATOV Kol Ta Xvothpota Awayeipiong podv dedouévov, pali pe Tig
VIAPYOVOEC ADCELS o€ avTovS Tovg Tougic. [Tapovaidlovpe emiong v TAATEOPLLO
Beltiotomoinong, Apache Calcite, kot ™ pnyovn enegepyaciog podv dedopuévov,
SABER, ta omoia ypnoiporotodvtal 6TV VAOTOINGT| Lo,

Ymv Evomra 0.6, neprypdpovpe tn dadikoacio feitictomoinong tov Calcite. Xag
Topovcldlovpe KAmolovg amd Tovg HO1 VIAPYOVTEG Kovoveg Pedtiotonoinong pall
pe OKOUG HOG KOvOveG, Ol Omoiol YPNOULOTOLoVVTOL Yio TNV VAOTOINGY TOL
GLGTNUOTOG LLOG.

Ytnv Evomra 0.7, opilovpe 10 poviélo Tov KOGTOVG OV YPNCLOTOLEiTOL Yo TN
Beltiotomoinon epotudTov oto cuotnud pog. Kabopilovpe tic mapapérpoug kot
T0 0T0Y0 PeAtioTomoinong TOL  UOVTEAOL, TPOKEWEVOL VO KOADTTOVV GE
oNUacIoA0YiO TIG POEC OEdOUEVMV.

Ymv Evomra 0.8, mapovcidlovpe tqv vAomoinon tov RBStream poali pe éva
Swdpaotikd web interface ywo va mapovcidcovpe ta dedopéva. Ot oYedOOTTIKES

EMAOYEG KO TO YOPOUKTNPIOTIKA TNG VAOTTOINGNG Hag ENyodvTol avaALTIKA.
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e Xtv Evéomta 0.9, mapovcidlovpe o amoTeEAECUATO Kol TO OypAUIaTo and To
TEPALOTA TOV TPEEQLE YO TO CUGTNUG LOG LE To d1APOopa LOVTEAD KOGTOVG OV
xpnopoToOnKay.

e Téhog otv Evomta 0.10, ovvoyilovpe to cvumepdopotd pog omd  To
OTOTEAEGLOTO, KOl OVOQEPOUOCTE GE OEUOTO OV OEV Eiyoue TNV €vkaipio va
gpyaoTovue Kot ta omoio Ba  umopovoav vo OsopnBodv g UEAAOVTIKEC

KaTeELOVVOELS.

0.5 YnofaOpo

210 TAOIC10 VTG TNG SMAMUATIKNG, TPOKELTAL VO Ypnoonotjcovpe to Apache Calcite
[1], wa dvvapkn mrotedpua dedopévov, kot to SABER [2], o kevipikn, vppdum,
VYNADOV ETOOCEDV UNYAVY| ETEEEPYACING TYECIAKDY PODV dEGOUEVAOV Y10 EMEEEPYOUTTES KO
Kapteg Ypapkadv. o vor dikaloA0YGOVHIE TNV EMAOYN UG KOl Yo TNV €E0IKEIMOT TOV
ovOyvoOoTn HE TS Pactkég €vvoleg mOL APOPOVV TO. GLUGTHHOTO CUVEXDV PODV KOl TN
BeAtioTomoinon epOTNUATOV, € OVTO TO KEPAANLO TPOKELTOL VO TOPOVGLAGOVUE TO
avaykaio vrofabpo, Tov TEPLYpAPEL TOVG PACIKOVG UNYOVIGHOVS KOl TO TPOYPOUUATIGTIKA
LOVTEAD, TOL (PNOLLOTOOVVIOL OTIS HUEPEG HOG, KaBMG Kol pie chvtoun ovoeopd ot

CYETIKES EPYOOiES.

0.5.1 Baoikég Evvoies yia Tig poES OE00UEV@IV

[Ipdhta an' 6ia, Ba Tpémel va kaldyovpe Kamoleg Pacikég EVVOLES Yo TIG poéG dedoUévmV
[5]. Avtéc ot évvoleg stvan ympiopéveg 6 Tpelg Katnyopies:
e Opoloyia: v va gpumAiakel KATO10¢ e o TOAVTAOKA (Tt TPEMEL Vo, d0000V
akp1Peic opiopof.
® AvvotOTNTEG: OLTO TO TUNUA EIVOL GYETIKA UE TIG GLYVA OVTIANTTEG 0dvVapieg TV
GUGTNUATOV GLVEYDOV PODV.
e Xpovikd media oplopov: VEAPYovY dVo KVPLo TEdi OPIGUOD TOL YPOVOL TOL

oyetilovral pe v enelepyacio TV 6e60UEVOV.

Mo pnyovi ovvey®v podv eivol pio punyovn ekTéAeong oyedloévn Yo ameEPLOPLoTOL
(ovveydg avéavopeva, ovolaoTIKE Amelpa) cvvora Oedopévav, OTmg avaeépel o Tyler

Akidau ot0 post tov Yo Ta streaming cvotiuato [5]. O 6pog «emefepyacia pomv
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dedopévovy dev onuaivel kotd mpocéyyion 1N vrobetikd amoteAéopota. Eva KaAd
OYEOOUEVO GUOTNHO CUVEX®Y POdV UTOPEl Vo TAPAYEL GOOTA, GUVEMN, ETAVOANYILO
aroteléopata Onwg Kot kabe vrapyovsa unyavr eneEepyacios pe déopeg (batch engine -
Lambda Architecture [72]). Ztnv Lambda Apyitextovikn Tpéyovpe Eva GUGTNUO GUVEXOVG
pong, mopdAnia pe éva cvotnuo déouns. Iapd to yeyovog O6TL Kot To dVO EKTEAOVV TOV
1010 VTOAOYIOUO, TO CUCTNUO GLVEYOLS PONG EMIOTPEQPEL e YOUNAO latency avakpipn
OTOTEAEGLLATO, EVD TO GUOTNUO OEOUNG TAPEYEL TOL CMOOTA AMOTEAEGLOTO KATOLN GTIYUN

apyotepa.

Qct600, M STHPNON €VOG TETOOV OCULOTAUATOC OEV €lval TPOKTIKN, AEOD EYXOLLUE
VTOAOYIGUO TOV OATOTEAEGUATOG OVO (QOPEC YPNOOTOIDVTAS 600 vrocvotiuata [35].
Emopévag, to cvotquato enegepyoaciog pomv dedopévov mpémel vo dtacearilovv v
opBotta (1oyvpn ovvémewn amouteitor Yoo TV okpPog pio eopd emeEepyacio) Kot to
EPYOAELD YlOL TNV OVTILETMTION TPOPANUAT®V Tov oyetilovtal pe 10 ypovo (ameplopioTa,
un ta&vopnuévo dedouéva e YPOVIKNG OmOKAIONG HETAED TOV ¥pOVOL EKONAMONG TOV
yveyovotog kot tng enefepyaciag tov amd 1o cvomue). O oyedooudg Kol 1 LAOTOINoM
LOYLPOV GLOTNUATOV eNeePyaciag cLVEXOVG PONG TAPAUEVEL Eva OVGKOAO £pyo, Oyt Ldvo
AOY®D NG TEPAOTIOG KAILOKAGC TOVS, TG TOAVTAOKOTNTOG KOL TNG U1 TPOPAEYILOTNTOS TOV
EKTEAECEMY TOV GLOGTHUATOG, GAAL Kot AOY® TNG TPOKANGONG TOGO TOL OYKOL OGO KOl TNG
TayOTNTOG TOV peyddlov dcdouéveov. H petdfacn omd 1o cvuotiuato ApyLTEKTOVIKNG
Lambda oe Kappa [34, 35] anaitel évav woyvpd enelepyactn pong yo va eme&epyaletan

dedopéva e vynAovg pLOUOVE EIGPONG Kol Vo SLAcPOAIlEL TNV AGEAAT JATHPTCT TOVC.

Storm Serving DB(s)

Kafka Cluster
/4’ processing_job

input_topic
<\ Hadoop

processing_job [

Fi

speed_table

queries= App

batch_table

i

Ew. 0.5.1.a, Aduda Apyrrektovikn [35].

21 ovvéyela, mpEmeL vo. kataAdfoope to 600 KOpla media ¥pOdvov TOV EUTAEKOVTAL GTNV

eneéepyacio pomv SedOUEVDV:
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® ®pa tov cVUPAVTOC, oV glval 0 ¥pAvoG KaTd TOV 0moio GLVEPN TO YEYOVOG.
® ypovog emefepyaciag, mov elvar o ypOVOG KATO TOV OMOI0 TO YEYOVOTO

mopatnpnonKay 610 CLGTN .

Ye évav 10aviKo kOGO, o1 000 avtoi ypdovol Ba gival wdvta icotl. Q6TOG0, 11 ATOKAIGN TOV
Vdpyel peTo&y TOVG, eV UTOPEL Vo TEPAGEL amapaTtHPNT. YTAPYOLV TEPUTTOGELS OOV
vowlopaote v povo €vayv amd autovg kot Oa dnuovpyncovpe to tapdbvpa cHppova e
aVTO TO GUYKEKPIUEVO XPOoVIKO Tedio, Kal TEPMTMGELS OOV Hag xpedlovTat Kot ot dV0, OTIC

0Toieg TPOKHTTOVV S1APOPA TPOPATLOTOL.

Reality

Event Time

Ew. 0.5.1.b, Xpdvog mov cuvéPn to yeyovodg oe ouykpion e to Xpovo Enelepyaciag [5].

Y11c Tapadootakés Pacelg dedouévav, EEpovue TOC va acoyoAnbovue pe v eneepyacio
TEPLOPICUEVOV 0edOUEVOY. To mPOPANUO TPOKVTTEL OTOV £YOVUE VO OVTIUETOTIGOVLE
amEPLOPIOTE GOHVOLN OEOOUEVMV. TTIG UNYOVEG GLVEXOVG PONG £YOVUE TTEVTE OLOPOPETIKEG

TPOGEYYIGELS Y10 TNV OVTIUETAOTICT TV ATEPLOPIOTMV AVTAOV dEGOUEVOV:

o  XpoOvo-0yvooTIKIoTIKOG: Avtd 10 €i00¢ TG enelepyaciag Tov ypnoLoTolEiTan OTOV
0 YpOvoc gival oVGLACTIKA Gvey onuaciag (T.y. M oYETIKN AOYKN €lvol Le YvdUOVA
ta dedopéva). Ta cvotiuata cvveyovs pong Ba mpénetl va vrootnpilovy aVTES TIg
TEPMTOCELG ypNong. Tétoleg evépyeleg givar to iktpapiopa kot 1 [pofoin. O
EVEPYEIEG OVTEC OEV £€YOVV KATAGTOOTN KoL OV ypeldleTtal HVAUN Yo Vo, TIG
VTTOAOYIGOVE.

o Tlpocéyyion: O devtepog tOmog enelepyaciag gival ol TpoceyyloTikol alyopiOuot,

onwg to mpooeyylotikd Top-N [65] kai streaming K-means [66]. Avtoi ot
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adyopBpot Exovv oyedlaotel Yo amepldplota dedopéva Kal YounAn emxipdpovon.
Qot600, gival mepIMAOKOL KOl 1 KOTA TPOGEYYION PUGT] TOVG meplopilet T xpnon
TOVG.

o Tlapdbupa copemva pe 10 ¥pdvo eneéepyociog.

o Tlapdbvpa cOuemva pe 1o ¥pdvo eKONAMONC.

o TJlapdbvpa amd mherddec.

o va mpoympnoovpe pe ta tedevtaio tpia €idn g enelepyaciag, mpénet vo dobel o
opwopdg tov moapabopwv. "H dwodikacio onuiovpyios mopalipwv givar o ywpiopos oe
TELEPATUEVO, TUNUATO. UIOG THYHG OEOOUEVWYV (1T OTEPIOPIOTNS EITE TEPLOPIOUEVHGS)

ovupwva ue otabspd opia yio. v emelepyaoio g [5]."

Key1 Key2 key3 Key1 Key2 Key3 Key1l Key2 Key3

e

Sliding Sessions

Ew. 0.5.1.c, Tomot [TapaBopowv [5].

Onwg paivetol 610 TOPATAVEO GO, VTAPYOVV TPELS SIULPOPETIKOTL TOTOL TapaBVupWV:

e Xt0bepd IlapabBupa: Avtd ta mopdbBvpo “k6fovv” 10 YpOVO Ge TUNUOTO LE Lo
xPOviKn Otbpkele otabepod peyéboug, ta onoia epapuolovial €ite OPOIOUOPQO OE
0AOKANPO T0 cOVOAO dedopévav (svbuypapcpéve mapabvpa OT®G GTO GYRUO
TOPATAV®.) 1| GE SLOPOPETIKA LTOGVVOAL TV dedopuévav (Un gubuypoupicpéva
napdabupa). Karovvral, exiong, tumbling windows.

e Xupoueva mapdbvpa: Ilpdkertar yo o yevikevon t@v otabepdv mapabipwv Kot
opilovtar amd dvo mapapéTpovs, £va otafepd pnkog kol éva otafepd Ypovikod
dwotnua. Av mn mepiodog elvar pkpdTEPN OomMO TO UNKOG, T Tapabvpa

emkoAvTTovTol. Av gival oo, &yovpe otabepd mapabuvpa. Télog, dtav 1 mepiodog
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glvarl peyaAvtepn omd 10 UNKOG, £Yovpe KATL cav €va mopdbuvpo derypoatoinyiag,
nov e&etdlel LOVO VTOGVLVOAD TV dEFOUEVAOV LLE TNV TAPOSO TOL YPOHVOUL.

e Xyvedpiec: Ov ovvedpieg eivar dvvopkd mapdbvpa, mov amotelodvion omd
akolovbieg yeyovotov mov teppatifoviol pe &va KeVO adpavelng HEYOAVTEPO Ao
Koo ypovikd 6pto. To UKOg TV GVVESPLOV EV UTOPEL VO TPOGOLOPIGTEL EK TV

TPOTEPWV KO EEAPTATOL OO TO TPAYUOTIKE OEG0UEVO TOV EUTAEKOVTOL.

Yto mapdbvpa ocOppove pe 1o ypdvo emefepyacing, amobnkedovpe TPOCOPWVE TO
€10EPYOLEVO OESOUEVA Y10 £VOL GUYKEKPIUEVO TTEPOMPLO TOL YPpOVOL enelepyaciag. AvTo To
gldog ¢ eneéepyaciog ivar amhd, S1EVKOADVEL TOV EAEYYO TANPOTNTOG TOV TapadvpoL Kot
Toplalel o mEPMTMOELS OOV OEAOVE VO GUUTEPAVOVUE TANPOPOPIEC GYETIKA WHE TNV

YN 0€SOUEVOV TOV TAPATNPOVLLE.

Avtifeta, o TEPITTMOGELS OTOL TO dedOUEVA gival oLV UE TO YPOVO eKONA®ONS, gival
dvokolo va to emefepyactoOpe, kabmg pmopel vo QTAcoVV €kTOC GEIPAG. L& TETOLEC
MEPUTTAOCELS, Olaympilovpe TIg 7ANYEG OedOUEVODV GE TEMEPOACUEVE. KOUUATIOL TTOV
avtikatontpilovv Tov ¥pdvo mov cuvéfncav ta yeyovota avtd. Qo1dc0, gival SOOGKOAO va
dtatnpndei 1 opBOTNTA TOV YPOVOL EKINA®ONG (CMOTH GEPd) Kot ¥peldletal mePLocOTEPN

Tpocmpwvn arobrkevon dedopévav, aAAL LTOPOVUE VO dNILLOVPYHCOVE GLVEIPIES.

Y10 mopdbvpa and TAELddES, To uéyeboc TV Tapabipwv petpdtol og apBud otoryeiov. Ta
mapdbupo pe Paon Tic TAELAdES eival o popen tev mopadupmv ypdvov emelepyociog,

OTOV TO GTOLYELD £XOVV LOVOTOVIKG ALEAVOLEVES XPOVIKEC CNULAVOELC.

Aappdvovtog vroyw OtL véa dedopéva pBAvouv KaTd Tn JtipKeE OV TOAd dedopuéval
vroPdriovtal oe ene&epyacio, Oa mpémel va ypnoiporonbodv dapopetikol ahydpiOpot yio
ToVg TeheoTéG enelepyaciag ovveyovg pong dedouévav. Ot adydpiBuotl avtoi Oa mpémel va
elval og B¢om va copPadicovv pe v puBUd E10poNG TOV podV dedoUEVAOV, £XOVTOG YOUNAO
YPOVO VIOAOYIGHOV avd otoyeio. Emopévag, o vroioyiopudg mpotindtor vo meplopileTon
otV KOp pvhiun yopic mpdcsPacn oto odioko. Emiong, m elcodog twv terecT®V MOV
“umhokdpovv” v emelepyasio (0nwg Join, Aggregate Kot Sort) mpémel va LRLAPYEL TPV
Eexwvnoel 1 enegepyacia Tovg. Ta mapaderypa, xpeloldpacte T0 GUVOAO TOV dEGOUEVAOV VO
TPOVTAPYEL TPV OO TNV EPAPUOYN TNG Agltovpyiog ¢ Ta&vounong. Avtoi ol TeAecTég

Bewpovpe O6TL Kpatdve amapaitnteg TANpoPopieg yioo v Kotdotaon NG eneEepyaciag,
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KaBMOC B TPEMEL VAL YPTCLOTOGOVY T1 LVI LT Y10 VO DTTOAOYIGOVV TO ATOTEAEGUE TOVG,.
Enextdoeig tov 1M yvootdv alyopiBumv ypnotpomolodvial, mpokelévon va arlidEovpe
T OULUTEPLPOPA  “UTAOKOPIoUATOS” YVOOTMOV OAYOpiOU®mV oUTOV TOV TEAECTOV GOF

ovveyouevn enegepyacia (e.g. non-blocking join [36]).

[Ipokeévov va emrayvvOel 1 eKTELEGN TOL EPOTINUATOC KOL VO KPOUTHOOLUE TO YPOVO
VTOAOYIGHOV YAUNAD, VAPYOVYV TOAAEC TEXVIKEG TOL UTOPOVV Vo yproiponombodv [54].
Ta mapdBupa xpnoyLomoovvTal Yo vo opicovv 0plo TAve G ameploploTa dedopéva Ko Vo,
BonBnoovv 10 cOOTNUE GLVEXOVG PONG VO VTOAOYIGEL TO OTOTEAECUO TEAECTOV TOL
“umhoxdapovv” v emnefepyacia. EmumAiéov, vmdpyouv opioHEVEC £QAPUOYEG OTIG OTOlEG
VYNNG TOLOTNTOG TPOGEYYIOTIKEG AMOVTNGELS EIVOL OTOOEKTES. 1€ OVTEC TIG TEPUTTOOELG,

YPNOLOTOL0VE AAYOPLOLLOVS TPOGEYYIONG Y10 TOV VTOAOYICUO TOV ATOTEAEGLOTOG LLOG.

0.5.2 CQL: Continuous Query Language

H CQL [3] dev givar SQL, aAld o dnrlotikn yAoooo SQL yio epotnuoTa 68 GUVEXEIG
poéc dedopévav kot arodnkevuéveg oyéocic. H onuacioroyia g CQL otnpiletat og tpeig
TOTOVG evePYELDV: stream-to-relations, relation-to-relation kat tn relation-to-stream o€ 600

TOTOVG SEOOUEVOV, TIG POES KO TIC OYECELG.

Poég xon Xyéoeig

H x0pia dwapopd petald tov oxécewv otnv CQL kot T1g TumIKEG oYécels elival 1 mpdcobetn
évvola Tov ypovov otV onuactoroyio Tov oxécewv R e CQL.

e Pon Asdopévav - M ponp S eivar éva (mBavdg dmnelpo) cuvoro ctotyeiov (s, t),
OTOV TO S €IvaL Lo TAELAO0 TOV GYNLOTOC TOL TEPLYPAPEL TO S KO T ELVOL 1] YPOVIKN
onpoven mov cuvdéeTat pe To ototyeio. H ypovikn orjnavon dev Bempeitat va pépog
TOL GYNUOTOG TNG POTG, Kot Ba umopovoe va vadp&ovv pundév, évo N TOAAATAGL
otoyeio Tov popdlovral TNy idla ¥povikn ofpaven otn pon pag. H pévn araitnon
mov €yovpe eivar OtL vVIapyel €vog memepacévog (AL ameplOPloTog) aptipog
otolyelwv pe TNV O ypovikn onuovern. Ymapyovv dvo "eidn" podv: ot poég
dedopévav TyNg mov @Tévovv oTo ovoTnUa enefepyaciag ocuveyovs pong, ot
omoieg ovopdovial poég PAomg, Kol ol PoEG TOL TAPAYOVTOL OO TOVS EVOLAUETOVS

TELEOTEC, Ol 0TOoieg OVOUALOVTOL TAPUYOUEVES POEG.
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e Xyéomn - M oyéon R sivar po ameicovion and €vo dlokpltd, Slotetoypiévo medio
xpovou T og éva memepacpévo, aAAE OmeEPLOPIGTO GVVOLO TAELGO®V TOV GYNLOTOG
avtg ¢ oxéone. o o cvykekpévn ypovikn otiypn © € T, égovpe R(1), t0

omoio givat éva pun ta&vounuévo cHvoro TAEAO®V Y10 TNV YPOVIKT GTIYUN OUTNV.

TeleoTéc

Mepucoi ovyvoi telectéc SQL and oyectokég facelg dedouévav, 0nmg 1 cuvévoeon (join)
Kol ot ovvabpolotikég cuvaptnoelg (aggregation), purhokdpouvv Vv enefepyacio Kol dgv
UTOPOVV VAL YPNGLULOTOIN B0V Y10 TOV VTOAOYIGUO OMOTEAEGUATMOV G Eva TANIGL0 GUVEXOVG
ponc. I'a va Eemepaotel avtd 10 gUndO10, YPNOUOTOOVUE TEAESTEG Topadvpmv, Yo va
dwapéoove TIC poég o€ MBAVAG EMKAAVTTOUEVA VTOGVVOAQ, LETA QMO TN GAPWOSCT TOVG,

TPOKELUEVOD VO PEL®OEL TO TESIO VTOAOYIGLOV TOVL EPMTHUATOC O EMIMESO TOPAHVLPOV.

H évvola tov mapabdpov eivar evoopatopuévn ommv CQL onuoacioroyia, pe m xpion g
évvolog g oTiypoiog oyéon, O0nwg ocuintOnke Tapamave. AvTd EMITPENEL TIG UNYOVEG
eneéepyaciog cuveyovg PoNg Vo VAOTOGOVV TEAEGTEG OV UTAOKAPOLV TNV enelepyacio
KO TNV EVOOUATOON TOV amodNKEVUEVOV GYECEMV OTA EPOTHLATA TOV GVGTHHOTOC. OTav
Ho. poN HETATPEMETOL GE OTIYULOHO GYECT UTOPOVUE VO EPYACTOVUE OTMG KAVOLE Yo TIG

OYECELS.

e Stream-to-relation - H eicodog avtod tov telesth eivar pia pon S kat 1 €£0d0g
elvar po oxéon R pe tov 1610 oynpa 6nwg 1o S. Kabe oyéon R(t) Oa mpémnet va eivon
vroloyiown amd 10 S g T0 Ypovikd onueio T, ywa kaBe 1. T CQL €yovpe povo
éva stream-to-relation teleotn, Tov TeEAectn Tapadvpov (Window). Yrdpyovv tpeig
katnyopiec ovpduevav mapabdpov otnv CQL, ot omoieg opilovtar wg €&ng: e
Bdon o ypdvo, pe Phon Tig mAewddec, Kot kataveunpuéva. O teAecTNG GUPOUEVOL
napabOpov Paciletar otig Tpodraypapés g SQL-99.

o Time-based sliding windows: Avtd¢ o TOmoc mapabipov kabopiletor amd
éva ypovikd ddotnua T kat opilel pio vToAOYIoIUN ¥POVIKY| TEPTI0O0
epapuoyns. EE opiopov, 1o amotélecua tov cupopevou tapadvupov
vroioyiletor amd OAEG TIG TEAEVTOIEG TAEIAOES LOG OLOTETAYUEVIG POTIG TTOV
aviKovV € Eva ypoviko ddotnuo peyédovg T. H oyxéon €£660v R tov “S

[Range T]” opiletal wg e&ng:

34



Rir)={s|{s,7 eS8 A (T =7) A (7 > max{r=T,0})}

Yrdpyovv 600 edikéc nepuntdoets: T = 0 kot T = oo, Ztnv mpd™
mepinton, n ovviaén “S [Now]” elodyetal, kot To R(t) amotedeitor and
TAELAOEC TOL TTPoEPyovTal amd oToyeio Tov S pe cepayida xpovov T. X1
oevtepn mepintwon, n ovvtaln “S [Range Unbounded]” ypnowonoteitan,
ka1 1o R(1) amoteleital and mhelddeg mov wpoépyoviat amd OAN T GTOLYEIN

™G S UEYPL KOl TO T.

Tuple-based windows: 'Eva cupdpevo mapdbvpo mielddwv mov PBaciletor
og pa pon| S kaBopiletar amd Evav apBud N ypappodv. H oxéon g e£65ov
vroioyiletor omd TOo cuvpouevo mapdbvpo TAEWO®V TEPAAUPAVEL TIg
televtaieg N mAe1ddeg piag dwotetaypévng pong (“S [Rows NJ7). Mo oyéon
R(t) amoteleiton amd Tig N mAeiddeg g S pe TN peyoAdTepn YPOVIKN
copayida mov eival pikpdtepn 1 ion Tov 1. Edv vdpyovv apketég mAetddeg
UE TNV VIOGTY 7O TPOGPATN YPOVIKN o@payida (evd Yoo AOYOUG GOPNVELNC,
ag vroBécovpe Ot o1 dAreg N-1 mo TpOSPATES YPOVIKEG COPAYIdES elval
povadikég), o mpémel va "ondcovpe Ty 1oonaAia (e KATO0 TPOTO Yo Vo
dnuovpynoet axpipag N mieiddeg oto mapdabuvpo. o to Adyo avtd, Ta
mopabupo TAEGO®V Uopel vo Unv givol KATAAANAG Y10 TIG TEPUTTOGELS
OV Ol YPOVIKEG oQpOyideg Oev &ival HOVOOIKES. YTApyel Lo €101KN
nepinton, 0tav N = oo kot kabopiletar and [Rows Unbounded].

Partitioned Windows: Avtd 10 €idog cvupouevov mapabipov maipvel Eva
Oetucd axépato N kot éva vmoovvoro {Al,. .., Ak} yvopioudtov S o
TaPAUETPOVG. Oa pmopovcse va kabopiotel and [Partition By Al,...,Ak
Rows N]. Avté 10 mapdabvpo ywpilet Aoywkd 10 S ©€ SOPOPETIKES
vo-poég Pacldpevo otV 160TTU TOV YapakTnploTikov Al,. . ., Ak,
vroioyilel pia mAeldda pe Pdorn 1o cvpduevo mapdbvpo tov peyéBovg N
ave&apTnNTa Kot TEAKA VITOAOYILEL TO AMOTEAEGIO OO TV GUVEVMOGT] QVTMV

TOV Tapafdp@v.

Relation-to-relation - Ou relation-to-relation telectég TPoépyovior amd TOVLG
Tpadoclokos oyectakovs Teleotéc g SQL. H kipila Wéa micw amd avtods Tovg
TEAEOTEC elval OTL omd TN OTIYUN 7OV £YOVUE YPTOLUOTOCEL EVay TEAECTN
Stream-to-relation wive o€ oL Pon KoL TNV UETATPEYAUE GE TaPAbLPO, UTOPOVLE

VO, TNV OVTIUETOTICOVHE ¢ Mo oYEéon. AVTOl Ol TEAEOTEG EYouv  omAn
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ONUOCIOAOYIKY] OvTloTolynom o€ ypovikd petafoariopeve oyéoels. Oleg ot
TapadoGloKEG oYEGELS VOG epoTrnatog SQL umopovv va meprypapovv pe v CQL

onpoctoroyia.

Relation-to-stream - 'Evog relation-to-stream teAectic maipvel ¢ €i6000 pua
oyéon R kot divel wg €€0do pa ponp S pe to 010 oynua émwg n R. Kébe pon S
npémnel va gival vroAoyiown amd v R €wg to ypovikd dtdotnua T, yio Kabe T.
Xpnowomowobpue ™ dopopd HETOED TNG TPONYOOUEVNG KOU TNG TPEXOVOHG
OTIYHOI0G GYEONG Yo VO LETATPEYOLE o oxéon o€ pa por). Me tovg popeig
VTOVC UTOPOVUE VO, LETATPEYOVUE TO OMOTEAEGHA TNG TPAENG stream-to-relation
ce Mo pon yw mepotépw emeEepyacio, M omoio eival omapaitntn yo TNV
dladtkacio TNG EKTEAECNC TOV EPMOTHIOTOG OE LA UNXavh eneEepyaciog powv. v
CQL, vrdpyovv tpeig relation-to-stream teheotés: IStream, Dstream kot Rstream.
YroOétovupe Ot 0ol TEAECSTEG U, X, KOl - KOAVDTTOVTOL OO TOLG OPIOUOVS 7OV

okoAovOovVv.

o 1. Otav o Istream (“insert stream”) epapuoleton oe pa oxéon R mepiéyet
éva otoyeio pong (s, T), KABe Popd TOV L TAELADO S OVIKEL GTIV S1APOpPa
R(7) - R(1-1). O &v AOY® TEAEGTNG YPNOYLOTOLEITAL Y10l VO OT|UIOVPYTCEL [Ld
pon dedopévav amd uia oyéon. Kabe popd mov po mAeldda elodyetal ot
oyEon, éva ovTiypa(o amocsTEAAETOL O POT Oed0OUEVDV, OALL LOVO OV Ol

TAELAOEC OV gloAyovTaL dev givat SImAOTLTTA. OVCLUCTIKA £YOVLLE:

Istrean(R) = |_|((R(7) = R(r = 1)) x {7})
=0

o 2.0Ortav o Dstream (“delete stream”) epapudletar oe pia oyéon R mepiéyet
éva otoyeio pong (s, T), 6mOTE o TAEWAOO s aviKel ot dapopd R(T - 1) -
R(1). Xpnowonowwvtag tov tereoty DSTREAM, o pon dedopéveov
dnuovpyeitan amd po oyxéon, OTov yio Kabe mheldoo mov apatpeitol amd
p oxéomn, avtn 1 TAEWdN GTEAVETAL GTO pom dedouévav. OvolaoTikd
&yovpe:

Dstream{ ) = U ((R{r=1)= R{r)) = {=})

T i)

o 3 Ortoav o Rstream (“relation stream”) epapudletor og pa oyéon R mepiéyet
éva otoyeio pong (s, 1), OTote o wheldoa s eival otnv oyéon R og ypodvo

7. O RSTREAM tehectnc petatpémel po ohOKANPY OYECM GE Lo pon
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oedopévav. Aniadn, 6Aec ot mAElddeC TAPOVTEC OVTN TN OTIYUN OTN GYECT

ATOGTEALETOL GTT) pOT| dedopEVMVY. OVGLOGTIKA EXOVE:

Rstream{ ) = U{R(T] % {7}

T =i

Stream—to—Relation

Relation—to—Relation

Relation—to—Stream

Ew. 0.5.2.a, CQL Tekeotéc [3].

Ag ypnoyomooovpe peptkd mapadetypata anod to paper yio v CQL [3], Tpokepévou va

OLEVKPIVIOTEL ] XPNION TOV AVAOTEP® TEAECTMV:

Select Distinct vehicleId

From PosSpeedStr [Range 30 Seconds]

Av16 10 gpdTNUO Elval KATOCKEVOGUEVO 0mtd Evay Tedeatn stream-to-relation (éva
ovpouevo mapabvpo peyébovg 30 devteporenta kot oAicOnong 1) kot évav teleot
relation-to-relation (distinct), mov extelel mpoPoin Kot eEGAeyn NMAGTLI®V KOl
elval yvootdg o€ pog and Tig mopadociakéc Pacelg dedopévov. To epdTnra Exet
AnoeBei and Linear Road Benchmark, to omoio ypnoyionoteiton and to paper g
CQL o g&dyel pia oyéon pe OAo o EVEPYH OYNUATO TOV EYOVV UETOOMGEL WO

puétpnon g TayvTNTaG KATd TN dtdpkelo TV terevtainv 30 devteporéntay.

Select Istream(*)
From PosSpeedStr [Range Unbounded]

Where speed > 65
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Ye autd TO EPAOTNUO UTOPOVUE VO OloKPivOLUE TPELS TEAECTEG:  €va
stream-to-relation teAectn ameplopiotov TApabHpov, ToOv TEPIEYEL GE £val XPOVO T
oOleg TG peTphoslg BEong TayvtnTa péxpt T, Evav teheotn filter relation-to-relation
Kol évav tedeotn| [Stream relation-to-stream, o omoiog Tpowbei véeg TIWES podV GTO

filter.

Adva epotqpdatov ot pnyovi) STREAM

Ext6g amd 1o mopamdve onpoactoloykd yopokmmprotikd g CQL, sival evdoiagpépov va
e€nNynoovpe TN OTPATNYIKN 1TNG EKTEAEONG EPOTNUATOV oTn pnyovr enegepyaciog
STREAM, mov ypnoiponotei CQL, yia va katavonBovv kaivtepa ta focikd Tunpata evog
OUGTILOTOC oLVEXDY podv. Mia por avamopiotator g pio akolovbio eoepyodpevmv
TAEWO®V e YPOVIKEC oppayidec. Avth 1 akolovbio pmopel va givor amelpn 1 propel va
TEPLOPIOTEL e 0VO SLUPOPETIKEG TPOGEYYIGELS, EITE LE TN XPNON TEXVIKOV GUUTIECTG, TOV
npocmabodv vo cuvoyicovv ta dedopéva, 1 UE TEYVIKEC Tapadipwv, Ta omoin decUedovY
To. 0€00UEVO O MEMEPUGUEVE KOUUATI. Mio GY€0M OvOmopioTaTOl O E00YOYN Kol
dlypapn TAEWLO®V LE YPOVIKEG GPPAYiIdES, TOV deiyvouv TNV aAlOY KATAGTAGYG OVTNG
mg oxéong. Aappfdavoviag vmoéyn TOVE TWOPATAV® OPLOUOVS, &€ivol gLKOAOTEPO Vo
epappootel  av&ovouevn emnefepyacio (incremental processing) kot PeAtictomoinom
gpompdTov ot poéc. H avéavouevn emelepyacio mpokOmTEl and v moapatipnorn 0Tt
TOAAO1 VTOAOYIGHOL CYETIKA LE TIS ELCEPYOUEVES POEG UTOPOVV VO, EKTIUNB0VV Hovo pia
Qopd Kot va emavoypnotpomoinfodv yio emepyouevovg voAoyicpovs. Eniong, ot facikég
évvoleg o TN PeATIOTOTOINGT CLUVEXDV EPOTNUATOV glvol avAloyeg Le ekeiveg omd Tig
noapadocioké; Paoelg dedopévav. Av 10 oOGTNUG HOG LTOoTNPilel OYECLOKEG POES
dedopévaov kot to Aoyikd mAGvo pog Pociletal oe oyeclakoVC TEAEOTEG, OAYERPIKEC

160dvVapieg pmopovv va tapayfodv and Evay BEATICTOTOMNTY EPOTNHATOV.

Edd eivan éva mapddetypa yio 10 TG ekTEAOVVTOL dVO TAAVA ep@TNUATOV 610 STREAM:
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Ew. 0.5.2.b, mAdva epotudtov yia 600 epotiuate oto STREAM [3].

Ql: Select B, max(R)
From S1 [Rows 50,000]

Group By B

Q2: Select Istream(*)
From
S1 [Rows 40,0007,
S2 [Range 600 Seconds]

Where S1.A = S2.A

210 WPONYOOUEVO TOPASELYUD, TOPATNPOVUE OTL TO OTOTEAEGUO LROAOYILETOL [E TPOTO
dwoyétevong. Epeig deopedovpe to dedopéva €166060v pe mopdbvpo Kol KpoTape TNV
KOTOGTOO TOV TEAEGTOV, TPOKEWEVOD VO TPOYMPNOOVUE GTOVG VTOAOYIGHOVSG pag. Ot
ovpég ql péypt g8 aviummpocwmmEVOVY TNV Kivnom JOES0UEVOV TOL GLGTHUATOC Kol Ol
ouvoyelg S1 €mwg S7 xpNGILOTOIOHVTOL Y10 VO, SLOTPNGOVY TNV KATAGTACT TWV TEAECTAOV.

Mmnopodpe emiong va, 00VE TOVG TEAEGTEC TOPABVP®Y TOV YPNGLLOTOLOVVTIUL GTIG E1GOO0VG
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TOV POMV OEOOUEVOV Yo, Vo decpevovtal ta, dedopuéva o memepacpuévo kopudtio. Il
CLYKEKPUEVO, OTO TPATO EPAOTNUA, EXOVUE TO cvpouevo mapdbvpo pe Pdorn mhelddeg
g0povg 50.000 ypappdv kot odicnon éva, eved oto Q2 gpdtnpa Tov £xovpe mapabvpa Le
Baon mAe1doeg kot xpovo pe odicOnon éva kot €bpog 40.000 ypappég kar 600 dgvtepdrenta

avtiotolya.

"Exovpe 1M oulntioet yio Toug TEAEGTEC TOV KPATAVE 1) OEV KPATAVE TNV TANPOPOPIn TNG
katdotaong. Ot TEAEOTEG MOV OMOITOLV UVAUN YOO TOV VTOAOYICUO TOVLG, OT®G Ol
ocuvabpoloTikég cvuvaptioelg (aggregate) N 1 ocvvévoon (Join), mailovv kpiciwo poro oTo
pLOUd TopAY®YNG OMOTEAECUATOV Kol TNV a&lomoinon Tov TOpOV €vOC GUOTNHHOTOC
ocuvey®v pomv. Avtifeta, ol TeAecTéC OV dEV KpaThve TNV KoTdoToon Ogv exnpedloviot
oamd Ta Oplo. TOL TOPABVPOL Kot £TGL LITOPOVV Vo dMCOLV TO 1010 amoTtéAeca, aveEaptnto
amd v emA0YY Tov Tapabipov. Qotodco, Tonobetdvtag éva filter i éva projection vopig
pumopel v UELMOEL GNUOVTIKA TNV TOCOTNTO TMV OedoUEVOV TOL TopdyovTol Kot
LETAQEPOVTAL GE PETAYEVEGTEPO, OTAOLO TNG EKTEAEONG. ATIO TO TOPATAV®, EIVAL TPOPAVES
0Tl 1 6T TOMOHETNON TOV TEAEGTOV UTOPEL VO LEYIGTOMOGEL TO pLOUO TOPAYWOYNC
OTOTEAEGUAT®OV KOl VO UEIDGEL TOVG OTAPAITNTOVS VTOAOYIOTIKOVG TOPOVS. Avtd glval

0VTO TOV TPOCSTOHOVLLE VO ETLTVYOVLE LE TN PEATIOTOTOINGT EPOTNUATOV.

0.5.3 Beinioromoinon Epwtyudrov

Avt 1 evotnTo acyoleiton pe TIG Pacikéc Evvoleg Tng PEATIGTOTOINONG EPOTNUATOV, TOV
TPOEPYOVTAL OO TIC TaPOdOGLOKEG Pacels dedopévmv. H Beltiotonoinon epotnudtoy eival
éva omd Ta PACIKE GLGTATIKA TOV TLPNVA TOV GLGTNUATOV dlayeiplong dedOUEVOV, TOV
EVOVEL U0 ONAMTIKN YAMOOO EPOTNUATOV HE TNV OTOOOTIKN EKTEAEST TOVG. XTIG
napadoctokég Paoeilg dedopévav, Ta gpotiuate SQL pmopel va €yovv mepiocdtepa omd
éva avtiotoyyo mAdva extédeong. [Hapd to yeyovog 611 OAa avtd ta oyédia divovv To 1810
OTOTEAEGILO OTOV EKTEAODVTOL, EVOEXETAL VO SLUPEPOVY (OC TPOC TO XPOVO EKTEAEONG 1 TNV
YPNOT OTOLTOOUEVDV TOP®V. L& QUTHV TNV TEPINTOON, 1 ferTioTonoinon npénet va Ppet 1o

BérTioTo N éva oxedOV PEATIOTO TAAVO OV B0l EKTEAEGTEL.

KdéBe hoywkd 1 uoikd TAGVO OvVTITPOCOTEVETAL OO £va OEVIPO TEAEGTAOV, GTOV OTOI0 Ol
KOUPOL OVTITPOGHOTEVOVY TOVG TEAEGTES KOl Ol AKUEG OVTITPOCMOTEVOVY TN PON| SEGOUEVOV.

Otav €yovpe ovvleto €pOTUOTA TOV® GE TOAALOTAEG TTNYEG €16000V, Ol OLPOPETIKOL
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TPOTO1 LAOTOINGONG TOVE UITopel va eival ekatoppdplo 1| Kot teptocotepotl. Ot amopascel yia
TN GEPA TOV EVDCEMV, T GEPE TOV S0 KOV TELECTOV (). €4V €va @iktpo Ba mpémet
va wbsitor KdTm and g TpoPoin) 1 yo To molov akyopifpo Ba xPNOLLOTOGOVLE Y10 THY
vAomoinon &vog teleotn (m.y. natural join or hash join)) mopdyovv éva peydro ympo
ava@mmone. H aviyvevon tov PéAtiotov oyediov, akdun Kol 6€ AmAG EPOTNUOTO EYEL
TEPAGTIO OVTIKTLTO GTO ¥POVO TOL UTUVATAL Y0 VO VITOAOYIOTEL TO OMOTEAEGLL, KOL GTNV

aélomoinon Tov Top®v.

H Beltictomoinon epotoemv pnopet va BewpnBel ot givan Eva TpdPAnpa avalytnong Kot
yperdletat:
e 'Eva ydpog avalimmong tov mbavov TAdvoy.
e 'Eva poviého k6GTOoLg, TOV Ba ypnoomombel yio va vroloyiotel T0 KOGTOG TOV
ka0e voymeiov TAGvVOL.
e ’'Eva aAdyopiBpoc amapifunong yu va ydé&ovpe péca and ta mbavd oyxéoto Kot vo
Bpovue to avtd pe 10 PEATIOTO KOGTOG. ALTOG 0 aAYOPIOLOC UTopel va cuvdvaoTel

LE €val UNYavioo KAAOENLATOGC, Y10 v LEtdoEL To péyebog Tov ydpov avalnnong.

"Evag optimizer Oa wpémet va €xel To, akOA0VO0 YOPAKTPIGTIKA:
e No mepthapfavel Ta TAGvVO LE TO YOUNAOTEPO KOGTOG GTO YDPO aval)Tnong Tov.
e To povtélo KOGTOVG TOV XPNGULOTOLEL VO TOPEYEL AKPIPT EKTIUNGT TOV KOGTOLG,.

e O aAyopBpoc amapibunong va ivol VTOAOYIGTIKG ATOdOTIKOG.

Ynapyoov O00  SlOPOPETIKEG  OPYLITEKTOVIKEG  PEATIOTOMOINONG EPOTINCE®Y MOV
YPNOLOTOL0VVTOL KOTE TN JldpKELD TOV TEAEVTOIMV deKaeTimv: System R-style bottom-up
dynamic programming optimizers [50] kot Volcano-style top-down memoization with
branch-and-bound pruning optimizers [11, 12]. ®a umopovoape va eQpopUOGOVUE TAVTA
EVPLOTIKOVE KOVOVEG Y10, £V GLYKEKPIUEVO VTOGVVOAO TOL YDpov avalntnong, oAAd cg
YeVIKEC YpappéG avtol ot peTacynpaticpol dev eEacpaiilovv 011 10 Kd6oTOG o pElwBEel oe
KkéOe mepintmon. Qg ek tovTOL, 01 Kavdveg Pertiotonoinong mpénet va epapuodlovial e
Tpomo mov Pacileror 610 K66TOC. Kot ov dvo emitvyydvovv tnv gdpeon tov PEATIOTOL
TAGvov ocbpemva pe éva povtého kootovg. H motdtnta tov mAdvov e€aptdtor amd Tovug
KOVOVEG LETATPOTNG TOV YPTNCLLOTOOVVTOL Yo THV TOPAY®YN TOV Kot TV opBoTnTa Tov
HOVTEALOL TOVL KOGTOVG Kol Oyl amd To €idog ¢ PeAtiotomoinong. Qotdco, ot top-down

optimizers £€yovv TO TAEOVEKTNUO OTL UTOPOVV Vo KAadEDoLV TO y®dpo avalntnong vopic.
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To kAddepa Ba eivor amotelespatikd avaroya e T o€pd avalyTnong Kol Tdco ypnyopa
@ThveL 610 KaADTEPO GYéd10. Ba cuinTnoovpe apyodTEP TNV APYITEKTOVIKT Tov Volcano

O AEMTOUEPAG.

Ot 1d1eg apyég TG Peitiotomoinong epOTNUATOV UTOPOHV VO, EPAPUOGTOVV GE GUGTILLOTO
dloyeipong  dedopévav  ouveyovg pong, elodyoviag Tovg stream-to-relation ko
relation-to-stream 1eAecTéC. AV TPOGOEGOVILE TOVG KATAAANAOVS KOVOVEC Y10 TOVG TEAECTEG
oVTOVC KOl TOLG OLVOLACOULHE LE TOLG Kovoveg relation-to-relation, pmopovpe va
BEATIGTOTOMGOVUE TO EPOTHUOTO PODV LG, OTMG KAVOLLE LE TO TAPASIOCIUKA EPMTNLOTA
Tov Paceov dedouévov. Avo TAGVO EPOTNUATOV GE Poég eival 160dvVaUd EQPOGOV
TAPAYOLV 1G00VVOUE  GTIYUIOTUTO OTOTEAECUATOV. AVTO oNUOivEL OTL Yio KADE YpOVIKT

oTIyun t oTIyHoTLTTA TOV 300 TAGV®V gival ioa.

Merpikég Kootovg ko XTaTIoTIKG

H Beltiotonoinon epomudtov o mopoadocilokés oyeclokéc Pdaoelg  dedouévov
YPNOLUOTOLEL TIG TANPOPOPieS TNG eMAeKTIKOTNTOG (selectivity) kot v dobéciumv Topwv
Y vo. SLoAEEEL TO OMOTEAEGUATIKO TAGVO EKTEAECNC YO TO EPAOTNUA (Y10 TAPASELYLOL
mAGva pe toug Ayotepovg kvkiovg CPU 1 tig Mydtepeg mpoomehdcelg 6to 8ioko). Qoto00,
QUTEG Ol UETPIKEC KOl Ol OTATIOTIKEC Ogv  pmopohv Vo ypnoiwomombodv yia
BeAtioTomoinon pOTNUATOV GLVEYOLS PONG, OTTOV TO KOGTOG emetepyaciag avd povada
xpovoL givar mo katdAAnio [24, 25, 26]. H aliayr tov otdyov Pertictomoinong yio 1o
VYNAOTEPO TOGOGTO AMOTEAEGHATOV [24], Bo pmopovoe vo pog dMceL pio a&lomoTn AVon.
Yo v mpoimdBeon OtL €yovue 10 pLOUO APIENG podV KOl TO PLOUO TOPOYOYNS
OTOTEAEGUATOV 0O TOVG TEAEDTEG, Oor umopovoape emiong va YaEovue Yo, £vo TAAVO oL
aipvel To AyoTepo ¥pOVO Yo TV TOPAYMOYT OTOTEAECGUATOV Yo éva dedopUéVo aplBuod

mAeladwv (rate-based model [25]).

Mepucéc @opég, ol terectéc umopel va ypelooctel va aAlaéovv on-the-fly cOoppwva pe
OAAOYEG OTIG CLUVONKES TOL GULGTALOTOG KOTH TO XPOVO EKTEAEOTG, AOY® NG VoG TV
YOV 0edOUEVDVY €600V (TPOGUPUOGTIKY PeAtiotomoinon). Yrdpyovv Tpelg AOYoL mTov
umopel vo aAAaEEL TO apylkd KOGTOC TOL TAGVOL €VOG EPOTNHOTOS: QALY OTO YPOVO
eneéepyaciog evog TeAecTn), aAlay” NG emAekTikOTNTOG (selectivity) tov Katnyopnudtmv

Kol oaAdoynn tov pvBpov deiéng poag pong. Eyovv vmdpéer oyetikég epyaocieg yuo
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BeAtiotomoinon epotudtov, cite otatwkn [24, 25, 26] site npocappootikny [27, 28], ot

epotnuota enegepyaciog podv dedopévamv.

Opiopéveg mbavég petpikéc KOGTOVg Yoo Ty emeéepyocio podv dedouévaov poll pe to
aTOPaiTNTO GTATICTIKG GTOLXElD TOV amaTovVTOL Yo Vo bAomombel 1660 otatikn 660 Kot

TPOGAPLOGTIKY PeAtTioTomoinon elvot [S51]:

e H oaxpifela ka1 1 K0BLGTEPNON TOV ATOTEAEGUATOV EVAVTL TNG YPNOTG LVAUNG Kot
CPU: Xe opiopéveg mepmtmoelg, 0o mPEMEL VO, AMTOQUGIGOVIE GYETIK UE TNV
akpifelo kot TV LVWOPOAN amoteEleSUATOV HE KaBLGTEPNON EVOVTL TNG YPNONS
pviung kot CPU, avdioya pe ™ @Oon g €Qopuoyng uHoag. Mmopobue va
YXPNOLOTOCOVUE TEYVIKEG OElyHaToOANyiog Kot Slaypoaeng Sedopévev yio va
LEWOWOOVUE TN YPNOM TNG UVAUNG, av&dvovtog Opmg v mbavotnta AdBovg 6to
OTOTEAEGLLOL.

e O pvOuds Tapoymyne amoteAesdTmv: Av 0 puoudg deiEng TV podv Kot 0 puOUdS
TOPAYOYNG OTOTEAEGUATOV TOV TEAEOTOV &lval yvwotd, civoar dvvatdv va
BeltiotomomBel To cvoTNUA Yo VYNAOTEPO pLOUO amoTeAecudTtoV 1} vo Ppedel éva
TAGVO OV TaipPVEL TO AYOTEPO YPOVO YO TNV TOPAYMYN OTOTEAECUATMV Yo EVOl
dedopévo appo maelddwv [25].

e H ypnon woyvoc: H katavilmon evépysiog dwadpapatilel évav kpiopo porlo oe
oplopévov TOmov eapuoyés (my. o €va acHpupoto OikTvo osHNTPp®Y TOv

AELTOVPYOVV LE UTTATOPIES)

0.5.4 Calcite

To Apache Calcite [1] givor pio dvvopikr TAateopua dtoyeipiong dedopévav Ypauuévn o€
Java, molodtepa yvootd oc¢ Optic, gunvevopévo omd tov Volcano Optimizer [7, §].
Yrnapyoov téocepa oTAdL OTN  PEATIOTOMOINONG EPOINUAT®V: O) 1 OVAALGY TOL
epotratog pe éva JavaCC avoivth, B) 1 emkOp®ON TOL EPOTNUATOS LE TO YVOOTH
petadedopéva faong dedopévav, v) N PeEATIOTOTOINGT TOL AOYIKOD TAGVOL KOl 1] LETOTPOTN
TOV G€ (PLOIKOVG TEAESTEG Kol §) M UETATPONT TOV PLGIKOV TAAVOL Y10 TNV EKTEAECT] GE
ovykekpévo ovotnua. To Calcite eivar “wa ovAloyn ano PifiioOnxes Aoyiouixod xa
gpyoleiwv mwov umopodv va ypnoworownodv” [20] Yy vo VAOTOMGOLUE KAl VO,
TPoGBEcOoLE TPOGUAPUOCUEVT AOYIKN Yo KAOE Eva amd To TponyodUeVa TEGOEP GTAILA.
Ot ypnoteg pmopoHv va mpocsBécovy Tovg kavoves Bedtiotomoinong mov exifupovv kot vao

EMEKTEIVOVV TNV EVOOUATMOUEVT] AOYIKT Kol LOIKT GAyeRpa, COLEMVA [LE TOV GUGTNILO TOV
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YPNOWOTOLEITAL  YIOL TNV  EKTEAECN TOV EPOTNUATOV, TPOKEWEVOL VO EMITEVYOEL
TPOGupUOGUEVT PeATiotomoon. [a Tapdderypo, PTopovv va GLVIEGOLV TOVG KAVOVES Kol
TOVG TEAEGTEG TOV €ivarl MO LAOTOMUEVOL GE €VO GLYKEKPIUEVO HOVIEAO KOGTOLG, OV
OVTIOTOLXEL OTN QLGOIKT VAOTOINGN TV TeAect®V. [ToAAEG cVYYPOVEG ADGELS Y10 EPUPUOYES
dedouévav oe peydhn kiipoka, o0mwc to Apache Hive [56], to Apache Kylin [57], to
Apache Drill [58] ka1 to Apache Phoenix [59], ypnoworolovv to Calcite yia to oyedacud
mAavov kol ywo ) Peltictomoinon tovg. ‘Eva dAlo evdlapépov xopaKTnploTikd TmVv
BpMobnkdv mov ypnowonotei to Calcite, eivar 6T1 fonbdodv T @don TapayOYNG KO
tov query planner. ['lo 6Aovg owTOVG TOLG AOYOLS, €ival 1 TPOTIUAOUEVT AVGT] Yo TNV
avéAvon, v enikOpwon, TN Peitiotomoinon Kot T petatponn epotnuatov SQL ce éva

TAGVO EKTEAEGNC OTN UNYOVT] PODV LLOG.

Architecture

Conventional database Calcite

JDBC client JDBC client

l

JDBC server
Optional sQL parser / Metadata
validator SPI

Core + Pluggable

— — rules

P"U@lepany party
3 party ops  ops \ 3% party

data data

Ew. 0.5.4, H apyitektovikn pe to Calcite [13].

“To Calcite mepiéyer moAAd amo o KopuudTior TOV GVVOETOVY EVvor TOTIKO GOOTHILO O10)EIPLONG
paons oedouévwv, alld mopaleinel kdmoies Paoikéc Asitovpyies: v amobikevon Ttwv
oedousvav, Tovg alyopibuovs yia v emelepyacio twv dedousvav, kaldmgs kai uio. arxobnkn
yia. v omolBnkevon ustadedousvev [1]7 Avti n emloyn elval okoOmiun, Kabog Kabiotd 10
Calcite po moAd KoAf emAoyn yo ™ Olopesordfnon HETAED TOV £POpLOYOV Kol £vo N
TEPLEGOTEPO ATOONKEVTIKG PEGa dedOpEV@V Kal unyoveég eneEepyaciaog oedopévov. Mmopei
emiong va ypnowonombel wg Pdon yw ™ Onuovpyia pog Pdong dedouévov, amid
npocBétovtog dedouéva kat deiyvovtag ato Calcite Tov Oa Ppet avtr ™ popen dedouévav

Kol TOc Ba v yeprotel. o va mpocBécete Eva apyeio mpoéhevong dedopévav, Ba mpémet
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va, ypayete €va 6moTd TPposapuoyéa yio vo meptypdyel oto Calcite Tt GuALOYEG amd TV

ny" dedopévov Ba mpénel va Bewprioel g “mivakes”.

EmimAéov, pmopobue vo 7mpochEGovpE TPOGOPUOGUEVOLG OTIG OVOYKEG HOG KOVOVEG
Bektiotomoinong kot va opicovpe tn Ok pog Giyefpa. Ot kavoveg PerticTomoinomng
yPNoomolovvtol Yoo T PeATioTomoinon Tov AOYKOU TAGVOVL, T LETOTPOTN TOL GF
QLOIKOVG TEAESTEC, TNV TPOcPacn o€ dedouévo o€ véa HOpeN Kal TN ONAmon vEwv
TPOGUPUOCUEVODY TEAESTOV. O ¥pNOTNG UTOPEL VO GLVOVAGCEL TNV TPOGOPUOGUEVT AOYIKN
TOV L€ TOVG EVOOUOTOUEVOVS KAVOVES KOl TEAESTEG, VA PapUOGEL felTioToTTOinoN He Pdon
T0 kO60T0¢ (UE PAON TPOGUPUOGHEVO 1 EVOMUOTOUEVO HOVTEAD KOGTOVLG), KOl VO
dnuovpynoel €va, amoteAespnoTikd mAdvo. Ot Kovoveg avtol Agttovpyoldv avalnTdvIog
potifo oto dévrpo tov gpmtiuatoc. I'a mapddetypa, 6tav o FilterProjectTransposeRule
kavovag PBpiokel éva tedeotn Oiktpov mhve and éva tedeoty| [pofoinc, Ba tovg aAldaéel
™ ogpd. ‘Eva dAlo mapddetypa g xpnong kavovav gtvar otav 8éhovpe va opicovpe Eva
TPOGUPUOCHEVO  TivaKo 1 OYNue, TPOKEWEVOL VO  KATOoTEL 1 TPOcPacm 7o

OTTOTEAEGLLOTIKY].

“To Calcite oev mvpodotei kovoves o€ npoxabopiousvy oeipa. H diadikaoio feitioromoinong
EPOTHUCTWV 0K0AOVOE] TOAAG KAOOIG €VOS JEVIPOV O1aKAGIWONS, KOl OKPIPDS OTWS Eval
TPOYpouLe oKoKLOD Tov TTailel, eCetdlel mollég mboveg axolovlisg kivijaewvy. Av 01 Kavoveg
A xa1r B ko1 avtiotoryodv e Eva 0e00UEVO TUNUA TOD OEVIPOV TEAECTMV TOD EPWTHUATOS, TOTE
10 Calcite umopel va wopodotioet kar tovg ovo. Erniong, to Calcite ypnoyonoiel 1o poviéio
KOOTOVG Y10, TV ETIAOYN UETALD TV TAGV@Y, 040 TO HOVTEAD KOOTOUS 0&V EUTOOILEl TOVS
KOVOVES TOD UTOPEL VO QOIVETOL OTL 00NYOLYV G€ TLO OKPIfd TAGVO 0 GOVIOUO YpPOVIKO

owaotnuo. va mopodotnBovv [ 1]

Yrdpyovv optimizers wov ¥pNOUOTOIODV EVa YPOUUIKO cOGTNHo PeAtiotomoinong. Avto
onpaivel 611, 6TOV M PeATioTomoinon £xetl va kavel po emloyn peTald 6vo Kavoévav oe Eval
opIGEVO YPOVIKO Otdotnua, Bo mpémel vo emhégel apéowg molov Kavova Bo emiPdiet,
avéroya pe optopévn moltky. [lap’ 6la avtd, o Calcite dev avTipeT®MILEL AVTOVG TOVG

TEPLOPIGLOVG, OTAV TPOGTAOEL VO GLVOVAGCEL KOVOVEC.

Onog éxer Mon avagepbel, o Calcite emAiéyel 10 @ONvOTEPO TAAVO COUP®VAE pE Eva

HOVTEAO KOGTOVG. AVTO TO HOVIEAD KOGTOLG KaBopilel TOVG TOUTOVE KOGTOVLS TOV
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YPNOWOTOMONKAY Yoo Vo, TEPLYPAYOLV TOVG TEAESTEC (OTATIOTIKA) KOL TO OTOYO TNG
Bektiotomoinong. Me i yprion evog Kald opiopévon HOVTEAODL TOL KOGTOVG UTOPOVLE VO
KAadéyouue to dEVTIpO avalnTnong, Yo vo amoTPEYOVLE TV dPAUOTIKT a¥ENCT TOV YDPOL
avalpmone. Qotoéco, N néBodog Tov KOGTOVG dev avaykdlel Tov optimizer va emiAééel
aviueca oe 000 KAVOVEC KOl OTOPELYEL VO TEPTEL GE TOMIKA EAGYIOTO GTO YDPO

avalTNong Kot 6€ amoTeEAEGUATO TOL OEV Elval o1V TPoyHaTikdTNTA PEATIGTA.

Volcano Optimizer

O Volcano Optimizer [11, 12] givar éva top-down style mAaicto BeAtictonoinong. Avt M
owoyéveln, Pertiotomoinong 61abétel po omd TAve TPog To KAT® ovalnTnon oToYOV UE
branch-and-bound pruning. Avt| n evotnta ocyoieiton pE KATOW YOPOKTINPLOTIKA
oxedo 0D VYMAOD emimédov tov Volcano mov oyetifovral pe v Tponyovuevn cvlftnon

v N BerTioTOTOINGT EPOTNUATOV.

1. Xwopog avaintmone: H Top-down Beiticromoinom ypnoilonoiel dV0 THTOVE TV
KOVOVOV: TOVG KAVOVEG UETOGYNUATIGLOD KOt TOVS Kavoves epapproyns [11,12]. Ot
KOVOVEG LETAGYNUOTIGHOD avTioTotyilouv pa adyefpikn ékppaon oe po GAin. Ot
Kavoves eeapuoyng avtiotowilovv e aAdyefpikn €k@pacrm e €vo OEVTPO
teleot@v. O Volcano Optimizer ypnoiponolel povo pio edaon Perticronoinong,
enedn OAol or petacynuaticpol sivor aAyefpikoi kot pe Pdon 10 kdoTOC, 1M
avTiotoiynon amd 10 aAyePpPKovg Ge QULGIKOVG TeEAEOTEG ovuPaivel og éva povo
PrHo Kot eKTEAEL TNV €QUPUOYN TOV KOVOVOV LE YVOUOVO TOVG OTOYOVG. XTO
Volcano, ot xavoveg petappaloviar oaveédptnto o évag amd Tov GAAO Kol
ocuvdvalovtor povo pe N pnyovn avalitnong kotd tn Perticromoinomn evog
epOTAHOTOG. O1 KOVOVEC 0VTOL AVTITPOGMOTEVOLV T YVAGT TOL YOPOL avalTNoNG
otovg top-down optimizers.

2. Extipnon tov k6c10vG: H gktipunon tov kd6Toug Tpénet vo vmoloyiletal amd KATm
TPOG To TAV®. AvTO cupPaivel €N TO COPEVTIKO KOGTOG TOL KADE EVOIAUEGOV
eminedov tov TAGVOL €€opTATAL OO TO KOGTOG KO TO. OTOTIOTIKG GTOLYEN TMV
TPONYOOUEVOV EMUEPOVG TACVAV.

3. AlyopiBpoc amopibunong (enumeration)/ aiydpiBpog wradépatroc: Katd 1
ddpkela g aong PerticTonoinong, 6tav 1 PeATIoTOMOINGT GLVAVTA [o EKGPACT
EPMTNNOTOC, eAéyyel av £€xel MOM vmoloyotel avalnTOviag o€ éva mivoka

amobnkevong TAdvaov mov €yovv Pertictonombei oto mapeldov. Eav dev Ppebet,
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epappolel éva Aoywkd Kavova HETACYNUOTIOHOV, €vav Kavova €Qappoyns, M
xpnopomolel évav €QUPUOCTN YL VO TPONOMOI|GEL TS WIOTNTEG TNG PONG
dedopévav. Ta mhdvo amoBnkevovior o€ €vo TIVOKO KOUTOKEPUOTIGUOD TOV
EKPPACEMV Kl KAAGEMV 1G00VVOUING, TPOKEEVOL VO EVIOTIGEL TEPLTTA TAPAYDY
TOV 1010V EKQEPACEDV KOl TOV TAAVOV KATA TN S1dpKELD TNG PeATioTomoiNnoNg, Yo
vo,  pewwoel v mpoomdBewn  Peitictomoinong. Mo kAdon  1codvvapiog
OVTITPOCMTEVEL dV0 GLAAOYEC, Wid, LUE 100OVVOUEC AOYIKEG Kol Wid, HUE (QUOIKEC
exppaocelc. Onmg mpoavapépbnke, ot Peitictonoinon top-down ypnoipomoteitol
branch-and-bounding ywo va kAadéyovpe 10 yopo avalfmong (directed dynamic
programming). Edv éva vrmo-mtAdvo vrepPaivel Eva oplopévo 0plo KOGTOVG UTopEl
vo KA0OELTEL pe  oao@dield vopic otn  dwdwacio PerticTomoinong Kot
gEowovounoovpe xpdvo pe to va punv datpéEovpe to vddevdpa tov. To KAGdep
elval evoopatopévo otny anapiBunon kol o¢ €k TOVTOL TPEMEL VA YiVEL e i

GUYKEKPLUEVT GEPA omd TV TPOS TO KATM.

Calcite Streaming

To Calcite éxet emekteivel v SQL ka1 tn oyeotakn dAyePpa, mpokeiuévon va vrootnpi&et

TO. EPOTAUATO PODV dedopéEVeV [14]. YTmapyouv TepImT®OGES OOV Ol EMYEPNGELS 1 Ol

¥PNOoTEG BELOVY VO KAVOLV EPMTALATA TAV® GE POEC OTME KAVOLV LE GYECLOKOVS TIVOKES.

H avéykn avtq épyetal pe tnv omaitnon vo £Qouv UEPIKA amd To TAEOVEKTNLOTO TV

cuvnbiopévov Pacewv SedOUEV@V: VO YPNOLULOTOIOVV (i YADGGH LYNAOD ETUTEIOV TOL

Baocileton (av eivar duvatov) otn oyectakn SQL, mov emkvpdVETUL GOUPOVO LLE EVO GYNLLOL

ka1l prwopel va fertiotomonBel yio vo emto@einbovpe omd Toug TOPOLS TOV GLGTNUATOS HOG

Kol Toug aAyoppovg mov ypnoworotovvtal. H SQL tov Calcite eivar pio eméitacn g

npdTuTNG SQL Kot £xel Ta akdAoLOA YOPAKTNPIOTIKA:

Eival edkoro va ™ paboope, yati givar pia enéxtaon g npotuang SQL.

H onpacioloyio givor caeng, enedn kKAnpovopeitor and v avtictoyn e SQL.
To amotedéopota TV podv Tpémel vo eivar To 0 OT®G av eiyope to idwo

dedopéva ae Evav Tivaka.

O ypnotng €xet tn SLVATOTNTO VO GLVOVACEL TIG POEG KOl TOLG Tivakes (M TV
otopio pag pong, mn omoio eivor ovolootikd évag mivoko oTr HUVAUN) Kot Vo

OMUOVPYNGEL 10 TOADTAOKO, EPMTNULOTOL.
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® Yrdhpyovv non TOAAG VIEAPYOVTIO EPYAAEID TOV PUTOPOVY VO Y PN CILOTON OOV Yo TN

dnuovpyio SQL.

Ed&v o ypnotng dev ypnoyonotel ) AéEn-kAaedi STREAM, 101e KAveL ¥pf o1 TNG KOAVOVIKNG
SQL. H ovveyotg pong SQL akolovbei tnv mpocéyyion mov gidapue otn CQL [3]. Avto
onpaivel 0Tl KABE GYECIOKO EPMTNUO HUETATPENMETOL GE K10, PON YPNOCLUOTOLDOVING TN
AéEN-kAedi STREAM oto kopvpaio SELECT. Katd tn didpkeld TG TPOETOHAGING TOV
epotnpoToc, To Calcite diakpivel av ovo@epOLOCTE GE Lo PO T} KO IOTOPIKY| GYEOT. X
OPIOUEVEG TEPMTMOOELG, OV VTAPYEL dtbécun N wotopia pag pong (Yo Tapddetypa, Tig
televtaieg 24 dpeg Tov dedopévov ot éva Apache Kafka topic [60]). Katd to ypdvo
extéleong, 1o Calcite vmoioyilel €dv VIAPYEL EMOPKNG 1OTOPIKO Yio VO EKTEAECEL €val

EPMTNILA TOV ATOLTEL TN XPNON LUOG IGTOPIKNG OYECTC.

o ™ onpacioroyio tov Calcite streaming, vmépyel g dvaducotnta peta&d pong Kot
Béong dedopévav [13]:
® “H faon dedouévav givar uovo uio cache tg pong”

o “H pon eivar amha pio adAAnyn oldaync e faons dedouevawv”

‘Evag mivaxkoag pmopeil vo ypnowomombel o¢ po pon kot o, pory, OTmG €vag mTivaKag,
&yovtog to cvotnua Yo va kabopicel mov Ba Ppel ta apyeio. EmmAéov, ot poég dedopévmv
umopovv va BewpnBovv n Tapdywyoc TV TVAK®V, EVM Ol TIVOKES LTOopovV vo BempnBovv
avTioTolya To oAoKANpoOUaTA TOV podv. Me ) Aéén-kiewdi STREAM avaeepduacte ota
apyela and topa fng too. Xwopic avtd, avaeepodpacte ota apyeio and -0 0 TOP, OTMG
Oo kavape av eiyope évav kavovikd mivaka. Ot poég GUUTANPOVOLYV TOVE TMIVOKEG Kol
avVTIPOcmMTEVOVY 0,7t cuppaivel 6to mopdv Kol T0 PEAAOV TV €Yypoaeav. Ot mivakeg
OVTITPOSMTEVOLY TO TOPEAOSV (16TOPIKO) TV apyei®V KOt EIvat TOAD KOO Yo, Lo pon Vo
anobnkevtel o évav mivaka. Emopévacg, o ypnomng pnopel va cuvdvdcel o mapeAfov kot

10 LEAAOV G€ UVOETO EPMTNLOTO KOL VO ETITUYEL VYNAT EKQPOCTIKOTITOL.

H apyn g emavainyng woydel oe avtiv ™ onuactoroyia: «Eva epdtnua pong mapdayet to
1010 amotéAespa LE TO OVTIOTOLXO EPOTNHO LN GLVEYOVLS PONG AV Ta 1d01a dedopéva NTav

amodnkevpéva og Evav wivaka" [13].
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‘Eva anhd mopdderypo to epdOTNUO TOL TTPOoPaAAel OAEC TIG GTHAES TOV MG PONG TTOL
ovopaderan Orders:

SELECT STREAM *

FROM Orders;

2nucio Xtiéns (Punctuation)

Muw dAAn Poown évvolr tov Calcite streaming eivol vo onueEIdOVEL TPOHOJO GTOVG
VTOAOYIGLOVG TOV. X€ EQUPUOYES TPAYUATIKOD YPOVOL OgV 0pKEL HOVO VO TAPOVUE TO
oot anoteléopata. [lpénel va to vToAoyilovye Kol 6T COGTH YPOVIKN GTIYUT], DGTE VO,
éyovv a&la. Avtoi givar ot Tpoémol Yo va. emttevydel mpdodoc ywpig cvuPifaciovg otnv
acQAAELNL:

e Movotovikd avéavoueveg otiAeg (m.y. rowtime) kot ekppacelc (m.y. floor(rowtime

to hour))
e XYnueia otigng (m.y. watermarks)

e 'H ovvdvaouodg kot tov dvo

Mmnopobue va ypnoiponomcovpe onueia otiéng [15, 16], yuo vo dawcearictel 6Tl TO
epoTNUO pog Bo onueldoel mpdodo akdUN Kot av Oev VTAPYOVV OPKETEG TIUEG OTO
povotovikd KAEWl yo va mapayBovv ta amoteléopata. Otav o pon emitpénel onpeio
otiéne, pmopel va ta&vounbel akdpo kot av givor pun ta&vounuévn apyikd. Avtd Hog
Bonba va ypnoiomolove tn onuaciorloyio pag, oav va rav tasvounpévn n pon. Emiong,
po pn toSvounpévn pon umopet emiong vo to&voundel edv eivar t-ta&ivounuévn 1
k-ta&vounpévn Kot To EPOTANATO UTOPEL VO TPOYPAUUATIGTOVV WE TOPOUOL0 TPOTO OTMG

edv elyape onueia oti&ng.

Mepwcéc @opég Béhovpe va ovykevipdoovue omoteléopoto (aggregate) mhve o€
XOPOKTNPIOTIKE TTOV dev givar pe faon o xpdvo, odAd glvar map’ OAa avTd povotovikd. “O
op1OUOS TV POPOV TOV UIC OUAOA EYEl UETATOTLOTEL UETALD THS KOTAGTAOHS VIKNG KOl THG
katdotaons nrrag” Bo UTOPOVoE Vo Elval Uio, LOVOTOVY 1010TNTO. X€ QLTHY TNV TEPITTOOT,
70 cvotnua Ba Tpénel va KataAldfel Lovo Tov Ot elval acQAAEC v eKTEAEGEL VTOAOYIGLLOVG
OV omd pio. Té€Toln 1010TNTe. Kot o, onpeio otiéng dev mpocsBétouy Kapia emumAéov

TAnpoopia.
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Oplopéveg petpnoelc k6otovg (petadedopéva) mpémel vo vhomombovv yia tov planner,
TPOKEWEVOL va. vrootnpi&el ta onuela otiéng, aeod péypt Td®pa vmootnpiler pudévo

LOVOTOVIKEG GTNHAEG HE TNV KAGor BuiltinMetadata.Collation.

Policies for emitting results

W 11.00

Arrival > Arrival
10:00 10:15 10:30 11:00 11:15 time 10:00 10:15 10:30 11:00 11:15 time

Monotonic column Watermark

Ew. 0.5.4.1, Tapaderypo pue watermarks [13].

Opropoi [MapaBopov

10 Calcite, pmopovpe va vToAoyicovpe GVVOOPOIGTIKEG CUVAPTNGELS GE POEG e TOAAOVG
SOPOPETIKOVE TPOTOVS. YTAPYoLV d1dpopot TOmol Tapaddpmy, Tov Totkilovy avdioyo ue
[14]:
o “Ilooec geipég mapayovial yio. KaOe oeIPa TOL ELGEPYETOL OTH TOVAPTHTY,
o  “Kabe eioepyouevy tiun eupavifetal oc éva abvolo i o€ mepioaotepa,”
e  “Auto mov xabopiler to mopabvpo, T0 cOUVOLO TV TEPWV TOV GVLUPGALOVY GE io
OVYKEKPLUEVN TEIPG TOD TTopayeTal.”

e  “FEivai 1o amotéleauo pia pon 1 pio ayéoy,

To amAd Group By ocvykevipdvel mOAAOTAEC GEPEC GE LTOCVLVOAL, 0POV KUBe GelPd
oupuPairel og axpifadc éva vrocvuvoro. AvtiBétmg, otav £xovpe £va Multi-Group By (m.y.
HOP 1 Grouping Sets) po ogipd pmopet va cupuPaiel o meplocoTEP OO £VO VITOGVUVOLQ.
‘Eyxovpe emiong cvvaptioelg napabdpav, ypnoworoidvtag to OVER, ot omoieg aprvovy

Tov 0plfUd TOV YPOUU®V opETaPAnTo Kol vroloyilovv emmAéov eKQPAGEIC Yo, KAOE

YPOUN.
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GROUP BY Multi Window
GROUP BY functions

Ew. 0.5.4.2, Awwpopetikég Zuvabdpolotikég cuvoptnoeig [14].

To mapoamdve mopdbopo pmopodv va, Katnyoplomombovv o1ovg akdAovbovg THTOLE
mopabOpwv:

e otabepd mapabvpo (GROUP BY)

e hopping window (multi GROUP BY)

e cvpoueva mapdBupa (window functions)

e cmiKaAvnTopeva mapdbvpa (window functions)

YXta0epa HapdOvpa

“Ta orabepa mopdbopo eivar pia oeipo otabepod ueyéBovg, UN-ETIKOADTTOUEVO. KAl
OVVEXOUEVA YPOVIKG, OLaTTHIOTO, TOV gkppalovtal ue to group by” [22]. Ilpoxeévov va
enutpanel 010 epOTNUO Vo ekteleotel oto Calcite, Ba mpémel vo ypNGULOTOICOVUE TNV
povotovikn ékepocn oto GROUP BY (PAéne onueio otiéng mapomdve). Extog and ™
xpnon tov group by, 1o Calcite ewonyoye tic TUMBLE, TUMBLE START «ot
TUMBLE END ocvuvaptioelg yio. vo dMCEL GTO ¥PNOTN TN OLuvaTOTNTO VO OpicEL T

TOAOTAOKES EKQPACELS.

Hopping Windows

“Ta Hopping mopaBovpa eivor uio yevikevon twv otabspav wopodipwv mov emitpémovy o
oedoueva vo. dratnpodvial o€ Evo. Topadopo yio Eva UEYAADTEPO OIGOTHUO. OTTO TO EKTEUTOVY
owotnuo.” [14]. Mmopovpe vo opicovpe hopping mapdbvpa, YPNCLLOTOIOVTAG TIG

ovvaptioelg HOP, HOP START kot HOP _END. Xe avtibeon pe to otobepd, eival
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eMKOALTTONEVA TOPdBVpa, oTo omola KAOe €yypap1 €16000V GLUPBAALEL GTOV VTOAOYICUO

TOVAQYLIOTOV pHiag eyypaen e£0d0v.

Grouping Sets

Xpnowonmotovpe Grouping Sets yia tn dnuovpyio poag e£660v 16060VaUNG e EKELVN TTOV
napdystor and €va UNION ALL molhamiov omidv GROUP BY. I'a mopdderypo ta
akolovba epoTiHaTe TEPLEYOVY Eva e€viaio oOVOAO opadomoinomng Kot divouv to id10
amotédecua [48]:

ql: SELECT a, b, c, SUM(x)

FROM v53

GROUP BY GROUPING SETS ((a, b, c¢));

q2: SELECT a, b, c, SUM(x)
FROM v53

GROUP BY a, b, c;

Av kot ta Grouping Sets umopet vo exppoctovv and T cuvaptioelc ROLLUP kot CUBE
[47], ot mpd&elg ovtéc dev 1oXLOLV Yl TO EPMTNUNTA GLVEYOVC pong, kabmg Oa
onovpynoovy éva cuvolo mov cvykevipavel Ta mdvia (GROUP BY () [14]. And v
6AAn mievpd, Grouping Sets 7OV TEPLEYOVV LOVOTOVIKEG EKPPAGELS WTOPOVV VO

xpNOLLoToINBovV 6€ VTOAOYIGUO PODY SEOOUEVMV.

Yvpoépeva Hapadvpa

To ovpdpeva mapdbupo mpoépyovior oamd ta Pacikd yopoktnpotikd e SQL yuw
“avaluTikég cvvaptnoEly” mov pmopovv vo ypnoworomBovv oto SELECT. T'a kdfe
EYYPOOQN TOV £pyeTal, o eyypaen Pyaivel, ce avtibeon pe to group by mov omoia

opadomotel ta ototyeia 16600V. MepKA GAAD YOPUKTNPIGTIKA TOV GLPOUEVOL TTaPABVPOL

elvat:
e  Mmopovv va oplotohV Tapabuvpa TAEAS®V, TEPA OO YPOVOL.
e Mmopovpue va avapepbole og ypappég mov dev £xovv Epbetl axopa.

e Xvuvaptnoelg mov Pacilovror otnyv tagvounon 6mowc RANK kot median pwopovv vo

VTOAOYIGTOVV.
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Emwoalvntopeva Mapadupa

“Av Oclovue éva epatnuo oL EMOTPEPEL Eva amotéleoua yio, kabe otoryeio, Omws Evol
ovpoueEVo Tapabvpo, alll ETAVOPEPEL TO, GUVOAQ Yia Evo, aTOBEPO YPOVIKO OLATTHUG, OTWS
éva otabepo mopabvpo” [14], UmOPOVUE VO YPNOCLUOTOMGOVUE £VO EMIKOAVTTOUEVO
napaBupo. o Tapaderypo:

SELECT STREAM rowtime,

productId,

units,

SUM (units) OVER (PARTITION BY FLOOR (rowtime TO HOUR)) AS

unitsSinceTopOfHour

FROM Orders;

H dwpopd pe tov mponyoduevo opiopd tov cupopevon mapadbpov eivarl OTL 1) LOVOTOVIKN
éxppaon Ppioketar oto PARTITION BY tov mapabipov. Kabe popd mov pie dpa mepvaet
010 mopddelyud pog, n tiun tov FLOOR(rowtime TO HOUR) aALalel, Eekivavtag Eva vEo
partition. Aapfavovtag vroyw Oti TaAld partition dev Oa ypnoporonBodv o endUEVOLS
VTOAOYIGHOVG, OAO TO, ETUEPOVE GVVOLN UTOPOVV VA ATOUOKPLVOOHV 0ld TNV E6MOTEPIKN
pviun tov Calcite. Q¢ ek TOVTOL, UTOPOVUE VA LTOBEGOLHIE OTL TO ETXIKAALTTOUEVA,

napaBupa eivar cupopeva mapdbupa pe olicOnon peyoivtepn and 1.

Hoapdadupa Xvvedpiog

Exmépnovv opddeg ortoyyeiov mov ywpiloviar amd kevd mov dev vmepPaivovv T
devtepoienta. Otav ypnolwonolovpe ta mopdbvpa cvvedpiag, Ta otoryeio Oa mpémel va
dwopebody peta&d Tovug pe Pdomn TV ¥povikn ofuaven tove. Av 600 otolxein £xovv
YPOVIKY amOCTOCN WIKPOTEPN amd O,Tt 10 kevd T devteporéntov, Oo sivar oty 101
nepiodo. Ztoweio pe UEYAADTEPN OmMOCTACT TOL YPOVOL Bo eival € SLOPOPETIKES

TEPLOBOVGS, AV OEV VTLAPYEL GTOLYXELD TTOV Va “KAgicel” TO KEVO cuvedpiag peTa&d Tovg [49]:
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window 1 window 2 window 3

900 00 — 000 - -0 000

|

session gap
smaller than

session gap

Ew. 0.5.4.6.a, [TapaBupa XZvvedpiag [49].

Mepucol amd ToVG TOPATAVE® 0PIGHOVG UTOPEL VO H1EVKPIVIGTOVV Ot T ETOUEVA GTOLYELDL:

Window types

Tumbling | “Every T seconds, emit the total for T seconds”
window

Hopping “Every T seconds, emit the total for T2 seconds”
window

Session | “Emit groups of records that are separated by gaps of no
window | more than T seconds”

Sliding “Every record, emit the total for the surrounding T

window | seconds”
“Every record, emit the total for the surrounding R records

Ew. 0.5.4.6.b, TOmot mopabopwv [13].
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Tumbling, hopping & session windows in SQL

Tumbling window select stream .. from Orders

!!H group by floor(rowtime to hour)

select stream .. from Orders
group by tumble(rowtime, interval ‘1’ hour)

Hopping window select stream .. from Orders

group by hop(rowtime, interval ‘1’ hour,
interval ‘2’ hour)

select stream .. from Orders
group by session(rowtime, interval ‘1’ hour)

Ew. 0.5.4.6.c, Xt00epd, Hopping mapdbvpa kot tapdbvpa cvvedpiog [13].

Sliding windows in SQL

select stream
sum(units) over w (partition by productId) as unitsihp,
sum(units) over w as unitsih,
rowtime, productId, units

from Orders

window w as (order byrowtime range interval ‘1’ hour preceding)

100 5 5 G 100 5

09:12 09:12

09:25 130 10 10 15 09:25 130 10

09:59 100 3 8 09:59 100 3

10:17 100 10— 23 10:17 100 10

Ew. 0.5.4.6.d, Zvpdueva mapdbvpa [13].

0.5.5 Z2vortijuara dwoyeipions Powyv Agdouévaov

Ov unyovég emefepyaciog podv dedouévov elvar oxedlaopéveg Yo vo. EKTEAODV TNV
eneéepyacio pe SQL tpomo yio To eioepydueva oToKEld KOOMDG PTAVOLV, YOPiG KT 'aviykn
Vv omofnKeLeT ToVG. Xe TEPMTOGEIS OTaV gival amapaitnTn N arodnkevon, cvuPatikég
Bdoeig dedopuévov SQL, eVoOUATOUEVEG GTO GUOTNM, UTOPOVV VO YPNCILOTOINO0VV Yo

mv  omodoTikotnTa. Ot pnyovég avtéc vmootnpilovv peydiov OyKov Kot YOUNANG
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kabvotépnong enefepyacio TV podv dedOUEVOY TOL PTAVOLV. TToAAG Té€Tolo cuoTHIATO
€YOUV TWPOKVLYEL TIG TEAEVLTOieS OgkaeTies, Ta omoio eELMNPETOVY SLUPOPETIKOVS TOTOVG

EPAPLOYDV Kol EIGAYOVV VEX YAPOUKTNPIOTIKA otV enelepyacia ponc.

Ad-hoc Queries

!

— Standing queries —
Input Output
Streams A Sivaiii stocetiig *Streams
— p L >
ETm'nal

Limited
Working
Storage

Archival Storage

Stream Data Management System

Ew. 0.5.5.a, Zootnua Aayeiptong Poov Agdopévav.

Yvotiuato 6t to Niagara [33] (pwa unyovn enegepyaciog XML), 1o Borealis [29] (éva
Katoveunpévo ovotnuo  enefepyaciag pong mov  KANPOVOUEL Tn  AELTOLPYIKOTNTA
eneéepyaciog Tov amd To Aurora Kot TNV KOTAVEUNUEVT AElToOLPYIKOTNTO 0t To Medusa),
STREAM [30] (yeviknig xpnong mpotdtumo ovoTnua dlayeiptong 0edouévamv pong) Kot
TelegraphCQ [31] (éva cOGTNUA Y10 TNV EQOPLOYT CLVEXDG TPOCOPUOCTIKNG eneEepyaciog
gpotmudtov pe Paon to Eddy) €0ecav to Oepého yioo T oOyypoveg TAATOOPLESG
eneéepyaciog pong dedopévav. Kamown dAia yvootd cvotiuata, mov €xovv viobetndel
EVPEMG KO YPNOCLLOTOOVVTIOL GE EPAPULOYES OTepa fvat:

e Apache Storm [40]: To Storm egivar éva avOlKTO TANIGIO KMOIKO TOV TOPEYEL
LEYAANG KAILOKOG GLALOYT YEYOVOT®OV, TOV dMpiovpynnke and to Twitter.

e Apache Spark [41]: 'Eva yevikd mhaiclo v v eneéepyocio dedopévov peyding
KMpokag mov vrootnpilel TOAAEG JLOQPOPETIKEG YADGGEG TPOYPUUUOTIGUOD KOt
€vvolec Omwg TV emeEepyacio pomv.

e Apache Flink [42]: 'Eva avowtd mAaiclo k®dOtka yio kotoveunpéva analytics
HeYEA®V OEOOUEVDV.

e Apache Samza [43]: 'Eva xatavepnuévo miaicio enegepyasiog pong, mov Tpdcpata

€ywe avorytov kmdtka omd to LinkedIn.
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e Esper [44]: Esper eival éva avolytod kmdowko mpoidv Paciopévo og Java yio thn
eneéepyacio mepimiokov yeyovotwv (CEP [55]) xou tnv emeéepyosio podv
yveyovotwv (ESP), mov avaivel oelpd yeyovotov yio TNV €E0y@YT GUUTEPAGUATMV

ortd avtd.

Qo16060, TO TEPLGCOTEPA OO OCLTA TO GLOTAUATA OVTIUETOTILOVY OvoKOAieg oTNnV
EKTTANPMOOT TOV ATUITNOEMV TOV TPENEL VoL TANPEL pia punyovn exeéepyacioc pong [32]. Ta
ocvotnuota wov Pacifovior otnv enefepyacia pe déopec, O6nmwc to mAaict MapReduce,
FlumeJava [45] ka1 Spark [41], méoyovv and npoPAnpota latency. [ToAld cvotipota dev
&Yovv ovoyn o€ GPAUALTE Kal OV Elval KMUOKOGILO pe €160000¢ peyaiov peyéboug (m.y.
Aurora [29], TelegraphCQ [31], Niagara [33], Esper [44]). Kamnowa dAla cvothuato,
TOPEYOVY OVOYN OE COAALOTO KOl KMUAK®OON HE KOGTOC OTNV EKPPACTIKOTNTO 1 OTNV
opBotnrta. Yndpyouv eniong mepTAOGELS, OOV TO GLGTHUATO OEV £YOVV TNV IKOVOTNTA VO
TapEYovy onuactoroyia ylo akpifmg pio eopd enefepyacia, mov ennpedlel Tnv opBoTNTA
mg €&6dov (Storm [40], Samza [43]). AXAa TapEYOVV TEPLOPIGUEVT] ONUAGLOAOYIO
mapabdpov (Lovo Tapdbvpa pe mAElddeg | mopdbvpa ypdvov), dnwg to Spark Streaming
[41] 7 to Trident [40]. Ta meplocdTepa Amd TO VRLEAPYOVTA GLGTHHOTA GLVEYOVS PONG OV
vrootnpilovv to cuvdvacoud mapabvpwv pe Pacn 1o ¥pPdvo EKOMAMCNG KAl TO TO YPOVO
eneéepyaciog otn onpocoroyia tovs. “To MillWheel koi to Spark Streaming dev dia0étovv
T0. LOVTEAQ TPOYPOUUOTIOUOD DWHAOD ETITEOOD TOV KOGVODY TOV DITOLOYVIGUO GOVEOPIMV UE
xpovo exoniwans orAo” [32]. Emiong, ta ovotuata Lambda Apyitextoviking pmopodv va
EMTOYOVV TOAAEC amd TG emBountéc omaltnoelg, OoAAG oavtiuetomilovy apkeTohg
MEPLOPICHOVE, Kot fomg Ba mpémer vo  avtikataotabovv and ovotiuata Kappa

Apytektovikng [34].

57



20InBS pabeuepy
aWOSaMY-01Ny
Bulwueans
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aAnoRIaU|
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IdV pPayiun
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aou(Q Ajpoex3
EpquieT oN
slawi]

Sy lewR1ep
Buimopuip
s1ab61]

MapReduce

Hadoop

Flume .. ... .
* * * * *

Storm *

Spark

MillWheel *

w EE B BN

Cloud Dataflow = %

Ew. 0.5.5.b, Z0yKpion S10popeTIKOV GUGTNUATOV podV dedopévav [69].

‘Eva dAAo TOAD OMUOVTIKO UEWOVEKTNUO, TOL TO UEYUADTEPO MEPOC TOV TAPUTAV®D
CUOTNUATOV cvVEYOLS poNG £xEl, €lvarl 1 ALY N N TEPLOPIOUEVN LTOCTHPIEN YOl Lo
SQL iotikn yAdoca emepmtnong (m.y. Storm, Spark, Samza). Q¢ amotéleopa, eivor
avayKoio 1 KA YVOOT TPOGTAKTIKOD TPOYPUUUATIOUOD KOl KATOVEUNILEVOV CLOTNUAT®OV
Y vo xpnoipwonombovv avtd to GUCTHHOTO amoTEAEspHOTIKA. Me ™ ypnon pag SQL
YA®GGOG, mov emekteivel v mopadociakn SQL yuwo vo gummpetioel T onuoctoloyio
pONG, TMOPEYOVUE OTO GUGTNHO &va OOUNUEVO TPOTO EKEPOONG EPOTNUATOV Kl
empémovpe TN Peitiotomoinon Tovg HE YVOOTEG TEYVIKEC Pdoewv dedouévmv OV
YPNOLLOTO0VVIOL OTA TOpadoclakd cvothiuata. H Bedtiotonoinomn dev mepropiletar povo
0€ YVMOTOVG KOVOVEG Kol aAyopifpovg TV oyeclokdv Pdoemv dedopévav, aArd umopel va
enektabel Yo vo KoAvyel ta {ntapato pong dedouévayv. Avth gival 1 AELITOVPYIKOTNTO TOV
npoomabovpue va glodyovpus otn pnyovy eneepyaciag pong mov €yovue emAélel, TO

SABER [2].

SABER

2y evotnta auti, o cu{ntmoovpe Kamotleg £vvoleg vyniov emmédov yuo 1o SABER [2].
[Iponyovueves epevvntikég mpoomdbeiec vy unyovég emefepyaciag pong dedouévav,

TpoomadovcaV VO EKUETOAAELTOVV €lT€ TOV TAPOAANAGUO €PYOcI®Y  €ite  TOV
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TOPUAANAMG LSO dESOUEVOV OTO KATOVEUNIEVA 1] KEVTPIKA TEPIPailovTa, ywpic va eetaotel

N SvvaTOTNTO ETEPOYEVOV OPYLTEKTOVIKOV. IOTOGO, OTIG HUEPES LOG Ol Servers Le

etepoyevelg apyitektovikég eivar dtobéotpor oe kévipa dedopévov kol vanpecieg cloud,

glodyovtag o véa myn mopoAAniicpov ywoo v enegepyacio pong dedopévav. Ot

GPGPUs mpoopépovy v evkaipion NG €KTEAECNG OPICUEVOV TUT®OV TOADTAOK®V

VTOAOYIGUAOV G€ VYNAOVS BaBove TapaAANAGLOD, LU OTOTEAEGLLA TN LEYIGTOTOINGCT TNG

anddoong ocvvoilkod cvotiuotos. To SABER eivar pio vBpdkn oyeotokn pnyovn

eneéepyaciog poov, mov ekterel epomuota SQL oe tétoln eTEpOYEV] GLGTHLATA, UE EVAV

TapdAANAo vy To dedouéva Tpomo. Xpnowomolel 6Aovg tovg dabécipovg CPU ot

GPGPU mupnveg yio v emitevén vyning anddoong enelepyaciag.

Ot Baokég teyvikég ovvelspopéc Tov SABER eivat:

To SABER ypnowomnotel éva vfpdikd poviéro eneéepyaciog pong, 6to omoio ot
epyaoiec tpéyovv mapdiinia oe CPU xor GPGPU kot mopoaAiinAiomolovvion
mepaltépw® o€ OAovg tovg mupnveg ¢ GPGPU. O  ypovodpoporoyntig
ypnowponotel évav heterogeneous lookahead scheduling (HLS) aAiyopiBpo, yuo va
exyopnoel ke epyacia epOTHATOG 6TOV KATAAANAO TOTO enelepyactn. Avtdg o
alyopiOpog avtiotoyilel €vo  GUYKEKPIWEVO EPATNUO G &VOV  ETEPOYEVN
enefepyaotn pue Pacm tnv mPonyovuevn GLUTEPLPOPE (VYNAOTEPN amOO0GT]) Kol
EMAVEL TBAVEG GLUYKPOVOELS, TPOoKeEEVOLD va BeitiotomomBel  aglomoinon tov
TOPWOV TOL GLGTHUATOG Kot Vo avéndel n amddoon.

Yroompiler onpactoloyic cupdpeveov mopadipov kot dtotnpel vynin anddoon
Yoo pkpd peyédn mopabdpov kal oAicOnonc. Xe avtibeon pe dAdeg unyovég, To
SABER omoocvvdéer 1 onuocwoioyioa mapobipov omd v omddocm  Tov
GLOTAHOTOS. AVTO €xel emidpacn oty omdoootn, €wWkd Otav 1 oiicOnon
mopabipov givor pkpn.

Yroompiler oav&ovopevn emnefepyacion (incremental processing) kotd TNV
eneéepyacio EVOG EPOTNUATOG UE €V GUPOUEVO TapdBvpPo, ¥PNOILOTOIDVTIAS TO
OTOTEAEGLLOTO, TOV VTOAOYICTNKAY Y10, TPONYOVUEVA TUNLATO, TopafVpoL oty 1010
déoun.

[Ipokeyévov va amopevyBoHv o1 KaBVoTEPNGELS TOV TPOKAAOVVTOL OO TNV Kivnon
tov dedopévav, o SABER sicdyst évav punyoviocpd coAvoong e mEVTE 6TAdN
Yo va “kpoyer” ovto o kOctog ot GPGPU.

H dwayeipion pvrung tov SABER gloyiotomotel tnv ekydpnorn Uviung He:

59



Lazy deserialization: Ot mAe1ddec amooeplomotovvTot Lovo otav ypetdletor
Kol arofnkevovior ce avamoapdotacn byte. Emiong, m amoceiplomoinon
mopayel LOVO TPOTOYOVOLS TUTOVC.

Object pooling: to SABER yprnoiponolel ototikd Kataveunuéve cOvora
AVTIKEWWEVOV (Eva avd viua) Yo OAa TIC Epyacieg, kal mivakeg byte, yia tnv
amoONKELON TOV EVOIAUECHOV ATOTEAECULATOV TOV TUNUATOV Tapabipwv,

TPOKELEVOD VO, ATOPELYDEL 1) SUVOLIKY KOTOVOUT VTG,

e H oapyirektovikn tov SABER amoteheiton and 1écoepa otdda eneepyaciog:

Input
Data
Streams

o

Y1400  AmoctoAng: dmuovpyel otabepd péyebog epyacidv Yoo Ta
EPOTNUOTA, Ol OTOiEG UmOopovV va ekteAectolV 1060 6 CPUs 0660 kot
GPUs, kot o toroBetel o€ o ovpd yioo OLOKANPO TO GUGTN LA

Yt1ad10 Ilpoypappatiopod (scheduling): amoeaciler mown epyosio Oo
ekteleotel endpevn anod kb eneEepyaotn ypnoonotwvtog tov HLS.
Ytadwo Extédeonc: tpéyel pia epyacia, gite og mupnveg CPU 1 GPGPU, kau
a&loloyel 10 omotélecuo UE EQPAPLOYN TNG CLVAPTNONG TOV TEAESTN €Ml
TOV TUNUATOV TOV Topdbvupov elGoymyNG.

210010 ATOTEAECUATOV: OVAOLOTACGEL TOL ATOTEAEGLLOTO TOV EPYACIAOV KOl
ovvopuoroyel to amoteAéopota wopabvpov pe omoTEAEGUATO Amd TO

TPONYOOUEVO GTA0.

Circular
Input
Buffers

rDispatl:hing Stage Scheduling Stage (CPU-based Execution Result Stage

Windows _ i~

S
<

Qutput
Data

L Stream
‘\‘ ™y
Queue | Query Task
of Query | Result Buffer
Tasks

\GPG PU-based Execution

Ew. 0.5.5.1.a, Emokénnon g apyrtextovikng tov SABER [2].

Xpnowomnomooape o SABER w¢ unyovn eneéepyacioc pong yio T0 cUCTNUO LOG, ETEWON

elvan kevrpikn (1 omoia fonda ot deoywyn mepapdtov o€ Eva povadikd pnydvnpa) Kot

vroomnpilel v onuactoAoyia odicOnong mapabivpov, adld dev €xel SQL vrootpiEn kot

BektioTomoinomn epOTNUATOV.
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Input Data Stream
Tulwlelulolelslalolu]u]

Batch b: Batch by | Batches
|t10| ts | te I t | tﬁl | L5 | L | 5 | t2| tll win. size 5=3
Window wy_ | |win. slide =1
Wil _ " T T T |
Wal Wsl____’__l
L I a
Batch b, Batch b, | Batches
|t10| tg | tﬁl 5} | tﬁl | ts | is | 5 | t2| tll win. size 5=7
x\!indow Wil o |win. slide I=2
w Melo—_-oIIooo FI |

Ew. 0.5.5.1.b , Aéopec podv dedopévav e 600 d1apopETIKOLG TVTTOVG Tapadvpwv [2].

0.6 Kavoves Beitiotomoinons oo Calcite

Hwg ypnowonorovue tov RelOptPlanner

Av1d givatl To Prpato Tov Tpénel va akoAovdnbovv yia v BEATIGTOTOINON UG OYXEGLOKNG
ékppaonc R :

e Emiléyovpe v embounty viomoinon 7tov RelOptPlanner. Mmopovue va
emAéoope avapeca otov HepPlanner (evpiotikdg PEATIOTOTOITNG TOPOUOLOG LUE
tov Catalyst tov Spark [12]) kot otov VolcanoPlanner (BeAtictonomtg duvapkcon
TPOYPOULUATIGHOV) | O EVO GLVOLAGUO AVTAOV.

o Koraympobdue v oyecwokn| ékppaocn R otov planner.

O Anmovpyovue TG KANCES Y OAOLG TOVG Kavoveg mov BéAovue va
EQOPUOGOLLLE.

o Kotatdooovue Tig KANGES TOV KavOVoOV ovarloyo pe Tn onuocio tovg. H
onuacia tov Kavova Kabopiletal amd v mOavOTNTO TOV VA TOPdyEL TV
KAADTEPT VAOTOINGN WO GYECLUKNG EKQPOONG OTNV EXAOYN TOV GYEDIOVL.
Qg amotélecpa, mopdyst éva PEAOG OO MO OMUOVTIKY oyéorn pe eOnvd
o164

m  Kolodue Tov mo onpavtikd Kovova.

m  Emovoloppdvoupe.
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‘Evag kavévag pmopel va mopodotnBel and 6molovg tedestéc touplalovv 6e avtdév oTnv
oyxeolakn pog ékepaot. ['a mapdderypa £xovpe tov e&ng kavoveg (to mapaderypa mapOnie

omd [18]):

1. O PushFilterThroughProjectRule, mov epapuoletor otovg tereotég (Filter
(Project(...)))

2. O CombineProjectsRule, mov epappdlerar otovg tereotés (Project (Project(...)))

Ag Bewprjoovpe To EnOUEVO TAGVO:

Project (deptno) [exp 1, subset A]
Filter (gender="F") [exp 2, subset B]
Project (deptno, gender, empno) [exp 3, subset C]

Project (deptno, gender, empno, salary) [exp 4, subset D]
TableScan (emp) [exp 0, subset X]

Otav epappodlovpe tov kavove PushFilterThroughProjectRule otig ekppdoegic 2 xar 3

naipvovpe to akdAovBo TAdvo:

Project (deptno) [exp 1, subset A]
Project (deptno, gender, empno) [exp 5, subset B]
Filter (gender="F") [exp 6, subset E]

Project (deptno, gender, empno, salary) [exp 4, subset D]
TableScan (emp) [exp 0, subset X]

[Mopatnpovpe 6t dNpovpyRONKay 000 VEEG GYEGELS OO TNV EQAPLOYT OVTOV TOV KOVOVA.
H éxppacn 5 avikel oto vroocvvoro B (emedn givar avtictoym g Ekepoong 2) kal n
éxppaon 6, avtictoryo, oto VTocvuvoro E. Xt0 véo avtd mopaydpuevo TAAVO, TapATNPOVLE
OTL  UTOPOLUE VO EQOPUOCOVUE VEOLG KOvOveG 7OV  Ogv  UMOPOVGOUE TPV
(CombineProjectsRule), Adym tng upetoTomiong ToV apylkov kavoévev. Emopévog, dvo

KOO KOVOVEG TUPOSOTOVVTAL:

H ék@paon 5 mopodotel 1ov kavéva CombineProjectsRule otig ekgpdoeig 1 kot 5, mov

TVPOJOTEL TO EMOUEVO TAAVO:

Project (deptno) [exp 7, subset A]
Filter (gender="F") [exp 6, subset E]
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Project (deptno, gender, empno, salary) [exp 4, subset D]
TableScan (emp) [exp O, subset X]

H véa kataywpnuévn éxepoon 6 mtvupodotei tov kavova PushFilterThroughProjectRule otig

exppacelc 6 Kot 4, Tov dnuovpyel To EXOUEVO TAGVO:

Project (deptno) [exp 1, subset A]
Project (deptno, gender, empno) [exp 5, subset B]
Project (deptno, gender, empno, salary) [exp 8, subset E]
Filter (gender="F") [exp 9, subset F]
TableScan (emp) [exp O, subset X]

Tehwed, o xavovag CombineProjectsRule otig ékppacic 7 kot 8 peldvel 0KOUo TEPICTOTEPO

70 B&Boc TOov 3EVTPOL GTO TEAMKO oG TAGVO:

Project (deptno) [exp 10, subset A]
Filter (gender="F") [exp 9, subset F]
TableScan (emp) [exp 0, subset X]

Avtiotoyioelg Kavovov umopovv va mpokAnBovv amd €vo madi vmochHVoAo Yo
OO0 TOTE amd TOVG Yoveilg Tov. Koatd tn Sadikacio g epaployng Tov Kavovmy, VEEG
relexps Qo pumopovoav va Kataympndovv, ol onoieg HTOPoLV va TPOKAAEGOVV J1APOPOVE
Kavoveg, cuvpmeptiapPavouévov tov kavova mov Tic onpovpynoe. Emiong, xatd v

eMPor TV KOVOVAV, Elval Suvatdv Vo GUYXOVELHOVY VTOGHVOLA.
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Example 2: FilterintoJoinRule

SELECT products.name, COUNT (*)
FROM sales

JOIN products USING (productId) aggregate
WHERE sales.discount IS NOT NULL
GROUP BY products.name
ORDER BY COUNT (*) DESC

aggregate

FilterintoJoinRule

translate SQL to
relational
algebra

filter’

scan scan
[products] [sales]

APACHE

PHUYENIX

Ew. 0.6.1, H gpappoyn tov FilterJoinRule [53].

Ipocapuoocuévor Kavoveg

Y10 RBStream, yopicope ™ Sadikacio Pertictonoinong oe Eexwpliotés QAGELS, Yo Vo
YIVEL TIO OTOTEAECUATIKN KOl O gOkoAd Otayepiown (0o ovlntOei pe mepiocodTEPES
AEMTOUEPELEC OTNV €VOTNTA TNG VAOTOINGNC). ALTEG Ol PACELG XPNOUYLOTOOLY gite TOV
VolcanoPlanner 11 tov HepPlanner. O VolcanoPlanner ypnotiuonoteital og pio evoidpeon
@don PBeltiotomoinomng, e £vo VITOGVVOLO TOV KavOvVaV, Yio va yaovpe duvapiKa o€ éva
opwopévo ympo avalntnong kot vo Ppovpe t PéAtiomn Avon. Emiong, povo pe tov
VolcanoPlanner pmopobupe vo  ypNOLUOTOCOVUE TOVG KOVOVEG EQOPUOYNG, TOV
LETATPETOVY TOVG AOYIKOVG TEAEGTEG OGS OE PUGIKOVG TEAECTEG E GUYKEKPLUEVT] GOUPao

(convention) kol yopaKTNPLoTIKA (7. enumerable).

Enedn 6pwg n gdon Bertiotonoinong pe tov VolcanoPlanner akolovBeital and @doeig mov
epappdlovpe €uploTKOVG KOVOVES UETACYNUOTICUOD KOl Ol TEPLOCOTEPOL AMO CAVTOVG
GYVOVV HOVO Y10 TOLG OMAOVG AOYIKOUG TEAESTES (dev pmopohv va ypnoiponombovv ce
QUOIKOVG  Teheotég), Oa  mpémer  va  epoapuoloviol  TPOCHPUOGUEVOL  KOVOVEG
UETACYNUATIGLOV, TTOL deV enNpedlovv T cOUPAOT Kol TO YOPAKTNPIGTIKG TOV TEAECTMV
KOl LETOTPETOVV TOVC (QULGIKOVG TEAECTEC G€ AOYIKOVG TOAL, KPATOVING OVETAPO TO

YOPAKTNPIOTIKA TOvg. Me ovt v  omhf| petotponn, e&ipoote o€ 0Béon  va
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EMAVAYPNCILOTOMGOVUE TOVG EVOOUHATOPEVOLS  kovovee Tov  Calcite pag o

LLETAYEVEGTEPEG PAGELS, YOPIG Vo ypeldleTat va Tovg Eavaypdyovpe amd v apyn.

Anuovpynoape emiong KOVOVEG EQOPUOYNG, TPOKEIUEVOD VO, EIGAYOVUE TOVG O1KOVS UG
TELEOTEC, TOV 0KOAOVOOVV TO HOVTELD KOGTOVG pE BAon To pLOUO €1GPONG TMV ESOUEVMV
mov  ypnopomombnke oto RBStream. Téhog, Onpovpynoape KATOWOLG KOVOVEG
LETACYNUATIGHOD 7OV YPTOLUOTOOVVTIOL €ITE Yl TN PEATIOTONOINGT), GE OPICUEVEC
TEPWTMOELS, E€ITE YO TNV TOPACKELT] TOV TEMKOU AOYIKOU oyediov pog, mov Ba sivar

KOTOAANAO Y10 TOV HETAGYNUATIOUO TOV GTO AVTIGTOLX0 PUOIKO oyédto Tov SABER.

Kavoves epapuoyijc SaberRel

Yrdpyovuv 6 kavoves €Qaproyng, €vag Yo kGBe TEAESTH TOL CLOTAUATOC MAG. AVTOL Ot
KOVOVEC UETATPETOVLY TOVG EVOOUOUTOUEVOVS AoyukoVg teleatég Tov Calcite og SaberRel
TEAEGTEG, MOV TTPOGHETOVY TNV AOYIKY TOL BEAOVUE Y10 TOV VIOAOYIGHO TOV KOGTOVS TMV

TAGVOV.

Néor Kavoveg Metacynuatiouod

FilterPushThroughFilterRule

AVTOC 0 KOVOVAG XPNOLOTOIEITAL Yio v LETOOEGEL VO GUVEXOUEVOVG TEAEGTES OIATPOV,
avéloya pe v emiektikotnta (selectivity) tovg. To o@idtpo pe v pkpdtepn
EMIAEKTIKOTITO LETOPEPETOL YOAUNAOTEPO, Y10 VO LEIDGOVE TO UEYEDOC TV dedoUEVOV TTOV
npombeitor oTo €mMOUEVA OTASIN TNG EKTEAEONG TOL EPOTAUATOS. AVTOC O KOVOVOG
ypnowonoteitar avti yu tov evoopatouévo FilterMergeRule kavéva kot BeAtidvel to

pLOUS TaPUYOYNG ATOTEAEGUATOV KATH TOAD GE OPIGUEVES TEPITTAOCELS.

Ytnv viomoinon pag, o xkavovag FilterPushThroughFilter pog forOnoe va dokipdcovpe tnv
Tpitn @daom ¢ ddikaciog Peitictomoinong mov dnuovpyncoaue O TOPATAVE KOUVOVOC
amottel tn gpnon tov VolcanoPlanner (duvopkdg Tpoypopupuoticids) Kot 10 6mwotd 0pleHo
TOL HOVTEAOL KOOTOVC UE Pdomn To puOud eiopong dedopévav, Tpokeévon va emtAndet

oMOTA.
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JoinTableScanSupportRule

O «xovovag JoinTableScanSupportRule mpocOéter évav Project teleoty mdveo amd éva
TableScan mov eival €icodog oe éva Join. Avtdg o kKavdvag pag Ponbdel va ektedAécovpie

teMKkd To TAGvo pog oto SABER.

0.7 Movtélo Koorovg

2Komog

‘Eva koAd opiopévo povtédo koOotovg mailer moAd onpoviikd polo oe éva choTNHO
dwaxeipiong podv dedopévov yioti:

o XpPNoYWOTOWVHE TO HOVIEAO KOGTOUG Yo TNV EKTIUNGCT TOV EMIATOCEDV TOV
Beltiotomomcemv 6€ £va o010 EpOTNUATOC (.. PLOUOG ATOTEAEGUATOV, XP1IoN
mopwv). Q¢ €Kk TOVTOVL, €lval omapoitnn mpoimdbeon Yo T PelticTomoinon
EPOTNUATOV UE BACT TO KOGTOC (KOl TN TPOCAPUOCTIKY SAXEIPIOT TOV TOPWOV).

o Ot petpnoelc xpdvov eKTEAECNC OIVOVV TANPOPOPIEG GYETIKA LLE TNV TOPOV KOl TO
napeABov, evd éva poviélo kOoTOvg kaBloTd dSuvarti TNV eKTiunoTn TV
TOPOUETPMV TOV GUCTNULATOG 6TO HEAAOV, av glvar akpiPeic.

e Mmopovue Vo LEUWGOVUE TO VTOAOYICTIKO KOGTOG YPTOILOTOIDVTAG EVOL OKPIPES
HOVTELD KOGTOVG, EMEWDN 1 TOPAKOAOVONON TAPUUETPOV TOV GVGTNHOTOG KATO TO

XpOvo extéleong umopel vo eivor akpiPn.

Hapauetpol Tov HOVTELOD KOGTOVS

To povtéro 1oV KOOTOLG poOG Pociletor og éva poviédo pe Paom to pvbud elopong Kot
expong Tov dedopévav [37, 26], pe CLYKEKPIUEVEG EMEKTACELS, MGTE VA TUPLALEL He TN
onuactoAoyio pag. Avtd 10 HOVTEAD KOGTOVUG YPNOILOTOLEITAL Ylo. TNV GTOTIKN
Beltiotomoinon pe otabepovg pvOpovs e160d0v, aAld umopel vo enektadel yio va kaAvyel
TIC OVAYKEC €VOC MPOCAPLOGTIKOD GLOTHUATOG dloyeiptong mopwv. YmoBétovpe 4Tl ot
VTOAOYIOTIKOL TOPOL TOL GUGTNHUOTOS WOG €ival emMapKels (eQIKTA ep@TANATO) KOl OEV

YPTOLLOTOIOVUE TNV TEYVIKY] ATOBOANG GOPTION TOL GPYLKOD LOVTIEAOL.
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H onuaacioloyia twv copousvwy mapalvpwy 6Tto Hovtélo uog

270 HOVTEAOD WOG KAVOLLLE KATOLEG TOPUOOYES Y10, TNV OTAOTOINGN TOV:

O1 mAelddeg mov ETAVOLY GTN Pon Elval G€ HOVOTOVIKA avEOVCO, GEPA Kol JEV
vIdpyel ekTOG oEPdG APEN (Yo avtd £xel AneOel uépyva amd 10 GVOTNUA).

A&V YPNGILOTOIOVLE GYECLOKOVG TIVOKEG GTO EPMTNLLOTA.

O1 mheradeg épyovton pe otabepd pubuo.

Ot vmoAoY1oTIKOL TOPOL TOV CLOTHLATOC LLOG EIVOL ETAPKEIC.

"Eyovpe tovg e&Ng terecTEC:

Tereomg Emloync: Avtoc o teheothg AapPdvel o¢ €i6odo Eva pedua S Kot divel og
amotédecpa éva ailo pedpo O, Tov omoiov ta cToyeia eivat £va vTOGHVOAO TOv S
OV 1KAVOTOLOVV TO. KATNYOPNHOTA TNG EMA0YNG. Mmopel va glvan gite pa mpofoin
(TeleoTNG EMAOYNG e EMAEKTIKOTNTA oM e 1) 1 éva eidTpo.

Tekeotg Zvvévoong: AVTOC 0 TEAEGTNG OVTITPOCMOTEVEL TNV GLVEVOON LE
ovpodueva apdbvpa TydV cuvexovg pong. Eivatl évag cuppetpikodc teAecTig TOV
AapPdver dvo pevpata €weddov L kot R, kot yio kéBe mheldda mov €pyeton o€
OTOLOONTOTE OO AVTEG TIG POEC EVAOVEL TNV TAEWLOO OVTN HE TA TEPIEXOUEVO TOV
TPEYOVTOG TapafOpOv NG AAANG poNg E1GOJ0V.

Tekeotég Zuvabpolotikdv Zuvapthoenv/IHopabvpov: Zmnv vioroinon pag, T06co ot
TeLeoTEC ZuvabpoloTikdV Zuvaptioeny 660 kot [Tapabipov pag divovv wc £€odo
To 1010 amotédeoua (kKai Ta dvo petappdlovioar oe Group By 1 MultiGroup By
oLVVAPTNOCELS o€ avtiBeon He TOVG OPWOUOVS TOV OMCOUE OTNV EVOTNTO TOV
apopovoe 1o Calcite Streaming). [laipvouv wg gicodo éva pevpa S, vroroyilovv Tic
oVVaBpOIoTIKEG GUVOPTNGEIS OV opilovtal amd Tov TEAESTN, Kol Tapdyovv €va

AAo pevpa O pe 0vTohg TOVG VTOAOYIGLOVG.

O1 mapaueTpor mapafvpwy Kar poOuov TapayOYNS ATOTELECUATOV

Ot Baowkég pag mapdpetpot eivar o puOUOS TOPAY®YNG ATOTEAEGUATOV Kot TO LEyeBog Tov

napadopov. Me avtég TG mapapéTpovsg, VIOAOYILOVIE TIG AMALTHOELS TOV TOPOV Y10 EVOV

teleot. Kdabe teheotng Aapfavel og eicodo pvbBuovg apiEng dedopévov katl to péyedog

evepymv mopabvpov kot e€ayel Eva puBud amotehespdtov Kot £vo véo uéyebog evepyod

napadvpov, avadioya pe Tov TOmo Tov TteEAesTh. Evepyd mapdbupo sivar “o uéoog apiBuos
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TV 0TOLYELWV ECO00V OV £IVOL EMAEELUA Y10, COUUETOXH WG EIGOOOS €GV 1) éE000¢ TOV TEAEOTH
TPOPOOOTEITOL OTNY €I6000 €VOS devtepov tedeatyy” [37]. YrobBétovpe otabepd puBud deiéng
Kot OTL VAPYEL OPKETN HVNUN Yo Vo eEumnpetnoet T puBotikéc anottnoelg (buffering)
TOV epOTMUATOV Hoc. To pHovtélo KOGTOVG YPNOMOTOIEITOL Kot Yo To Topdbupa wov
Bacilovtal ce mAewddeg kol yioo avtd mov Poaciloviol 6to ¥povo. XNV mEPInT®OTN TOV
napadvpwv Pdoel ypovov, 0 aplBuds TOV evepy®V TAEAO®V € €va Tapdbvpo 1 divovion
amd v akolovdn eElowon: Wi = A * T, 6mov T eivar o uéyebog tov mapabvpov pe faon
10 ¥povo Kot Al o pvBudc AeiEng tov mAelddwv amd v i wnyn. Ot petafintég mov
YPTOLLOTOIOVVTIOL Y10, TOV VTOAOYIGHO TOV KOGTOLG WHOG TopoLcldloviol 6To ETOUEVO

Syt

Table 1. Variables used in estimating resource requirements.

C, Cost of performing a selection on a single tuple

Cp Cost to probe an active window for a matching tuple just
arriving

Cy Cost to insert an arriving tuple into the sliding window

Cy Cost to invalidate an expired tuple from the sliding
window

el Selectivity factor of a selection predicate

Join selectivity factor

Aj Rate of arrival of tples from source §
w Size of a tuple-based window
T Size of a time-base window

Ew. 0.7.2, Ot petafintéc tov povtélov k6otoug pag [37].

21N ovvéyew 8o TAPOVGIACOVUE TIG GYECELS TOV TEPLYPAPOVV T TAPUUETPOVS KOL TOVG
TOPOLG Yo OAOVG TOVG TeEAeSTEG. Ot TopdpeTpotl pog giva:

® )0: 0 mapayouevos puudg dedopEvmV Yo kGbe TEAESTN

e Wo: 10 péyebog mapabipov oty €080 evog TElETN

e (C: 70 KOGTOC YPNOIUOTOINCoTG EVOG TELEGTN

e M: n uvnun mov ypetdleton ylo kabe teeot

Ytov emdpevo mivako £yovpe OAEG TIC OYEGELS YO TOV VLTOAOYIGUO TOV TOPOUTAVED

TOPAUETPOV:
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Emoyn 2uvéveon 2ovaBpoloTIKEG
Yvvaptnioeic/apabupa
Ao M*o *(WR*AL + WL*AR) | multiplier*Ai
Wo Wi*o *WR*WL Wi
C Al * Co (AL+AR)*(Cp+Ci+Cv) | multiplier*Co*Ai
M 0 WR+WL Wi

[Mivakag. 0.7.3, Zy€oelg KOGTOVG Y10 TOVG TEAEGTEG TOL GUGTNLOTOG,

2toyog Beltioromoinong

Aappdavovtag vroyn €va cuvoLACTIKO EPATNUA Yo TNYEG GLVEXOUEV®VY poddV, opilovue

000 CLUVAPTNGELS Y10 OTOLOVONTOTE GYENI0 EKTEAEGNC P Y10 VTS TO EPMTNLOL:

e A(p): to throughput Tov oyediov eivan ico ue A(p)=[] Ai(p)
i=1

e C(p): T0 x66TOC apyKOTOinoNg dpwv eival ico ne C(p)= Y. Ci(p)
i=1

O ot6y0¢ ¢ Pertictomoinong pag eivar vo Ppovue 10 ox€do pe to péyioto R(p)=
Mp)/C(p), kabmg B€lovpe vo peyiotomonBel 1 tayvINTO TOPAYWYNS SEOOUEVOV KOl VO
elayrotomomBel o KO0TOG apykomoinong EmmAéov, Aappdvovpe vwodyn T pviun mov

amouteitor yoo kaBe mAGvo. Oa 0EOAOYAGOVUE TO HOVIEAO WHOG OTO KEPAANO TNG

a&loAdynong.

0.8 Ileprypopn thys viomoinong

H apyitekrovikij tov RBStream

To ovomud pog Poaociletor oto Apache Calcite mov moailer kevipwd pdio o1V
apyrtektovikny pog (Ew. 0.8.1.a). IMopakdtm, Bo cvvoyicovue to Té00EPA GTASLD TOV

GLOTNUATOG LOG:
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Ew. 0.8.1.a, H apyttektovikn tov RBStream.

Xtdowo wpwv T PeltioTonmoinon

Ye ovtd 1o otado, o ypnotng opiler TG mMyéc pong €wwddov yw to Calcite, eite
TPOYPAUUATIOTIKA  (ypnowpomoidvtag SchemaFactory, Schema, TableFactory ot
ScannableTable) 1 dnidvoviag oynuato Kot Tovg mivakeg e éva apyeio JSON. Avto to
CYNUO LETATPETETOL GTOVG OVTIOTOLYOVG TTivakeg Kot TOmovg dedopévmv tov SABER. TIpwy
omd ™V VTOPOAN €VOC EPOTNUOTOS OTO GUGTNHO, VIAPYOVV JLAPOPES TOPAUETPOL TNG
dwdkaciog Pertiotomoinong yio va emAEEOVE, OTTMG:

e Eite va ypnolUOTOMGOVUE TO HOVTELO KOGTOVC We Pdomn 1o puBud eiopong twv

0edoEVOV TO 1 TO EVOOUATOIEVO LoVTELD KOoTOLG Tov Calcite.

O oAyoplBpog oAlayng oelpdc TOV CLVEVOCE®V: umopel va emidééel eite tov
eEVTANTIKO 0AYOPIONO, 0 0TTO10C TPOTIUATAL Y10 VO KPS aplBd cLUVEVDGE®Y, N
TOV €VPETIKO AAYOPIOUO, O 0TTOT0G TPOTILATOL GT YEVIKT TEPITTOON.

EmumAéov, o ypnomng umopei va mpocapprocet  Stapdpe®aon Tov cuoThotoc tov SABER

Kot va emAégel TG mopopétpovg ektéAeong, Omwg 1o péyebog twv buffer mov

YPTOLLOTOOVVTIAL, TNV TOAITIKY XPOVOSPOUOAOYIONG, TOV aplfud tov vnudtov mov Oao

apytkomoinBovv 1 Tov TpoéTo ektéAeonc Tov cvotipatog (CPU, GPU 1 kot ta 0vo ).

Ytaow BeiticTomoinong
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Xpnowonotovue €va cvvdvacpd tov Volcano and Heuristic planners tov Calcite. H
Bektiotomoinon dwuywpiletal oe £€L PAGELS, TPOKEUEVOL VO, £IVOL TLO OTOTEAEGHOTIKT KO
mo €VKOAN o1 dayeipion. H amotelecpatikdtnTo TOU S10(OPIGHOD 0VTOV TOPOVCIACTNKE
amd 1o yeyovog OtTL o€ kdbe @don epapuolovial HOVO GYETIKEC LTOKOTNYOPiEG KAVOVOV,
LELOVOVTOC TO XOPO avaliTnong Kol TNV ToAvTA0KOTNTA TG dtodikaciog ferTioTonoinonc.
Av 6Aot ot kKavoveg epapuoloviav ce pia povo @don, gite Ba Ernapve ToAD ypovo Yo Vo
vroloylotel 10 PBEATIOTO GYESI0 €vOG oLVOETOVL £pOTAHUOTOG, UE TN ¥pnon tov Volcano
planner, gite dev Oa maipvape 10 BéATIoTO TAGVO pE TN Xprion Tov Heuristic planner. Eniong
otov Heuristic planner, 1 cgpd pe v omoio epappdlovtal o1 Kavoveg umopel va 0dnynoet
o€ OlQOPETIKEG AVGELS.  AduPavoviag ovTéC TIG TOPOTNPNCES VLIOYLY, EYOVUE
KOTNYOPLOTOMGEL TOVG KAVOVEG HOG HE PAON TN AEITOVPYIKOTNTO TOVLG KOl TOVS EXOVLE
dlatdéel avaioya yio va emtevyfel KOADTEPO OMOTEAECUO YPNOULOTOLDOVTAC TO COOTO
planner cg ka0e @don. Q¢ ek TOVTOL, UTOPOVLE VO TPOGHEGOLLE, VO KOTAPYTGOVLLE KOl VO
AAAGEOVIE TOVG KOVOVEG LOVO GTN PAGT TOL BELOLLLE, YWPIG VO EXNPEACOVLE TNV VITOAOUTN
aAvaida PBedtiotomoinong. Ta fRuata avtig g dtadikaciag eivat:
e To gpdtnuo avaidetal Kot emKup@veTal 1060 Evavtl vog Katdloyov tov nnydv
dedopévav 660 KOl OTOVG TPocoppocuévovg SqlValidator (emkvpmver 1O
GUVTOKTIKO 0EVOPO KOl TOPEXEL ONUOCIOAOYIKY TANpogopic. Yy avtd) Kot

SqlOperatorTable.

® Y11 CLVEXELD, TO EPMTNUN LETATPEMETAL GE OVATOPAGTACT AOYIKOD TAGVOL Y10, TO
Calcite. Avt n avaropdotaon eivar €va dévepo-ypaonuo pe tedectéc SQL wg
KOUPOLG Kal T pon TV ded0UEVOV LETAED TOVG O OKULEC.

e H PeAtiotomoinom pe Pdon 10 kdotog (Cost Based Optimization - CBO) [82] tov
Calcite g@apuolel eVEOUATOUEVOVG KOL TPOCUPHOCUEVOVS KOVOVEC OVALOYA LLE TO
emAeypuévo poviého ko6otovg. H viomoinon tov CBO pog cvvovdler 1660 0
VolcanoPlanner 660 kot to HepPlanner kot yopilel T dwadikocio feAtioTonoinong
og uKpotepa TUNpata. Avto pog Ponbd va emoeeinbovpe and v avetopnoia
TV Odpopov TOUM®V kovovov. Av kol 1 dwdwacio PeAitiotomoinong 6Oo
dnuovpynoet moAAG Thova TAAV EKTELEOTG, TEMKA LOVO QLTO LE TO YOUNAOTEPO
dvvatd kootog Ba emheyel. Ot pdoelg feltiotonoinong 0o culntnOody apydTeEpO o€

0VTO TO KEPAALO M0 S1e£01KAL.

71



/ f_gqliNode

- RelNode
+ RexNud_e

.

saL
pars

~ Calcite Planning Process

Add Rule matches to Queue
Apply Rule match transformations

——

tree
—

Sql-to-Rel Converter

to plan graph

I‘/Lc.gu:al P;\{

/

-

Planner Iterate for fixed iterations or until
N cost doesn’t change
Node & Match importance based on cost of
bh ) ® ® @' | RelNodeand height
/ Rule Match Queue 7
o 00 ® 00 |
1. Plan Graph 2. Rules 3. Cost Model

Node for each node in Input
Plan

Each node is a Set of
altemnate Sub Plans

Set further divided into
Subsets: based on traits like
sortedness

Rule: specifies an Operator
sub-graph to match and logic
to generate equivalent ‘better’
sub-graph
~New and original sub-graph
both remain in contention

RelNodes have Cost &
Cumulative Cost

4. Metadata Providers

Used to plug in Schema,
cost formulas

Filter selectivity

Join selectivity

NDV calculations

Based on “Volcane” & “Cascades” papers [G. Graefe]

l Best RelNode Graph

Translate to
runtime

Ew. 0.8.1.b, H dwdkacio emhoyng ntidvov oto Calcite [53].

Ytdo10 Metatpomig

APACHE

PHUYENIX

Ye avTO TO 0TAO10 TO PEATICTOTOMUEVO AOYIKO TTAGVO petatpénetol and tov Physical Rule

Converter TOL GLGTNUATOC LOG GE £V PLGIKO GYED10, £TOLUO Vo ekTeELEoTEL amd To SABER.

Xovleta gpotnuato SQL petotpémoviol e 0eKAdEG YPOUUUES KMOIKO TOV UITOPOVV V.

extedeotovv oto SABER, pe pikpn emdpovon yAoct®v ToL SELTEPOAENTOL TPV TNV

évapén g eKTELEONG TOL EPMOTNHLOTOG.

216010 Extéleong

Téhoc, 10 oo TAdvo ektereitar oto SABER, ka1 o1 dtdpopeg LeTp|OELS TOV GVOTNHHOTOG

GLAAEYOVTOL KO TOPOVGLALOVTOL GTO (PN OTH).
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Ew. 0.8.1.c, [Tio Aemtouepng emiokomnon tov RBStream.

2nuacioroyio dedousvav pong

Xpnoyorowobpe T akdiovbeg cuvaptioelg tov Calcite [14] yia va opicovpe v SQL yua
T0. 0EOOUEVA PONG GTO GUGTIUO [LOG:
Scalar functions:

e FLOOR(dateTime TO intervalType): otpoyyvlomolel 7po¢ To KAT® Lo
nuepounvio, to ¥poévo 1 UL oPpayida yPOVOL GE €V GUYKEKPLUEVO YPOVIKO

Sdotnpa.
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CEIL(dateTime TO intervalType): 6tpoyyvAoTOlEL TPOG TO TAV® Lo UEPOUN VM,

70 YPOVO 1 Uit GPPAYida XPOVOL GE £VO GUYKEKPILEVO YPOVIKO O1ACTN LA

Partitioning functions:

HOP(t, emit, retain): emotpéeet po. GLALOYN amd group keys yio o ypopuun yio vo
gival péhog oe éva hopping window.

HOP(t, emit, retain, align): emotpépel o curlioyn amd group keys yio pio ypopuun
Y va givor pérog oe éva hopping window pe pio ovykekpipévn evbuypappion
XPOVOUL.

TUMBLE(t, emit): emotpépet po. cuAloyn omd group keys yia pio ypoppun yio va
gival péhog og évo tumbling window.

TUMBLE(t, emit, align): emotpépet po cviloyn and group keys yio pio ypopun
Y va givor pérog og éva tumbling window pe o ovykekpipévn vbuypappion

XPOVOUL.

H ovvaptmon TUMBLEC(Y, e) eivat icodvvaun pe tnyy TUMBLE(t, e, TIME '00:00:00").

H ocvvéaptnon TUMBLEC(, e, a) givat icodvvaun pe tnv HOP(t, e, e, a).

H ovvaptnon HOP(t, e, r) etvan 100d0vape pe v HOP(t, e, r, TIME '00:00:00").

Evo 10 SABER mpocpépel cupdueva mopdbupa 1660 pe Baon to xpovo Kot 660 Kal Tig

mhelddeg omolovdnmote peyébovg kot odicOnong, to Calcite meplopilel TIC EMAOYES HOG LE

mv tpéyovca viomoinon tov. ¢ €k ToVTOV, £YOVUE TEPLOPIGUEVOLS TPOTOVG EKQPOONS

TopaBVPOV 6TO GUGTNUA LOG AVTH TN OTLYUN:

Av dgv opiletar mapdBvpo amd v SQL, xpnNGYOTOOVUE TO TPOETIAEYUEVO
Tapabupo. v €Qapuoyn Hoc, To Tposmileyuévo tapabupo gival to now-window,
oL gival mapdbvpo pe Baon to xpovo ueyéBoug kat oAicOnong 1.
O ypnong pmopel vo opicetl éva otabepd Tapabupo ¥PNCILOTODVTOG KATAAAN AN
11 ovvaptioelg FLOOR ka1 CEIL xotd ™ dMiwon tov GROUP BY. Ilpog 10
POV, UTOPOVV VO OPIGTOVV LOVo mapdadupa pe Pdorn To xpovo e ToV TPOTO avTo,
Ta. omoio éxovv To péyeboc Tov 1 sec, 1 Aentd, 1 opa 1 1 nuépa (mov exppdalovrot
o€ vavodevutepoienta). o mapddety Lo, To EMOUEVO EPMTNLLOL:

select rowtime, productid, sum(units)

from s.orders

group by rowtime, productid, floor (rowtime to hour)
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UETATPETETAL OE €va TEAESTN GLVOOPOIGTIKNG CLUVAPTNONG TOL 0BPOIGHATOC
vroAoylopevov og otabepd mapdbupo pe péyebog pio dpa 6€ VOVOdIELTEPOLETTA
(ta otafepd mapdBupa glvar cvupdpeva napdbvpa pe péyebog ico pe v oiicOnon)
mg 7mNyNg oedopévev pong s.orders. Avtd to mopdbvpo UETATPEMETOL OF
WindowType.RANGE BASED mapdbupo gopovg = oAicOnong = 3600000 oto
SABER.

O ypnotng umopei emiong vo opicel éva otabepd mapdbvpo mwov Paciletar cto
xpovo ypnoiporowwviag T1¢ ovvaptioels TUMBLE, TUMBLE START «ot
TUMBLE END. I'ta mapddetypa oe autd T0 EpOTNHA:

select tumble end(rowtime, interval '2' hour) as rowtime

from s.orders

group by tumble (rowtime, interval '2' hour), productid
éxoope otabepd mapdbvpa peyébovg ico pe 7200000 (600 dpeg o€
vavodeuTePOAETTA). AVTEG Ol GLUVOPTIGELS Lag SIVOUV TNV guKapia Vo EKPPAGOVLE
mo mepimloka mopdbvpa oe avtibeorn pe v mponyolLUEVN TEPINT®ON, TO ONOin
uropovV emiong va vOLYPALUIGTOUV divovTag Lid TPitn TAPALETPO GTH GLVEAPTNON
TUMBLE. Avti n Aettovpyia dev vrootnpiletor and to SABER akdpa.
O ypnotng umopel va opicel cupdueva tapddvpa pe fAcn To xpOvo Kot TIG TAELAOESG
pe oAicOnon 1 pe ) ypnon tov cvvaptoemv OVER kot Windows. £t o1k pog
vAomoinomn, dev ¥pNoionolovpe tn cvvéptnon OVER cdppwva pe tov optopd mov
ddoape oty gvomta ya to Calcite Streaming, oaAld yw tov opiopd omimdv
ovvafpolotikdv cuvaptioenv (to SABER dev vmootnpiler tov opiopd g
ovvapmnong OVER oaxopa). ‘Eva  mapddetypo evog  tétoov  mopabipov
(WindowType.ROW_BASED cg SABER) givau

select rowtime, productid, SUM(units) over pr

from s.orders

window pr as (PARTITION BY productid ROWS BETWEEN 5

PRECEDING AND 10 FOLLOWING)

e avTod TO EpATNUO £YOLUE Ulo cuvdptnon Aggregate aBpoicatoc e cuPOUEVO
napaBvpo peyéBovg 15 kar oAicOnong 1, m omoia petoarpémetar oto SABER o¢
WindowType.ROW_BASED mapdfupo.

Avtiotoyo, éva mapaderypo tapadvpov pe Baon tov xpovov ue péyebog 1000 kot

oMaoBnon 1 etva:
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select rowtime, productid, SUM(units) over pr
from s.orders

window pr as (PARTITION BY rowtime, productid RANGE

INTERVAL 'l' SECOND PRECEDING)
O yxpnotng umopet va kabopicel cupdpeva mapdbvpa poévo pe Bdon To xpovo OTMG
TPy, OAAG emmAéov pe ohicOnom peyéBovg 1000 (1 devteporemto), 60000 (1
Aemtd), 3600000 (1 dpa) 1 86400000 (1 nuépa) ypnopomoidvrag gite T FLOOR
gite  CEIL ovvdaptnomn oto partiotion statement Tov opiopuod tov wapadvpov. [a
mopadety Lo

select rowtime, min(orderid) over pr

from s.orders

window pr as (PARTITION BY floor (rowtime to second) RANGE

INTERVAL 'l' HOUR PRECEDING)

Av16 10 gpdTNpO VIOAOYILEL TO EAd1oTO orderid mhve o€ Eva cupodUEVO TAPABLPO
peyébovg 3600000 kot oAicOnong 1000.
Téhoc, o ypfotg umopei va opicel mapdBupa hopping pe Pdon 1o xpovo pe TIg
ovvaptinoelg HOP, HOP START xa1r HOP_END. T'a mapdéderypo, oto endpevo
EPATNLLOL

select hop start(rowtime, interval 'l' hour, interval '3'

hour) as rowtime, count(*) as c

from s.orders

group by hop(rowtime, interval 'l' hour, interval '3

hour) ;
éyoope  éva. hopping mapdBvpo  peyéBovc=10800000 (3 ®peg) Ko
0AioOnong=3600000 (1 dpa). Me avTEC TIG GLUVOPTNGELS LTOPOVILE VO EKQPACOVLE
7O TOAVTAOKA GUPOUEVE Tapdbvpa e Baomn to xpdvo amd 6,Tt Bo UTOPOVCALE OTIC

TOUPATAVD TEPIMTOCELS, KOODC Eyovpe peyolvtepo Eleyyo tng oAicOnong.

daoceig Beltioronmoinong

Xmv vAomoinon pog, to Apache Calcite ypnoponoteital yio vo giodyovpe évav Aoykod
BeAltiotorom pe Pdon to k6ct0G (Cost Based Logical Optimizer - CBO) sto SABER. O
okomdg ¢ Peltiotomoinong elval va avénbei o pvOuodg TapAy®YNG ATOTELEGUATOV TOV

EPMTNUOTOC, ELOYLOTOTOIOVTAG TOPAAANAL TO HEYEDOg TMV EVOIAUECHOV OTOTELECUATMV
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oL dNpovpyYoHVTOL. AVTEC 0L AOYIKEG PEATIOTONTOINOELS LITOopovV va BeEATidcovv To latency
evlg epOTNUOTOC Kol dtgvkoAlvvouvv oe peydio Pabud tm ypnon tov SABER (ywo
napadetypa, ol ypnoteg dev ypetdletor va vtoPalovy £va PEATIGTOTOMUEVO EPAOTNHL LLE TN
OMOTN GEPl GLVEVAOONC, YO VO UTOPEL Vo EKTEAECTEL OMOTEAEGUATIKA). AvTi Yo TO
selectivity gvog mivaka, T0 HOVTEAO TOL KOGTOVLG LOG YPNOLOTTOLEL TO pLOUO €GOS0V TV
dedopévov Kot 1o péyebog Tov mapabvpov yia va amoacicel molo eival 1 PEATIOTN GEPd

GUVEVOOTG TV PODV KOl VO LELMOCEL CIUOVTIKA TO latency Tov ep®@THHOTOC.

Ot BeATIOTOTOCELS EPOTNUATOV GE [o Unyovi enegepyaciog EPOTNUATOV UTOPOVV Vo
ta&wvounbovv ce dV0 KaTNyopies: TIG AOYIKEG PEATIGTOTOGELS EPMTNILATOG KOL TIG PUGIKEG
BeltioTomomoelg epOTUOTOS. O aoyoAnBodue Hovo pe Ty TPp®OTN Katnyopia, kabmg 1
de0TEPN 0POPA PEATIDOEIC TOV £YOVV VO KAVOLV LE TNV EKTEAECT TOVL EPOTNLOTOS GTO
SABER (m.x. xpovodpopoloyion), ot onoieg exterobvtal non and 10 SABER ecwtepikd,
KOl TNV €MAOYN HETAED SL0POPETIKOV VAOTOmoemv, mov dgv vmootnpiler To SABER
axopa. Ot Loyikég PEATIOTOTOMGELS EPOTNUATOV UTOPOVV VO TPOCIOPIGTOOV UE Pdom T

oyxeolakn dryefpo, avedpTnTa TO PLGIKO GTPMO GTO OTTOI0 EKTEAEITOL TO EPMOTN LA

Ot Lhoywéc Pertiotomomoelg epotuatog mov geappdlovior oto SABER pmopodv va

KatnyoplonomBovv ce:

e Beltiotonoinon yia kAddepa tpofoing (Projection Pruning).

e BeAtiotonomoelg yun to kotéfacua kotnyopnudtev (Predicate Push Down).

e Koavoveg mov cuyymvedovv 800 cuVEXOUEVOVG TEAEGTEC TPOPOA®V 1| QIATP®V oE
évav.

o Koavoveg Bedtiotonmoinon yuo v avadidtaln tng GEPAg GLVEVOGTG PODV.

o Kovoveg oyetikd pe 10 ovumepacud petofatikdv kartnyopnudtov (Transitive

Predicates).

Qc1000, dev UTOPOVV OAOL Ol KOVOVEG, TOV YPTGLULOTOLOVVTIAL VIO TV VAOTOINGT Hag, Vo
enoeeAnbovv and éva CBO. Qg ex T0UTOVL, ¥PNCYOTOLOVUE Ve GuVOLAGUO TV Volcano

ka1 Heuristic planners tov Calcite e 6tdd10 (0nwc oto Hive [38] 1 oto Drill [39]).
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Optimization
Phases

Calcite's SOL —— Calcite OperatorTree —————»

PhysicalRuleConverter

Cptimized Calcite ) SABER Operator
Operator Tree Tree

|

Execution in SABER

Ew. 0.8.3.a, And v SQL péypr v extéreon oto SABER.

Ot pdoelg Pertiotonoinomng mov epopudlovtal o€ Eva ded0UEVO GYESL0 SLOPEPOVY VALY,
HE TOV TUTO PBEATIOTONMOINONG OV EMAEYETAL OO TO XPNOTNH. AV 0 ¥pNoTNg £xel emAEEeL va
unv BeAtiotomomaoetl 10 epd@INUA, epopuolovtal Hovo kavovec mov Ba pog fonbricovy va

oniodocovpe Ta Tapdbupa yio T oNUAGIOA0YiN TV 0ES0UEVOVY POTG LLOG.

Daon 1: Yrootipién mapalipwy

Ymv mpatn @don Oo emPdrovpe TOVG KOVOVEG TOL EQVAYPAPOVLY TO APYIKO GYESL0
EPOTANATOC HOGC KOl ONpovpyohv TOvG TEAESTEC TopoBHPOL YPNOCLLOTOLDVING TOV
HepPlanner. Avtd givar éva Bacikd oTddto, KaOmMS Log TapEyel TNV KATAAAN AN vTooTpién
napabdpov mov ekppdletar amd v SQL tov Calcite kou Ponfd to cvoTmua pe T

ONUOCI0A0YI0 TV dedOUEVOV PONG.

Dacon 2: Evpiotikotl Kavoveg

Ot kovéveg moOv OVAKOLY ©€ OVTN TN Odon dev emw@elovvtar and to CBO «kat
epapuolovtar and 1o HepPlanner. Avtoil ot kovoveg mpémel va eapuoloviol yevikd,
aveEdpnta omd TO HOVIEAO KOGTOUG TOV YPNOULOTOLEITAL OTNV EPUPUOYN UG, KAOdG
LELOVOLV TO GUVOAIKO KOGTOG. MTopovv va kotnyoplomoinfodv wg e&ng:

e Distinct Aggregate Rewrite

® TUYyY®VELOT, aPaipecn Kot HEi®oN TPoPoAdV.

e I[IpocHnkn constant propagation ko folding, transitive inference, 6yt null filters ko

vroothpién yo Joins ue WHERE.

e Klddepo ddc1®mv anoTEAETUATOV KOVOVOV.
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Daaon 3: Pre-Join Kavives mov ennpealovrat aro to CBO

Xm edon 3, 0élovue va avalntnoovpe €EavTANTKA Yy 0 BEATIOTO GYESI0 GTO YMDPO
avalpmong mov opiletal amd tovg Kavoves pog. QG OmOTEAEGUM, YPTCLUOTOIOVUE TO
VolcanoPlanner. Ot xovoveg avtoi epapuoloviol 6€ GUVOLOGUO WE TOVG KAVOVES TOV
UETATPOTED, KO EMICTPEPOLV £VO OYESI0 EPMTNUNTOC WHE TEAECTEC TOL €YOLV L
ovykekpluévn ovpPaocn. Katd m yxprion tov poviéhov mov Paciletor oto pvlud e1opong
OedoEVMV, Ol KOvOVeG LETATPOTTNG UAAALOVY TOVG EVOOUATMOUEVOVG TEAEGTEC GE TEAECTEG
mov vmootnpifovv o poviého pag. H ¢@don ovt) eivor amoapaitntn mpokepévov va
epappocovpe apyotepa PEATICTOTOMOELS HAG XPTCLOTOIDVTOS TO HOVIEAD KOGTOVG TTOV

dnuovpyndnke.

Ot mopomdve Kavdéveg ypnoyLomolodv to mpocappocpévo SaberRelFactory avii 1o
evoouatouévo RelFactory tov Calcite. Me avtov tov tpdmo, £xovpe €1GAYEL TO LOVTEAO
KOOGTOVG HoG Kol PEATIOTOTOIO0UE £VO GUYKEKPLUEVO TAAVO pe Paon Tt Aoywkn pog. Av o
YPNOTNG €xEL EMAEEEL VO UMV (PTCULOTOIGEL TO HOVTEAD HOG, Oa ypnotpomonBodv ot id1ot

Kavoveg, oAAG pe ta eveopatopévo RelFactory kot poviéAo K6GTOUG.

Dacn 4: Kavoveg Avaoraraéns Zvvevacewy

AvTt givol 1 TO ONUOVTIKY QAT OTO GUVOETA EPOTAUOTA UE TOAAOTAEG cuvevacels. O
¥pPNotnG umopel va emirééel gite va ypnoonomoetl 1o VolcanoPlanner, mpokeipuévou va
Bpebel n BértioT Ao pe eoviaAntikn avalitnon (KatdAAnio povo yuo Aryotepeg amd 6
OLVEVMOELG), N TNV TaOTEPT EVPETIKY LAOToinom ypnopomnoidvtag to HepPlanner. Ta
OTATIGTIKO OTOUYEID TTOV YPNOILOTOOVVTOL Ylo TNV avAdLATAE] GLVEVMCE®V €E0PTAOVTOL
oand 115 pvbuicelg mov €yel emAégel o ypnotc: av givar o poviédo mov Paciletal oto
pLOUO e1GpoN g dedOUEVMV, YPNOLLOTOLEL TO pLOUS €16650V Kot Ta LEYEDN TV TapabOpwv,

EVA OV EVOL TO EVOOUATOHUEVO HOVTELD KOGTOVG, ypnotponotel to cardinality tov mivdkmy.

Daon 5: Epapuoyn After-Join Kavovwv

Avt m tEMKN @domn PEATIOTONOINGNG XPNOUOTOIEITOL Y10, VO EPAPUOCOVUE KATOLOVG
televtaiong Kavoveg, doTte va dlacpolotel 0Tl Ba €yovue Eva PEATIGTOTOINUEVO GYESL0

HeTa T eaon 4. O Bertiotomooelg avtég dev ypetdlovTol GTATIGTIKA GTOLEld.

79



H odon 5 yopiletor emiong oe pikpoOTEPEC PAGELS, Ol OMOIEC OLAOOTOLOVY OPIGUEVOLG
dwadoykovg tehectés (yio mapdadetypa €va @idtpo kar pia IlpoPoArn) oe évav cuvBeto
TeEAESTN. AVTOG O TEAEGTNG LETOTPEMETON GE Uit EVIAiD EPYOCIN EPOTNULATOG LLE TOAAATAOVS
teleotéc oto SABER, mpokeipévov va eKUETOAAEVTEL TNV EKTEAECT] GUYKEKPIUEV®V
nepintdcewv ypnons. Eeappdloviag avtoldg Toug Kavovesg, LELWVOVUE TNV EMKOWVOVIO TOV

VINUATOV Kol BEATIOVOVIE TV amdd00N.

Ye Oheg TIG mopamdve Tepittdoels, o HepPlanner ypnowonoteitarl pe and kot mpog ta

TAVO GEPE EQAPLOYNG TOV EYYEYPAUUEVOV KAVOVOV.

Daon 6: Metatpony cite Enumerable cite SaberRel telectov e Aoyikovg

Avt elval poe @don mov dev aArAlel ) SdtoEn TV TEAECTOV TOL TAGVOL. Q6THGO,
OTTOTELTOL, TPOKEILEVOD VO, EYOVUE L0 YEVIKT OVOTAPACTACT TOV TAAVOV yio Tov physical
rule converter mov o ypnoYOTOWGOVUE apYOTEPL, OVEEAPTNTA OO TN CLUPBOCT TOV
TEAECTMOV. Mg TN ¥pNoN ATAGV KOvOVmV HETACYNUOTIOT, OcTe va dlatnpndel n copuPaon
KOl TO  YOPOKTNPIOTIKG TOV QOPEMV  HOG OVETOQO, UTOpPOVUE Vo vrootnpifovpe

SLOPOPETIKE LOVTELN KOGTOVG KO TOTOVG TEAEGTMV.

Phase 1: Phase 2: Phase 3:
Window Support Heuristic Rules Volcano Step

Distinct Aggregate
Rewrite
Merge, remove & reduce

Rate-Based Cost
Model

»

ProjectToWindowRule project Filter - Aggregate
Aggregate - Join
WHERE style Joins Filter - Project
R e
Mot Mull Filters Ellice er
JoinAssociateRule

Join Push Expressions

HoinPushThroughJoinRu Iel 2 Support different cost-
Aggregate - Project del dt P
JoinToMultiJoinRule maciess anciypeso

Project - Join operators

Y

LoptOptimizeJoinRule.

J[

T ST CALC Operator
| MultidoinOptimizeBushyRu Ie|

Phase 6:
Phase 4: Phase 5: System Specific
Join Ordering After-Join Rules Rules

Ew. 0.8.3.b, Ot @doeic ¢ Bertiotonoinong.
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Movtéio Kootovg ue faon to pobuo si6pons dcdouévav

Y10 GVOTNUA pag, Tpoteivovpe po véa viomoinon g khdong RelOptCost mov ovopdletat
SaberCostBase. H kAdon SaberCostBase 0o vmoAloyicel t yprion g CPU, ) ypion tng
uviaunG, v pubud expong oedouévev, 1o péyebog Tov TOPABVPOL KOL TO GTOYO
BeAtiotomoinong R (ypnowomotodpe 1o ovtiotpopo R tov opiouod mov didetar otnv
evOTNTO TOV HOVTEAOL KOGTOVG) Yia kébe telesty|. O alydpiBpog ocvykpilong Tov kKO6GTOLS Oa
dmaoel onpacio oto otdyo PerticTonoinone R npdTa Kot 6t cuvEKEl TNV apylKoToinon
UvnAung, 0tav tpoctabdovpe va fpovpe to PEATIOTO GYES10 AVTOC Eival 0 YELSOKMITKOG TNG

VAOTTOINONG Hag:

public boolean isLt (RelOptCost other) {

SaberCostBase that = (SaberCostBase) other;
if (true)
return ( (this.R <= that.R) // R is the main optimization

// goal. The R used here is the
// reversed R from 4.2 Section.
&& (this.memory <= that.memory) // this is memory
// utilization
);
return ((this.cpu + this.memory + this.R)
< (that.cpu + that.memory + that.R)); //alternative way of

// checking for the smaller cost

Avt givar 1 ocuvéptnon mov ypnoitonoteitor and Tov planner yio vo Bpel 1o ox€dlo UE TO
LIKPOTEPO KOGTOG, CULPOVA LE TO 0TOYO PeATioTomoinomng mov €xel opiotel. L2g ek TOVTOVL,
EMAEYOVUE TO GYEDLO HE TN UIKPOTEPT] KATAVAA®OT UVAUNG OO T GYEG10 TOV £XOVV TN

pikpdtepn mopdpetpo R.

Ext6g and tic mopamdve petaforéc, émpeme va Eavaypdwyovue tn Aoyikn g pebodov
aBpoicpatog tov SaberCostBase, m omoia ypnoipomoteitor yoo vo. vmoloyiotel To

GLGGMPEVTIKO KOGTOG.
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AxoAiovBovv o1 petaPAntéc mov Ba ypnoipomoinfodv 6ToV VTOAOYIGUO TOV KOGTOVG:
public static final int BASE CPU COST = 1;

public static final int PROJECT CPU COST = 4 * BASE CPU COST;
public static final int HASH CPU COST = 8 * BASE CPU COST;

public static final int Cs = PROJECT CPU COST;

public static final int Cj = HASH CPU COST;

Ot tpeig TpmTeg petafAntéc eivan extipnoelg mov wipape and to Drill [58]. Me avtég Tig
petapintéc tov k0oTovg Tpoomabdovie va vroloyicovpe Tic peTaPintég Cs kot Cj tov
povtédov pag. To K66TOC TG ekTéAEONC €VOG join TtepAapuPdvel TO KOGTOG TG aviyvevong,

eloayoyng kat dtaypaeng tov anatteital: Cj = (Cp + Ci + Cv).

o vo ypnoyomocovpe T0 KAWoLPylo HoG Hovtélo, £mpeme va aAldEovue Tnv
ComputeSelfCost() pébodo OA®mV TV TEAEGTMV TOL YPTCLUOTOLOVVTOL GTNV DAOTOINGT oG

(custom SaberRelBase teAectég)

O vroAoyiopdg tov k6GTOVG KGO TELeoT PacileTal oTOV TTivaKN UE TIC TAPAUETPOVS GTNV
evomnta. tov Movtéhov Koéotovg. To «kdotog avtd vmoroyiletor kdbe @opd mov

VoAOYi{oVE TO GLOCMPEVLTIKO KOGTOG €VOG GLVOAOL TEAEGTAOV TOL GLVIGTOVV &va

EPATN LA

Physical Rule Converter

H petatponn tov Aoywov wAdvov tov Calcite 610 avtictoyo evoikd mhdvo tov SABER
Swdpapatiler kpicywo pédko otV  vAomoinon Tov  ovothuatdg poc. H o khdon
PhysicalRuleConverter givar vmedBovn yio TNV KATOGKELT TOV OEVIPOV LE TOVE PLGIKOVG
TEAECTEG OO  €va  OLYKEKPWEVO Aoywkd mAdvo. O  avadpoukdc aiydpBpog mov
XPNOLOTOLEITOL Y10 TNV KATAGKELT] TOV QUGLKOV TAGvov, poll e T néBodo eKTéLEONC TOV

TOPOVCIALOVTOL LE TOV TOPAKAT®O WYEVOOKDIKA!:

HashMap chainOfOperators

Map tablesMap
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HashSet queries

List aggregates

void convert (logicalPlan) {
// If the given logical plan has no inputs, it represents a
// simple
// LogicalTableScan (select * from stream). This case is treated
// seperately.
if logicalPlan.getInputs() == 0 then
convertSingleRelNode (logicalPlan)

else convertMultipleRelNodes (logicalPlan)

void convertSingleRelNode (logicalPlan) {
inputStream = logicalPlan.getStreamFrom(tablesMap)
create a Project Operator over the inputStream

add the operator in the queries HashSet

Pair<Integer, String> convertMultipleRelNodes (logicalPlan) {
List children = logicalPlan.getInputs();
if children.size () == 0 then {
inputStream = logicalPlan.getStreamFrom(tablesMap)
create a Project Operator over the inputStream
add parameters that will be used by later operators in
the chainOfOperators HashMap
add the operator in the queries HashSet
return (logicalPlan.getId(), logicalPlan.getRelTypeName)
}
else if children.size() == 1 then {
// create its child
chainTail = children.get (0)

Pair <Integer, String> node =
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convertMultipleRelNodes (chainTail)

get the parameters needed from the child operator using
chainOfOperators

create the given Operator with these parameters

add parameters that will be used by later operators in
the chainOfOperators HashMap

add the operator in the queries HashSet

if the child isn't a LogicalTableScan then connect it
with its child

if the operator is Aggregate or Window then add it to the
aggregates list

return (logicalPlan.getId(), logicalPlan.getRelTypeName)

}
else if children.size() == 2 then {

leftChainTail = children.get (0)

// create left child

Pair <Integer, String> leftNode =
convertMultipleRelNodes (leftChainTail)

rightChainTail = children.get (1)

// create right child

Pair <Integer, String> rightNode =
convertMultipleRelNodes (rightChainTail)

get the parameters needed from the children operators
using chainOfOperators

create the given Operator with these parameters

add parameters that will be used by later operators in
the chainOfOperators HashMap

add the operator in the queries HashSet

if the 1left child isn't a LogicalTableScan then connect
with it

if the right child isn't a LogicalTableScan then connect
with it

return (logicalPlan.getId(), logicalPlan.getRelTypeName)
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void execute () {
QueryApplication application = new QueryApplication(queries);
application.setup();
/* The path is query -> dispatcher -> handler -> aggregator */
for ( SaberRule agg : aggregates) {
if (systemConf.CPU)

agg.getQuery () .setAggregateOperator ( (IAggregateOpera

tor)
agg.getCpuCode()) ;

else

agg.getQuery () .setAggregateOperator ( (IAggregateOpera

tor)
agg.getGpuCode () ) ;
}
/* Execute the query. */
while (true) {
for (Map.Entry<Integer,ChainOfRules> c
chainOfOperators.entrySet ())
if (c.getValue () .getIsFirst()) {
if (c.getValue() .getFlag() == false) {
application.processData
(c.getValue () .getDhata());
} else {
if (c.getValue () .getHasMore () == true) {
application.processSecondStream
(c.getValue () .getDhatal())
} else {
application.processFirstStream
(c.getValue () .getDatal());

application.processSecondStream
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(c.getValue () .getData2());

Ymv zmpot zmepintmon, otav 10 RelNode dev éxel wopfovg modid, pmopodue va
vrobécovpe OtL mpokertar yio €vav tedeotn LogicalTableScan. Xe oOlec Tig GAAeg
TEPIMTOGELS, YpNolporoovpe tnv dumb viomoinon tov tedeotr) LogicalTableScan mov pog
BonBdael va oucodopncovpe TOVG LETENELTA TEAEGTEG. TNV TtepinTmon mov To RelNode éxet
éva andi, eivar [Ipoforny, @iktpo, Zuvabpoiotikny cvuvaptnon 1 Iapdbvpo ko Tpénetl va
etiaéovpe oA to, Todd Tov TPV amd T onpovpyia tov. Télog, éva RelNode pe dvo

ool gival ZuvEVmoT, Kol TPETEL EMTIONG VO KOTAGKEVAGOVLE ToL dVO0 TSI TOV TPATA.

H pébodog execute() ypnOWOMOIEITAL YO VO €KTEAECEL TO QUOIKO TAGVO  LOG.
Xpnowonowovpue 1o chainOfOperators map kot pwo aggregates list yia OAeg Tig
TOPOUETPOVG TTOV amatovvTal. Ta dedopéva vrofarloviar o encéepyacio o€ pa pipelined

dwdikacio amd SABER oto Bpoyo while.

Apache Calcite

, Parser s/  Validator Convert to .| Stream-Based
4 Logical Plan “| Optimizations
F 3 '
_______________________________________________ “F_-‘Hysical Rule
Converter
SABER i ! :

SELECT STREAM Configuration \ Convert to SABER
Operators

Execution Plan

Ew. 0.8.5, Query Planner.
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Karaokevn tov pootkov teiectdv

[Ipoxeévov va drevorvvlel 1 KaAbtepn katovonon g dadikociog LETATPOTNG, CTNV
napovoa vroevotnta Bo e&nynoovue TG KATOoKELALOVTOL 01 PLCIKOL TEAESTEG. Mepikég
ypoppés SQL petatpémovior o OekAdeg YPOUUEG KMDOIKO, ETOLUEG Yo EKTEAECT] GTO
SABER. H «Aéon PhysicalRuleConverter givor n xopia KAAGT 7OV €VOPYNOTPOVEL TN
petatpomn evog Aoyikov mAdvov e Puotkd. Xpnoipomnotel €61 Kavdveg dote va emtevydel
to épyo g SaberAggregateRule, SaberFilterRule, SaberJoinRule, SaberProjectRule,
SaberScanRule ka1 SaberWindowRule. Ot kavdveg avtol agopovv tnv vAiomoinon tmv
terect®v tov SABER «ou dgsv €yovv oxéon pe tovg kovoveg tov Calcite mov

XPNOYLOTO|GULLE TPLV.

Ta Bacikd GVETATIKA TOV ¥PNCLOTOOVVTAL AT TIC PLGIKOVE KOVOVEG LETATPOTNG ElvaL:

1) AggregationUtil

Avt 1 Khdon viomotel v Kotackevr tov Aggregates kot Group By attributes yio to
SABER. Iaipvel og eicodo pia Aota pe to aggregates (aggregate.getAggCallList () kot
éva bit set pue to group by attributes (aggregate.getGroupSet()) €ite pog cuvadpoloTikng
ouvapTNoNg eite evdg mopabvpov, Kot dnpovpyel Tic avtiotoryeg douéc oto SABER. Mag
napéyel emiong To omoTod oynuo €£660v, to omoio givar amapaitnto Yoo Tnv pipelined
dwdwacio oty omoia Ba mpémel va kabopicovpe Tovg Telecté pog. H ovuvaptnon count
OVOQEPETAL TAVTO, TNV TPAOTY GTNAN, €XEWON 0 Ypnotng umopel va ypayer COUNT (*) 7
COUNT () otmv SQL tov Calcite. Avt ™ otiyun] o SABER vroompilel povo mévte
aggregates: min, max, count, sum and avg. To emdpevo epdTNUOL

select rowtime, sum(units), count (orderid)

from s.orders

group by rowtime,units,orderid, floor (rowtime to hour)
petatpénetar oto SABER oe éva moapdbupo edpovg kat oAicOnong ica pe 3600000. O
ap1Budc group by attributes eivol Téocepa, OTMOC avapevoToy, Kol VTOAOYILOVILE TO Sum Kot
10 count TV avtictoly®v oTNA®V. O TEAECTNG GLVADPOIOT|G TOV XPNGLOTOUONKE TEPLEYEL
incremental aggregation types. Qotd6co, Katd TO YpOVOo €KTéEAESoNC O incremental

VTOAOYIGOC eV gvepyomoleitatl, apov to péyebog Kot 1 oAicOnon Tov mwapabvpov eival ica.
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O ovENTIKOC VTOAOYIOHOG evepyomoteital povo O6tov 1 oAicBnon tov mapabvpov eival

pikpotepn omd to péyebog.

2) PredicateUtil

Avt| M kAhdon ypnowonoteital ond to SaberJoinRule kov to SaberFilterRule yia va
petatpéyovue to katnyopnuota amd éva dedouévo RelNode diktpov 1| Zvvévmong oTiC
avtiotoyeg Oopég mov ypnoiwomoovvioar amd 10 SABER. O alyépiBupog mov
YPNOLLOTOLEITAL €IVl OVOSPOUIKOG, TPOKEWEVOL Vo, vooTnpiEel moAdmAokeg cuvOnKeg
ypoppéveg oe SQL. o mapdderypo, 6e 0VTO TO EPOTNAL

select *

from s.orders

where (((productid = 5) or (units > 25 and units <100)) and

customerid=100) and 136>42

1 ovvOnkmn oto where petatpénetar oto SABER oe:

(("2" = Constant 5) OR (("3" > Constant 25) AND ("3" < Constant 100))) AND ("4" =
Constant 100) AND (Constant 136 > Constant 42)

3) ExpressionBuilder

210 SaberProjectRule ypnowomowodpue v  «hdon ExpressionBuilder vy va
KOTOOKEVACOVUE oVUvOeteg ekppdoelg mpoPfoing yw to SABER. H «Adon avti
YPTOOTOLEL EVOV aVASPOUIKO OAYOPIOUO, TPOKEWEVOL VO KOTUOKEVAGEL TNV AVTIoTOLMN
nwpoPorn amod to dEvipo evog teheath. [Ipog 10 Tapdv vrootnpilel HOVO ATAEG EKQPAGELS LLE
poOnuatikég mpatelg kot o RexCalls ceil kot floor. Mag Bon0a emiong va kabopicovpe
onpactoroyia tapaddpov oto RBStream. ['a mapdderypa:

select ((units+10) * 25 ) /100

from s.orders

petatpénetar 6to SABER og @ (/(*(+($3, 10), 25), 100): int).
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Xapaxtypiotika Yiomoinons

Xe autnv TNV tehevtaio evotnta, Bo mapovcidcovpe kdmoleg PonOntikég KAdoewg, mov

OVTOULOTOTOLOVV KATO1ES Pacikég Aettovpyieg, kal To ypapikd mepiaiiov tov RBStream.

DataGenerator

O DataGenerator, 0T®¢ VTOOMAGDVEL TO GVOUG TOVL, YPNCLLOTOLEITAL Yo TNV TOPAYDYN|
dedouévaov ywoo T0 oVOTNUA pog. Mmopel eite vo mopdyst dummy dedouéva 1 va

YPNOLoToInBel Yo Tr) GHVOEST TOV CLGTNHLATOC OGS LE TTNYES OESOUEVMV.

SchemaConverter

H x\don avt petatpénet éva cvykekpyévo oynpo tov Calcite 6to aviicTtoyyo oyfuo 6To
SABER. Avti ™ otiypnr, to SABER vrnootpiler povo integers, floats kot longs.
Enouévemg, 6tav o uetotpoméng Ppiokel éva RelDataType mov dev vrmootpiletal and 1o
SABER, 10 petatpénel og aképoilo 6TO GYNUO TOL GLOTNUATOC pog omd mpoemhoyn. O

SchemaConverter dgv vrootnpilel oKOUO ELPOAEVUEVE GYTLLOTO.

SystemConfig

H wAdon avt ypnowonoteitor yio va dtopopedcete o SABER mpwv and v ektédeon
eVOG €pOTNHOTOG. AVAAOYO LE TIC TOPAUETPOVS TTOV EMAEYOVTOL, TO GUGTNUO UTOPEL Vo
OTTOTUYEL VO €KTEAECEL £€vOl epOTNUO AOY® TNG EAAEWYNG OPKETAG KVAUNG Yol TNV
apywomnoinon tov Circular ka1 Unbounded buffers 11 To péyebog tov Hash Table. Mg avtn
Vv KAQon pmopovpe eniong va opicovpe gdv ypnowonmoteiton n Asrtovpyio GPU kot tov

apBud tov vnudtov tov RBStream.

To I'pagiko lleprfaliiov Tov RBStream

o vo mapovoidoovpe TO CUOTNUE  HOG, YPNOUYLOTOUCOUE €VO  OAOKANP®UEVO,
npaypatikod xpovov GUI mov ot yprioteg Ba ypnotpomolovv yio va oAANAETIOPAGOVY e TO
ovotnuo og eninedo dataset, query kot cVuykplons. Xpnoonomoape to Jupyter Notebook

[62] vy T Onovpyio evog dwadpactikod web interface yio vo TOPOVCIACOVLUE TO
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ovotnpa. To Ul pag eléyyel éva kevipikod deployment tov SABER ¢ po etkovikn pmyovn

otov ~Okeanos IaaS [61].

Z Jupyter

Welcome to the System Evaluation!

This Notebook Server is used to evaluate our system.

Follow the instructions to generate different plans for your chosen query and create a real time plot to see the results!

How to run the Python code below!

To run the code below:

1. Click on the cell to select it.
2. Press SHIFT+ENTER on your keyboard or press the play button ( B ) in the toolbar above.

Schema of the Data Sources Used

1. s.customers: (rowtime: long, customerid: int, phone: long) with input rate = 1000/s

2. s.orders: (rowtime: long, orderid: int, productid: int, units: int, customerid: int) with input rate = 3000/s

3. orders_delivery: (rowtime: long, orderid: int, date_reported: long, delivery_status_coce: int) with input rate = 1500/s
4. s.payments: (rowtime: long, customerid: int, payment_date: int, amount: float) with input rate = 3000/s

5. 5.p long, p id: int, iption: inf) with input rate = 6000/s

Generate the plans!

Give your query and run the next cell io see the three plans generated by Calcite Optimizer:

Ew. 0.8.6.4.a, Jupyter Notebook.

O pNOTEG £XOVV TNV EMAOYN VO AAANAETIOPAGOVV LE dVO SLAPOPETIKA GVVOLU OESOUEVMV.
[Mapéyovpe:

(1) To Linear Road Benchmark (LRB) yw v a&loldynon tov emddcemv enelepyaciog
pong dedouévawv. To benchmark poviehomotel éva diktvo Spdpmv pe 10010, ota omoia N
emPorn S10diwv efaptdtal amd 10 EMIMEDO TNG KLKAOPOPLOKNG GUUPOPNONG Kol TO YPOVO
mg nuépag. Ot mhelddec ot pon dedoUEVOV €600V LTOdNA®VOLY YEYOVOTO BEoMG TOV
OYNUATOV GE Uit AmPida aLTOKIVNTOOPOUOD, TOV 0ONYODV HE GUYKEKPLUEVT] TOYDTNTA GE
pia Katevbuvon.

(i1) Zvvardayéc Ayopav-TlapayyelMav, pe TpoGopUOGUEVE dEGOUEVOV.
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Generate the plans!
Give your query and run the next cell to see the three plans generated by Calcite Optimizer:

1. The first plan is not optimized.
2. The second plan is optimized using the built-in cost model of Calcite.
3. The third plan is optimized using the rate-based cost model we created.

select * from s.orders where s.orders.units > 20

1. Not Optimized Plan

Execute the next cell to see it:

LogicalProject(rowtime=[$0], orderid=[$1], productid=[$2], units=[$3], customerid=[$4]): rowcount = 1.0, cumulative
cost = {3.0 rows, 8.0 cpu, 0.0 io}, id =9
LogicalFilter(condition=[>($3, 20)]1): rowcount = 1.0, cumulative cost = {2.0 rows, 3.0 cpu, 0.0 io}, id = 7
LogicalTableScan(table=[[s, orders]]): rowcount = 1.0, cumulative cost = {1.0 rows, 2.0 cpu, 0.0 io}, id = 3

2. Optimized Plan with built-in cost model
Execute the next cell to see it:

LogicalFilter(condition=[>($3, 20)]): rowcount = 1.0, cumulative cost = {2.@ rows, 3.0 cpu, 0.0 io}, id = 47
LogicalTableScan(table=[[s, orders]]): rowcount = 1.0, cumulative cost = {1.@ rows, 2.0 cpu, 0.0 io}, id = 44

3. Optimized Plan with rate-based cost model
Execute the next cell to see it:

SaberFilterRel(condition=[>($3, 20)]): rowcount = 16384.0, cumulative cost = {49152.0 rows, 65536.0 cpu, 0.0 io, 16
384.0 rate, 0.9 memory, 1.0 window, 4.6 R}, id = 81

SaberTableScanRel(table=[[s, orders]]): rowcount = 32768.8, cumulative cost = {32768.0 rows, 0.9 cpu, 0.0 io, 327
68.0 rate, 0.0 memory, 1.0 window, ©.8 R}, id = 69

Ew. 0.8.6.4.b, A®ce T0 epOTNLO GOV KoL TAPE TO TPl avTicTo)a TAVA.

Al0QOPETIKA  EPOTAUATA PODY UTOPOVY VO EKTEAECTOOV GTO (QPOPTOUEVE GUVOAQ
dedopévav. AveEaptnta amd To cHVOLO JESOUEVMV, 01 XPNOTES HTopovv va Kabopicovv to
OO TOVG EPATNUA YPTCLUOTOIDOVTAG EVO TEIO KEWEVOD, OTTG oty €kova Ew. 1.8.6.4.b.
lNo kabe éva amd to epotRuata, Bo eppovictodv To Tpion oxédla: éva oyédlo Ympig
BeAtictomoinom, éva oyédlo pe PeltioTomoinon  YPNOULOTOIDVTIOS TO EVOMUATOUEVO
HOVTELO KOGTOVG Kot £vo ox€010 LE BEATIOTOTOINGT YPNOLOTOIDOVTOC TO HOVTEAD KOGTOVG
nov Pacileror oto puOUd g10ponG dedopévav. 1N CLVEKELW, O XPNOTNG Uopel va emAéEet
o0 TAAVo okomevel va ektedéoel. Tedkd, 1 wpdodog Oa eivar daubéciun oe TpayHaTIKO
YPOVO HEc® €vOg doypaupaTog, To 0moio Topovclalel TG METPNOES 0mdOdOGNG TOV

VIOPEPANUEVOL EPOTALATOG.
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Initialize your plot to see the results

Execution Plot

10 4

Throughput MB/s

T T T T T T T T
0.0 2.5 5.0 7.5 10.0 125 15.0 17.5
sec

Choose the plan you want to execute and watch it in Real Time!

Choose your plan from the buttons bellow.

Choose Not Optimized Plan Optimized Plan with built-in cost model Optimized Plan with rate-based cost model

your plan:

Ew. 0.8.6.4.c, Atdypappa Tpaypotikod xpodvou yia to throughput.

0.9 Iepauoatiky Aioloynon
Xe avtv Vv evotnta Ba tpééovpe mepapata pe 10 ovTITPOCOTEVTIKG EPOTALATA Y10 TV
a&lohdynon g anotehespatikotnTag tov RBStream.

0.9.1 Ieipouatikny Arataén

H dwpopomon tov svetipatos: H nepapatikn ddraén amoteheiton omd éva OpenStack

VM pe 8x2GHz Intel Xeon E312xx muprveg CPU kot 16GB pvrjun RAM.

Ta whdva mov cvykpivape: o cvykpivovpe TNV AmOd00T EKTEALECTG TOV EPOTNUATOV
poNg pe Tpio dLpOPETIKA TAGVA: €va TAGVO Ywpic Pedtiotomoinon, éva PelticTomomuévo
TAGAVO  HE TN YXPNOM TOL EVOOUOTOUEVOVL povTéAOL kOotovg Tov Calcite ko
BeAtioTomouévo TAGVO e TN XPNOT TOV HOVTEAOL KOGTOVG pe Pdomn Tto puBud €16pomng

v dedopévav (rate-based).

O1 peTpnoelg mov ypnopoTotovvTal yio TV agloAdynon pog eivat:
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e Throughput: mwopakolovOfcape 1o throughput pe po evoopatopévn Asttovpyio
tov SABER.

e Latency: mopakolovOncape to latency tov GULGTAUATOG YPNOYOTOIOVING TNV
kAdaon ResultCollector tov SABER.

e Xpnowomnoinon CPU: moapakorovbficaue v xpnoiuonoinon tng cpu Le T0 nmon
[63].

Xpnoyonowobpe éva cvvoro dedopévav yuoo v a&loAdynon pog: éve Benchmark pe
ocuvaAdayéc Ayopav-Tlapayyehav, pe gieyyopevn kKatavoun oe cuvletikd dedouéva. To
OYNUO TOV TNYDOV 6edOUEVOV PO Hag elvat:

s.customers Schema : Stream (rowtime: long, customerid: int, phone:
long)

s.orders Schema : Stream (rowtime: long, orderid: int, productid: int,
units: int, customerid: int)

s.orders _delivery Schema : Stream (rowtime: long, orderid: int,

date reported: long, delivery status code: int)

s.payments Schema : Stream (rowtime: long, customerid: int,

payment date: int, amount: float)

s.products Schema : Stream (rowtime: long, productid: int, description:

int, price: float)

[poxeévon vo dobel pia dueon cvykplon UETOED TOV dLOEOpOV oyedimV exTéreong, Oa
SOKIUAGOVUE TNV OTOS00T TV EMAEYUEVOV EPOTNUATOV HOG Yo OA0 To TOava oyEota.
‘Exyovpe Eemepdoel 1o un Peitioctonompévo mAAvo oTo TEPIGGOTEPA EPOTHLATO, OTAV
Tpéyovpe Ta mepapoTa pog o€ small server configuration, Ady® tng PiKpOTEPTG ¥PNONG TNG
UVAUNG Kal Tng onuovpyiag Ayotepmv kabnkoviov epotmudtov ywo to SABER. H
dlopopd otV amddoom 0PEILETAL KLPIWG OTN LEIMOT TV EVOLAUECOV OTOTEAECUATMOV TOV
onovpyodvtal, n omoio €ival KpIoIUN Y0 TOVG VTOAOYIGHOVS GUVEXOUEV®Y POV GTN
pviun (in memory) kot emnpedlel TOGO TN ¥PNOLOTOIMNCT TNG LVAUNG OGO Kol TOV KOKAOVG
g CPU. H Bektiotomoinpuévn celpd eKTEAEONG TOV TEAESTAOV Oyl LOVO av&avel to puOud
Topaymyng oedopuévav €£000v, OAAG KAVEL KOl TOLG LVTOAOYIGUOVG £QIKTOVG GE TOAAES
TEPUTTAOGCELS, OEOOUEVOL OTL UEIDVEL TIC OTOUTAOELG UVAUNG. Emouévag, yio epmtnoelg
HEeYAANG évtaong pe Paom ta dedopéva, To cVOTNUE pog divel évo €Qiktd TAAVO 7oV

KaO16TA dSuVaTH TNV EKTEAEST TOV EPOTNUATOC,.
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0.9.2 Ileipouato

O S0KIUACOVUE TNV EKTEAECT] OPIGUEVOV EPOTNUATOV, TO OTTOI0 EIVOL OVTITPOCOTEVTIKA
TOV TEPMTOOEWV YpNong Peitiotomoinong mov umopel va yeprotel 1o RBStream. Ta
EPMOTAIATO TOV YPNCILOTOOVVTOL, OV Kol oAb, KaAvTTouy TiG Pacikég Asttovpyieg SQL
Kol UTopovV va XpNoilonombovy yio va oynuaticovv mo cOVOETES TEPIMTMGELS YPNOTG.
Me avtd ta mepapata, o cvykpivovpe TV anloikn EKTELECT] EPOTNUATOV CLYKPLTIKG UE
™ Pertictomomuévn exdoyn tovg. [a ta mepiocdtepa amd avTd To EPOTAUATO, TOGO TO
EVOOUOTOUEVO OGO KOl TO O1KO LOG LOVTEAO KOGTOVG divouv Ta idlo amoteléopata, AOY®
™G eUoNg TV Kavoéveov Pedtiotomoinong mov epapuodlovial oto apyikod oyxéoro. Kavoveg
mov ®BoHV TPog Ta KAT® TEAESTEG (OMMG GIATPA, TPOPOAES 1] GUVAPTHGELS GLVAOPOIOTG),
ovyxOveHoOLY 1 kKatapyolv Stadoykols Ttehestég kal amiomoovv SQL ekppdoeis, eivon
EVPIOTIKOL KOL WUTOPOVV VO €QPOPUOCTOLV aveEaptnto amd TOo HOVTEAD KOGTOLG 7OV
xpnotponoteitol amd 1o PeAtiotomomtn. Emopévmg, oe avutéc Tic mepwmtmdoelg Oo
TOPOVGLAGOVUE LOVO TO OTOTEAEGUOTO TOL HOVIEAOL KOGTOVG e PAaon 1o puBud €16pong
dedopévoy. Qot6c0, GAAOL Kavoveg, OmmG ovTol mov emnpedlovy T GEPA GLVEVOONG

PO®V, HTOPOVV Vo ETOEEANBOVV atd T0 VEO LOVTELO KOGTOVG.

0.9.2.1) Mg t0 emouevo epOTHUA JOKIUALOVUE TOVS KAVOVES

FilterProjectTransposeRule, FilterMergeRule ka1 ProjectMergeRule.

Ql: select * from (
select *
from s.orders
where s.orders.units > 10) as sl
where sl.productid = 15 or sl.productid = 17;

a) To mhGvo mov mTpoékvye amd To rate-based poviého K6GTOVG Elvat:

Filter |units > 10 AND (productid = 15 OR productid = 17)]

Scan [s.orders|
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Ew. 0.9.2.1.a, rate-based mAdvo yw to Epotmnpua 1.

b) To mAdvo mov tpoékvye ympig feAticTonoinon ivat:

Project |$0, $1, $2, $3, $4]

Filter |productid = 15 OR productid = 17|

Filter [units > 10|

Scan |[s.orders|

Ew. 0.9.2.1.b, un Bertictorompévo nidvo yio to Epotnua 1.

To configuration mov YPNOUOTONCALE VIO TIC EMOUEVEC WETPNOEIS TOV TNPOUE NTOV: 2

Threads, 64 MB Circular Buffer Size kot 128 MB Unbounded Buffer Size.

Query 1

— Cptimized
Plan with
rate-based
cost mode

— ot
Optimized
Plan

Throughput (MB/s)

200000 400000 600000 800000 1000000

Rate (tuples/s)

Ew. 0.9.2.1.c, Ta amoteréopata tov Throughput yia to Epdtua 1.
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270 TOPOTAVEO YPAPNUA, TO TPOLO QIATPAPIGHE TOV TAEWAOWV oL Ba “meTarydvrovcay”
OlLPOPETIKG AmO TOVG TEAECTEC TMOL OKOAOVLOOVV, &xel ®G OMOTEALECUO UEYAAVTEPO
throughput (nepimov 2,7 popég mepiocdtepa MB/s). Avtd copfaivel emeldn petapépovtan
Myodtepo.  evOlOUESH  OMOTEAEGUOTO Kol  OKPPESTEPA, OTNV  TEPIMTOON OV,
OPYKOTOLOVVTOL ALYOTEPOL YEIPIGTEG YL TOV VTOAOYIGUO TNG TEAIKOD OMOTEAEGLOTOG.
Mmropei eniong va mapatnpndei 6t pe v emAeyuévn Soudpemon pog, kabdmg avéavove
Tov puBud €166d0ov, N anddoon mapapével otabepr| Kot apyilel va peudvetal otabepd kaTd

évav Kpo mapayovia ond £va opliopévo 0plo Kot ETAVE.

Cpu Utilization Percentage Results of Query 1

B Not Optimized Plan

B Optimized Plan with rate-
based cost model

100 1000 10000 100000 1000000

Rate (tuples/s)

Ew. 0.9.2.1.d, Ta amoteréoparta g Xpnong Cpu yia to Epotpa 1.

Avtd t0 gpdTNuO Ypnolnonolel stateless teAecTéG KOl ©G amoTéAespa, 1 aglomoinon g
CPU egivar ehappdg pikpdtepn oto oyédto Pertiotonoinong Pdoet pvBpov oe chykpion pe

T un Bertiotomompévn éxdoon.

0.9.2.2) To erouevo epaitnuo ameixovider ™y ypron tov kavova FilterJoinRule, mov

W0Oci évay TELEOTH PIATPOV UEGCW EVOS TEAEGTI] GUVEVWONS 6TA TOLOLA TOV.

Q2: select *

from s.products join s.orders
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on s.orders.productid = s.products.productid
where units>10 and description < 16 ;

a) To mAdvo mov Taipvoupe e rate-based BeltioTonoinon eivat:

Project |85, $6, $7, $8, $0, $1, $2, $3, $4|

T

Join [s.orders.productid = s.products.productid|

AN

Filter [description < 16]| |Filter [units > 10]

T I

Scan [s.products] Scan [s.orders]

Ew. 0.9.2.2.a, To rate-based mAdvo tov Epaotfpartog 2.

b) To mAdvo ywpic BertioTonoinon:

Project [$5, $6, $7, $8, $0, $1, $2, $3, $4]

Filter |units>10 AND description < 16|

Join [s.orders.productid = s.products.productid|

AN

Scan [s.products| | | Scan [s.orders|

Ew. 0.9.2.2.b, to un Pertictortomuévo midvo tov Epotiuartog 2.

To mhévo 1 eivar Pektictomoinpévo e to rate-based poviého kéotovg. To mhdvo 2 dev givar
Beltiotomompévo. Zto keMd pe (-) TO GVOTNUO EEMEPUCE TAL OPLOL LVIAUNG KOl TEPUATIOTNKE

N Aertovpyia tov.

Thre | Circ | Unb |Data | Data | Selec
ads |ular |ound | Sour | Sour | tivity
Buff |ed ce l|ce 2
er Buff | (tupl | (tupl
er es/s) | es/s)

97



(MB | (MB (MB/
) ) s)
Q2,1 |2 64 128 [300 (200 |[1/24 |13,75 0,12 |[15% [13,1 [0,03 |45%
6 2
Q2.2 |2 64 128 [400 [400 |1/24 |22,17 0,019 [35% [20,7 [0,01 |70%
3 9
Q2,3 |2 64 128 [500 |[400 |1/24 |24,10 - - _
Q24 |2 64 128 | 800 |[600 |1/24 |38,51 - - ]
Q2,5 |2 64 128 | 800 |[800 |1/24 |38,22 - - _
Q26 |1 64 128 [400 |[400 |1/24 |21,7 |0,02 |70% |- - -

[Mivakag 0.9.2.2, Metpikég Tov Epotpartoc 2.

0.9.2.3) Mg avto 10 EPpAOTHUA, OELYVOVUE TO ATTOTELEGUA THS AVAIIATAENS TOV

Q3:

CUVEVAIGEMY, AKOUA, KOl UE 2 COVEVAIGEIS, KOTA THY OLOPKELA EKTEAETNG.

select s.orders.rowtime, s.products.rowtime,

s.customers.rowtime,

s.orders.productid, s.orders.customerid

from
where s.orders.productid
s.customers.customerid=s.orders.customerid;

s.products, s.orders, s.customers

= s.products.productid and

a) To mAdvo pe v rate-based Pedtiotomoinon sivat:
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Project [$0, $4, $3, $1, $2]

T

Join [s.orders.productid = s.products.productid|

_— T

Project [$0, $1, $2, $3] Project [$0, $1|

I T

Join [s.customers.customerid=s.orders.customerid] | | Scan [s.products]

N

Project [$0, $2, $4] | | Project [$0, $1]

T T

Scan [s.orders| | |Scan [s.customers|

Ew. 0.9.2.3.a, rate-based Beitictomomuévo mAdvo tov Epotiuatog 3.

b) To midvo ywpig Pertictonoinon eival (dev pUmopovoape vo eKTEAEGOVUE

avTO TO TAAVO e€UITIOG TOV AMUITCE®Y UWVIUNG TTOL EiyE):

Project [S1, $0, $4, $2, $3]

T

Filter [s.orders.productid = s.products.productid AND s.customers.customerid = s.orders.customerid|

T

Join [true]

LN\

Join [true| | |Scan [s.customers|

AN

Scan [s.orders| | | Scan [s.products]

Ew. 0.9.2.3.b, un BeAtiotonomuévo mAdvo tov Epmtiuatog 3.

¢) To mAdvo pe n built-in BeAtiotomoinon:
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Project [$1, $0, $4, $2, $3]

T

Join [s.customers.customerid=s.orders.customerid|

/’

Project [$0, $1, $2, $3|

T

T~

Project [$0, $1]

T

Join [s.orders.productid = s.products.productid|

Scan [s.customers|

AN

Project |30, $2, $4]

Project [$0, $1]

T T

Scan [s.orders|

Scan [s.products|

Ew. 0.9.2.3.c, built-in feAticTomompévo TAGvo Tov Ep®THNATOC 3.

To mAdvo 1 givan Bedtiotomompévo pe to rate-based povtédo ké6cstovg. To mhdvo 2 dev givan

Bektiotomompévo. Xta kehd pe (-) To cvotnpa Eenépace To Opo LVAUNG Kot TEPUATIOTNKE

N Aettovpyia tov.

Thr | Circ [ Unb | Data [ Data | Data | Sele
ead |ular |ound | Sour | Sour | Sour | ctivit
] Buff |ed ce 1| ce 2 |ce 3|y
er Buff | (tupl | (tupl | (tupl
(MB |er es/s) | es/s) |es/s)
) (MB
)
Q3,1 |2 128 | 128 | 100 (400 [400 |1/24 |27,1 |4,76 | 9% 23,5 15,67 | 75%
6 0
Q32 |2 128 | 128 [200 (400 (400 |1/24 |268 |1,6 |20% [27,2 |2,57 |85%
4 2
Q3,3 |2 64 128 1200 [600 |[600 |1/24 1389 [3,5 |20% |- - -
Q34 |2 64 128 1200 |800 (600 |1/24 |43 3,7 120% |- - -
Q3,5 |2 64 256 | 200 |800 |800 |[1/24 (49 3,2 |>80% |- - -
Q3,6 |2 64 200 | 350 |700 |600 |[1/24 |43 1,6 |>80% |- - -
Q3,7 |2 64 128 1200 |[600 (300 |[1/24 |30 2,03 140% |30 3,33 | 60%
Q3,8 |2 64 128 1200 |[600 (300 |1/14 |31 0,68 | 10% |31 0,90 |35%
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Q3,9 |2 64 128 1200 |[600 (300 |[1/10 |29,9 |0,44 |50% |30 0,62

70%

Q3,10 |1 128 | 128 | 100 (400 (400 |1/24 |24,9 |515|15% |- -

Q3,11 |1 64 128 1200 |[600 |[300 |1/24 |29,9 |3,88 |25% |- -

[Mivakag 0.9.2.3, Metpwcég tov Epotupartoc 3.

0.9.2.4) AvTo T0 EPAOTNUO IELYVEL TO ATOTEAEGUA TOV KAVOVOL

ProjectJoinTransposeRule.

Q4: select s.orders.rowtime, s.products.rowtime, s.orders.productid
from s.products, s.orders
where s.orders.productid = s.products.productid;

a) To mAdvo avtd mpoékvye amd To rate-based poviéAo KOGTOVG:

Project [$0, $2, $1|

T

Join [s.orders.productid = s.products.productid|

AN

Project [$0, $1]| | Project |$0, $2]

T T

Scan [s.products| | | Scan [s.orders|

Ew. 0.9.2.4.a, rate-based mAdvo yuo 0 epdTHUQ 4.

b) To mhdvo ywpig fertictonoinon giva:
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Project [$3, $5, $6]

Y

Filter

s.orders.productid = s.products.productid]

h

Join [true]

AN

Scan [s.products| | | Scan |s.orders]

Ew. 0.9.2.4.b, un Pertictomompévo TAGvVO Tov EpOTANOTOC 4 (U1 £QIKTO).

H extéheon avtov tov mAdvov dev eivar epiktn (to péyebog twv buffer oev givor apketod),
ywti wpoonafodue va cuvevocovpe 000 poég dedopévev pe TN ovvOnkm [true] ko

dNUovpyeital HEYAAT TOGHTNTO EVOIUUECHOV OTOTEAEGUATOV TOL dgV Ba ypnoipomombovv:

java.nio.BufferOverflowException

at java.nio.HeapByteBuffer.put (HeapByteBuffer.java:183)

at
uk.ac.imperial.lsds.saber.buffers.UnboundedQueryBuffer.put (UnboundedQue
ryBuffer.java:156)

at
uk.ac.imperial.lsds.saber.buffers.CircularQueryBuffer.appendBytesTo (Cir
cularQueryBuffer.java:296)

at
uk.ac.imperial.lsds.saber.cqgl.operators.cpu.ThetadJoin.processData (Theta
Join.java:154)

INo va umopet va extereotel Tpémet va 10 Eavaypiyovpe og €ENG:

select s.orders.rowtime, s.products.rowtime, s.orders.productid
from s.products join s.orders
on s.orders.productid = s.products.productid;

Kol Taipvove 1o akdAovBo mAdvo:
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Project |$4, $0, $6]

A

Join [s.orders.productid = s.products.productid|

AN

Scan [s.products| | | Scan [s.orders|

Ew. 0.9.2.4.c, un Bertiotonompévo mAavo 1oV ep@TANATOG 4.

To mhévo 1 ivar Bektictomoinuévo pe to rate-based poviého kdéstovg. To mhdvo 2 dev gival
BeAtiotomomuévo. Tta KeAld pe (-) 1o cvatnuo EEMEPUCE TO OPLOL LVNUNG KOl TEPLOTIOTNKE

N AglTovpyia Tov.

Thre | Circ [ Unb | Data | Data | Selec
ads ular | ound | Sour | Sour | tivity
Buff |ed ce 1l |ce 2
er Buff | (tupl | (tupl
(MB |er es/s) | es/s)
) (MB
)
Q4,1 |1 64 128 (100 | 100 |[1/24 |5,52 (0,13 |13% |5,49 |0,05 [20%
Q42 |1 64 128 (400 |250 |[1/24 |17,0 [0,03 |50% |17,3 |0,00 |65%
1 1 6
Q4,3 |1 64 128 (400 |280 [1/24 |17,9 (0,02 |60% |- - -
Q44 |1 64 128 (500 |400 |1/24 |- - - - - -
Q4,5 |1 64 128 (800 | 800 |1/24 |- - - - - -
Q4,6 |2 64 128 (400 |280 |1/24 18,1 0,00 |65%
1 5

[Tivaxag 0.9.2.4, Metpicég tov Epotpartoc 4.

0.9.2.5) Mg avto 10 EpAOTHUA TAPOVGIALOVUE TN YPIGH TOD KAVOVOL

AggregateJoinTransposeRule.

Qs: select count (*)

from s.orders
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join s.products
on s.orders.productid = s.products.productid;

a) Otav ypnowomolobpe T0 rate-based poviého kOGTOVE TOIPVOLUE TO

okOAovO0 TAGVO:

Aggregate [SUM($4)]

Project [$0, $1, $2, $3, $4=[*($1, $3)]]

Join [s.orders.productid = s.products.productid|

DEANR N

Aggregate [$1, COUNT(*)] | | Aggregate [$2, COUNT(¥*)]

i

Scan [s.products| Scan [s.orders]

Ew. 0.9.2.5.a, rate-based mAdvo TOV EpOTHUATOG 5.

b) Xwpic ferticTonoinomn Taipvovpe:

Aggregate | COUNT ()]

Y

Project [$0]

X

Join [s.orders.productid = s.products.productid]

2N

Scan [s.products| | | Scan

s.orders|

E. 0.9.2.5.b, un Pertiotomomnuévo TAGVO TOL EPMOTHNOTOC 5.

To mAdvo 1 givon BeAtiotorompévo pe to rate-based povtédo kd6cstovg. To mhdvo 2 dev givan
Beltiotomompévo. Xta kehd pe (-) To cvotnpa Eenépace ta Oplor LVNUNG Kot TEPUATIOTNKE

N Agrtovpyia tov.
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Thre | Circ | Unb | Data | Data | Sele
ads ular | ound | Sour [ Sour | ctivit
Buff |ed ce 1fce 2|y
er Buff | (tupl | (tupl
(MB |er es/s) | es/s)
) (MB
)
Q5,1 |1 32 128 100 100 1/16 |5,28 0,1 |10% |525 (0,26 |30%
Q52 |1 32 256 | 200 |200 1/16 |9,96 30% | 10,52 80%
Q53 |1 32 380 |400 |400 1/16 |21,93 - - -
Q54 |1 32 380 | 500 |400 1/16 | 24,67 - - -
Q5,5 |2 32 380 | 400 |400 1/16 |21,93 16% | - - -

[Mivakag 0.9.2.5, Metpwcég tov Epotpartoc 5.

0.9.2.6) Avto To eparTnua xpyoyonolel Tovg kavoves AggregateJoinTransposeRule

Q6:

ka1 AggregateProjectMerge.

select o.productid, min (units)

from s.orders as o

join s.products as p

on p.productid=o.productid

group by p.productid,o.productid;

a) To mAdvo mov mapdyetal anod ) rate-based fedtiotromoinom sivat:

Project [$0, $1]

T

PN

Aggregate [$2, MIN($3)]

Aggregate |$1]

T

T

Scan [s.orders|

Scan [s.products|

Ew. 0.9.2.6.a, rate-based Peitictonmoinon tov epoThpATOC 6.
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b) Zmv mepintmon mov eV ¥PNOILOTOMGOVUE PEATIGTOTOINGT EYOVLLE:

Project [$1, $2]

Aggregate [$0, $1, MIN(§2)]

Project [$6, $2, $3]

Join [s.orders.productid = s.products. productid|

AN

Scan [s.orders|

Scan [s.products|

Ew. 0.9.2.6.b, un Bertictorompuévo nidvo 6.

To mhévo 1 givar Bektictomoinuévo pe to rate-based poviéro kdotovg. To mhdvo 2 dev givat

BeAtiotomomuévo. Tta keAd pe (-) 1o cvatnuo EEMEPUCE TO OPLOL LVNUNG KOl TEPLOTIOTNKE

1 AglTovpyia Tov.

Thre | Circ [ Unb | Data | Data | Selec
ads ular | ound | Sour | Sour | tivity
Buff |ed ce 1l |ce 2
er Buff | (tupl | (tupl
(MB |er es/s) | es/s)
) (MB
)
Q6,1 |1 32 128 (100 100 |[1/16 |5,38 0,1 |13% |5 0,26 | 35%
Q6,2 |1 32 256 200 |200 |1/16 |10,97 30% | 10,29 85%
Q6,3 |1 32 360 (400 400 [1/16 |21,59 35% |- - -
Q6,4 |1 32 360 500 400 |1/16 |22,55 - - -
Q6,5 |2 32 360 (400 400 |[1/16 |21,59 16% |- - -

[Mivaxag 0.9.2.6, Metpucég tov Epotipatog 6.
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0.9.2.7) Mg avto to epdTRUa Al10A0Y0VUE TOV KAVOVO,

AggregateProjectPullUpConstantsRule.

Q7: select rowtime,productid, count (*)
from s.orders
where units > 10
group by rowtime,productid;

a) To whévo mov maipvovue and 1n rate-based feitictonoinon:

Aggregate [$0, $2, COUNT(*)]

T

Filter |units > 10|

T

Scan [s.orders|

Ew. 0.9.2.7.a, rate-based Peitictomoinon tov pOTHUATOS 7.

b) To mAdvo mov naipvovpe ywpic fertictonoinon:

Aggregate [$0, §1, COUNT(*)]

Y

Project [30, $2]

Filter |units > 10|

b

Scan [s.orders|

Ew. 0.9.2.7.b, un Pertictomomnuévo TAGVO TOL EpMOTANOTOS 7.

To configuration mov YPNCOTOCAUE VIO TIC EMOUEVEC WETPNOEIS TOV TNPOUE NTOV: 2

Threads, 64 MB Circular Buffer Size ko1 128 MB Unbounded Buffer Size.
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Query 7

— Cptimized
Plan with
rate-based
cost mode

— [0t
Optimized
Plan

Throughput (MB/s)

200000 400000 600000 800000 1000000

Rate (tuples/s)

Ew. 0.9.2.7.c, Throughput Amotedécpata yio 1o EpOTNHA 7.

0.9.2.8) Mg avto T0 EpAOTHHA TAPOVGIALOVUE TOV KAVOVOL

Q8:

FilterAggregateTransposeRule, mov w0si éva filter katw anoé éva aggregate.

select * from (

select rowtime,productid, count (*)
from s.orders

group by rowtime,productid
) as o

where o.productid > 10;

a) Orav ypnoponomoape to rate-based povtého KOGTOVGE:

Aggregate [$0, $2, COUNT(*)]

.

Filter |productid > 10]

Scan [s.orders]
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Ew. 0.9.2.8.a, rate-based mAdvo tov epTATOC 8.

b) Ortav dev ypnoyonomocape feAtioTonoinon:

Project [$0, $1, $2]

Y

Filter [productid > 10]

h

Aggregate |50, $1, COUNT(*)]

3

Project |$0, $2]

y

Scan [s.orders]

Ew. 0.9.2.8.b, un PeAtictomomnuévo TAGVO TOL EPMTHUOTOC 8.

To configuration OV YPMCULOTOWCAUE YO TG EMOUEVES UETPNOELS TOL WHPALE NTOV: 2

Threads, 64 MB Circular Buffer Size kot 128 MB Unbounded Buffer Size.

Query 8
— Optimized

Plan with
rate-based
cost mode

0 Optimized

E_ Plan

2

=

g

=

200000 400000 600000 200000 1000000

Rate (tuples/'s)
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Ew. 0.9.2.8.c, Throughput amoteAécpata ToL EPOTAUATOS 8.

0.9.2.9) AvTo T0 EPAOTHUO IELYVEL TO ATOTEAEGUA TOV KAVOVOL

AggregateConstantKeyRule.

Q9: select count (*)
from s.orders
where productid=10
group by rowtime,productid;

a) To whévo mov mpokHITEL OO TO rate-based poviéAo KOGTOVS givat:

Project [$1]

T

Aggregate [$0, COUNT(*)]

T

Filter [productid = 10|

T

Scan [s.orders|

Ew. 0.9.2.9.a, rate-based mAdvo tov gpotipatog 9.

b) To mAdvo mov mpoékvye ywpig feAticTonoinoN:
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Project [$2]

A

Aggregate [$0, $1, COUNT(*)|

Project |$0, $2|

A

Filter [productid = 10|

Scan |[s.orders|

Ew. 0.9.2.9.b, un Pertiotomomnuévo TAGvo Tov EpMTANOTOC 9.

To configuration mov YPNOOTOCALE VIO TIC EMOUEVEC WETPNOEIS TOV TNPOUE NTOV: 2

Threads, 64 MB Circular Buffer Size kot 128 MB Unbounded Buffer Size.

Query 9

— Optimized
Plan with
rate-based
cost mode

m— it
Optimized
Flan

Throughput (MB/s)

200000 400000 600000 800000 1000000

Rate (tuples/s)

Ew. 0.9.2.9.c, Throughput amoteAécspota Tov p®THUATOC 9.
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0.9.2.10) Me avto to eparTnua Qo eEeTAGOVUE TO ATOTELEGUA TOV KAVOVOL
FilterPushThroughFilterRule, mov onuiovpyijcaus, GOYKPITIKA UE TOV KAVOVA

FilterMergeRule.

Q10: select * from
(select * from (
select *
from s.orders
where productid = 15 or productid = 17) as sl
where sl.units > 10) as s2
where s2.customerid = 15;

a) To mapaydpevo mhavo pe tov kavova FilterPushThroughFilterRule givau:

Filter [units > 10|

A

Filter |[productid = 15 or productid = 17|

A

Filter [customerid = 15|

A

Scan [s.orders|

Ew. 0.9.2.10.a, BeAtiotomompévo mAdvo pe tov kovova FilterPushThroughFilterRule yuo to

epaTnpa 10.

b) To mAdvo mov dnpovpyRdnke pe T ypnon tov kavova FilterMergeRule givau:

Filter [units > 10 and productid = 15 or productid = 17 and customerid = 15]

[

Scan [s.orders|
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Ew. 0.9.2.10.b, Beitictomompévo mAdvo pe tov kavova FilterMergeRule yia to epdtnpo

10.

To configuration mov YPNOYOTOCALE VIO TIC EMOUEVEG WETPNOEIS TOV TNPOUE NTOV: 2

Threads, 64 MB Circular Buffer Size kot 128 MB Unbounded Buffer Size.

Query 10

= FilterPushThroughFilter Rule FilterfMergeRule

Throughput (MB/s)

200000 400000 600000 800000 1000000

Rate (tuples/s)

Ew. 0.9.2.10.c, Throughput anoteréopata tov epotipatog 10.

0.9.3 Avdivon amoteleoudTmy

ATO TO TEPOUOTIKO OTOTEAECUATO HOC, TOPOTNPOVUE OTL EYOLUE OVO KOTNYOpieg
EPOTNUATOV pe Pdorm TIC UETPIKEG TOL £yovue GLAAEEEL TO. EPOTAUATO XWOPIG KOl UE
TEAEGTN CLVEVOONG. ZTNV TPOTN Kotnyopia, ta PeAtiotomompéva oyédia Eemepvohv ta, un
BeAtiotomomuéva, 6cov agopd to throughput tov mnyodv dedouévev eeddov. Eivai
TPOPAVEG, OTL OTAV 1 TIUN €10000V &lval OPKETA LIKPYT YO VO OVTLLETOMIOTEL OO TO
ocvotnud pog, to throughput kot yuo tig 600 mepmTdOoElg gival oyedov 1o 1d10. QoT1dG0,
kaBhg ovéavetar o puBuog elopong OedOUEVOV, TO GUGTNUO ETITLYYXOVEL LYNAOTEPT
amdO00™ pE TO PEATICTOMOMUEVO GYEDL0, AOY® TV AYOTEP®V EVOIUUEC®Y ATOTEAEGUATOV

oL dNLovpyYoHVTOL Kot TNG HKpOTEPTG EMPApuvong o€ cpu cycles (amattovvtal Aydtepa
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tasks kot vmoloyicpoi). ‘Eva peydAo mocootd TtV eVOAUEC®V OMOTEAEGUATOV TOV
napdyovial ond to pn PeAticromompuévo oxédio cuvnBwmg amoppintovtal (ta “metdpe”)
emeldn dev ypetdlovtar Yo Tov vIoAoyiopd Tov TeEMKOV amotelécuatog. o mapdderypa,
otav wbnoovpe TPog To KATM Eva QIATpo péoa amd Evav dAAo tedeati), efacpaiilovpe 6Tl
To. 0edopéve oL TEPVOLV oTO emOUEVA oTAO emefepyaciag 0o GLUUETEYOVY GTOLG
VTOAOYIGHOVE TTOL OKOAOLOOVV Kal amo@edyovpe TN YPNoN MEPLTTOV TOp®V. Avti 1
dtadtkacio dev ennpedlel LOVO TIC OMALTAOELS XPNONG UVAUNG, OAAA emiong TpokaAlel pio
dpapatikn peioon ot onuovpyio tasks ywo to SABER, kotoAnyovtag oe pkpotepn
eMPAPLVON TOL GLGTAUATOG OGO APOPE TN YPOVOSPOUOAOYICT] KOl TOV VTOAOYIGUO
OTOTEAEGUATOV. XTIC UN PEATIOTOTOMUEVEG TEPIMTMOGELS XPNONG, TO cLOTNUA AouPdvel
TEPLGGOTEPO, OEOOUEVO OO O,TL UTOPEL VO KOTAVOADGEL, KOUTAAYOVTAG O MKPOTEPEC TIUEG
throughput kat vymAdtepn ypron CPU kat pviung, Kabmg SVOKOAEDETAL VO OVTILETOTIGEL
ToVG pLOUOVG elopong dedopévev. EmmAéov, vmhpyovv OpIGUEVEG TEPIMTMOGELS UE U
Beltiotomomuéva ox€dla, OmoOv TA TOGOGTA amddoong oev elval otabfepd AOY® NG
adVVANING TOV CLGTUATOC VO XEIPIOTEL TOV VTOAOYIGUO TOVG, E OMOTEAEGILO TPOKOAEITAL
TEPUOTIOUOG TOV GLOTAUATOG. To emOUEVO OYAUE TOPOVGIALEL TO OTOTEAEGUOTO TMOV

epompdtov Q1, Q7, Q8 kot Q9 (2,75, 1,34, 1,9, 1,37 popéc mapandve MB/s avtictouyo):

Throughput Results of Queries 1,7,8 and 9

M

Optimization
Il Fate-based

Optimization

Throughput (MB/s)

A\ 2
@%"“ﬁ S

G & .:ﬂ“ 10 q.ki“
Input Raftes frup.'e:ir’sec,l

Ew. 0.9.3.a, Throughput anoteréouato Tov epotudtov 1, 7, 8 kot 9.
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Ocov oa@popd To Oékato epdTnua, pog Pondnoe va dokiudoovue TN SodKacio
PBeAtiotomoinong poG MOV GE KOVOVEG TOL ATOLTOVV OLVOMIKY PeAtiotomoinon,
YPNOLLOTOIDVTAG TO HOVTEAD KOGTOVG Pacel puBuov giopong dedopévav. [Hapatnpnoape
0Tl M ooty avadldtaén Tov dudoyikdv tehect@v Diktpov pmopel va odnynoel oe
peyaAvtepo throughput ce Kdmoleg TEPIMTMOOELS., G GUYKPLIOT UE TN GLYY®VELGT Tovg. H
TOPOKATO €KOVE Topovotdlel To amoTeAécnatd pog (akoun kot 2,22 popég Tapamdvem

MB/s):

Throughput Results of Query 10

B FiterPushThroughFilter [l FilterMergeRule

Throughput (MB/s)

Q10 (10000) Q10 (100000) Q10 (1000000)

Input Rates (tuplesisec)

Ew. 0.9.3.b, Throughput anoterécpata tov epotiuatog 10.

¥t dgvTEPN KATNYOPIO TOV EPOTNUATOV, TOL TEPLElYAV TEAESTEG GLVEVAOONG, OV
napatnpioapne avénon oto throughput tov dapopwv mAdvov extéreong. O telecthg
cuvévaoong Asrtovpyel g eumddio (bottleneck) oty extéleon 1oV EpOTHATOG, AOY® TNG
VAOTOINGNG TOV, Kl MG €K TOVTOV OEV UTOPOVCAUE VO BPOVUE Lo TEPITTMOON PN OGS KATA
Vv omoio Ta TAGVA LG VO EQoVV oNUavTiKY dtapopd o€ eninedo throughput oe cOykpion
pe v un Peitiotomoinuévn viomoinon. Ilepapatiotikope pe to selectivity, tov apfuo
TV ynuatov kot to puéyebog tov buffers mov ypnoorotovvtal Yo 1oV LTOAOYIGUO TV
EPOTNUATOV UG, XOPIG VO TOPATNPHCOVUE KATOW EVIVTMOIOKY dtopopd petald Ttov
exterobpevov mAdvev. Emopévog, vmoBétovpe o0t avtd ocvpPaiver AOyo g dviong

Katovoung tov @optiov emetepyaciog peTad TV vnudtwv, 1o omoio &ivar mbavo va
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ovuPel oe peydio ocvotnuato pe Svvoapika petafaiidpevo edpto epyacioc. o va
Eemepaotel AVTO TO EUTOSI0 KO VO TPAYLLATOTOWGOVLE GLYKPIGELS Yiat TNV al0AdYNoN TOV
OCUGTILOTOC HOG, £MPEME Vo mapoKolovbncovpe GAleg peTpikés, Ommg to latency wot )
ypnotponoinon cpu. Ta mapokdto ctoygio Kot 1 avdivon aeopovv Ta epotipata Q2, Q3,
Q4, Q5 kot Q6 (ta vovpepa KAT® Omd TIG UTAPEC OTA EXOUEVO YPOUPTLATO OVTIGTOLYOVV

oTo VOOUEPO, TOV dMOAUE OTIG LETPNGELS LOG GTOVG TIVOKEG TNG TPONYOVUEVIC EVOTNTAG).

Cpu Utilization Percentage Results

Mo

Optimization
Il Rate-based
Optimization
Built-in Cost
Optimization

Q21 Q3n Q3,7 Q3.9 04,2 Q5.2 Q6.2
22,2 Q3,2 Q3,8 Q4,1 Q5,1 Q6,1

Ew. 0.9.3.c, amoteléopata mocootov ypnoiponoinong e CPU ya ta epotiuata 2, 3, 4,

5 ko 6.

Ye OAEG TIG MEPUMTAOGELS XPNONG TOV epoTNUatOV 2, 3, 4, 5 kot 6, n xprion g CPU tov
rate-based Peltictomompévonv TAGVOL gtval oNUAVTIKA pKpOTEPN and TO aVTIoTOYXO E€lTE
Tov un Pertiotomompévovr mAGvov gite tov PeiticTomOMUEVOL TAAVOL UE  TO
evoopotouévo povtélo kocstove. Eyovpe mepopotiotel pe d10popeticd apbud vnudtov
Kol peyédn buffer ko mopoatnpnoape 6t oto rate-based mAdvo, 1 cpu vmoiettovpyel o€
oyéon pe to dAAa oyédta, dtav Exovue YoUNAd puBud elopong dedopévov. ‘Etot, avénoape
10 pLOUS €1GPONG GE OAEG TIG TEPUTTMOELG XPNONG oG Kol Topatnpioape 6Tt To rate-based
TAAVO pmopel va XEPILoTeEL aKOpo Kot To SITAd puBud yopig mpoPfinua. Avtifeta, t06c0 10

un Peltictomompuévo TAGVO OGO Kol TO EVOOUOTOUEVO LOVTEAD KOGTOLG adLVATOOV Vi
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KOTOVOAMDOOLV TO, EIGEPYOUEVA OESOUEVA, TPOKAADVTOG TEPLOTICIO TOV GLGTLATOC. AVTO
10 omotélecua pmopel edkoAa va e€nynbel amd TOV GTOYO MOV EMTLYYAVOLUE LE TNV
rate-based PeAtiotomoinom, katd v omoia Lewdvovue ta gvdtdpecso dedopéva kot ta task
EPMTNUATOV OV Tapdyoviol amd kdbe otddio ¢ dwdwkaciog vroroyiopod. o va
KAVOvUE TO OMOTEAEGUOTA HOG 7O €OKOAM OVTIANTTA, TPAYUOTOTOCOUE KOTOL0
nepdpato yoo to gpotnuate 2, 3 kot 4 wov Osiyvouv OTL €yovpe emTUYEL TO {d10
omoteAéopato throughput pe ™ ypnon evdg puévo viupoatog oto rate-based mAdvo oe
avtifeon pe T AAleg 500 emAOYEG, OTIG 0moieg YPpedlovTal TOLAGYIGTOV dVO VILLOTA Y10l VoL

YELPIGTOVLLE TNV XPOVOOIPOLOAOYIOT KON TIC VITOAOYLIOTIKES EPYACIES:

Throughput Results for different number of

threads
Mo
Optimizaticn
2 threads
I Fate-based
g ::T-'l.l:f" _l..'.
‘“E: Built-in Cost
3 Optimizaticn
'% 2 threads
=
e
(=
Q2,2-0286 Q310-031 Q311 -032 Q04,3 -046

Ew. 0.9.3.d, Throughput anoteléopata Y10 S10QOPETIKO aplOpd VIUATOV Yo TO EPOTHUATO

2,3, ko 4.

[Tapd 1o yeyovog OTL 6 OpIGHEVA OO TO TOPATAVE TEPAULOTA TO GVOTNHO B LTOPOVCE
VoL YPNOIHOTOMGEL AlYOTEPT VAT Y1, T dnpovpyia tov buffers mov amaitodvtat Yo Tovg
VTOAOYIGUOVG KOTO TNV eKtédeon twv rate-based mAdvov, m oTATIKY OEGUEVOT TOV
peyébovg tov buffer dev pog emTpénel vo YEVIKEDGOVUE TNV TOPATNPNCT HOG KO VO
vobécovpe OTL TO HOVTEAD KOGTOVG EKTOC Ao TN ¥pNon AyoTepmv VNuiToOv, Uropel va

Tpéet ne pukpotepa neyédn buffer yia tovg Unbounded kot Circular buffers.
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Y& 6Aa o Tponyoveva Topadeiypata, T0Go To built-in kot 6o kot To rate-based povtéro
KOGTOVG TTapdyovy Ta 101 oyédla. XN cuvéyetd, Ba emkevipmBovue oto gpdnra Q3, T0
omoio Oseiyvel 11 JSwpopd peTaEy TV 600 poviélmv koctovc. H avadidtaén tov
OLUVEVOOEMV &ival €va ONUOVTIKO YOPOKTNPOTIKO 1Tng oldikaciog tng rate-based
Beltiotomoinong, mov emnpedlel TNV EKTEAECT TOV TOADTAOK®OV EPMTNUATOV UE TOAAESG
ocvvevooelg. Ocov apopa ™ xpnon g CPU, oto rate-based midvo vroypnoonoleitol pe
TIc d1eg mopapétpoug tov cvotnuetoc. H mpdtn Peltioon mov mopatnpovue sivar 01t
KaBdC avédvoope to pvbud €GPONG, T TAAVA HE TO EVOOUATOUEVO HOVIEAO KOGTOVG
yYivovtal avEéQIKTA Kol 001 YOUUNGTE GE KOTAPPEVLOT] TOL GLOTNHATOS (OTOTEAEGUO TOV
TpoKHTTEL EMioNG 0md TNV Topomave gwova). H devtepn Pedtioon apopd oto latency mov
ToPTNPEITAL Kol 6TIG OV0 TEPUTTOCELG. X0 rate-based TAAvVo, ETAEYOVILE VO VTOAOYIGOVLLE
VOPITEPO TIG GUVEVAOGELG TOL TOPAYOVV LKPOTEPO OTOTELECUATA, GE GYEGM WE TO puOUoO
€10000V, HE TO TOPpABvpa TOL YPNGILOTOOVVTIOL KOl LE TN SLVONKYN cvvéveong. g ek
TOVTOV, TOPATNPOVUE akOun kol Ayotepo amd 1o 70% tov latency tov built-in poviéio
KOGTOVG OTIG TEPICCOTEPES TMEPIMTMOCES (XU TApUKdT®), TOo omoio emiPePaidvel Tig

TPOGOOKiEg LagG.

Q3 Join Reordering

Mo

Optimizaticn
Il Fate-based
Optimizaticn
Built-in Cost
Optimization

Latency (s)

Q31 Q3.2 Q3.7

Q3.8 Q3.9

Ew. 0.9.3.e, Amoteréopota avadidtaéng TV CUVEVOGE®VY Yo TO EpATNUA 3.
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Yvvoyilovtag, KoTaANYOUUE GTO GUUTEPACUE OTL 1| fEATIOTOTTOINGN TTOV EMPAALOVE EXEL
oG amotéleocpo pikpdtepn aflomoinon emefepyootn kot pvAaung kot eaceaiiler
ONovpyio. EQIKTMOV TPOC EKTEAEOT TAGV®OV. XTI TEPMTMOGCEIS TOV OV EYOVUE TEAECTEG
OUVEVMONG, TOPATNPOVUE EMIONG ONUAVTIKEG PBEATIOOES OmdOOoNG Yoo TO TAAVO TMOV

EPOTNUATOV LLOG.

Téhoc, Bo 0élope va mapotnpioovue 0Tl To rate-based povtédo Oa eiye peyardrtepo
OovTiKTUTO oIV Tepimton mov elyape TEPIGGOTEPEG OMO WO PLGIKEG VAOTOUCELS
(aAy6p1Bpovg) yia vo emAEéEOvE Yoo 0TO0OMTOTE Ad TOVG TEAESTEG paG. ['ia mapddetypa,
av To0 cUOTNUA ElXE TOVANYIGTOV dVO JLOPOPETIKOVG TUVTTOVG GLUVEVGEMV, 1] GNLLOCLOAOYiN
ovuveyohg pong, M omoio gival evoopotouévn oto rate-based poviédo kooToLS, Oa
dNuovpyovce to PEATIOTO TAGVO e BAGM TO XOPAUKTNPIGTIKA TOV TNYDV OE00UEVOV PONG

LLOG.

0.10 Xounepaouaro kor Meilovtikés Enexraoelg

2vvoyn kai coumepdouaTo

Katd 1t owpkewe avtig g epyaciag, elyape tnv gvkoipio vo SlEPEVVIICOVUE TN
ONUACIOA0YI0 TOV PO®Y OESOUEVOV KOl VO XPT|CULOTOUCOVUE TIS YVAOOELG HOG YO VO
elodyovpe po dMmiotikny yAowooa SQL oto SABER. Emumiéov, efetdoape Tig tE)VIKEG
Bektiotomoinong TV epOTNUATOV o€ OYeClOKEC Paoelg dedopévav, emekteivape Tnv
evoopotouévn Aoyikn PeAdtiotomoinong tov Calcite, TPOKEYEVOL VO, AVTILETMTIGOVUE TIG
anoutnoelg evog mepiPdilovtog pong dedopévav, kol dokipdoape v amdd0GN TOLG GTO
cvotnua pog. Edd 8o cuvoyicovpe ta GUUTEPAGULOTO KOl TIC GUVEICPOPES TOV TPOKVTTOVV
amd avtnv Vv epyocio
1. Ta ovyypova cvotiupoato pong oamattovv ) ypnon SQL yw moilovg Adyovc. H
YAdooa SQL eivor dnAmtikn, mpdypo mov onpoivel 6Tt wpénel va kobopicovpe
poévo 11 Béhovpe kor Oyt moOG vo To vmoloyicovps. EmmAéov, umopel va
BeAtiotomonOel ko va a&loroynOel amoteAecnatikd 1060 G€ KATAVEUNIEVH OGO
kol og kevrpikd (centralized) mepipdAlovta kot givol n KaAdTEPN AVOT Yo TNV
éKQpacn oOVOETOV aVIALTIKOV pOTNUATOV o€ dedouéva, To omoia eEQyovv

TOMOTILEG TANPOPOPIEG YO TIG TEPLGGOTEPESG PLOUNYOVIKEG KOl OKOONLOTKES

119



nepimtmoelg ypnons. Emopévaog, oto RBStream ewsdyape vrootpién SQL oty
pnyoavn pong mov emhélape, pe Paon €vo vTOGHVOAO GTolEiwV Tapadupmv oV
umopovv va opiotodv otnv SQL-99 v suvaptioeig OLAP. H gukoria ypriong tov
GLOTANOTOC HOG EVaVTL TNG amAng vAomoinong tov SABER ftav mpopavig kot pog
d00nke M evkapio va dokpdcovpe akoun mepiocdtepo 10 SABER mdveo oe mo
ovvleta kol amortnTikd epotipota. ‘Eva andd epotmpo SQL pe mepiocdTEpOLS
and Tpelg TeEAEOTEC UeTA@PAlETOL OE OEKAOEC YPOUUES KMOIKH EKTEAECNC OTO
SABER, pe pikpn emPépovon yIMOGTOV TOV SEVTEPOAENTOV LOVO TPV Amd TNV
EKTELEDT] TOVL EPMOTNOTOG Y10 TOV VTOAOYIGHO TOL PEATIGTOL TAGVOUL.

Me Baon tovg tereotéc g SQL, Ba umopovoape va epapuodcovue Bertiotonoinon
1660 Pacel gupeTIK®Y 000 Kol kKavoéveov mov Pacilovior oto kOGTOG, Yo Va,
OVTILETOTICOVLE TIC TPOKANGCELS mov Tapovotdlovtal oe mepiPdiiovia ponc. H
Baocwn pog wWéa nTov 1 ewoaywyn evog Cost Based Logical Optimizer cto SABER.
Amo@acicale vo YPNOULOTOU|COVHE EVO GUVOLOCUO TOVL EVPETKOV KOl TOV
dvvapikov Peltiotomomtr tov Calcite, pe ypnom T0VG GE SUPOPETIKEG PACELC.
Awyopicope tn dadikacio Pedtiotomoinong o S14POPEC PAGELS Y0 VO LEIDGOVE
Tov y®po avalitnone kai tov ypdvo mov amouteital yio T PeAticromoinon,
EKLETOAAEVOLEVOL TNV EPOPUOYT OYETIKOV LTOCVVOA®Y kavovemy. Emouévacg,
SMUovpyNoaE o SLdIKAGTH T EVKOAN SLAXEPICIUT KOl ETITUYAUE TO KAADTEPO
OTOTEAEGUOTO L€ TOLG KOvOveg mov eglyape MNon. Eivar mwold egvxolo va
TPocGHEGOVE KOl VO, KOTOPYHOOVUE KOVOVEG XWOPIG Vo EXNPENCTEL 1| VIOAOITN
alvcido  Pertictomoinone.  Téhog, efetdoape kot aloAOyYNGOUE  TOAAEG
EVOOUOTOUEVES KOl TPOCOPUOCUEVEC TEYVIKEC PeATIoTONOINONG EPOTUAT®OV GTO
oUOTNUA HOG, OT®G TO KATEROGHO Katnyopnudtmv, to KAadEHa TpoPoAdv,
GLYXDOVELOT TEAEGTMOV KOl TNV AvASIATAEN TEAEGTDV (). CUVEVAGE®V 1| PIATP®V).
Ta mepiocdTEpE GLOTAHOTA PONG TOV dLOTIEVTAL VIO EUTOPIKT YPNOT|, OEV EYOVV
viobetnoel okOpo €vo KOTAAANAO HOVTEAD KOGTOVLC KAVO Vo, KAToypayel Tig
UETPIKES UG TTNYNG OEGOUEVMY GLVEYOVS PONG KOl VO KAVEL PEATIGTOTOCELS LE
Bdion avtég TIC TAPAUETPOVS. AOTIGTAOGALE AVTHV TNV AVAYKN Kol TpocsOEécalle Eva
LOVTELD KOGTOVG PAcel Tov puBLov €16poNg dedOUEVOV GTO GUGTNUA LOG, YO VO
OVTILETOTICOVUE TO YOPOKTNPOTIKE Tov dedopévav pong. Ilporyovueveg
TPOGEYYIGEIS IO TO HOVTEAD KOGTOVG [e Bdon to pvOud glopong dedouévav dev
&yovv vmootnplEn Yo ovvabBpoilotikég ocvvaptnoels. llpocmabnioope vo to
EMEKTEIVOLLE Yl VO, VTOOTNPIEOVUE TNV  OWOTEAEGUOTIKN  EKTIUNOM NG

KOTOVOA®MONG TOP®V, VO TAPLAEOVIE TO HOVTEAD LE TN ONUOCLOA0Yi0 HOg Kol Vo
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emTOyOoLUE TNV KOAOTEPN PerTioTomoinon Yo Tig mnyég pong pog. O kvplog otdYog
TOL HOVTEAOV KOOTOLG MTav 1M avénon Tov pvbuov mapoywyng dedouévov,
EAOLYLOTOTOLDVTOG TAPUAANAL TO EVOLAUESO OMOTEAEGHLOTO KOl TO. query tasks mov
dnuovpyodvtar omd to SABER. To poviého kdéotovg pog Pondbd emiong vo
EKTIUNCOVUE TOV OVTIKTLTO TOV BEXTIOTOTOMGE®V TOL £Papudlovtal e Eva TAGVO
EPOTAUOTOG.

H PeAitictomoinon pog éxet o¢ amotéhecua tn KpoTepn aglomoinon g cpu Kot
™G UVNUNG, Kol O10cQaAilel 0Tl 1| ekTéheo TV TAAVOV givar epiktn. ‘Eva peydio
TOGOOTO TOV EVOLAUEC®Y OMOTEAEGUATOV 7OV TOPAYOVIOL OO TO  Un
BeAtiotomompéva oyéda cuvnBmg amoppintovral, €T dEV ATAULTOVVTOL Y10, TOV
VTOAOYIGUO TOV TEAMKOV omoteléopatoc. Me ) dladikacio feAtioTomoinong mov
e@appolovpe, HEIMVOVUE TO EVOLAUECO ONMOTEAEGUATO 7OV TOPAYOVIOL KO
LLELOVOLE TNV avamapaymyr epyacidv oto SABER, pe anotéhecua ) peimon g
emPapuvonc Ady® TOL VTOAOYICTIKOV KOGTOVG KOl TNG YPOVOOPOUOAOYIONG Yo
oUVOETH EPOTNUOTA. XTIC TEPLOGOTEPEG TEPIMTMOCELS SOKIUNG, N PeATioTOTOINGN
Baoel puOuod dnuovpyYNcE Eva €PIKTO TAGVO, EVDd TOGO T, U PEATIGTOTOMUEVE
TAGVO, 000 Kol TO PEATIGTOTOMUEVE TTAGVO LE EVOOUATOUEVO LOVTEAO KOGTOLG
TOPNYUYOV OTOTEAEGLATO TOV €EOVTAOVY TN UV KOL TPOKAAOVV TEPLATIGUO TOV
ovotnuotog. EmmAéov, oTlg mepmmtdoels mov Oev elyoue TEAEGSTY] GUVEVOOTG,
mapatnpioapne peydreg Peitidoelc oto throughput (amd 1,3 €wg 2,7 @opéc
nepiocotepo. MB/s), kabBmdg o pvOuodg mapaymyng tov PBeATICTOTOMUEVOL LOG
TAGVOL en@eANONKE TOAD amd 10 pLovTéAo KOGTOVC. TEAOG, TapaTNP|CALE OO TO
nepdpotd pog 0Tt o tereotng Join evepyel ¢ eUmOOI0 OTNV EKTEAECT] TOV
gpomnuatov yie to SABER. YmoOétoupe 011 avtd cvpPaivel Adym pn cwootig
KOTOVOUNG TOV @Optov emeepyaciog petald tov vipdtov. Eropéveg, énpene va
LETPCOVIE  OULPOPETIKEG UETPIKEG YO OVTEC TIC TMEPUITAOGCEIS, ONMOEC N
xpnopomoinon Tov cpu kot to latency. Tuykekpiuéva, 6To pAOTNUL avadtdTaéng
TOV TEAEGTAOV GLVEVOOTG, Ttapatnproape Ayotepo and to 70% g kabvotépnong
TOL EVOOUATOUEVOL HOVTEAOL kOOTOVG. TEAOG, Olepevvicape Tnv dvuvatodtnTo
OLYYDOVELONG TEAESTMV oTNV 1010 query task 1| 1n didlomaon TOVS, TPOKEUEVOL Vil
TpooaploOcovpe To granularity Tng epyacio pog KOl vo ETITUXOVUE KEYOAVTEPT
amddoon.

[Mopovowdlovpe to amotedéopota throughput kot latency otov ypnotn pe pio
dadpacTiky demaer mov ypnoiponolel to Jupyter Notebook kat Bipiodnkeg g

python yw ypooewéc mapactdoelg mpaypatikov ypovov. O xpnotng pmopel va
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vroParel Eva epdTNUo Kol vo emAéEel va amd T TPio SLLPOPETIKA TAAVO TOV
UTOPOVV VO €KTEAECTOVV. AvTd To mAGvo glval pn PeAtiotomoinpévo TAGVO,
BelticTomompévo TAGVO e EVOOUATOUEVO LOVTEAD KOGTOVG Kol BEATIGTOTOMULEVO

TAavo pe Bertiotonoinon Pacel puBuov e1Gpong dedouEvav.

MelAOVTIKES EMEKTAGEIS

Anprovpyio vE@V QUGIKOV VAOTOUGEMY TEAEGTAOV 6T0 SABER.

Ymv tpéyovoa €kdoomn tov SABER, éyovpe pia povadikn guoiki viomoinon (aiyoptpo)
v kdbe tereot. [laporo mwov Yo OPIGUEVOLG TEAEGTEG, OTMG 1 TPOPOAT, avTA M
TPOGEYYIOT QPAIVETOL OTTOOEKTH, Y10 AALOVG, OT®C TO Join, TPEmel va £OVE TEPIGGATEPES
omd pio VAOTOMGELS Y10 VO OVTILETOTIGOVUE SLUPOPETIKES TepmTMOELC yprions (Hash Join
vs B+tree Index Nested Loops Join [24]). Ze éva anpdPrento mepifdilov, OTMS AVTO TOV
AVTILETOTILOVIE GE EQPAPUOYEG GUVEXOVG PONG, EIVAL ONUOVTIKO VO EXOVUE TN dVVATOTNTA
va emAééoope TV KoAOTEPN €mAoyn Yo kdBe mepimtwon ypniong. H swooyoyn vémv
aAyopiBuwv kat 1 vAomoinon tovg oto SABER (yio v gktéheon 1060 6e cpu 660 Kot G
gpu) 0o oEeANoEl TEPIGGOTEPO TN YPNON TOV HOVIEAOL KOGTOLG Kol Bo odnynoel oe

KaAvtepn PerticTtomoinon.

Ylomoinon véov kavévov petacynuatiopo? yie o Calcite.

Ot svoopatopévol kavoveg petaoynuoticpod tov Calcite otoyxgvovv ce oyeclakog
LETACYNUATICLOVS KOl OEV EKUETAAAEVOVTOL TN ONUACLOAOYiL TV dedopévav ponc. g
amotéAecpa, po mhavny Avorn oe avtiv v éAlewyn Bo fTov 1 vAomoinon kavoévmv
UETACYNUATIGLOD TPOCOVATOMGUEV®VY TPOG T dedouéva pong, mov Oa tomobetnbovv atnyv
tpitn @don g ddikaciag PEATIGTOTOINGNG TOV GUOTHUATOC WOG. X OVLTH TN GAoN,
avolntodpe €£aviAnTikd to PEATIOTO GYESI0 KOL TNV YPNOCLUOTOOVHE Yo KAVOVEG TOL

epappdlovtal mpv amd TNV EQOPUOYN TG avadtdtaéng tov Join.

Kotaokevn povréhov k661006 pe peyorvtepn akpipera.

ATO1TOOVTOL OPICUEVEG TPOTOTOMGELS TPOKEEVOL VO avapopemBel To LoVTELO KOGTOVG
HogG Kol vo dnpiovpynoovpe pia o akpipn €kdoon tov, mov Ba kabopiletor tepiocdTEPO
and 1o SABER. Avtég ov arrayég 0o pog Ponbovcav vo eKTIUNGOLUE KOADTEPO, TOV

OVTIKTUTO TOV PEATIOTOTOMCEMV KOl VO dOGOVHE Mo PéATioTa oYédlo 6€ MEPITAOKES
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TEPIMTOCELS YPNoNG, Pacilopevol 6e HETPNOEL MOV GLAAEYONKOV amd TNV EKTEAEGT TOV

SABER.

IIpocOn kN TPocUPROGTIKOTNTAS GTO GVGTNNO.

H eneéepyoacio podv dedopévaov o TPAYHOTIKEG EQOPLOYEG GUVOEETOL GTEVHL HE TNV
TPOGUPUOCTIKOTNTA, J1OTL 1 dwdikacia tng eneéepyociog Tpénetl vo eEgMoceTAL KATA TNV
extéreon). [Mapdro mov N duvapukn avadidpOpmon gival Eva eTBLUNTO YOPAKTNPICTIKO, TO
CLGTNUOTO PONG EVOEYETOL VO VIOPEPOVY amd TN JTApaln Kol v emPapuven mov
npokoieitor amd v avadidpBpwon avtr. Emopuévmg, n ac@aing Kot Un amodlopyavaTikn
avodidtaén tev terectov e&okorovbel va amotelel avolytd TpoPAnua. Eivar modd dbckoro
va Kavoope T owotég oaAlayés oto SABER, mpokewévov va vmootnpifovpe
mpocapuootikovg terectég (dataflow routing tov Eddies [27]) pe v eldyiotn dvvarty
empapovon. Qotoéco, 1 TPEYovca dwdikacio Peitictomoinong Oa  pmopovos va

ypnoonoindel og éva Kadd onpeio ekkivnong yo v Tpocapproctiky BeAtiotonoinon.

Enéktoon TOv GUGTIHOTOS pOG Yo TNV VTOOTHPLE] EPOTNHATOV ©€ 16TOPIKA
dgoopéva.

[Ipoc to mapov, 1o SABER éyel oyedwnotel povo yio epoTquUato 6€ poég OedoUEVOV.
Qo1000, G€ MPOUYUATIKEG EQAPUOYES, OMOLTOVVIOL O CLVOETO EPMTNUOTO KOl OVOAVOT|
dedopuévav mpokeévov vo gayxBodv molvtineg mAnpogopies. Emopévmg, mpémer va
UTOPOVUE VO EKTEAECOVUE EPMTNUOTO TOGO GE OEJOUEVA PONG OGO KOl GE LOTOPIKA
dedopéva (mivaxeg). Eivar ovokoro va oyedidcovpe €va €VOTOMUEVO HOVTEAO TOV VO
vrootnpilel v avaivon Kat yio Tic 600 avTéG TNYEG Kol TOV GUVOVOGHO TOVC, e OKPIPOC

pio eopd onuacioloyia.

Ynootipién Flow Control: Backpressure pnyoaviopoc.

Eivor dvokolo va eyyonBolpe v avioyn o€ cQAANOTO KOl TNV LYNAN amOO0CT TNG
eneéepyaciog poov, og avtifeon pe v enelepyacia oe déopeg (batches). "To Backpressure
OVOPEPETAL OTHV KOTAGTACH OTOD £V, a0DOTHUO. Aoufaver dedouévo. ue vyniotepo pobuo ano
0,71 UTOPEL va. eMeLEPYATTEL KOTA T O1GpKELa HI0G TPOowPIVAS Expnéng poptov” [70]. Edv to
backpressure 0ev avIIHETOTIOTEL CMOTA, Umopel vo odnynoel oe e&dviAnon Tov Top®V M
OKOUN Kol OTn YEpotepn TepPimTt®on, onmAcio dedouévev. H tpéyovoa ékdoomn tov

SABER dev vmoompilel évav katdAAnio pnyoviopd backpressure, kdti mov €xel ¢
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OTOTEAEG L0 TOV TEPUATIGIO TOV CLGTNLOTOC KOl TNV OTMAELN OESOUEVMV OTIC TEPUTTMOGELG

OV dgV UTOPEL VOl YEIPLOTEL TOL EIGEPYOLEVO OESOUEVQL.
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Introduction

1.1 Data Stream Management Systems

In the last decades, relational database management systems (RDBMSs) fulfilled the needs
of traditional business applications. Data was already loaded into the database when the
users submitted complex queries, which were evaluated efficiently by DBMSs. These data
records can be considered relatively static and remain valid until explicitly modified or
removed. As a result, we assume that the number of queries exceeds the number of data
modifications. The goal of a DBMS is to provide persistent, consistent, and recoverable

storage, along with efficient query execution.

However, nowadays we have the emergence of a new type of data-intensive applications
that requires processing data which is continuously arriving at the system, called stream
data sources. Web applications, sensor networks, location-based services, network traffic
monitoring, electronic trading and transactions logging are a few examples that belong to
this new class of stream-oriented applications and produce data at colossal rates. The
increasing use of wireless computing devices, the increasing number of web applications
and the advances in sensor-technologies contribute to the growth of such streaming
applications. Even, as throughput is increasing, businesses and users crave for even more
timely data. While the latest advances in hardware offer some help, it is not enough to keep
up with the throughput and latency issues. It is extremely expensive to extract valuable
information in acceptable time from massive data volumes accumulated over months or
even years. Therefore, the archived data has to be discarded without analyzing it, to free

space for new data.

In order to process this rapidly flowing data and produce fast results, the technology of
stream processing is being used. The basic concepts behind this technology derive from the
database research community. Although relational databases and streaming engines share
many common characteristics, they are not the same. In a database, the users apply queries
on data that has arrived, has been pre-processed, stored and indexed in advance.

Conventional DBMSs are not designed for the continual evaluation of queries over
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streaming data. On the contrary, in a streaming query engine, the queries are applied before

the data.

Data Stream Management Systems (DMSMs) provide the required support for queries to be
evaluated over data that continuously arrives as potentially unbounded, rapid and
time-varying data streams. We pass data flows through a number of continuously executing
queries and operators, and we get their transformations as a result. One might say that a
relational database processes data at rest with transient queries, whereas a streaming query

engine processes data in flight [17] with persistent queries.

1.2 Problem Motivation

Modern data stream processing platforms like Apache Storm [40], Spark Streaming [41]
and Apache Samza [43] lack support for SQL like declarative query languages and require
sound knowledge on imperative style programming and distributed systems to effectively
utilize them [4]. These systems provide low-level programming API and substantial effort
is required in order to produce decent code, because of the complexity involved the
maintenance overhead [20]. In addition to that, several well-known solutions based on
Hadoop utilize SQL support, like Hive [56], Impala [74] or Presto [75]. Thus, the question
asked is whether we can extend these Big Data streaming engines to support SQL with clear

semantics or not.

We already know from traditional databases, that an SQL like language is a mathematically
sound way of expressing a question to a DBMS. In order to make streaming systems more
easily accessible to users not familiar with programming and distributed systems, we have
to introduce the support for SQL like continuous query languages or SQL with streaming

extensions. The reasons for using a SQL like query language are [52, 76, 77, 80]:

e SQL is declarative. As a result, the users specify what information they want to

extract, but not how to compute them.

e They enable sophisticated real-time analytics to be expressed using simple queries,
because of their expressiveness. Most developers understand SQL and it is easier
for them to learn it. Only if it doesn’t cover a specific use case, they can dive in
more complex solutions, like imperative style programming. SQL is capable of

encapsulating the underlying complexity of the data management operations, and
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thus simplifies real-time analytics. Also, real-time analytics can better be optimized
with an SQL like model. By using SQL support to our system, we enable
optimizations based on a structured procedure which derives from traditional
relational databases. The optimization techniques and algorithms used in DBMS
can be adapted and expanded accordingly, in order to deal with issues that emerge
from stream-oriented applications.

® “SOL can be applied for dynamic query planning and optimization, as it is
mathematically tractable and designed for this purpose.” [52]

e SQL queries can be optimized automatically over both centralized and distributed
systems. Therefore we can achieve significantly better performance with less effort,
eliminating the need for manual and often poor optimization of queries. “SQOL offers
powerful and elegant constructs that are general, can be optimized dynamically for
optimum performance given the current underlying hardware configuration, and
can be combined with other SQL operations” [52]. Streaming SQL applicaitions
outperform the equivalents Storm or Spark applications, as developing a streaming
analytics application on this platforms requires writing code in Java or Scala, which
are less compact than SQL. These programming languages “require significant
garbage collection which is particularly inefficient and troublesome for in-memory
processing” [79].

e We can decouple the implementation of SQL applications, as they can be built in
less time compared to for low-level open source platforms and proprietary SQL-like
platforms.

e In contrary to Complex event processing (CEP [55]) and many current open source
platforms, SQL platforms can be updated on the fly without having to recompile
them, which is essential in many applications. For example, when we use stored
procedures, the changes apply immediately without having to recompile the system.

e Also, we can define user defined operations written in a high level language and
deployed in a SQL query, which partially solves the problem of SQL not supporting
all real life use cases.

e Finally, we can use platforms for GUI-driven analysis of data streaming and

visualization of streaming analytics, as SQL is easy to auto-generate.

However, traditional SQL, relational data model and algebra [73] were not designed for
streaming processing [80]. Relational database systems deal with finite sequences of tuples,

which are completely available and produce fixed sized results. Some of these systems
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feature eager maintenance of materialized views, which is defined as a SQL query like a
regular view. This type of processing is similar to evaluating SQL queries on streams of
data, with the difference that in streaming systems we have to update the view whenever its

base relations are modified.

Therefore, it is evident that there is a necessity for streaming processing engines to possess
a SQL declarative language and as a result query optimization support. Query optimization
is a key component of database technology because it acts as a bridge between SQL queries
and efficient execution. Moreover, in most cases, optimizers make declarative SQL queries

a far better choice than imperative code. However, “although most Big Data platforms
revisit many of the concepts pioneered in the database community in the 2000s,

functionalities, such as the typical query optimizers in these frameworks, are rudimentary
compared to many mature commercial databases but is quickly evolving” [78]. Some
frameworks, like Spark [41] or Storm [40], offer some heuristic query optimizations, but
these are not based on streaming characteristics. In order to optimize their performance, we
have either to write custom code (how to cache/partition data) or to tune our applications
with configuration changes. On the other hand, although Apache Flink [42] is adopting
streaming SQL semantics along with algebraic transformations in its latest release (1.3.0),
using Apache Calcite, it doesn’t use variables from the streaming context to find the optimal
execution plan. As a result, a more concrete solution should be provided with a focus on
streaming semantics, including cost-based optimization techniques, and not just in topology

transformations.

These two aspects of a DSMS, SQL support and query optimization, do not only offer ease
of use, but also improve dramatically a system’s performance. When submitting a complex
query, the user does not have to h time and thought in writing the query in an optimized
way. For example, it is not required to define the join ordering of the streams, as it is the
responsibility of the optimizer to handle such cases. Simple optimization techniques, like
projection pruning (pushing down projection operators to prune columns early), can affect
both the overall throughput and the resources used, as the data that is transferred in the

pipelined execution procedure of a DSMS is reduced.
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1.3 Thesis Statement and Contributions

The thesis introduces support for a declarative query language, by utilizing a state of the art

open-source framework for query parsing, validation and optimization. We present

rate-based optimization techniques over data streams and apply our findings to our

streaming processing engine, SABER [2]. These techniques are classified into static

optimization and have a huge impact on the performance of RBStream, the system we

created.

Our contributions are summarized as follows:

1.

Query optimization: We employ and configure a set of query optimization
techniques, such as predicate push-down, projection pruning, operator merging and
join order optimization, based on rules and cost models, that are proposed in the
literature, to optimize complex SQL processing in streaming queries, by taking into
account incoming rates, the size of windows, system utilization and memory

consumption.

Cost Model: We modified and extended the utilized models, in order to optimize
query execution throughput while minimizing resource consumption, such as
memory and cpu usage. Until now, stream processing systems, such as Spark
Streaming [41] and Flink [42], only used automatic query optimizations with
heuristic rules, not based on streaming semantics. In addition, Calcite’s built-in cost
model [1] utilizes statistics that can’t be used for streaming data, as they are
unknown in advance. Thus, we introduce a rate-based cost model on stream
characteristics. This model relies on previous work [37, 26] and was modified
appropriately to fit our streaming semantics. Its purpose is to allow the estimation

of resource consumption and help the optimizer to select the best execution plan.

SQL support: We add SQL support to SABER, a hybrid relational stream
processing engine. In this thesis, we introduce our declarative query language to
express continuous queries over streaming data sources, based on a subset of
window constructs definable in SQL-99 for OLAP functions [64]. A SQL query is
translated in dozens of lines of code, ready to be executed in SABER.

System implementation: We build the system atop Apache Calcite [1], an
optimization framework, we create a physical converter, to convert the logical

operators to the corresponding physical of our execution engine. In our
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implementation, we extend Apache Calcite to utilize the aforementioned
techniques, while allowing the user to perform expressive SQL queries following
the SQL-99 standard and offer an end-to-end system where we have integrated the
modified streaming-aware Apache Calcite with SABER, a hybrid stream processing
engine.

Evaluation: We analyze and evaluate the effectiveness of RBStream under various
system configurations over a Purchase-Orders Transaction Benchmark, with
synthetic data, where we show that our implementation can outperform the naive
execution approach in an interactive web U, as far as throughput and cpu
utilization are concerned. In certain cases without join operators, the optimized plan
resulted in even 2.7 times greater throughput, utilizing nearly half of the resources
compared to the non optimized plan. When one or more join operators were used in

the query, less than 70% of latency was observed against the conventional plan.

1.4 Thesis Structure

The remainder of this thesis is organized as follows:

In Chapter 2, we focus on the theoretical background required for understanding the
core concepts of Streaming, Query Optimization and Data Stream Management
Systems, alongside with related work on these fields. We also present the
optimization framework, Apache Calcite, and the streaming processing engine,
SABER, which are used in our integration.

In Chapter 3, we describe the optimization procedure of Calcite. We present some
of Calcite’s built-in rules along with our custom rules, which are used in the
implementation of our system.

In Chapter 4, we define the cost model used for query optimization in our system.
We specify our model’s parameters and optimization goal, in order to fit in
streaming semantics.

In Chapter 5, we present the implementation of RBStream along with an interactive
web interface to present it. The design choices and the characteristics of our

integration are analytically explained.

In Chapter 6, we present the results and diagrams from the experiments run for our

system, for different cost models.
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e Finally, in Chapter 7, we summarize our conclusions from the results and refer to
issues we did not have the chance to work on and which could be regarded as future

work.
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Background and Related

Work

In the context of this thesis, we are going to use Apache Calcite [1], a dynamic data
framework, and SABER [2], a centralized hybrid high-performance relational stream
processing engine for CPUs and GPGPUs. In order to justify our choice and familiarize the
reader with the main concepts concerning streaming systems and query optimization, in this
chapter we are going to provide the necessary background, describing the basic mechanisms

and programming models used nowadays, as well as a brief reference to related work.

In Section 2.1, we introduce the reader to some key ideas of streaming. In Section 2.2, we
discuss CQL, a continuous query language that provides the appropriate semantics for
streaming. In Section 2.3, we examine the query optimization procedure in general. In
Section 2.4, we describe the main concepts of Calcite. Finally, in Section 2.5, we discuss

streaming processing engines and more specifically focus on SABER.

2.1 Basic Streaming Concepts

First of all, we have to cover some important background information about streaming in

general [5]. These concepts are partitioned into three specific sections:

e Terminology: in order to dive into complex issues, we have to give precise
definitions.

e (Capabilities: this section is about oft-perceived shortcomings of streaming systems.

e Time domains: there are two primary domains of time that are relevant to data

processing.

A streaming engine is an execution engine designed for unbounded (ever-growing,
essentially infinite) data sets, as Tyler Akidau states in his post [5]. The term “streaming”
does not imply approximate or speculative results. A well-designed streaming system can

produce correct, consistent, repeatable results as any existing batch engine (Lambda
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Architecture [72]). In Lambda Architecture we run a streaming system alongside a batch
system. Although they both perform the same calculation, the streaming system returns
low-latency inaccurate results while the batch system provides the correct results some time

later.

However, maintaining such a system is inconvenient, as we recompute the result twice
using two complex pipelines [35]. So streaming engines should assure correctness (strong
consistency is required for exactly-once processing) and tools for reasoning about time
(dealing with unbounded, unordered data of varying event-time skew). Designing and
implementing robust streaming processing systems remains a challenging task, not only
because of the massive scale of typical deployments, the complexity and unpredictability of
system executions but also due to the Volume and the Velocity challenge of large-scale data
at the same time. The transition from the Lambda to Kappa Architecture systems [34, 35]
requires a powerful stream processor in order to process data at high incoming rates and

secure data retention.
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Kafka Cluster
A processing_job

input_topic
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Fig. 2.1.a, Lambda Architecture [35].

Next, we have to understand the two primary time domains involved in the stream

processing:

e Event time, which is the time at which the event occurred.

e Processing time, which is the time at which events are observed in the system.

In an ideal world, both would always be equal. However, the skew that exists between them
can’t be passed by. There are use cases where we care for either of them and create
windows according to this particular domain, and cases where both are needed in which

several problems arise.
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Fig. 2.1.b, Event Time vs Processing Time [5].

In traditional databases, we know how to deal with bounded data processing. The problem

arises when we have to face unbounded data sets. In streaming engines we have five

different approaches to deal with unbounded data:

Time-agnostic: This type of processing is used when time is essentially irrelevant
(e.g. all relevant logic is data driven). Streaming systems should support these use
cases, which are the simplest streaming scenarios where our computations don’t
require the use of timestamps. Such time-agnostic operations are Filtering and
Projection. These operations would return the same result regardless the time
dimension, and thus are considered stateless and we don’t need memory to compute
them. For example, in the next query, we don’t care about the time and the result is

computed as if we had a conventional table:
SELECT *

FROM StreamSource

WHERE columnl > 100;

Approximation: The second type of processing is approximation algorithms such as
approximate Top-N [65], streaming K-means [66]. These algorithms are designed
for unbounded data and are low overhead. However, they are complicated and their

approximate nature limits their use.

Windowing by processing time.

Windowing by event time.
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Windowing by tuples.

In order to proceed with the last three types of processing, the definition of windowing has

to be given. “Windowing is simply the notion of taking a data source (either unbounded or

bounded), and chopping it up along temporal boundaries into finite chunks for processing

[5].”

Key 1 Key1 Key2 Key32 Key1 Key2 Key3

i =

Sliding Sessions

Fig. 2.1.c, Window Types [5].

As shown in the figure above, there are three different windowing patterns (the horizontal

lines show the different keys produced by the Group By clause):

Fixed Windows: These windows slice up time into segments with a fixed size
temporal length, which are applied either uniformly across the entire data set
(aligned windows as in Fig. 2, above) or to different subsets of data (unaligned
windows). As is observed by the figure, the windows are formed with data arriving
from the top, until we reach the fixed size of the window. Next, all this data is
computed to produce the result and then is dropped, while new data arrives and
forms the following window. They are also called tumbling windows.

Sliding Windows: They are a generalization of fixed windows and are defined by
two parameters, a fixed length and a fixed period of slide. In this type of windows,
we gather data for a fixed length of time before we compute the result and we drop
it according to the fixed period of slide. For instance, if we have length and sliding
period equal to 60 seconds and 1 second relatively, we compute our result when we
have collected tuples for at least 60 seconds and we drop the tuples that were

inserted in the first second of the previous period when we add tuples for every new
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second. If the period is less than the length, the windows overlap. If they are equal,
we have fixed windows. Finally, when period is greater than length, we have
something like a sampling window, that only looks at subsets of the data over time.
e Sessions: Sessions are dynamic windows, composed of sequences of events
terminated by a gap of inactivity greater than some timeout. The length of the
sessions can’t be defined in advance and depends on the actual data involved.
Although this type of window is not used in our current implementation, it will be

discussed more thoroughly in Calcite Streaming section.

In windowing by processing time, we buffer up incoming data for a certain amount of
processing time. This type of processing is simple, eases the check of window completeness

and fits in cases where we want to infer information about the source as it is observed.

On the contrary, in cases where data is related to event time, it is difficult to process it, as it
may arrive out of order. In such cases, we separate the data sources in finite chunks that
reflect the time that these events occurred. However, it is difficult to preserve event time

correctness and more buffering is required, but we can create sessions.

In windowing by tuples, the size of the windows is counted in a number of elements and
they are called tuple-based. Tuple-based windowing is a form of (processing) time

windowing, where elements have monotonically increasing timestamps.

Taking into consideration that while old data is being processed new data arrive, we have to
use different algorithms for streaming operators. These algorithms should be able to keep
pace with the data stream by having low computation time per data element. As a result, the
computation is prefered to be confined in main memory without accessing disk. Also, the
input of blocking operators (such as Join, Aggregate and Sort) needs to be materialized
before start processing. For example, we need the whole data to be present before applying
a sorting operation. These operators are usually called stateful, as we need to use memory to
compute their result. Extensions of already known algorithms are used, in order to reshape
the blocking behaviour of the known algorithms of such operators to non-blocking (e.g.

non-blocking join [36]).
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In order to speed up query execution and keep the computation time low, there are several
techniques that can be used [54]. Windows are used to set bounds over unbounded data and
help the streaming system to compute the result of blocking operators. Furthermore, there
are certain applications in which high-quality approximate answers are acceptable. In these

cases, we use approximation algorithms to compute our result.

2.2 CQL: Continuous Query Language

CQL [3] is not SQL, but a SQL based declarative language for querying streaming and
stored relations. Abstract semantics of CQL relies on three types of operations:
stream-to-relations, relation-to-relation and relation-to-stream on two types of data, streams

and relations.

Streams and relations

The main difference between the relations in CQL and the standard relations is the

additional notion of time in the semantics of the relations R of CQL.

e Stream - A stream S is a (possibly infinite) bag of elements (s,t), where s is a tuple
of the schema that describes the stream S and t is the timestamp attached to the
element. The timestamp is not considered to be a part of the schema of the stream,
and there could be zero, one, or multiple elements which share same timestamp in
our stream. The only requirement that we have is that there is a finite (but
unbounded) number of elements with the same timestamp. There are two “types” of
streams: the source data streams that arrive to the streaming engine, which are
called base streams, and the streams that are produced by operators, which are

called derived streams.

e Relation - A relation R is a mapping from a discrete, ordered time domain T to a
finite but unbounded bag of tuples of schema of this relation. For a specific time
instant t € T, we have R(t), which is an unordered bag of tuples for this time

instance.
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Operators

Some regular SQL operators from relational databases, such as join and aggregation

operators, are blocking by default and can not be used for evaluation in a streaming context.

To overcome this obstacle, we use window operators, to divide the stream into possibly

overlapping subsets, after stream scan, in order to reduce the scope of the query to a

window extent.

The concept of window is embedded into CQL semantics, by using the concept of

instantaneous relation, as discussed above. This allows streaming query execution engines

to implement blocking operators and the integration of stored relations to streaming queries.

When a stream is converted to instantaneous relation we can work like we did on relations.

Stream-to-relation - The input of this operator is a stream S and the output is a

relation R with the same schema as S. Every relation R(t) should be computable

from S up to 1, at any instant 1. In CQL we have only one stream-to-relation

operator, the Window operator. There are three classes of sliding window operators

in CQL, which are defined below: time-based, tuple-based, and partitioned. The

sliding window operator is based on the window specification language derived

from SQL-99.

o

Time-based sliding windows: This type of window is specified by a
time-interval T. It is assumed that it specifies a computable period of
application time. By definition, the output of the sliding window is
computed by all the latest tuples of an ordered stream that belong to an
interval of size T time units. The output relation R of “S [Range T]” is

defined as:

Rir)={s| (s, 7 es A [ <£7) A (7 > max{r =T,0})}

There are two special cases: T =0 and T = co. In the first case, the syntax
“S [Now]” is introduced, and R(t ) consists of tuples obtained from
elements of S with timestamp t. In the second case, the syntax “S [Range
Unbounded]” is used, and R(t ) consists of tuples obtained from all

elements of S up to t.
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These two cases will be referred as Now window and Unbounded window

in the rest of this text.

o Tuple-based windows: A tuple-based sliding window on a stream S is
specified by a number N of rows. The output relation computed over time
by sliding tuple-based window include the last N tuples of an ordered
stream (“S [Rows N]”). A relation R(t ) consists of the N tuples of S with
the largest timestamps < 1. If there are several tuples with the Nth most
recent timestamp (while for clarity let us assume the other N — 1 more
recent timestamps are unique), we must “break the tie” in some way to
generate exactly N tuples in the window. For this reason, tuple-based
windows may be not appropriate for cases when timestamps are not unique.
There is a special case when N = oo and it is specified by [Rows
Unbounded], which is equivalent to [Range Unbounded].

o Partitioned Windows: This type of sliding window takes a positive
integer N and a subset {Al, ..., Ak} of S’s attributes as parameters. It is
could be defined by [Partition By Al,..,Ak Rows N]. This window
logically partitions S into different substreams based on equality of
attributes Al, . .., Ak, computes a tuple-based sliding window of size N

independently and computes the result from the union of these windows.

Relation-to-relation - The relation-to-relation operators are derived from
traditional relational operators of SQL. The main concept behind these operators is
that once we have used a Stream-to-relation operator over a stream and converted it
to a window, we can treat it as a relation. These operators have straightforward
semantic mapping to time-varying relations. All the traditional relations of a SQL

query can be described with CQL semantics.

Relation-to-stream - A relation-to-stream operator takes as input a relation R and
gives as output a stream S with the same schema as R. Every stream S should be
computable from R up to 1, at any instant . We use the difference between
previous and current instantaneous relation to convert a relation to a stream. With
these operators we can convert the result of a stream-to-relation operation back into
a stream for further processing, which is required for the pipelined procedure of

query execution in a streaming processing engine. In CQL, there are three
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relation-to-stream operators: Istream, Dstream, and Rstream. We assume that the

operators U, x, and — are the multiset versions in the definitions that follow.

o 1. Istream (“insert stream”) applied to relation R contains a stream element
(s,t), whenever tuple s is in R(t) — R(t—1). This operator is used to create a
data stream from a relation where each time a tuple is inserted into the
relation, a copy is sent to the data stream, but only if the tuples that are

inserted are not duplicates. Formally, we have:

Istream( ) = U ((R{r)=R{r=1)) = {7})
Tz
o 2. Dstream (“delete stream’) applied to relation R contains a stream element
(s, 1), whenever tuple s is in R(t — 1) — R(r). Using the DSTREAM
operator, a data stream is created from a relation where each tuple is
removed from a relation, this tuple is sent to the data stream. Formally, we
have:

Detream| ) = U ((fir=1)=R(7)) = {7})

il

o 3. Rstream (“relation stream”) applied to relation R contains a stream
element (s,t), whenever tuple s is in R at time 1. The operator RSTREAM
converts an entire relation into a data stream. That is, all the tuples present
at the present time in the relation are sent to the data stream. Formally, we

have:

Rstream( ) = U{R(T] % {7})

2>

Stream—to—Relation

Relation—to—Relation

Relation—to—Stream

Fig. 2.2.a, CQL Operators [3].
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Let’s use some examples from CQL [3] paper in order to clarify the use of the above

operators:

Select Distinct vehicleId

From PosSpeedStr [Range 30 Seconds]

This query is constructed from a stream-to-relation operator (a sliding window of
size 30 seconds and slide 1) and a relation-to-relation operator (distinct), which
performs projection and duplicate-elimination and it is familiar to us from

traditional databases. The query is taken from Linear Road Benchmark, which is
used in CQL paper for evaluation, and outputs a relation with all the active vehicles

that have transmitted a position speed measurement over the last 30 seconds.

Select Istream(*)
From PosSpeedStr [Range Unbounded]

Where speed > 65

In this query we can distinguish three operators: a stream-to-relation unbounded
window operator, which contains at a time t all the speed position measurements
until T, a relation-to-relation filter operator, which reduces the output according to

its filter condition, and a relation-to-stream Istream operator, which streams new
values in the filtered relation as the result of the query. We use Istream operator
with Unbounded windows to express filter conditions or to stream the results of
sliding-window join queries. On the contrary, Rstream operator is used with Now
windows to express filter conditions or to stream the results of joins between
streams and relations. Finally, Dstream is used less commonly than Istream or

Rstream.

STREAM Query Plans

Apart from the above semantic features of CQL, it is interesting to explain the query

execution strategy of STREAM engine, which uses CQL, to better understand the basic

components of a streaming engine. A runtime stream is represented as a sequence of
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timestamped insert tuples. This sequence can be infinite or can be limited with two different
approaches, either by using compression techniques, that try to summarize the data, or
window techniques, that bound the data into finite parts. A relation is represented as
timestamped insert and delete tuples, which show the changing state of this relation. By
taking into consideration the above definitions, it is easier to implement incremental
processing and query optimization of streams. Incremental processing emerges from the
observation that several computations on the incoming streams can be estimated only once
and be reused for upcoming computations (e.g. incremental sliding window aggregation).
Also, the basic concepts for optimizing continuous queries are analogous to those from
traditional databases. If our system supports relational data streams and our logical plan is

based on relational operators, algebraic equivalences can be produced by a query optimizer.

Here's an example of how two query plans are executed in STREAM:

Fig. 2.2.b, STREAM continuous query plan for two queries [3].

Ql: Select B, max(R)
From S1 [Rows 50,000]

Group By B
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Q2: Select Istream(*)
From
S1 [Rows 40,0007,
S2 [Range 600 Seconds]

Where S1.A = S2.A

In the previous example, we notice that the output is calculated in a pipelined way. We
bound the input data with windows and we keep the state of the operators, in order to
advance in our computations. The queues ql to g8 represent the data movement of the
system and synopses sl to s7 are used to retain the operator state. We can also see the
window operators (seq-windows) used on the data stream inputs, to bound the data into
finite chunks. More precisely, in the first query, we have a tuple-based sliding window of
range 50,000 rows and slide one, while in the query Q2 we have both a tuple-based and a

time-based window with slide one and range 40,000 rows and 600 seconds respectively.

We have already discussed stateful and stateless operators. Operators that require memory
for their computation, such as Aggregate or Join, play a critical role in the output rate and
the resources utilization of a streaming engine. On the contrary, stateless operators aren’t
affected by window boundaries and thus can give the same result regardless the window
chosen. However, placing a filter or a projection early can significantly reduce the amount
of data that is produced and processed in later execution stages. From the above, it is
obvious that the correct placement of operators can maximize the output rate and reduce the

needed computational resources. This is what we try to achieve with query optimization.

2.3 Query Optimization

This section is about the main concepts of query optimization, which derive from traditional
databases. Query optimization is one of the key components of data management systems’
core, the bridge that connects SQL queries to efficient execution. In traditional databases,
SQL queries can have more than one corresponding physical plans. Although all these plans

give the same result when executed, they may differ in the execution time or the required
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resources. In this case, the optimizer has to find the optimal or a close to the optimal plan

that will be executed.

Each logical or physical plan is represented by an operator tree, in which the nodes
represent the operators and the edges represent the data flow. When we have complex
queries over multiple input sources, the different ways of implementing them may be
millions or more. Decisions about the join order, the order of consecutive operators (e.g. if a
filter should be pushed through a projection) or which algorithm to use for implementing an
operator (e.g. natural join or hash join) produce a large search space. The detection of the
optimal plan even in simple queries has a huge impact in time spent to compute the result

and the utilization of resources.

Query optimization can be viewed as a search problem and it needs:

e A search space of possible plans.

e A cost model that will be used to compute the cost of every candidate plan.

e An enumeration algorithm to search through the possible plans and find the one
with the optimal cost. This algorithm can be combined with a pruning mechanism

to reduce the size of the search space.

An optimizer should have the following characteristics:

e The plans with the lowest cost are included in the search space.
e The cost model used provides accurate cost estimation.

e The enumeration algorithm is computationally efficient.

There are two different query optimization architectures used over the last decades: System
R-style bottom-up dynamic programming optimizers [50] and Volcano-style top-down
memoization with branch-and-bound pruning optimizers [11, 8]. We could always apply
heuristics for a certain subset of the search space, but in general these transformations do
not ensure that the cost will be reduced in every case. Therefore, optimization rules must be
applied in a cost-based manner. Both optimizers achieve the goal of finding the optimal
plan based on a cost model. The quality of the plan depends on the transformation rules
used for generating it and the correctness of the cost model and not on the type of optimizer.
However, top-down optimizers have the advantage that they can prune the search space

early with branch-and-bounding. The pruning will be effective depending on the search
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order and how fast it reaches the best plan. We will discuss later the Volcano architecture in

detail.

The same principles of query optimization can be applied in streaming data management
systems, by introducing the stream-to-relation and relation-to-stream operators. If we add
the appropriate rules about these operators and combine them with the relation-to-relation
rules, we can optimize our streaming queries like we do with traditional database queries.
Two streaming query plans are equivalent if they generate snapshot-equivalent results. “The
snapshot of a temporal relation at time t is the conventional relation containing those tuples
(without the time periods) from the temporal relation that have time periods containing t

[23]”. This means that for any time instant t their snapshots are equal.

2.3.1 Cost Metrics and Statistics

Query optimization in traditional DBMSs uses selectivity information and available
resources to choose efficient query plans (for example plans with the fewer cpu cycles or
the fewest disk accesses). However, these metrics and statistics can’t be used for query
optimization of streaming queries, where processing cost per-unit-time is more appropriate
[24, 25, 26]. Changing the optimization goal to the highest output rate [24], could give us a
reliable solution. Providing that we have the stream arrival rates and output rates of query
operators we could also search for a plan that takes the least time to output a given number

of tuples (rate-based model [25]).

Sometimes, operators may need to be re-ordered on-the-fly according to changes in system
conditions in execution time, because of the nature of the input data sources (adaptive
optimization). There are three reasons that may change the initial cost of a query plan:
change in the processing time of an operator, change in the selectivity of a predicate, and
change in the arrival rate of a stream. There has been some work in query optimization,

either static [24, 25, 26] or adaptive [27, 28], on streaming queries.

Some possible cost metrics for streaming queries along with necessary statistics that are

required to be maintained for both static and adaptive optimization are [51]:

e Accuracy and reporting delay vs. memory and cpu usage: In some cases, we have to

decide about accuracy and reporting delay against memory and cpu usage trade off,
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according to the nature of our application. We can use sampling and load shedding
to decrease memory usage and increase the result error.

e Output rate: If the stream arrival rates and output rates of query operators are
known, it is possible to optimize for the highest output rate or to find a plan that
takes the least time to output a given number of tuples [25].

e Power usage: Energy consumption plays a critical role in certain type of

applications (e.g. in a wireless network of battery operated sensors).

2.4 Calcite

Apache Calcite [1] is a dynamic data management framework written in Java, previously
known as Optic, inspired by the Volcano Optimizer [7, 8]. There are four stages in query
optimization: a) parse the query with a JavaCC generated parser, b) validate the queries
with known database metadata, c) optimize logical plan and convert it to physical
expressions and d) convert the physical plan to application specific execution. Calcite is “a
collection of software libraries and tools that can be used” [20] to implement and add
custom logic to each of the former four stages. Users can add their custom optimizer rules
and extend the built-in logical and physical algebras, according to the query engine used for
executing the queries, in order to achieve custom optimizations. For example, they can plug
rules and operators based on a specific cost-model, that corresponds to the physical
implementation of query operators. Many modern big data solutions, such as Apache Hive
[56], Apache Kylin [57], Apache Drill [58] and Apache Phoenix [59], use Calcite for their
query planning and optimization modules. Another interesting characteristic of Calcite’s
utility libraries is that they help the code generation phase of the query planner. For all these
reasons, it is a preferred solution for parsing, validating, optimizing and converting SQL

queries to an execution plan in our streaming engine.
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Architecture

Conventional database Calcite

JDBC client JDBC client

|

JDBC server
Optional sQL parser / Metadata
validator SPI

Core + Pluggable

— — rules

Pfuwepady party
3" party ops | ops \ 3 party

data data

Fig. 2.4, Architecture with Calcite [13].

“Calcite contains many of the pieces that comprise a typical database management system,
but omits some key functions: storage of data, algorithms to process data, and a repository
for storing metadata [1].” This choice is intentional, as it makes Calcite a very good option
for mediating between applications and one or more data storage locations and data
processing engines. It can also be used as a foundation for building a database by just
adding data and showing to Calcite where to find this data format and how to handle it. In
order, to add a data source, we need to write a proper adapter to describe to Calcite what

collections in the data source it should consider “tables”.

Furthermore, we can add custom optimizer rules and algebra. The optimizer rules are used
to optimize the logical plan, to convert it to physical operators, to access data in new format
and to register new custom operators. The user can combine his custom logic with the
built-in rules and operators, apply cost-based optimization (based on custom or built-in cost
model), and generate an efficient plan. These rules, also called planner rules, operate by
searching for patterns in the query parse tree. For example, when the rule
FilterProjectTransposeRule finds a Filter operator over a Project operator, it transposes
these operators. Another example of planner rules’ use is when we want to define a custom

table or schema in order to make the access efficient.

“Calcite doesn't fire rules in a prescribed order. The query optimization process follows

many branches of a branching tree, just like a chess playing program examines many
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possible sequences of moves. If rules A and B both match a given section of the query
operator tree, then Calcite can fire both. Also, Calcite uses cost in choosing between plans,
but the cost model doesn 't prevent rules from firing which may seem to be more expensive in

the short term.”’[1]

There are optimizers that use a linear optimization scheme. This means that, when the
optimizer has to make a choice between two rules at a certain time, it must choose
immediately which rule to enforce, depending on a policy. Nevertheless, Calcite does not

face these restrictions when trying to combine rules.

As already mentioned, the Calcite chooses the cheaper plan according to a cost model. This
cost model defines the cost formulas used to describe the operators (statistics) and the
optimization goal of the optimizer. By using a well described cost model we can prune the
search tree to prevent the search space from exploding. However, the cost model never
forces the optimizer to choose between two rules and avoids falling into local minima in the

search space that are not actually optimal.

2.4.1 Volcano Optimizer

Volcano Optimizer [11, 8] is a top-down style optimization framework. This family of
optimizers feature top-down goal-directed search with branch-and-bound pruning. This
section is about some high-level design characteristics of Volcano that relate to the previous

discussion on Query Optimization.

1. Search space: Top-down optimizers use two types of rules: the transformation rules
and the implementation rules [11, 8]. The transformation rules map an algebraic
expression into another. The implementation maps an algebraic expression into an
operator tree. Volcano uses only one optimization phase because all transformation
are algebraic and cost-based, the mapping from algebraic to physical operators
occurs in a single step and it performs goal-driven application of rules. In Volcano

rules are translated independently from one another and are combined only by the
search engine when optimizing a query. These rules represent the knowledge of

search space in top-down optimizers.
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2.4.2

Cost estimation: The cost estimation has to be performed in bottom-up way. This
occurs because the cumulative cost of each intermediate level of the plan depends

on costs and statistics of the previous sub-plans.

Enumeration/Pruning algorithm: During the optimization phase, when the optimizer
encounters a query expression, it checks whether it has already been computed by
looking in a memoization table of plans that have been optimized in the past. If its
not found, it applies a logical transformation rule, an implementation rule, or uses
an enforcer to modify properties of the data stream. Plans are captured in a hash
table of expressions and equivalence classes, in order to detect redundant
derivations of the same expressions and plans during optimization and reduce the
optimization effort. An equivalence class represents two collections, one of
equivalent logical and one of physical expressions. As mentioned above, top-down
optimizers use branch-and-bounding to prune the search space (directed dynamic
programming). If a sub-plan exceeds a certain cost threshold it can be safely pruned
early in the optimization process and save time by not enumerating its subtrees.
Pruning is embedded in enumeration and hence has to be in a specific top-down

order as well.

Components of Calcite [9]

2.4.2.1 Catalog

Catalog defines namespaces and metadata that can be accessed in SQL queries, such as:

Schema:
o A collection of schemas and tables
o Can be arbitarily nested
Table:
o Represents a single data set
o Fields defined by RelDataType
RelDataType
o Represents fields in a data set

o Supports all SQL data types, including structs and arrays [10]
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It also provides table statistics used in optimization. These statistics refer to
e approximate number of rows in the table
e collections of columns on which this table is sorted (List<RelCollation>)
e the distribution of the data in this table (RelDistribution)
e if a given set of columns is a unique key, or a superset of a unique key, of the table

(ImmutableBitSet columns)

Usage of the Calcite catalog

data EjF‘i‘- fleld daka Ejpe

¢ X I

SELECT id, name, CAST(created at AS DATE)
FROM redshift.users

1 X

schema table

Fig. 2.4.2.1, Calcite Catalog [9].

2.4.2.2 SOL parser

SQL parser is an LL(k) parser (a top-down parser [67] for a subset of context-free

languages [68]) written in JavaCC. The parser takes queries as input and parses them into
an abstract syntax tree (AST). This tree consists of SqlNodes. An SqlNode could be a
parsed tree by itself, as it may be an SqlOperator operator, SqlLiteral literal, Sqlldentifier
identifier and so forth. These nodes can also be converted back to a SQL string via unparse

method.
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SqlNode

® SglNode represents an element in an
abstract syntax tree

SEL@.\CE ic’?—“ki{iﬁ‘-‘“s operator identifier
SELECT id, name, CAST(created at AS DATE)
FROM redshift.users x
daka Ejpe.
identifier

Fig. 2.4.2.2, SqlNode [9].

2.4.2.3 SOL validator

Sql validator validates the parse tree of a SQL statement, and provides semantic information
about the parse tree. In order to resolve names to objects, the validator builds a map of the

structure of the query. This map consists of two types of objects. A SqlValidatorScope

describes the tables and columns accessible at a particular point in the query and a

SqglValidatorNamespace, which is a description of a data source used in a query. The

validator builds the map by making a quick scan over the query when the root SqlNode is
first provided. Thereafter, it supplies the correct scope or namespace object when it calls

validation methods.

2.4.2.4 Query Optimizer

After the validation of the AST, comes the stage of query optimization. Query plans
represent the steps necessary to execute a query. First, we optimize the logical plan
according to certain optimization goal, such as reducing the amount of data that must be
processed early in the plan. Then, we convert the logical plan into a physical plan, that is

engine specific and represents the physical execution stages.

Some possible optimizations could be:
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e Prune unused fields

e Merge Projections

e Convert subqueries to joins
e Reorder Joins

e Push down Projections

e Push down Filters

The key concepts of query optimization are:

1. Relational Algebra :

Every query is represented as a tree of relational operators. These operators are called
RelNodes. Relational expressions process data, so their names are typically verbs : Sort,
Join, Project, Filter, Scan, Sample. Planner rules transform expression trees using
mathematical identities that preserve semantics. For example, it is valid to push a filter into
an input of an inner join if the filter does not reference columns from the other input.
Calcite optimizes queries by repeatedly applying planner rules to a relational expression. A
cost model guides the process, and the planner engine generates an alternative expression

that has the same semantics as the original but a lower cost.

2. Row Expressions :
Every row-expression has a type. Some common row-expressions are: RexLiteral (constant
value), RexVariable (variable), RexCall (call to operator with operands). Expressions are
generally created using a RexBuilder factory. Row expression could be projection fields,

filter conditions, join conditions, window expressions and sort fields.

Row Expressions :

e Input column ref (RexInputRef)

e Literal (RexLiteral)

e Struct field access (RexFieldAccess)
e Function call (RexCall)

e Window expression (RexOver)

3. Traits :
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“RelTrait represents the manifestation of a relational expression trait within a trait
definition [21].” These traits don’t alter execution. For example, a CallingConvention.JAVA

is a trait of the ConventionTraitDef trait definition. Traits are used to validate plan output.

There are three primary trait types:

e Convention
e RelCollation

e RelDistribution

4. Conventions :

A set of conversion information about the traits of an expression. A convention is a type of
RelTrait and is associated with a RelNode interface. Conventions are used to represent a
single data source. Inputs to a relational expression must be in the same convention. For
example Convention.NONE is a convention for a relational expression that does not support
any convention. It is not implementable, and has to be transformed to something else in
order to be implemented. Relational expressions generally start off in this form. Such

expressions always have infinite cost.

5. Rules:

Rules are used to modify query plans. There are two types of rules: converters and

transformers :

e Converter rules implement Converter and convert from one convention to another.
Converter rules applied via convert.
e Tranformer rules are matched to elements of a query plan using pattern matching

onMatch is called for matched rules and are defined by the RelOptRule interface.

RelOptRules register the rules in their constructor method and transform an expression into
another. Creating a rule involves creating an operand with children. It has a list of
RelOptRuleOperands, which determine whether the rule can be applied to a particular
section of the tree. This will be matched with incoming query and when it matches, the

onMatch() method in the Rule class will be called.

6. Planners:

Planners implement the RelOptPlanner interface. There are two types of planners:
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e HepPlanner : is a heuristic optimizer similar to Spark’s optimizer. It applies all
matching rules until none can be applied. Heuristic optimization is faster than
cost-based optimization, but has the risk of infinite recursion if rules make opposing
changes to the plan.

e VolcanoPlanner: is a cost-based optimizer, that applies matching rules iteratively,
selecting the plan with the cheapest cost on each iteration. Costs are provided by
relational expressions. However, not all possible plans will be computed, because
the optimization procedure terminates when the cost does not significantly improve

through a determinable number of iterations.

Cost is provided by each RelNode and is represented by RelOptCost. It typically includes
row count, I/O and CPU cost. The estimates are relative and statistics are used to improve
the accuracy of cost estimations. Calcite provides utilities for computing various

resource-related statistics, which can be used for cost estimations.

7. Programs :

A Program is a RelOptPlanner and a set of rules to apply. We can add several Programs to
our Planner by using the various static Programs methods, e.g. Programs.ofRules(rules), if
we want to use the VolcanoPlanner, or Programs.hep, if we want to use the HepPlanner.
When we have set the proper configurations, we use the Planner's transform method to

apply one of those Programs to the converted RelNode and define a set of required output

traits.

2.4.2.5 SOL Generator

SQL Generator converts physical plans to SQL. It is an extension to StringBuilder used for
creating SQL queries and expressions. It also helps to prevent SQL injection attacks,

incorrectly quoted identifiers and strings.

2.4.3 Calcite Streaming

Calcite has extended SQL and relational algebra in order to support streaming queries [14].
There are cases where business or users want to query streams like they do with relational

tables. This need comes with the requirement to have some of the advantages of the
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standard databases: use a high-level language based (if possible) on relational SQL,
validated according to a schema and optimized to take advantage of the resources of our
query engine and the algorithms used. Calcite’s SQL is an extension to standard SQL and

has the following characteristics:
e [t is easy to learn, because it is an extension of standard SQL.

e The semantics are clear, because they take after the corresponding ones from
standard SQL. The results on stream should be the same as if we had the same data

in a table.

e The user has the capability to combine streams and tables (or the history of a

stream, which is basically an in-memory table) and create more complex queries.

e There are already many existing tools that can be used to generate standard SQL.

If the user doesn’t use the STREAM keyword, he is back in regular standard SQL.
Streaming SQL follows the approach set out in CQL [3]. This means that every relational
query is converted to a stream using the STREAM keyword in the top-most SELECT.
During the preparation time of the query, Calcite distinguishes whether we refer to a stream
or a historical relation. In some cases, there is available some of the history of a stream (for
example the last 24 hours of data in an Apache Kafka topic [60]). At run time, Calcite
figures out whether there is sufficient history to run a query that requires the use of a

historical relation.

For Calcite streaming semantics, there is a Stream - Database duality [13]:

’

o “Your database is just a cache of my stream’

e  “Your stream is just change-capture of my database”

A table can be used as a stream and a stream as a table, by having the system to determine
where to find the records. In addition, streams can be considered the derivatives of tables,
while tables can be considered respectively the integrals of streams. With the STREAM
keyword we refer to records from now to +oo. Without it, we refer to records from -oo to
now, as we would if we had a standard table. Streams complement tables and represent
what is happening in the present and future of the records. Tables represent the past

(history) of the records and it is very common for a stream to be archived into a table. As a
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result, the user can combine past and future in complex queries and achieve high

expressivity.

The replay principle applies to these semantics: “A streaming query produces the same
result as the corresponding non-streaming query would if given the same data in a

table’[13].

A simple query example that projects all the columns of a stream named Orders :

SELECT STREAM *
FROM Orders;

2.4.3.1 Punctuation

Another basic concept of Calcite streaming is making progress. In real-time applications it
is not enough only to get the right results. We have to compute them in the right time
period, in order to be worth. These are the ways to make progress without compromising

safety:

e Monotonic columns (e.g. rowtime) and expressions (e.g. floor(rowtime to hour))
e Punctuations (aka watermarks)

e Or a combination of both

We can use Punctuation [15, 16] to ensure that our query will make progress even if there
not enough values in monotonic key to push the results out. When a stream has punctuation
enabled, it can be sorted even though is out of order initially. This helps us use our
semantics as if the stream was sorted. Also, an out of order stream is also sortable if it is

t-sorted or k-sorted and queries can be planned in a similar way as if we had punctuation.

Sometimes we want to aggregate over attributes that are not time-based but are nevertheless
monotonic. “The number of times a team has shifted between winning-state and
losing-state” could be a monotonic attribute. In this case, the system needs to figure out for
itself that it is safe to aggregate over such an attribute and punctuation does not add any

extra information.
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Certain cost metrics (metadata) should be implemented for the planner in order to support

punctuation, as it only supports monotonic columns with BuiltinMetadata.Collation.

Policies for emitting results

Arrival > Arrival
10:00 10:15 10:30 11:00 11:15  time 10:00 10:15 10:30 11:00 11:15 time

Monotonic column Watermark

Fig. 2.4.3.1, Punctuation - Watermarks example [13]

2.4.3.2 Window Definitions

In Calcite, we can compute aggregate functions on streams with several different ways.

There are various window types, that vary depending on [14]:

e “How many rows come out for each row in?”

® “Does each incoming value appear in one total, or more?”

® “What defines the “window”, the set of rows that contribute to a given output
row?”

o “Is the result a stream or a relation?”

Standard Group By aggregates multiple rows into subtotals, as each row contributes to
exactly one sub-total. On the contrary, when we have a Multi-Group By (e.g. HOP or
Grouping Sets) a row can contribute to more than one sub-total. We also have Window
functions, by using OVER, which leave the number of rows unchanged and compute extra

expressions for each row.
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GROUP BY Multi Window
GROUP BY functions

Fig. 2.4.3.2, Different Aggregate Functions [14]

The above windows can be categorized in the following window types:

e tumbling window (GROUP BY)
e hopping window (multi GROUP BY)
e sliding window (window functions)

e cascading window (window functions)

2.4.3.2.1 Tumbling Windows

“Tumbling windows are a series of fixed-sized, non-overlapping and contiguous time
intervals, expressed with group by” [22]. In order to allow the query to be executed in
Calcite, we have to use monotonic or quasi-monotonic expression in the GROUP BY clause
(see Punctuation above). Apart from using group by, Calcite has introduced TUMBLE,
TUMBLE START and TUMBLE END functions to give the user the opportunity to define

more complex expressions.

2.4.3.2.2 Hopping Windows

“Hopping windows are a generalization of tumbling windows that allow data to be kept in a
window for a longer than the emit interval” [14]. We can define hopping windows, by using
the functions HOP, HOP_START and HOP_END. Unlike tumbling windows, they model
overlapping windows, in which each input record contributes in the computation of at least

one output record.

2.4.3.2.3 Grouping Sets
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We use Grouping Sets to generate an output equivalent to that generated by a UNION ALL
of multiple simple GROUP BY clauses. For example the following queries contain a single
grouping set and give the same result [48]:
ql: SELECT a, b, ¢, SUM(x)

FROM v53

GROUP BY GROUPING SETS ((a, b, c));

q2: SELECT a, b, c, SUM(x)
FROM v53

GROUP BY a, b, c;

Although Grouping Sets can be expressed by ROLLUP and CUBE operations [47], these
operations are not valid for streaming queries, as they will generate a grouping set that
aggregates everything (GROUP BY ()) [14]. On the other hand, Grouping Sets that contain

monotonic or quasi-monotonic expressions are valid in streaming computation.

2.4.3.2.4 Sliding Windows

Sliding windows derive from standard SQL features “analytic functions™ that can be used in
the SELECT clause. For each record that goes in, one record comes out, unlike group by
which collapses the input records. Some other features of the windowed aggregation syntax
are:

e Row-based windows can be defined, apart from time-based windows.

e Rows that haven’t arrived yet, can be referenced by the windows.

e Order-dependent functions such as RANK and median can be computed.

2.4.3.2.5 Cascading Windows

“If we want a query that returns a result for every record, like a sliding window, but resets
totals on a fixed time period, like a tumbling window” [14], we can use a cascading
window. For example:

SELECT STREAM rowtime,

productId,

units,

SUM (units) OVER (PARTITION BY FLOOR (rowtime TO HOUR)) AS

161



unitsSinceTopOfHour

FROM Orders;

The difference with the previous sliding window definition is that the monotonic expression
occurs within the PARTITION BY clause of the window. Every time an hour passes in our
example, the value of FLOOR(rowtime TO HOUR) changes, starting a new partition.
Taking into consideration that old partitions will not be used in later computations, all
sub-totals for them are removed from Calcite’s internal storage. Therefore, we can assume

that cascading windows are sliding windows with slide greater than 1.

2.4.3.2.6 Session Windows

Emit groups of records that are separated by gaps of no more than T seconds. When we use
session windows, the elements will be splitted among them based on their timestamp. If two
elements have time distance smaller than the T seconds gap, they will be in the same
session. Elements with larger time distance will be into different sessions, if there is no

element to “close” the session gap between them [49]:

window 1 window 2 window 3

900 00 — 000 -0 000

|

session gap
smaller than

session gap

Fig 2.4.3.2.6.a, Session Windows [49].

Some of the above definitions can be clarified by the next figures:
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Window types

Tumbling | “Every T seconds, emit the total for T seconds’

window

Hopping | “Every T seconds, emit the total for T2 seconds”
window

Session | “Emit groups of records that are separated by gaps of no
window more than T seconds”

Sliding “Every record, emit the total for the surrounding T

window | seconds”
“Every record, emit the total for the surrounding R records”

Fig 2.4.3.2.6.b, Window Types [13].

Tumbling, hopping & session windows in SQL

Tumbling window select stream .. from Orders

!!H group by floor(rowtime to hour)

select stream .. from Orders
group by tumble(rowtime, interval ‘1’ hour)

Hopping window

select stream .. from Orders
group by hop(rowtime, interval ‘1’ hour,
interval ‘2’ hour)

select stream .. from Orders
group by session(rowtime, interval ‘1’ hour)

Fig 2.4.3.2.6.c, Tumbling, Hopping and Session Windows [13].
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Sliding windows in SQL

select stream
sum(units) over w (partition by productId) as unitsilhp,
sum(units) over w as unitsih,
rowtime, productId, units

from Orders

window w as (order by rowtime range interval ‘1’ hour preceding)

rowtime productld | units units1hp | unitsth | rowtime | productld | units

09:12

Fig 2.4.3.2.6.d, Sliding Windows [13].

2.5 Data Stream Management Systems

Stream Processing Engines (SPEs) are designed to perform SQL-style processing on the
incoming records as they arrive, without necessarily storing them. In cases when it is
necessary to store state, conventional SQL databases, embedded in the system, can be used
for efficiency. These engines support high-volume and low-latency processing of stream
inputs. Many SPEs have emerged in the last decades, serving different types of applications

and introducing new characteristics in stream processing.

Ad-hoc Queries

— Standing queries SEE—
Input Output

Streams > > Streams
Stream processor

Limited
Working
Storage

Stream Data Management System
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Fig. 2.5.a, Stream Data Management System.

Systems like Niagara [33] (an XML query processing engine), Borealis [29] (a distributed
stream-processing system that inherits core stream-processing functionality from Aurora
and distribution functionality from Medusa), STREAM [30] (a general-purpose prototype
Data Stream Management System) and TelegraphCQ [31] (a system for implementing
continuously adaptive query processing based on Eddy) set the foundations of modern data
stream processing platforms. Some other well known, non-commercial and widely adopted

options used in real-life applications are:

e Apache Storm [40]: Storm is an open source framework that provides massively
scalable event collection, created by Twitter.

e Apache Spark [41]: A general framework for large-scale data processing that
supports lots of different programming languages and concepts such as stream
processing.

e Apache Flink [42]: An open source framework for distributed big data analytics.

e Apache Samza [43]: A distributed stream processing framework processor, recently
open-sourced by LinkedIn.

e Esper [44]: Esper is an open-source Java-based software product for complex event
processing (CEP [55]) and Event stream processing (ESP), that analyzes series of

events for deriving conclusions from them.

However, most of these systems face difficulties in meeting the requirements that a
streaming processing engine has to fulfill [32]. Systems based on batch processing, such as
MapReduce frameworks, FlumeJava [45] and Spark [41], suffer from latency problems.
Many systems cannot remain fault-tolerant at large scale inputs (e.g. Aurora [29],
TelegraphCQ [31], Niagara [33], Esper [44]). Some other systems, provide fault tolerance
and scalability on the cost of expressiveness or correctness. There are also cases, where
systems lack the ability to provide exactly-once semantics, which results in the output
correctness (Storm [40], Samza [43]). Others provide limited window semantics (only tuple
or processing-time-based windows), such as Spark Streaming [41] or Trident [40]. Most of
the existing streaming engines do not support the combination of event and process
time-based windowing in their semantics. “MillWheel and Spark Streaming are both
sufficiently scalable, fault-tolerant, and low-latency to act as reasonable substrates, but
lack high-level programming models that make calculating event-time sessions

straightforward” [32]. Also, Lambda Architecture systems may achieve many of the desired
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requirements, but face several restrictions, and maybe should be replaced by Kappa

Architecture systems [34].

20|A19S pabeuey
aLI0SaMy-0INYy
Buiweans
aAleIa)]
aAlloBIBI|
sauljadid

IdY [@AayBiH
IdV payiun
aulbug payiun
epguie] oN
slaw]
sSylewalem
Buimopuipy
siabbu]

MapReduce

Hadoop

Flume

HEEE B
* % *

Storm
Spark
MillWheel *

-« NN BN BN

Cloud Dataflow = %

Fig. 2.5.b, Comparison of different Streaming frameworks [69].

Another very important shortcoming, that most of the above streaming systems face, is the
lack of support for an SQL like declarative query language (e.g. Storm, Spark , Samza). As
a result, good knowledge of imperative style programming and distributed systems is
required to use these systems efficiently. By using an SQL-like language, that expands
traditional SQL to serve the streaming semantics, we provide the system a structured way of
expressing queries and we enable their optimization with well known database techniques
used in traditional database systems. The optimization is not only restricted in known rules
and algorithms of relational databases, but can be expanded to cover the streaming issues.
This is the functionality that we try to introduce with our system to our chosen streaming

processing engine, SABER [2] .

2.5.1 SABER

In this section, we will discuss some high-level concepts of SABER [2]. Previous research
efforts on streaming processing engines, were trying to exploit either task parallelism or
data parallelism on distributed or centralized environments, without considering the option

of heterogeneous architectures. However, nowadays servers with heterogeneous
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architectures are becoming available in data centers and cloud services, introducing a new

source of parallelism for streaming processing. GPGPUs offer the opportunity of

performing certain types of complex computation in high degrees of parallelism, and as a

result maximize total system’s throughput. SABER is a hybrid relational stream processing

engine, that executes streaming SQL queries on such heterogeneous systems, in a

data-parallel fashion. It uses all available CPU and GPGPU cores to achieve high

processing throughput.

SABER’ s key technical contributions are:

SABER uses a hybrid stream processing model, in which tasks run in parallel
across the CPU and GPGPU and are further parallelised across the GPGPU’ s core.
The scheduler uses a heterogeneous lookahead scheduling (HLS) algorithm, in
order to assign each query task to the appropriate processor type. This algorithm
matches a given query task to a heterogeneous processor based on past behaviour
(highest throughput) and resolves possible conflicts, in order to optimize the
utilization of system’ s resources and increase the throughput.

It supports sliding window semantics and maintains high throughput for small
window sizes and slides. In contrast with other engines, SABER decouples window
semantics from system performance. This has a performance impact in throughput,
especially when window slides are small.

It supports incremental computation when processing a query task with a sliding
window, using results that were computed for preceding window fragments in the
same batch.

In order to avoid delays caused by data movement, SABER introduces a five stage
pipelining mechanism to “hide” these overheads on the GPGPU.

SABER’ s memory management implementation minimizes memory allocation by:

o Lazy deserialization: Tuples are deserialized only when they are needed and
are stored in their byte representation. Also, deserialisation only generates
primitive types.

o Object pooling: SABER uses statically allocated pools of objects (one per
thread) for all query tasks, and of byte arrays, for storing intermediate
window fragment results, in order to avoid dynamic memory allocation.

SABER’s architecture consists of four processing stages:
o Dispatching stage: creates fixed sized query tasks, which can be executed

both in CPUs and GPUs, and place them in a system-wide queue.
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o Scheduling stage: decides which task will be executed next by each

processor using HLS.

o Execution stage: runs a query task, either on CPU cores or GPGPU, and

evaluates the result by applying the batch operator function on the input

window fragments.

o Result stage: reorders the query task results and assembles the window

results by applying the assembly operator function on the window fragment

results from the previous stage.

rDispatching Stage Scheduling Stage (cPU-based Execution Result Stage
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Fig. 2.5.1.a, Overview of the SABER architecture [2].

We used SABER as our streaming processing engine, because it is centralized (which helps

in conducting experiments on a single machine) and supports sliding window semantics, but

lacks SQL-like support and query optimization.
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Fig. 2.5.1.b, Stream batches under two different window definitions [2].
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Calcite Optimization

Rules

Recall that we use rules to optimize our query plans. In this chapter we will focus mainly on
built-in transformer rules of Calcite, which modify our logical plan by pattern matching,
and some custom rules that we use in our implementation. After registering the rules that
we want to use in our optimizer, they are applied when matching operands are found,

according to their definition.

In Section 3.1, we describe the general idea of how to use the optimizer and we show an
example of applying rules to a simple query plan. In Section 3.2, we describe some of the
built-in planner rules that we used in our implementation. Finally, in Section 3.3, we present

some custom transformer and converter rules that we created.

3.1 How to use the RelOptPlanner

These are the steps we have to follow in order to optimize a relational expression R :

e Choose the desired implementation of RelOptPlanner. We can choose between
HepPlanner (heuristic optimizer similar to Spark Catalyst [12]) and VolcanoPlanner
(dynamic programming optimizer) or a combination of them.

o Register the relational expression R to the optimizer.

o Create rule-calls for all the rules we want to apply.

o Rank the rule calls by importance. The importance of a rule is determined
by the probability to produce better implementation of a relational
expression on the plan's critical path. As a result, it produces a member of
an important relation and its children are cheap.

m Call the most important rule.

m  Repeat.
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A rule can be triggered by any of its matching operands in our relational expression. For

example (taken from [18]) we have the rules:
1. PushFilterThroughProjectRule, which applies in operands (Filter (Project(...)))

2. CombineProjectsRule, which applies in operands (Project (Project(...)))

Consider the next query plan:

Project (deptno) [exp 1, subset A]
Filter (gender="F") [exp 2, subset B]
Project (deptno, gender, empno) [exp 3, subset C]

Project (deptno, gender, empno, salary) [exp 4, subset D]
TableScan (emp) [exp 0, subset X]

When we apply PushFilterThroughProjectRule to [exp 2, exp 3], we get the following plan:

Project (deptno) [exp 1, subset A]
Project (deptno, gender, empno) [exp 5, subset B]
Filter (gender="F") [exp 6, subset E]

Project (deptno, gender, empno, salary) [exp 4, subset D]
TableScan (emp) [exp O, subset X]

We see that two new expressions are created by applying this rule. Expression 5 is in subset
B (because it is equivalent to expression 2), and expression 6 is in a new equivalence class,
subset E. In this new generated plan, we notice that new rules are enabled to be applied
(CombineProjectsRule could not be triggered earlier), because of the transpose of the initial

rules. As a result, two more rules are triggered:

The exp 5 triggers CombineProjectsRule to [exp 1, exp 5], which creates the following
plan:
Project (deptno) [exp 7, subset A]
Filter (gender="F") [exp 6, subset E]
Project (deptno, gender, empno, salary) [exp 4, subset D]
TableScan (emp) [exp 0, subset X]
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The newly registered exp 6 triggers PushFilterThroughProjectRule(exp 6, exp 4), which

creates the following plan:
Project (deptno)
Project (deptno, gender, empno)
Project (deptno, gender, empno, salary)
Filter (gender="F")
TableScan (emp)

[exp 1, subset A]
[exp 5, subset B]
[exp 8, subset E]
[exp 9, subset F]
[exp 0, subset X]

Finally, CombineProjectsRule to [exp 7, exp 8] further reduces the depth of the tree to our

final plan:
Project (deptno)
Filter (gender="F")
TableScan (emp)

[exp 10, subset A]
[exp 9, subset F]
[exp O, subset X]

Rule matches can be triggered by a subset child for any of its parents. In the process of
applying rules, new relexps could be registered, which can trigger several rules, including

the rule that created it. Also, when enforcing rules, it is possible to merge subsets.

Example 2: FilterIntoJoinRule

SELECT products.name,
FROM sales

JOIN products USING (productId)
WHERE sales.discount IS NOT NULL
GROUP BY products.name

ORDER BY COUNT (*) DESC

COUNT (*)

translate SQL fo
relational
algebra

aggregate

¢ FilterintoJoinRule >

SN
scan
[products]

aggregate

/ [
scan

[products]

APACHE

PH

scan
[sales]

SENIX

Fig. 3.1, FilterJoinRule application [53].
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3.2 Built-in Planner Rules

In this section we describe the built-in rules used in our implementation. The following

definitions are taken from [19].

3.2.1 AggregateExpandDistinctAggregatesRule

This is a planner rule that expands distinct aggregates from a LogicalAggregate. It has two

instances:

The default instance of the rule:

For example,
SELECT productid, COUNT (DISTINCT orderid)
FROM orders
GROUP BY productid
becomes:
SELECT productid, COUNT (distinct orderid)
FROM (
SELECT DISTINCT productid, orderid AS
distinct orderid
FROM orders
GROUP BY productid)

GROUP BY productid

An instance of the rule that generates a Join
For example,
SELECT productid, COUNT (DISTINCT orderid), MAX(units)
FROM orders
GROUP BY productid
becomes
SELECT a.productid, c.count orderid, a.max_units
FROM (
SELECT deptno, MAX(units) as max units

FROM orders GROUP BY productid) AS a
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JOIN (
SELECT productid, COUNT (orderid) AS count orderid FROM (
SELECT DISTINCT productid, sal FROM orders)
AS b
GROUP BY productid)) AS c
ON a.productid = c.productid)

GROUP BY a.productid

3.2.2 AggregateFilterTransposeRule

This planner rule pushes an Aggregate operator through a Filter operator.

3.2.3 AggregateJoinTransposeRule

This rule pushes an Aggregate operator through a Join operator.

3.2.4 AggregateProjectMergeRule

This rule merges an aggregate with a projection, if the grouping expressions and arguments
to the aggregate functions are field references. In some cases, this rule has the effect of

trimming and as a result the aggregate will use fewer columns than the project did.

3.2.5 AggregateProjectPullUpConstantsRule

This rule is used to remove constant keys from an Aggregate. We deduce these constant
fields using RelMetadataQuery.getPulledUpPredicates(RelNode). The constants are placed
in a projection above the reduced Aggregate, in order to have a result that matches the

original query.

3.2.6 AggregateReduceFunctionsRule

This rule reduces Aggregate functions in Aggregates to simpler forms. These reductions

arc:

e AVG(x) — SUM(x) / COUNT(x)
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e STDDEV POP(x) — SQRT( (SUM(x * x) - SUM(x) * SUM(x) / COUNT(x)) /
COUNT(x))

e STDDEV _SAMP(x) — SQRT( (SUM(x * x) - SUM(x) * SUM(x) / COUNT(x)) /
CASE COUNT(x) WHEN 1 THEN NULL ELSE COUNT(x) - | END)

e VAR POP(x) — (SUM(x * x) - SUM(x) * SUM(x) / COUNT(x)) / COUNT(x)

e VAR SAMP(x) — (SUM(x * x) - SUM(x) * SUM(x) / COUNT(x)) / CASE
COUNT(x) WHEN 1 THEN NULL ELSE COUNT(x) - 1 END

The rule gathers common sub-expressions , because most of the above reductions require

the use of COUNT(x).

3.2.7 AggregateRemoveRule

AggregateRemoveRule removes an Aggregate if it computes no aggregate functions. For
example it removes GROUP BY cl, where cl is a column with unique values and no

aggregate functions have to be computed.

3.2.8 FilterAggregateTransposeRule

It is a planner rule that transposes a Filter operator with an Aggregate operator.

3.2.9 FilterJoinRule

With this rule we can push filters from above a join node into this node and/or its children
or filters from within a join node to its children. It has several instances to cover all these

cases:

e FILTER_ON _JOIN: This instance is used to push predicates from a Filter into the
Join below them.

e JOIN: It is used to push predicates in a Join into the inputs to the join.

e DUMB FILTER ON JOIN: This is a dumb version of FilterJoinRule used for

testing.

3.2.10 FilterMergeRule

This rule merges to consecutive Filter operators into one.
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3.2.11 FilterMultiJoinMergeRule

FilterMultiJoinMergeRule merges a LogicalFilter into a MultiJoin, creating a richer
MultiJoin.

3.2.12 FilterProjectTransposeRule

Rule that transposes a LogicalFilter with a LogicalProject.

3.2.13 FilterRemovelsNotDistinctFromRule

Planner rule that replaces IS NOT DISTINCT FROM in a LogicalFilter with logically
equivalent operations. For example, it converts an expression like 'x IS NOT DISTINCT
FROM y' to 'CASE WHEN x IS NULL THEN y IS NULL WHEN y IS NULL THEN x IS
NULL ELSE x =y END".

3.2.14 JoinAssociateRule

JoinAssociateRule changes a join based on the associativity rule. For example, we have a
transformation like this ((a JOIN b) JOIN c¢) — (a JOIN (b JOIN c)) We can use
JoinCommuteRule to convert (a JOIN (b JOIN c¢)) — ((a JOIN b) JOIN c).

3.2.15 JoinCommuteRule

Planner rule that permutes two consecutive Join operators. If needed, in order to preserve

the order of columns in the output row, the rule adds a Project. It has two instances:

e The default INSTANCE : This instance swaps inner joins.

e SWAP_OUTER: This instance swaps outer joins and inner joins.

3.2.16 JoinPushExpressionsRule

JoinPushExpressionsRule pushes down expressions in “equal” join condition. For example,

when we have a condition like "tablel JOIN table2 ON tablel.columnl + 1 =
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table2.columnl", adds a project above "tablel" in order to compute the expression

"tablel.columnl + 1".

3.2.17 JoinPushThroughJoinRule

This planner rule pushes the right input of a join through the left input of the join, if the left
input is also a join. As a result, (A join B) join C becomes (A join C) join B. The advantage

of applying this rule is that it may be possible to apply conditions earlier. For example:

(tableA join tableB on true)
join tableC

on tableA.coll = tableC.coll and tableC.col2 = tableB.col2
becomes

(tableA join tableC on tableA.coll = tableC.coll)
join tableB

on tableC.col2 = tableB.col2

Before the rule, one join has two conditions and the other has none (ON TRUE), while after

enforcing the rule, each join has one condition. This rule has two instances:
LEFT: Instance of the rule for logical joins that pushes to the left.

RIGHT: Instance of the rule for logical joins that pushes to the right.

However, if they are both used in the heuristic planner, they cause exhaustive search.

3.2.18 JoinPushTransitivePredicatesRule

JoinPushTransitivePredicatesRule takes predicates from a Join and creates Filters if those

predicates can be pushed to its inputs.

3.2.19 JoinToMultiJoinRule

This rule is used to flatten a tree of LogicalJoins into a single MultiJoin with N inputs. Join

conditions are also pulled up from the inputs into the topmost MultiJoin. Here are examples
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[19] of the MultiJoins constructed, after we have enforced this rule on the following join

trees.
e A JOIN B — MIJ(A, B)
e A JOINBJOIN C — MJ(A, B, C)
e A LEFT JOIN B — MIJ(A, B), left outer join on input#l
e A RIGHT JOIN B — MJ(A, B), right outer join on input#0
e A FULL JOIN B — MIJ[full](A, B)

e A LEFT JOIN (B JOIN C) — MIJ(A, MJ(B, C))), left outer join on input#1 in the

outermost MultiJoin
e (A JOIN B) LEFT JOIN C — MIJ(A, B, C), left outer join on input#2

e (A LEFT JOIN B) JOIN C — MJ(MI(A, B), C), left outer join on input#1 of the
inner MultiJoin
e A LEFT JOIN (B FULL JOIN C) —» MIJ(A, MJ[full](B, C)), left outer join on

input#1 in the outermost MultiJoin

e (A LEFT JOIN B) FULL JOIN (C RIGHT JOIN D) — MJ[full](MJ(A, B), MJ(C,
D)), left outer join on input #1 in the first inner MultiJoin and right outer join on

input#0 in the second inner MultiJoin

3.2.20 LoptOptimizeJoinRule

This rule implements the heuristic planner for determining optimal join orderings. It is

triggered by the pattern LogicalProject (MultiJoin). When this rule has access to accurate

metadata, it can give almost optimal join ordering for many joins very fast. However, it is

only capable of producing left-deep joins,

3.2.21 MultiJoinOptimizeBushyRule

This rule implements also a heuristic algorithm for optimal join orderings and it is triggered

by the pattern LogicalProject (MultiJoin). It is similar to LoptOptimizeJoinRule. While

LoptOptimizeJoinRule is only capable of producing left-deep joins, this rule is capable of

producing bushy joins.
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3.2.22 ProjectFilterTransposeRule

This rule transposes a Project operator with a Filter.

3.2.23 ProjectJoinTransposeRule

ProjectloinTransposeRule pushes a Project operator through a Join operator, by splitting the

projection into a projection on top of each child of the join.

3.2.24 ProjectMergeRule

This rule is used to merge two consecutive project operators to one, only if these operators

aren't projecting identical sets of input references.

3.2.25 ProjectMultiJoinMergeRule

This planner rule is used to merge Project with a MultiJoin, in order to create a richer

MultiJoin.

3.2.26 ProjectRemoveRule

This rule converts a Project node that merely returns its input into its child. For example,

Project(ArrayReader(a), {$input0}) becomes ArrayReader(a).

3.2.27 ProjectToWindowRule

This rule splits a Project into two sections: the section that contains windowed aggregate
functions and the section that does not. The first section with the windowed agg functions

becomes instances of LogicalWindow. This rule is very useful for declaring windows for

our streaming semantics. It has two instances:

e the default INSTANCE: This instance applies to a Calc that contains windowed

aggregates and converts it into a mixture of Logical Window and Calc.

e PROJECT: This instance applies to a Project and produces a mixture of

LogicalProject and LogicalWindow.
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3.2.28 ProjectWindowTransposeRule

ProjectWindowTransposeRule transposes a LogicalProject with a Logical Window.

3.2.29 PruneEmptyRules

This is a set of rules that removes sections of a query plan known never to produce any

rows. It has many different instances for most of the operators that Calcite supports:

o AGGREGATE INSTANCE: it converts an Aggregate to empty if its child is empty.
e FILTER INSTANCE: it converts a LogicalFilter to empty if its child is empty.

e JOIN LEFT INSTANCE: it converts a Join to empty if its left child is empty.

e JOIN RIGHT INSTANCE: it converts a Join to empty if its right child is empty.

e PROJECT INSTANCE: it converts a LogicalProject to empty if its child is empty.
e SORT FETCH ZERO INSTANCE: it converts a Sort to empty if it has LIMIT 0.
e SORT_INSTANCE: it converts a Sort to empty if its child is empty.

e UNION_INSTANCE: It removes empty children of a LogicalUnion.

3.2.30 ReduceDecimalsRule

ReduceDecimalsRule reduces decimal operations (such as casts or arithmetic) into
operations involving more primitive types (such as longs and doubles). This rule helps us to
deal with decimals in a consistent manner in Calcite. It can be is optionally applied, in order

to support cases that we want to push down decimal operations to an external database.

3.2.31 ReduceExpressionsRule

This rules contain a set of rules that simplify various transformations on RexNode trees.

There are two transformations:

e Constant reduction: it evaluates constant subtrees and replaces them with a

corresponding RexLiteral.

e Removal of redundant cast: it removes casts that result in the same type as the

expression used.

It has five instances:

180


https://calcite.apache.org/apidocs/org/apache/calcite/rel/logical/LogicalProject.html
https://calcite.apache.org/apidocs/org/apache/calcite/rel/logical/LogicalWindow.html

e CALC_INSTANCE: reduces constants inside a LogicalCalc.
e LEXCLUSION PATTERN: Regular expression that matches the description of all

instances of this rule and ValuesReduceRule also.

e FILTER INSTANCE: reduces constants inside a LogicalFilter.
e JOIN_INSTANCE: reduces constants inside a Join.

e PROJECT INSTANCE: reduces constants inside a LogicalProject.

3.2.32 TableScanRule

TableScanRule  converts a  LogicalTableScan to the result of calling

RelOptTable.toRel(org.apache.calcite.plan.RelOptTable. ToRelContext).

3.2.33 SubQueryRemoveRule

SubQueryRemoveRule converts IN, EXISTS and scalar sub-queries into joins.

3.2.34 Other Rules

The above rules are the core rules used in our implementation. They are called transformer
rules. Although some rules like ProjectFilterTransposeRule or JoinProjectTransposeRule
don’t optimize the general cases, they can be used in order to change the order of given
operators and create the right conditions for other pattern matching rules to be applied.
Finally, there are many other rules that are used to optimize RelNodes with Union, Minus,
Intersect, Sort, Semi-Join, Subqueries or specific types of expressions, which are omitted as

they don’t match to the operators supported by our execution engine.

3.3 Custom Rules

In RBStream, we have divided the optimization procedure into separate phases, to make it
more effective and more easily sustainable (it will be discussed in greater detail in the
implementation chapter). These phases use either VolcanoPlanner or HepPlanner. The
VolcanoPlanner is used in an intermediate optimization phase, with a subset of rules, to
search dynamically in a certain search space and find the optimal solution. When using the

VolcanoPlanner we have to use converter rules, that convert our operators to operators with
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a certain convention and traits (e.g. Enumerable) in the output. However, most of the
transformer rules we have described above, apply only to Logical operators and can’t be
used on Enumerable operators. As a result, we have to apply custom transformer rules,
which don’t effect the convention and the traits of the operators but change them to Logical.
With this simple transformation, we are able to reuse our built-in rules in later phases,

without having to rewrite them from the start. We describe these rules in Section 3.3.1.

We also created converter rules in order to introduce our custom operators, that follow the
rate-based cost model used in RBStream. These converter rules convert the Logical

operators to our custom convention operators and are described in Section 3.3.2.

Finally, in Section 3.3.3 we will show some custom transformer rules used either for
optimization in certain cases or for preparing our final logical plan for its transformation to

the corresponding physical plan in SABER.

3.3.1 Transformer Rules used after VolcanoPlanner

We have two implementations of this type of transformer rules for each operator. The
operators used are: Aggregate, Filter, Join, Project, TableScan and Window. We have one
transformer rule that transforms Enumerable operators (built-in convention) to Logical
operators (e.g. EnumerableJoin becomes LogicalJoin) and one that transforms SaberRel
operators (our custom convention) to Logical operators. In both cases, the convention and
the traits are sustained. This is important, because each operator must have as input(s) only
operators of the same convention. For example, a Join can’t have as children an operator of

Convention.NONE and an operator of Enumerable convention.

3.3.2 SaberRel Converter Rules

There are six converter rules, one for each of the operators. These rules convert the built-in
Logical operators of Calcite to our custom SaberRel operators. SaberRel operators extend
the base operator classes of Calcite and add our custom logic in the computation of plan’s

cost.
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3.3.3 Custom Transformer Rules

3.3.3.1 FilterPushThroughFilterRule

This planner rule is used to transpose two consecutive filter operators, depending on their
selectivity. The filter with lower selectivity is pushed down, in order to reduce the amount
of data transferred to later stages of the query execution. This rule can be used instead of

FilterMergeRule and increases greatly the output rate in certain cases.

In our implementation, FilterPushThroughFilter rule helped us test the third phase of our
optimization procedure. It required the use of VolcanoPlanner (dynamic programming) and

the proper definition of our rate-based cost model, in order to be enforced correctly.

3.3.3.2 JoinTableScanSupportRule

JoinTableScanSupportRule adds a Project operator over a TableScan that is an input of a
Join. This transformer rule helps us convert our final logical plan to the corresponding

physical plan that will be executed in SABER.
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Cost Model

In this chapter we will focus on the cost model we used for estimating the optimal query
execution plan. First, we present the purpose of our cost model in Section 4.1. In Section

4.2 we define our model parameters and how we estimate them.

4.1 Purpose

A well-defined cost model plays a crucial role in a Data Stream Management System
(DSMS):

e We use the cost model to estimate the impact of optimizations on a query plan (e.g.
stream rates, resource usage). As a result, it is a prerequisite for cost-based query
optimization (and adaptive resource management).

e Runtime measurements give information about the presence and the past, while a
cost model makes it possible to estimate system parameters in the future, if it is
accurate.

e We can save computational cost by using an accurate cost model, because

monitoring system parameters in runtime may be expensive.

4.2 Model Parameters

Our cost model is based on a rate-based model [37, 26], with specific extensions in order to
match with our semantics. This cost model is used for static optimization with steady input
rates but can be expanded to fit in an adaptive resource management system. We assume
that the computational resources of our system are sufficient (feasible queries) and we don’t

use the load shedding technique of the initial model.

4.2.1 The Semantics of Sliding Window Continuous Queries

In our cost model we make some simplifying assumptions:

185



e Tuples arrive in the stream in a monotonically increasing order and there is no out
of order arrival (it is taken care of by the DSMS).

e We don’t use relational tables in the queries.

e Tuples arrive at stable rate.

e The computational resources of our system are sufficient.

We have the following operators:

e Sclection operator: This operator takes as a input a stream S and gives as a result
another stream O, whose elements are a subset of S that satisfy the predicates of the
selection. It can be either a projection (selection operator with selectivity equal to 1)
or a filter.

e Join operator: This operator represents sliding window joins of streaming sources. It
is a symmetric operator that takes two input streams L and R, and for every arriving
tuple on any of these streams it joins the tuple with the current window contents of
the other input stream.

e Aggregate/Window operator: In our implementation, both aggregate and window
operators output the same result. They take as input a stream S, compute the
aggregate functions defined by the operator, and produce another stream O with

these computations.

4.2.2 Rate and Window Parameters

Our basic parameters are rate and window size. With these parameters, we compute the
resource requirements for an operator. Every operator takes as input rate(s) and active
window size(s) and outputs a rate and an active window size, depending on the type of the
operator. Active window is “the average number of output elements that are eligible for
participation as input if the output of the operator is fed into the input of a second one”’[37].
We assume stable arrival rate and that there is enough memory to hold the buffering
requirements of our query plans. The cost-model is used for both tuple-based and
time-based windows. In the case of time-based windows, the number of active tuples in a
window i are given by the following equation: Wi=Ai*T , where T is the size of the
time-based window and Ai the rate of the arrival tuples from source i. The variables used for

estimating our costs are presented in the next figure:
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Table 1. Variables used in estimating resource requirements.

C, Cost of performing a selection on a single tuple

Cp Cost to probe an active window for a matching tuple just
arriving

Cy Cost to insert an arriving tuple into the sliding window

Cy Cost to invalidate an expired tuple from the sliding
window

7 Selectivity factor of a selection predicate

Join selectivity factor

Aj Rate of arrival of tples from source §
w Size of a tuple-based window
T Size of a time-base window

Fig. 4.2.2, Variables of our cost model [37].

Next, we will present all the formulas of our model’s parameters and resources for each

operator. These are:

e )o: the output rate produced from each operator
e Wo: the active window size of the output
e C: the cost for using each operator

e M: the memory required for using each operator

4.2.2.1 Selections and Projections

The output rate depends on the selectivity ¢ of the selection (the tuples that qualify for the
selection) and is equal to Ao=c*Ai. The same applies to the output active window size,
which is equal to Wo=c*Wi. The cost of this operator is C(selection)=Ai * Co and the
memory resources needed for it are M=0, as it is stateless. Projections are a special case of

selections, as they have c=1.

4.2.2.2 Join

We can think of Join as a cartesian product, which passes through a filter defined by the join
condition and only the tuples that qualify this condition are kept in the final output
(selectivity f). The output tuples of a join are the tuples produced as a result of tuples

arriving from the left side (f*WR*AL) added to the tuples produced as a result of tuples

187



arriving from the right side (f*WL*AR). Therefore, Ao = f*WR*AL + f*WL*AR =
*(WR*AL + WL*AR). The active window size is estimated by the average number of valid
tuples coming out of the join. There are WL and WR active tuples from the windows of
both sides and because of the selectivity f, the output window size is equal to
Wo=*WR*WL. Kang et al. made an observation in [24], that the join cost can be divided
into the cost of performing the left and the right parts of the join, as they are independent.
The cost for each side is:

CL = AR * Cp(L) +AL*(Ci(R)+Cv(R)) and CR = AL * Cp(R) +AR*(Ci(L)+Cv(L)), so the
total cost is C = (AL +AR)*(Cp +Ci+Cv). Finally, Join is a stateful operator, so it consumes

memory equal to the sum of the active windows it uses, M=WR+WL.

4.2.2.3 Aggregate/Window

Window is assumed to have the same result of a corresponding aggregation in our
implementation, and they are used to provide richer semantics for windows defined by
Calcite’s SQL. As a result the same formulas are used for both operators. For our
estimations we utilize a built-in variable used from Calcite for aggregation cost (called
multiplier) that is computed depending on the aggregation functions used. The aggregate
operator is considered more expensive compared to Filter and Projection in the general
case, and we secure this with the way that we estimate our variables. However, these
estimations create the appropriate search space for possible shift between aggregate and join
operators. The output rate is Ao=multiplier*Ai and the active window size is Wo=Wi. The
cost of this operator is C=multiplier*Co*Ai and the memory utilized is equal to the active

window Wi used (M=Wi).

All the formulas of our operators are presented in the next table:

Selection Join Aggregation/Window
Ao AM*o *(WR*AL + WL*AR) | multiplier*Ai
Wo Wi * o *WR*WL Wi
C Al * Co (AL+AR)*(Cp+Ci+Cv) | multiplier*Co*\i
M 0 WR+WL Wi

188




Fig. 4.2.2.3, Table of operators’ cost functions.
4.2.3 Optimization Goal

Given a conjunctive query on streaming sources, we define two functions of any execution

plan p for this query:

e \(p): the throughput of the plan which is equal to M(p)= ] Ai(p)
i=1

e C(p): the utilization cost of the plan, C(p)=>_ Ci(p)
i=1

The objective of our optimization is to find the plan with the maximum R(p)= A(p)/C(p), as
we want to maximize the output rate and minimize the utilization cost. We also take into
consideration the memory needed for each plan. We will evaluate our model in the

evaluation chapter.
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Design &

Implementation

In the previous chapters, we provided the reader with the required background to
understand the design choices made for the implementation of RBStream. The objective of
this diploma thesis is the development of a system that takes continuous queries specified in
SQL, generates optimized query evaluation plans and evaluates them against streaming
data. This system extends our chosen streaming processing engine, SABER, by adding SQL
support and an optimizer framework. More precisely, we created an integration of Apache

Calcite with SABER, designed for streaming data sources only.

In Section 5.1, we describe the architecture of our system. In Section 5.2, we examine our
system’s streaming semantics. In Section 5.3, we discuss the optimization phases used in
RBStream. In Section 5.4, we describe the implementation of the rate-based cost model. In
Section 5.5, we present our Physical Rule Converter, which converts Calcite’s logical plans
into SABER execution plans. Finally, in Section 5.6, we describe some additional features

of RBStream along with an interactive web interface.

5.1 RBStream Architecture

Our system is built on top of Apache Calcite, a popular SQL parser and optimizer
framework which plays a central role in our architecture (Fig. 5.1.a). Below, we summarise

the four stages of our system:
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Fig. 5.1.a, RBStream Architecture.

PreOptimization Stage

At this stage, the user defines the input streaming sources to Calcite, either
programmatically (using SchemaFactory, Schema, TableFactory and ScannableTable
interfaces) or by declaring schemas and tables in a model JSON file. This schema is
converted to the corresponding schema, tables and data types of SABER. Before submitting

a query to the system, there are several parameters of the optimization procedure to choose

from such as:

e  Whether to use the rate-based cost model or the built-in cost model of Calcite.

e The algorithm of Join ordering: either the exhaustive algorithm, which is prefered
for a small number of joins, or the heuristic algorithm, which is prefered in the
general case. If the heuristic option is chosen, there are two algorithms for different

cases, one that produces deep-left join orderings and one that produces bushy join

orderings.

In addition, the user can customize the system configuration of SABER and choose the
execution parameters, such as the size of the buffers used, the scheduling policy, the number

of the threads that will be initialized or the execution mode of the system (CPU, GPU or
both).
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Optimization Stage

We use a combination of Calcite’s Volcano and Heuristic planners in a phased manner. The
optimization is separated into six phases, in order to be more effective and more easily
sustainable. The effectiveness is occurred by the fact that in every phase only relevant
subsets of rules are applied, reducing the search space and the time complexity of the whole
optimization procedure. If all the rules were applied in a single phase, it would either take
much time to compute the optimal plan of a complex query, when using the
VolcanoPlanner, or it wouldn’t give the optimal plan when using the HepPlanner as the
order by which the rules are applied can lead to different solutions. Taking these
observations into consideration, we have categorized our rules based on their functionality,
ordered them accordingly to achieve the greatest result and used the proper planner in each
phase. Therefore, we can add, remove and change rules depending only on the phase we

want to affect in the optimization chain. The steps of this procedure are:

e The query is parsed and validated both against a Catalog of registered streaming
data sources and custom implementations of SqlValidator (validates the parse tree
and provides semantic information about it) and SqlOperatorTable (defines a

directory for looking up SQL operators and functions) interfaces.

e Next, the query is converted into Calcite’s representation of logical plans. This
representation is a tree-like graph with sql operators as nodes and the flow of data

between them as edges.

e C(Calcite’s cost-based optimizer (CBO) [82] applies built-in and custom rules,
depending on the chosen cost model. Our CBO implementation combines both
VolcanoPlanner and HepPlanner and divides the optimization procedure into
smaller parts. This helps us to take advantage of the independence of different rule
types. Although the optimization procedure will generate many possible execution
plans, finally only the one with the lowest cost will be chosen. In all cases below,
the HepPlanner is used with Bottom Up matching order of applying the registered

rules. The optimization phases are discussed more thoroughly later in this chapter.
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Fig. 5.1.b, Calcite Planning Process in detail [53].

Conversion Stage

In this stage the optimized logical plan is converted by our system’s Physical Rule
Converter to a physical plan, ready to be executed from SABER. Complex SQL queries are
transformed to dozens of lines of code that can be executed in SABER, with a small

overhead of milliseconds before the execution of the query.

Execution Stage. Finally, the physical plan is executed on SABER, and several metrics of

the system are collected and presented to the user.
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Fig. 5.1.c, More detailed RBStream Overview.

5.2 Streaming Semantics

We use the following functions of Calcite [14] to define our streaming SQL:

Scalar functions:

e FLOOR(dateTime TO intervalType) rounds a date, time or timestamp value down

to a given

interval type.

e CEIlL(dateTime TO intervalType) rounds a date, time or timestamp value up to a

given interval type.
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Partitioning functions:

HOP(t, emit, retain) returns a collection of group keys for a row to be part of a
hopping window.

HOP(t, emit, retain, align) returns a collection of group keys for a row to be part of
a hopping window with a given alignment.

TUMBLE(t, emit) returns a group key for a row to be part of a tumbling window.

TUMBLE(t, emit, align) returns a group key for a row to be part of a tumbling

window with a given alignment.

TUMBLE(t, e) is equivalent to TUMBLE(t, e, TIME '00:00:00").

TUMBLE(t, e, a) is equivalent to HOP(t, e, e, a).

HOP(4, e, r) is equivalent to HOP(t, e, r, TIME '00:00:00").

While SABER offers both time-based and row-based sliding windows of any size and slide,

Calcite limits our options with its current implementation. Therefore, we have limited ways

of expressing windows in our system at the moment:

If no window is defined by SQL, we use the default window. In our
implementation, the default window is a now-window, that is a time-based window
of size 1.
The user can define a tumbling window by using appropriately the FLOOR and
CEIL functions in GROUP BY statement. At the moment, only time-based tumble
windows can be defined by this way, which have the size of 1 sec, 1 minute, 1 hour
or 1 day ( expressed in nanoseconds). For example the next query:

select rowtime, productid, sum(units)

from s.orders

group by rowtime, productid, floor (rowtime to hour)
is converted to an Aggregation function of sum computed over a tumbling window
with size one hour in nanoseconds (tumbling windows are sliding windows with
size equal to slide) of the streaming data source s.orders. This window is converted

to WindowType.RANGE BASED window of range=slide=3600000 in SABER.

The user can also define a time-based tumbling window by using TUMBLE,
TUMBLE START and TUMBLE END functions. For example in this query:

select tumble end(rowtime, interval '2' hour) as rowtime
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from s.orders

group by tumble (rowtime, interval '2' hour), productid
we have tumbling windows of size equal to 7200000 (two hours in nanoseconds).
These functions give us the opportunity to express more complex tumble windows
in contrary to the previous case, which can also be aligned by giving a third
parameter to the TUMBLE function. This operation is not supported by SABER
yet.
The user can define both time and row based sliding windows of slide 1 with the
use of OVER function and Windows. In our implementation, we don’t use the
OVER function with the definition we gave in Calcite Streaming Section, but as a
tool for defining regular aggregate functions computed over sliding windows
(SABER doesn’t support OVER function yet). An example of a row-based window
(WindowType.ROW_BASED in SABER) is:

select rowtime, productid, SUM(units) over pr

from s.orders

window pr as (PARTITION BY productid ROWS BETWEEN 5

PRECEDING AND 10 FOLLOWING)

In this query we have an Aggregation function of sum computed over a sliding

window of size 15 and slide 1, which is converted in SABER to

WindowType.ROW_BASED window.

Respectively, an example of a time-based window with size 1000 and slide 1 is:
select rowtime, productid, SUM(units) over pr
from s.orders
window pr as (PARTITION BY rowtime, productid RANGE

INTERVAL 'l' SECOND PRECEDING)

The user can define only time-based sliding windows like before, but additionally
with slide of size 1000 (1 sec), 60000 (1 minute), 3600000 (1 hour) or 86400000 (1
day) by using either FLOOR or CEIL functions in the partition statement of the
window definition. For example:

select rowtime, min(orderid) over pr

from s.orders

window pr as (PARTITION BY floor (rowtime to second) RANGE
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INTERVAL 'l' HOUR PRECEDING)
This query computes the minimum orderid over a sliding window of size 3600000
and slide 1000.

e Finally, the user can define time-based hopping windows with HOP, HOP_START
and HOP_END functions. For example in the next query:
select hop start(rowtime, interval 'l' hour, interval '3'
hour) as rowtime, count(*) as c
from s.orders
group by hop(rowtime, interval 'l' hour, interval '3'
hour) ;
we have a hopping window of size=10800000 (3 hours) and slide=3600000 (1
hour). With these functions, we can express more complex time-based sliding
windows than we could in the cases above, as we have greater control over the slide

parameter.

Window and aggregate functions are treated by SABER with the same way. As a result, we
use Window functions only for defining windows in RBStream based on their
expressiveness and not with their regular analytical functionality. In addition, session
windows which are currently supported by Calcite’s SQL, are not supported by SABER at

the moment.

It is recommended that the user includes the rowtime in SELECT clause as seen in the
above examples. Having a sorted timestamp in each stream and streaming query makes it
possible to do advanced calculations later, such as GROUP BY and JOIN. We also have to
note that we don’t use the STREAM keyword of Calcite, as SABER is designed only for
streaming data sources and we don’t have to distinguish whether we have a static data
source or not. By omitting the STREAM keyword, we simplify our system, because we

don’t use the extra streaming rules of Calcite.

5.3 Optimization Phases

In our implementation, Apache Calcite is used to introduce a Cost Based Logical Optimizer

(CBO) to SABER. The purpose of the optimization is to increase the rate of the query’s
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result, while minimizing the size of the intermediate results created. These logical
optimizations can improve SABER’s query latency and ease of use greatly (for example,
users don’t have to submit an optimized query with the right join order, for it to be executed
efficiently). Instead of table cardinality, our cost model uses input rate and active window

size to decide which is the optimal Join ordering and reduce significantly query latency.

Query optimizations in a query processing engine can be classified in two categories: the
logical query optimizations and the physical query optimizations. We will get involved only
with the first category, as the second implies optimizations that have to do with the query
execution in SABER (e.g. scheduling), which are performed by SABER internally, and
choosing from different physical implementations (Hash Join vs B+tree Index Nested
Loops Join [24]), which doesn’t exist in SABER yet. Logical query optimizations can be
determined based on relational algebra, regardless the physical layer in which query is

executed.

Logical query optimizations applied in SABER can be categorized in:
e Optimization regarding Projection Pruning.
e Optimizations about Predicate Push Down.
e Rules that merge two consecutive Projections or Filters into one.
e Optimization rules for Join ordering.

e Rules about deducing Transitive Predicates.

However, not all of the rules used in our implementation (Chapter 3) can benefit from a
CBO. In our case, only Join ordering and some certain rules, that transpose consecutive
operators, belong in this category. Therefore, we use a combination of Calcite’s Volcano

and Heuristic planners in a phased manner (like Hive [38] or Drill [39]).

Optimization
Phases

Calcite's SOL —— Calcite OperatorTree ————»

PhysicalRuleConverter

Cptimized Calcite ; SABER Operator
Operator Tree Tree

|

Execution in SABER

Fig. 5.3.a, From SQL to execution in SABER.
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The optimization phases applied to a given plan, differ depending on the optimization type
chosen from the user. If the user has chosen not to optimize the query, only rules that help
us to declare windows for our streaming semantics (windowed aggregate functions) are
used. The difference between the built-in and rate-based cost model optimization is in
phases 3 and 4, in which we can have specific rules for each cost model, and in phases 5

and 6, which are reversed for the built-in cost model.

5.3.1 Phase 1: Window Support

In the first phase we enforce rules that rewrite our initial query plan and create Window
operators using HepPlanner. We only use ProjectToWindowRule.PROJECT (3.2.27) and
ReduceExpressionsRule.PROJECT INSTANCE (3.2.31) in our implementation, as SABER
doesn’t support CALC operator [81]. This is a basic phase, as it provides us with the
appropriate windowing support expressed by Calcite’s SQL and helps the system with its

streaming semantics.

5.3.2 Phase 2: Heuristic Rules that don’t benefit from CBO

The rules that belong in this phase don’t benefit from a CBO and are applied by the
HepPlanner. These rules have to be enforced in general, regardless the cost model used in

our implementation, as they reduce the overall cost. They can be categorized as follows:
e Distinct Aggregate Rewrite:
the AggregateExpandDistinctAggregatesRule. INSTANCE (3.2.1). We have to run
this optimization early, since it is expanding the operator pipeline.

e Merge, remove and reduce project if possible:
o ProjectRemoveRule.INSTANCE (3.2.26)
o ProjectWindowTransposeRule.INSTANCE (3.2.28)
o ProjectMergeRule.INSTANCE (3.2.24)
o ProjectTableScanRule.INSTANCE (3.2.7)
e Add constant propagation and folding, transitive inference, not null filters and
support for WHERE style Joins:
o FilterMergeRule.INSTANCE (3.2.10)
o FilterAggregateTransposeRule.INSTANCE (3.2.8)
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o FilterProjectTransposeRule.INSTANCE (3.2.12)

o FilterJoinRule.FILTER ON_JOIN (3.2.9)

o FilterJoinRule.JOIN (3.2.9)

o JoinPushExpressionsRule.INSTANCE (3.2.16)

o ReduceExpressionsRule.FILTER INSTANCE (3.2.31)

o ReduceExpressionsRule. PROJECT INSTANCE (3.2.31)
o ReduceExpressionsRule.JOIN INSTANCE (3.2.31)

o JoinPushTransitivePredicatesRule. INSTANCE (3.2.18)

o AggregateProjectPullUpConstantsRule.INSTANCE (3.2.5)
o AggregateReduceFunctionsRule. INSTANCE (3.2.6)
o AggregateRemoveRule.INSTANCE (3.2.7)

e Prune empty result rules:

PruneEmptyRules.FILTER INSTANCE (3.2.29)

o PruneEmptyRules.PROJECT INSTANCE (3.2.29)

o PruneEmptyRules. AGGREGATE INSTANCE (3.2.29)

o PruneEmptyRules. JOIN LEFT INSTANCE (3.2.29)

o PruneEmptyRules.JOIN_RIGHT INSTANCE (3.2.29)

o

5.3.3 Phase 3: Pre-Join Rules that benefit from CBO

In phase 3, we want to search exhaustively for the optimal plan in the search space defined
by our rules. As a result, we use the VolcanoPlanner. These rules are applied combined with
converter rules, and return a query plan with operators that possess a certain Convention.
When using the rate-based model, the converter rules change the build-in operators to our
custom operators that support this model. This phase is essential in order to apply our later

optimizations using the created cost model. The transformation rules used are:

o SABER AGGREGATE_JOIN TRANSPOSE RULE

e SABER FILTER AGGREGATE TRANSPOSE RULE
e SABER FILTER PROJECT TRANSPOSE RULE

e SABER PROJECT FILTER TRANSPOSE RULE

e SABER PROJECT MERGE RULE

e FilterPushThroughFilter
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The rules above are 3.2.3, 3.2.8, 3.2.12, 3.2.22 and 3.2.24 rules respectively, which use our
custom SaberRelFactory instead of Calcite’s built-in RelFactory. In this way, we introduce
our rate-based cost model and we optimize a given query plan based on this specific logic.
If the user has chosen not to use the rate-based model, the same rules will be used, but with

the built-in RelFactory and cost model.

5.3.4 Phase 4: Join Ordering Rules

This is the most important phase of complex queries with multiple joins. The user can
choose either to use the VolcanoPlanner, in order to find the optimal join ordering with
exhaustive search (appropriate only for less than 6 joins), or the faster heuristic
implementation applied in HepPlanner (more useful in the general case). The statistics used
for the Join ordering depend on the mode that the user has chosen: if it is the rate-based
model, it uses the input rate and the active window sizes and if it is the built-in cost model,
it uses the tables cardinality. In both cases, column boundaries can also help in the ordering

estimation (e.g. number of distinct values).

With the VolcanoPlanner we use:

e JoinPushThroughJoinRule.LEFT (3.2.17)
e JoinPushThroughJoinRule.RIGHT (3.2.17)
e JoinAssociateRule.INSTANCE (3.2.14)

e JoinCommuteRule.INSTANCE (3.2.15)

With the HepPlanner we use:

e JoinToMultiJoinRule. INSTANCE (3.2.19)
e LoptOptimizeJoinRule.INSTANCE (3.2.20)

or MultiJoinOptimizeBushyRule.INSTANCE (3.2.21)

5.3.5 Phase 5: Applying After-Join Rules

This is the final optimization phase that is used to enforce some last rules, in order to ensure
that we get an optimized plan after we have found an optimal Join ordering. These are

optimizations that don’t need statistics such as:

e SABER JOIN PUSH EXPRESSIONS RULE,
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e SABER AGGREGATE PROJECT MERGE RULE,
e SABER AGGREGATE JOIN TRANSPOSE RULE,
e ProjectRemoveRule.INSTANCE,

e SABER PROJECT MERGE RULE,

e SABER PROJECT _JOIN TRANSPOSE RULE,

e ProjectRemoveRule.INSTANCE,

e SABER PROJECT MERGE RULE

The rules above use our custom SaberRelFactory instead of Calcite’s built-in RelFactory.

Phase 5 is also divided into smaller phases, which group certain consecutive operators (for
example Filter and Projection) into one composite operator. This operator is translated in a
single Query Task with multiple operators in SABER, in order to exploit the execution
granularity of specific use cases. In parallel computer, granularity can be defined as “the
ratio of computation time to communication time, wherein, computation time is the time
required to perform the computation of a task and communication time is the time required
to exchange data between processors” [71]. By applying these rules and adjusting our task
granularity, we explore a new dimension in our optimization process with an opportunity
for performance increase. The reduction of thread communication improves throughput in

some cases that we create larger tasks with more stateless operators.

5.3.6 Phase 6: Converting either Enumerable or SaberRel Operators to Logical

Operators

This is a phase that doesn’t change the arrangement of plan’s operators. However, it is
required in order to have a generic representation of the plans for the physical rule converter
used later, regardless the convention enforced by the VolcanoPlanner in a previous stage.
With the use of simple transformer rules, in order to keep the convention and the traits of

our operators intact, we can support two different cost-models and types of operators.
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Fig. 5.3.b, The optimization phases.

5.4 Rate-based Cost Model

The rate-based cost model, discussed in Chapter 4, keeps track of cost in terms of rate and
active window sizes of the input streaming sources. In our system, we propose a new
RelOptCost implementation called SaberCostBase. SaberCostBase will compute the CPU
usage, the memory utilization, the output rate, the active window size and the optimization
goal R parameter (note that we use the reverse R of the definition given in 4.3) for each
operator. The cost comparison algorithm will give importance to the optimization goal R
first and then to the memory initialization when trying to find the optimal plan. This is the

pseudocode of our implementation:

public boolean isLt (RelOptCost other) {
SaberCostBase that = (SaberCostBase) other;
if (true)
return ( (this.R <= that.R) // R is the main optimization
// goal. The R used here is the
// reversed R from 4.2 Section.

&& (this.memory <= that.memory) // this is memory
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// utilization
) 7
return ((this.cpu + this.memory + this.R)

< (that.cpu + that.memory + that.R)); //alternative way of

// checking for the smaller cost

This is the function used from the planner in order to find the plan with the smaller cost,
according to the optimization goal that is set. Therefore, we choose the plan with the

smallest memory consumption from the plans that have the smallest parameter R.

In addition to the above changes, we had to rewrite the logic of the plus method of
SaberCostBase, which is used to compute the accumulative cost, as we wanted both the rate
and the active window size to be estimated by the product of the input rate and window size

with a certain factor and not by addition:

public RelOptCost plus (RelOptCost other) {
SaberCostBase that = (SaberCostBase) other;
if ((this == INFINITY) || (that == INFINITY)) {
return INFINITY;
}
return new SaberCostBase (
this.rowCount + that.rowCount,
this.cpu + that.cpu,
this.io + that.io,
this.rate,
this.memory + that.memory,
this.window,

this.R);

Following are the cost variables that will be used in cost computation:

public static final int BASE CPU COST = 1;
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public static final int PROJECT CPU COST = 4 * BASE CPU COST;

public static final int HASH CPU COST = 8 * BASE CPU COST;

public static final int Cs PROJECT CPU COST;

public static final int Cj HASH CPU_COST;

The first three variables are taken from Drill [58], because they helped us to make
estimations as much accurate as possible. These numbers give a balanced analogy of the
costs that we wanted to describe. With these cost variables we try to compute the cost
variables Cs and Cj of our model, which are defined in Section 4.2. The cost of performing

a join includes the cost of probing, insertion and deletion needed: Cj=(Cp+Ci+Cv).

In order to use the rate-based cost model, we had to override the ComputeSelfCost()
method of all the operators used in our implementation (custom SaberRelBase operators):
e SaberAggregateRelBase
@Override public RelOptCost computeSelfCost (RelOptPlanner
planner, RelMetadataQuery mq) {
RelOptCost previousCost = planner.getCost (this.input, mq);
double rowCount = mg.getRowCount (this);
float multiplier = 1f + (float) aggCalls.size() * 0.125f;
for (AggregateCall aggCall : aggCalls) {
if (aggCall.getAggregation () .getName () .equals ("SUM")) {
// Pretend that SUM costs a little bit more than $SUMO,
// to make things deterministic.

multiplier += 0.0125f;

}

double inputRate = ((SaberCostBase) previousCost) .getRate();
double outputRate = multiplier * inputRate;

double cpuCost = multiplier * SaberCostBase.Cs * inputRate

double window = ((SaberCostBase)previousCost) .getWindow () ;
double memory = window;
double R = (((SaberCostBase) previousCost) .getCpu() +

cpuCost) / outputRate;
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SaberCostFactory costFactory =
(SaberCostFactory)planner.getCostFactory() ;
return costFactory.makeCost (multiplier * rowCount, cpuCost,

0, outputRate, memory, window, R);

SaberFilterRelBase

@Override public RelOptCost computeSelfCost (RelOptPlanner

planner, RelMetadataQuery mqg) {

RelOptCost previousCost = planner.getCost (this.input, mq);

double rowCount = mg.getRowCount (this);

double selectivity = mg.getSelectivity(this.getInput(),
this.getCondition());

double rate = selectivity * ((SaberCostBase)
previousCost) .getRate() ;

double cpuCost = SaberCostBase.Cs * rate;

//System.out.println("selectivity:" + selectivity );

double window = selectivity * ((SaberCostBase)
previousCost) .getWindow () ;

window = (window < 1) ? 1 : window; // fix window size in

// order to be >= 1

double R = (((SaberCostBase) previousCost) .getCpu() +
cpuCost) /rate;

if (Double.isNaN (R))
R = Double.MAX VALUE;

if (Double.isInfinite (rate))
rate = Double.MAX VALUE;

if (Double.isInfinite (cpuCost))
cpuCost = Double.MAX VALUE;

SaberCostFactory costFactory =
(SaberCostFactory)planner.getCostFactory() ;

return costFactory.makeCost (rowCount, cpuCost, 0, rate, O,

window, R);
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e SaberJoinRelBase
@Override public RelOptCost computeSelfCost (RelOptPlanner

planner, RelMetadataQuery mq) {

RelOptCost previousLeftCost = planner.getCost (this.left,
mq) ;

RelOptCost previousRightCost = planner.getCost (this.right,
mq) ;

double rowCount = mqg.getRowCount (this);

double selectivity = mg.getSelectivity(this.left,
this.getCondition()); //fix it

//System.out.println("selectivity:" + selectivity );

double leftRate = ((SaberCostBase)

previousLeftCost/*mg.getCumulativeCost (this.left)*/) .getRa
te();

double rightRate = ((SaberCostBase)
previousRightCost) .getRate () ;

double leftWindow = ((SaberCostBase)
previousLeftCost) .getWindow () ;

double rightWindow = ((SaberCostBase)

previousRightCost) .getWindow () ;

double rate = selectivity * (leftRate*rightWindow +
rightRate*leftWindow) ;

double cpuCost = SaberCostBase.Cj * (leftRate +
rightRate);

double memory = leftWindow + rightWindow;

double window selectivity * leftWindow * rightWindow;

window = (window < 1) ? 1 : window; // fix window size in
// order
double R = (((SaberCostBase) previousLeftCost).getCpu() +
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((SaberCostBase) previousRightCost) .getCpul() +

cpuCost) / rate;

SaberCostFactory costFactory =
(SaberCostFactory)planner.getCostFactory () ;
return costFactory.makeCost (rowCount, cpuCost, 0, rate,

memory, window, R);

SaberProjectRelBase
@Override public RelOptCost computeSelfCost (RelOptPlanner
planner, RelMetadataQuery mqg) {

RelOptCost previousCost = planner.getCost (this.input, mq);

double rowCount = mg.getRowCount (this);
double rate = ((SaberCostBase) previousCost) .getRate();
double cpuCost = SaberCostBase.Cs * rate;
double window = ((SaberCostBase)
previousCost) .getWindow () ;
List<RexNode> projectedAttrs = this.getChildExps () ;
double windowRange = 0; // find it in a better way
for (RexNode attr : projectedAttrs) {
if (! (attr.getKind() .toString() .equals ("INPUT REF"))) {
Pair<Expression, Integer> pair = new
ExpressionBuilder (attr) .build() ;
if (pair.right > 0) {
// W =T * Ad

windowRange = pair.right * rate;

}

window = (windowRange > 0) ? windowRange : window;
double R = (((SaberCostBase) previousCost) .getCpu() +

cpuCost) / rate;
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if (Double.isInfinite (R))
R = Double.MAX VALUE;
if (Double.isInfinite (rate))
rate = Double.MAX VALUE;
if (Double.isInfinite (cpuCost))
cpuCost = Double.MAX VALUE;
SaberCostFactory costFactory =
(SaberCostFactory)planner.getCostFactory () ;
return costFactory.makeCost (rowCount, cpuCost, 0, rate, O,

window, R);

e SaberTableScanRelBase

@Override public RelOptCost computeSelfCost (RelOptPlanner planner,
RelMetadataQuery mq) {
double rowCount = mg.getRowCount (this); // this is the rate
double window = 1;
SaberCostFactory costFactory =
(SaberCostFactory)planner.getCostFactory() ;
return costFactory.makeCost (rowCount, 0, 0, rowCount, 0, window,

0);

e SaberWindowRelBase: it has the same ComputeSelfCost() method as Aggregation,

because of the semantics used in our system.

The computation of each operator’s cost is based on the table with the used parameters
under the 4.2.2.3 Section. This cost is estimated every time we compute the cumulative cost

of a set of operators that constitute a continuous query.

210



Finallyy, we have created our custom MetaDataProvider implementation,
SaberDefaultRelMetaDataProvider, in order to control how to gather metadata from our

streaming sources (e.g. how to get an estimate of distinct rows over a stream data source).

5.5 Physical Rule Converter

The conversion of Calcite’s logical plan to the corresponding physical plan in SABER plays
a crucial role in our system’s implementation. Some lines of SQL are transformed to dozens
of lines of code, ready to be executed in SABER. PhysicalRuleConverter class is
responsible for constructing the physical operators tree from a given logical plan. The
recursive algorithm used for the construction of the physical plan along with its execution

method are presented with the following pseudocode:

HashMap chainOfOperators
Map tablesMap
HashSet queries

List aggregates

void convert (logicalPlan) {
// If the given logical plan has no inputs, it represents a
// simple
// LogicalTableScan (select * from stream). This case is treated
// seperately.
if logicalPlan.getInputs() == 0 then
convertSingleRelNode (logicalPlan)

else convertMultipleRelNodes (logicalPlan)

void convertSingleRelNode (logicalPlan) {
inputStream = logicalPlan.getStreamFrom(tablesMap)
create a Project Operator over the inputStream

add the operator in the queries HashSet
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Pair<Integer, String> convertMultipleRelNodes (logicalPlan) {

List children = logicalPlan.getInputs();

if children.size() == 0 then {

}

inputStream = logicalPlan.getStreamFrom(tablesMap)

create a Project Operator over the inputStream

add parameters that will be used by later operators in the
chainOfOperators HashMap

add the operator in the queries HashSet

return (logicalPlan.getId(), logicalPlan.getRelTypeName)

else if children.size() == 1 then {

}

// create its child
chainTail = children.get (0)
Pair <Integer, String> node =

convertMultipleRelNodes (chainTail)
get the parameters needed from the child operator using
chainOfOperators
create the given Operator with these parameters
add parameters that will be used by later operators in the
chainOfOperators HashMap
add the operator in the queries HashSet
if the child isn't a LogicalTableScan then connect it with
its child
if the operator is Aggregate or Window then add it to the
aggregates list

return (logicalPlan.getId(), logicalPlan.getRelTypeName)

else if children.size() == 2 then {

leftChainTail = children.get (0)
// create left child
Pair <Integer, String> leftNode =

convertMultipleRelNodes (leftChainTail)
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rightChainTail = children.get (1)

// create right child

Pair <Integer, String> rightNode =
convertMultipleRelNodes (rightChainTail)

get the parameters needed from the children operators

using chainOfOperators

create the given Operator with these parameters

add parameters that will be used by later operators in the

chainOfOperators HashMap

add the operator in the queries HashSet

if the 1left child isn't a LogicalTableScan then connect

with it

if the right child isn't a LogicalTableScan then connect

with it

return (logicalPlan.getId(), logicalPlan.getRelTypeName)

void execute () {
QueryApplication application = new QueryApplication (queries);
application.setup() ;
/* The path is query -> dispatcher -> handler -> aggregator */
for ( SaberRule agg : aggregates) {
if (systemConf.CPU)
agg.getQuery () .setAggregateOperator ( (IAggregateOpera
tor) agg.getCpuCode());
else
agg.getQuery () .setAggregateOperator ( (IAggregateOpera
tor) agg.getGpuCode()) ;
}
/* Execute the query. */
while (true) {

for (Map.Entry<Integer,ChainOfRules> c
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chainOfOperators.entrySet ())
if (c.getValue() .getIsFirst()) {
if (c.getValue () .getFlag() == false) {
application.processData
(c.getValue () .getData());
} else {
if (c.getValue () .getHasMore () == true) {
application.processSecondStream
(c.getValue () .getDatal());
} else {
application.processFirstStream
(c.getValue () .getDatal());
application.processSecondStream

(c.getValue () .getData2());

In the first case, when the RelNode has zero children nodes, we can assume that it is a
LogicalTableScan. These type of operators are created only if the whole given logical plan
consists only of one LogicalTableScan. In all other cases, we use dumb implementations of
the LogicalTableScan operator that help us build the later operators. This is the reason why
we treat separately these two cases. In the case that the RelNode has one child, it is Project,
Filter, Aggregate or Window and we must build all of its children before creating it. Finally,
a RelNode with two children is a Join, and we also have to construct its both descendants

before creating it.

The execute() method is used to execute our created physical plan. We use the
chainOfOperators map and the aggregates list for all the parameters needed. Data are

processed in a pipelined procedure by SABER in the while loop.
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Fig 5.5.b, Simple SQL query example.

5.5.1 Physical Operator Construction

In order to facilitate better the understanding of the conversion procedure, we will explain
how the physical operators are constructed in this subSection. The PhysicalRuleConverter

class is the main class that orchestrates the conversion of a logical plan to physical. It uses

215



six rules as to achieve its task: SaberAggregateRule, SaberFilterRule, SaberJoinRule,
SaberProjectRule, SaberScanRule and SaberWindowRule. These rules are specific to the
implementation of operators in SABER and are not related to the Calcite rules we used

before.

The basic components used by the physical conversion rules are:
5.5.1.1 AggregationUtil

This class implements the construction of Aggregates and Group By attributes for SABER.
It takes as an input a list with the aggregates (aggregate.getAggCallList()) and a bit set with
the group by attributes (aggregate.getGroupSet()) of either an Aggregate or a Window
operator, and creates the corresponding structures in SABER. It also provides us with the
correct output schema, which is essential in the pipelined procedure in which we have to
define our operators. The count function always references the first column, because the
user can write COUNT(*) or COUNTY() in Calcite’s SQL. At the moment SABER supports
only five aggregates: min, max, count, sum and avg. The next query:

select rowtime, sum(units), count (orderid)

from s.orders

group by rowtime,units,orderid, floor (rowtime to hour)
is converted in SABER as a window of range and slide equal to 3600000. The number of
group by attributes is four, as expected, and we compute the sum and count of the
corresponding columns. The aggregate operator used contains incremental aggregation
types. However, in run time the incremental computation is not activated, as the sizes of the
range and slide are equal. The incremental computation is enabled only when the slide of

the window is smaller than its range.

5.5.1.2 PredicateUtil

This class is used by SaberJoinRule and SaberFilterRule to convert the predicates from a
given Filter or Join RelNode to corresponding structures used by SABER. The algorithm
used is recursive in order to support complex conditions written in SQL. For example in this
query:

select *

from s.orders
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where (((productid = 5) or (units > 25 and units <100)) and
customerid=100) and 136>42
the where condition from SQL is converted in SABER as:

(("2" = Constant 5) OR (("3" > Constant 25) AND ("3" < Constant 100))) AND ("4" =
Constant 100) AND (Constant 136 > Constant 42)

5.5.1.3 ExpressionBuilder

In SaberProjectRule we use the ExpressionBuilder class to construct complex projection
expressions for SABER. This class uses a recursive algorithm in order to built the
corresponding projection from a given operator's tree. At the moment it supports only
simple expressions with mathematical operations and the RexCalls CEIL and FLOOR. It
also helps us to define the window semantics of RBStream. For example:

select ((units+10) * 25 ) /100

from s.orders

is converted in SABER as : (/(*(+($3, 10), 25), 100): int).

5.6 Implementation Features

In this final Section, we will present the graphical interface and some ancillary classes, that

automate some basic functionalities of RBStream.

5.6.1 DataGenerator

DataGenerator, as its name suggests, is used to generate data for our system. It can either

generate dummy data or be used to connect our system with certain data sources.

5.6.2 SchemaConverter

This class converts a given Calcite schema to the corresponding schema in SABER. At the
moment, SABER supports only integers, floats and longs. As a result, when the converter
finds a RelDataType that is not supported by SABER, it converts it to integer in our

system’s schema by default. SchemaConverter doesn’t support nested schemas yet.
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5.6.3 SystemConfig

This class is used to configure the SABER before executing a query. Depending on the
parameters chosen, the system may fail to execute a query due to lack of enough memory
for initializing Circular and Unbounded buffers or the Hash Table size. With this class we

also define whether the GPU mode is used and the number of threads of RBStream.

5.6.4 Graphical Interface of RBStream

For demonstrating our system, we used a comprehensive, real-time GUI that users will
utilize to interact over dataset, query and comparison levels. We used Jupyter Notebook
[62] to create an interactive web interface to present our system. The UI controls a

centralized SABER deployment over a virtual machine from the ~Okeanos laaS [61].

Z Jupyter

Welcome to the System Evaluation!

This Notebook Server is used to evaluate our system.

Follow the instructions to generate different plans for your chosen query and create a real time plot to see the results!

How to run the Python code below!
To run the code below:

1. Click on the cell to select it.
2. Press SHIFT+ENTER on your keyboard or press the play button ( - ) in the toolbar above.

Schema of the Data Sources Used

1. s.customers: (rowtime: long, customerid: int, phone: long) with input rate = 1000/s

2. s.orders: (rowtime: long, orderid: int, productid: int, units: int, customerid: int) with input rate = 3000/s

3. orders_delivery: (rowtime: long, orderid: int, date_reported: long, delivery_status_coce: int) with input rate = 1500/s
4. s.payments: (rowtime: long, customerid: int, payment_date: int, amount: float) with input rate = 3000/s

5. s.products: (rowtime: long, productid: int, description: inf) with input rate = 6000/s

Generate the plans!

Give your query and run the next cell to see the three plans generated by Calcite Optimizer:

Fig. 5.6.4.a, Jupyter Notebook.

Users are given the choice to interact with two different datasets. We provide:

(i) Linear Road Benchmark (LRB) for evaluating stream processing performance.
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The benchmark models a network of toll roads, in which incurred tolls depend on the level
of congestion and the time-of-day. Tuples in the input data stream denote position events of

vehicles on a highway lane, driving with a specific speed in a particular direction.

(i1) A Purchase-Orders Transaction Benchmark, with custom data.

Generate the plans!
Give your query and run the next cell to see the three plans generated by Calcite Optimizer:

1. The first plan is not optimized.
2. The second plan is optimized using the built-in cost model of Calcite.
3. The third plan is optimized using the rate-based cost model we created.

select * from s.orders where s.orders.units > 20

1. Not Optimized Plan

Execute the next cell to see it:

LogicalProject(rowtime=[$0], orderid=[$1], productid=[%2], units=[$3], custemerid=[%$4]): rowcount = 1.8, cumulative
cost = {3.0 rows, 8.0 cpu, 0.8 io}, id = 9
LogicalFilter(condition=[>(%$3, 20)]): rowcount = 1.0, cumulative cost = {2.@ rows, 3.0 cpu, 0.0 io}, id = 7
LogicalTableScan(table=[[s, orders]]): rowcount = 1.0, cumulative cost = {1.8 rows, 2.8 cpu, 0.8 io}, id = 3

2. Optimized Plan with built-in cost model
Execute the next cell to see it:

LogicalFilter(condition=[>($3, 20)]): rowcount = 1.0, cumulative cost = {2.@ rows, 3.0 cpu, 0.0 io}, id = 47
LogicalTableScan(table=[[s, orders]]): rowcount = 1.0, cumulative cost = {1.© rows, 2.0 cpu, @.0 io}, id = 44

3. Optimized Plan with rate-based cost model
Execute the next cell to see it:

SaberFilterRel(condition=[>(%$3, 20)]): rowcount = 16384.8, cumulative cost = {49152.80 rows, 65536.0 cpu, 8.8 io, 16
384.0 rate, 0.0 memory, 1.8 window, 4.0 R}, id = 81

SaberTableScanRel(table=[[s, orders]]): rowcount = 32768.8, cumulative cost = {32768.0 rows, 0.0 cpu, 0.0 io, 327
68.0 rate, 0.0 memory, 1.0 window, 0.8 R}, id = 69

Fig. 5.6.4.b, Give your query and get the corresponding plans.

Different Steaming queries can be executed on the loaded datasets. Regardless the dataset,
the users can specify their own query using a text-area field, as in Fig.5.6.4.b. For each of
the queries, the three plans will be shown: a plan without optimization, a plan with
optimization using the built-in cost model and a plan with optimization using the rate-based
cost model. Upon proceeding with the execution, the user can choose which plan to
execute; real-time progress will be available through a plot, which presents the throughput

metrics of the submitted query.
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Initialize your plot to see the results

Execution Plot

10 4

Throughput MB/s

T T T T T
0.0 2.5 5.0 7.5 10.0 125 15.0 17.5
sec

Choose the plan you want to execute and watch it in Real Time!

Choose your plan from the buttons bellow.

Choose Not Optimized Plan Optimized Plan with built-in cost model Optimized Plan with rate-based cost model

your plan:

Fig. 5.6.4.c, Real Time Plot of Throughput.
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Evaluation

In this chapter we run experiments with 10 representative queries to evaluate the efficiency
of RBStream. We discuss our experimental setup in Section 6.1. We present our queries and
their results in Section 6.2. We conclude this chapter with a discussion of our results in

Section 6.3.

6.1 Experimental Setup

System configuration: The experimental setup consists of an OpenStack VM with 8x2GHz

Intel Xeon E312xx CPU cores and 16GB of RAM.

Compared Plans: We compare the execution performance of streaming queries against
three different plans: a plan without optimization, a plan optimized using Calcite’s built in

cost model and a plan optimized using our rate-based cost model.

Evaluation Metrics: The metrics we used for our evaluation are:

e Throughput: we monitored the throughput with a built-in functionality of SABER.
e Latency: we monitored the latency of the system by using the ResultCollector class

of SABER.

e (CPU Utilization: we monitored the cpu utilization with nmon [63].

Data Sets Used: We utilize one dataset in our evaluation: a Purchase-Orders Transaction
Benchmark, with controlled distribution over synthetic data. The schema of our streaming
data sources is:

s.customers Schema : Stream (rowtime: long, customerid: int, phone:

long)

s.orders Schema : Stream (rowtime: long, orderid: int, productid: int,

units: int, customerid: int)

s.orders _delivery Schema : Stream (rowtime: long, orderid: int,

date reported: long, delivery status code: int)
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s.payments Schema : Stream (rowtime: long, customerid: int,

payment date: int, amount: float)

s.products Schema : Stream (rowtime: long, productid: int, description:

int, price: float)

In order to provide a direct comparison among the different execution plans, we test the
performance of our chosen queries for all the possible plans. We outperform the
non-optimized plan in most of the queries, when running on the small server configuration,
due to smaller memory usage and the creation of less query tasks for SABER. The
difference in performance is mainly attributed to the decrease of the intermediate results
created, which is crucial for the streaming in-memory computations, affecting both memory
utilization and cpu cycles. The optimized order of execution of certain operators not only
increases the output rate, but also makes the computations feasible in many cases, as it
lowers the memory requirements. As a result, for more data-intensive queries, our system

gives a feasible plan that makes the query execution possible.

6.2 Experiments

We will test the execution of certain queries, which are representative of the optimization
use cases that RBStream can handle. The queries used, although simple, cover the basic
SQL functionalities and can be used to form more complex use cases. With these
experiments, we will compare the “naive” execution of queries against their optimized
version. For most of these queries, both built-in and rate-based cost models give the same
results, because of the nature of the optimization rules applied to the initial plan. Rules that
push down operators (such as filters, projections or aggregates), merge or remove
consecutive operators and simplify sql expressions are heuristic and can be applied
regardless the cost model used by the optimizer. Thus, in such cases we will present only
the rate-based model results. However, other rules, such as the rules that arrange the join or

the filter ordering, can be greatly benefited by the rate-based cost model.

6.2.1) With the next query we will test FilterProjectTransposeRule, FilterMergeRule

and ProjectMergeRule.
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Ql: select * from (
select *
from s.orders
where s.orders.units > 10) as sl
where sl.productid = 15 or sl.productid = 17;

a) The generated plan using the rate-based cost model is:

Filter |units > 10 AND (productid = 15 OR productid = 17)]

Scan [s.orders|

Fig. 6.2.1.a, rate-based plan of Query 1.

b) The generated plan with no optimization is:

Project [$0, $1, $2, $3, $4]

Filter |productid = 15 OR productid = 17|

Filter [units > 10|
'

Scan |[s.orders|

Fig. 6.2.1.b, not optimized plan of Query 1.

The configuration used for the following measurements of this test case was: 2 Threads, 64

MB Circular Buffer Size kot 128 MB Unbounded Buffer Size.
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Fig. 6.2.1.c, Throughput Results of Query 1.

In the graph above, the early filtering of tuples that would be otherwise dropped by the
operators that follow results in greater throughput results (nearly 2,7 times more MB/s).
This occurs because less intermediate results are transferred and more precisely, in this
case, fewer operators are initialized for the computation of the final output. It can also be
observed that with our chosen configuration, as we increase the input rate, the throughput
remains still and starts to decrease steadily by a minor factor from a certain threshold and

on.
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Cpu Utilization Percentage Results of Query 1

B Not Optimized Plan

B Optimized Plan with rate-
based cost model

100 1000 10000 100000 1000000

Rate (tuples/s)

Fig. 6.2.1.d, Cpu Utilization Results of Query 1.

This query initializes stateless operators and as a result, the Cpu utilization is slightly

smaller in the rate-based optimization plan in comparison to the non-optimized version.

6.2.2) This query illustrates the use of FilterJoinRule, which pushes filter through a

join to its children.

Q2: select *
from s.products join s.orders
on s.orders.productid = s.products.productid
where units>10 and description < 16 ;

a) The plan we get with the rate-based optimization is:
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Project |85, $6, $7, $8, $0, $1, $2, $3, $4|

T

Join [s.orders.productid = s.products.productid|

A7

Filter |description < 16| | | Filter |units > 10|

T I

Scan [s.products| Scan [s.orders|

Fig. 6.2.2.a, rate-based plan of Query 2.

b) The plan we get with no optimization is:

Project [$5, $6, $7, $8, $0, $1, $2, $3, $4]

Filter [units>10 AND description < 16|

Join [s.orders.productid — s.products.productid|

EallAN

Scan [s.products| | | Scan [s.orders|

Fig. 6.2.2.b, not optimized plan of Query 2.

Plan 1 is optimized with rate-based cost model. Plan 2 is not optimized. In the cells with (-)

the system run out of memory bounds.

Thre | Circ [Unb | Data | Data | Selec
ads ular [ ound | Sour | Sour | tivity
Buff |ed ce 1|ce 2
er Buff | (tupl | (tupl
(MB |er es/s) | es/s)
) |ovB
)
Q2,1 |2 64 128 {300 |200 |1/24
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Q2,2 |2 64 128 | 400 (400 |[1/24 |22,17 |0,019 |35% [20,7

0,01 | 70%

Q2,3 |2 64 128 [500 |400 [1/24 |24,10 -

Q2,4 |2 64 128 | 800 | 600 |1/24 |38,51 -

Q2,5 |2 64 128 [800 | 800 |[1/24 |38,22 -

Q2,6 |1 64 128 400 |400 |[1/24 |21,7 0,02 |70% |-

Table 6.2.2, Execution Metrics of Query 2.

6.2.3) With this query, we show the impact of join ordering, even with two joins, in

execution. The same query will be computed with optimization, using built-in

and rate-based cost models, and without optimization.

Q3: select s.orders.rowtime, s.products.rowtime,
s.customers.rowtime,
s.orders.productid, s.orders.customerid
from s.products, s.orders, s.customers
where s.orders.productid = s.products.productid and
s.customers.customerid=s.orders.customerid;

a) The plan using the rate-based cost model optimization is:

Project |50, $4, $3, $1, $2]

T

Join [s.orders.productid = s.products.productid|

/ \

Project [$0, $1, $2, $3] Project [$0, $1]

1 T

Join [s.customers.customerid=s.orders.customerid| | | Scan [s.products]

N

Project [$0, $2, $4] | | Project [$0, $1|

T T

Scan [s.orders| | |Scan [s.customers]
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Fig. 6.2.3.a, rate-based optimized plan of Query 3.

b) Then plan without optimization is (we couldn’t execute this plan because of

the memory it required):

Project [$1, $0, $4, $2, $3]

Filter [s.orders.productid = s.products.productid AND s.customers.customerid = s.orders.customerid]

Join [true]

/N

Join [true| | | Scan [s.customers|

AN

Scan [s.orders| | | Scan [s.products|

Fig. 6.2.3.b, not optimized plan of Query 3.

¢) The plan with the built-in cost model optimization is:

Project [$1, $0, $4, $2, $3]

I

Join [s.customers.customerid=s.orders.customerid|

_— T

Project [$0, $1, $2, $3| Project |50, $1]

T T

Join [s.orders.productid = s.products.productid] | | Scan [s.customers|

AN

Project [$0, $2, $4] | | Project [$0, $1]

T T

Scan [s.orders| Scan [s.products|

Fig. 6.2.3.c, built-in optimized plan of Query 3.

229



Plan 1 is optimized with rate-based cost model. Plan 2 is optimized with built-in cost

model. In the cells with ( - ) the system run out of memory bounds.

Thr | Circ | Unb | Data | Data | Data | Sele
ead |ular |ound | Sour | Sour | Sour | ctivi
s Buff |ed ce 1 |ce 2 |ce 3|ty
er Buff | (tupl | (tupl | (tupl
(MB |er es/s) | es/s) | es/s)
) (MB
)
Q3,1 |2 128 [ 128 | 100 |400 [400 |[1/24 (27,16 14,76 |9% |23,5 |[5,67 |75%
0
Q3,2 |2 128 [ 128 200 |400 (400 |[1/24 (26,84 |1,6 |20% |27,2 |2,57 |85%
2
Q3,3 |2 64 128 1200 |600 |600 |[1/24 (38,9 (3,5 |20% |- - -
Q34 |2 64 128 | 200 |800 |600 [1/24 |43 3,7 120% |- - -
Q3,5 |2 64 256 | 200 | 800 |800 |1/24 |49 32 [>80 |- - -
%
Q3,6 |2 64 200 [350 |700 |600 |1/24 |43 1,6 |>80 |- - -
%
Q3,7 |2 64 128 [200 |600 |300 |1/24 |30 2,03 [40% |30 3,33 [ 60%
Q3,8 |2 64 128 [200 | 600 |300 |1/14 |31 0,68 [ 10% |31 0,90 [35%
Q3,9 |2 64 128 (200 | 600 |300 |1/10 29,92 (0,44 [50% |30 0,62 | 70%
Q3,10 | 1 128 (128 | 100 |400 (400 |[1/24 (24,9 |515|15% |- - -
Q3,11 |1 64 128 [200 |600 |300 |1/24 2998 (3,88 [25% |- - -

Table 6.2.3, Execution metrics of Query 3.

6.2.4) This query shows the effect of ProjectJoinTransposeRule.

Q4:

from

a) The plan generated by the rate-based cost model optimization is:

s.products, s.orders

where s.orders.productid

s.products.productid;

select s.orders.rowtime, s.products.rowtime, s.orders.productid
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Project [$0, $2, $1]

T

Join [s.orders.productid = s.products.productid|

AN

Project |$0, $1] | | Project [$0, $2]

I T

Scan [s.products| | | Scan [s.orders|

Fig. 6.2.4.a, rate-based plan of Query 4.

b) The plan generated without optimization is:

Project [$3, $5, $6|

h

Filter

s.orders.productid = s.products.productid|

A

Join [true]

AN

Scan [s.products| | | Scan [s.orders|

Fig. 6.2.4.b, not optimized plan of Query 4 (not feasible).

The execution of this plan crashes (the size of the buffers is not enough), because it tries to
join the two sources with condition [true] and as a result it creates a huge amount of

intermediate data that will be dropped:

java.nio.BufferOverflowException

at java.nio.HeapByteBuffer.put (HeapByteBuffer.java:183)

at
uk.ac.imperial.lsds.saber.buffers.UnboundedQueryBuffer.put (UnboundedQue
ryBuffer.java:156)

at
uk.ac.imperial.lsds.saber.buffers.CircularQueryBuffer.appendBytesTo (Cir
cularQueryBuffer.java:296)

at
uk.ac.imperial.lsds.saber.cqgl.operators.cpu.ThetadJoin.processData (Theta
Join.java:154)
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at

uk.ac.imperial.lsds.saber.QueryOperator.process (QueryOperator.java:75)

In order to execute this query we have to rewrite it like this:

select s.orders.rowtime, s.products.rowtime, s.orders.productid

from

s.products join s.orders

on s.orders.productid = s.products.productid;

and we get the following plan:

Project [$4, $0, $6]

A

Join [s.orders.productid = s.products.productid|

PAENRN

Scan [s.products| | | Scan [s.orders|

Fig. 6.2.4.c, not optimized plan of Query 4.

at uk.ac.imperial.lsds.saber.tasks.Task.run(Task.java:63)

Plan 1 is optimized with rate-based cost model. Plan 2 is not optimized. In the cells with (-)

the system run out of memory bounds.

Thre | Circ | Unb | Data | Data | Sele
ads ular | ound | Sour | Sour | ctivit
Buff | ed ce 1|ce 2|y
er Buff | (tupl | (tupl
(MB |er es/s) | es/s)
) (MB
)
Q4,1 |1 64 128 1100 |100 |[1/24 |5,52 (0,13 [13% |5,49 0,05 |20%
Q4,2 |1 64 128 1400 |250 |[1/24 (17,0 [0,03 [50% |17,3 |0,00 | 65%
1 1 6
Q43 |1 64 128 400 |280 |1/24 (17,9 10,02 [60% |- - -
Q44 |1 64 128 | 500 |400 |[1/24 |- - - - - -
Q45 |1 64 128 | 800 |800 |[1/24 |- - - - - -
Q4,6 |2 64 128 1400 |280 |[1/24 18,1 10,00 | 65%
1 5
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Table 6.2.4, Execution metrics of Query 4.

6.2.5) With this query we present the use of AggregateJoinTransposeRule.

Qs: select count (*)
from s.orders
join s.products
on s.orders.productid = s.products.productid;

a) When we use the rate-based cost model with optimization, we get the

following plan:

Aggregate [SUM($4)]

Project [$0, $1, $2, $3, $4=[*(51, $3)||

I

Join [s.orders.productid = s.products.productid]

N

Aggregate [$1, COUNT(*)] | | Aggregate [$2, COUNT(*)]

T T

Scan [s.products]

Scan [s.orders]|

Fig. 6.2.5.a, rate-based optimized plan of Query 5.

b) With no optimization we get:

233



Aggregate | COUNT ()]

b

Project [$0]

Y

Join [s.orders.productid = s.products.productid|

LN

Scan [s.products|

Scan [s.orders|

Fig. 6.2.5.b, not optimized plan of Query 5.

Plan 1 is optimized with rate-based cost model. Plan 2 is not optimized. In the cells with (-)

the system run out of memory bounds.

Thre | Circ | Unb | Data | Data | Sele
ads ular | ound | Sour | Sour | ctivit
Buff |ed ce 1fce 2|y
er Buff | (tupl | (tupl
(MB |er es/s) | es/s)
) (MB
)
Q5,1 |1 32 128 100 100 1/16 |5,28 0,1 |10% |525 (0,26 |30%
Q52 |1 32 256 | 200 |200 1/16 |9,96 30% | 10,52 80%
Q53 |1 32 380 | 400 |400 1/16 |21,93 - - -
Q54 |1 32 380 |500 400 1/16 | 24,67 - - -
Q5,5 (2 32 380 | 400 |400 1/16 |21,93 16% | - - -

Table 6.2.5, Execution metrics of Query 5.

6.2.6) This query uses AggregateJoinTransposeRule and AggregateProjectMerge.

Qo6:

select o.productid, min(units)

from s.orders as o

join s.products as p

on p.productid=o.productid

group by p.productid, o.productid;
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a) The plan generated from the rate-based optimization is:

Project |$0, $1]

Y

Join [s.orders.productid = s.products.productid]

AN

Aggregate [$2, MIN(S$3)| | | Aggregate [$1]

Scan |s.orders| Scan [s.products|

Fig. 6.2.6.a, rate-based optimized plan of Query 6.

b) If we don’t use optimization we get:

Project [$1, $2|

I

Aggregate [$0, $1, MIN($2)|

T

Project [$6, $2, $3|

|

Join [s.orders.productid = s.products. productid|

AN

Scan [s.orders| | | Scan [s.products|

Fig. 6.2.6.b, not optimized plan of Query 6.

Plan 1 is optimized with rate-based cost model. Plan 2 is not optimized. In the cells with (-)

the system run out of memory bounds.

Thre |Circ | Unb | Data | Data | Selec
ads ular | ound | Sour | Sour | tivity
Buff |ed ce 1l |ce 2
er Buff | (tupl | (tupl
(MB |er es/s) | es/s)
)

235



(MB
)

Q6,1 |1 32 128 100 |100 |1/16 |5,38 0,1 [13% |5 0,26 | 35%
Q6,2 |1 32 256 1200 |200 |1/16 |10,97 30% | 10,29 85%
Q6,3 |1 32 360 (400 400 |1/16 |21,59 35% |- - -
Q6,4 |1 32 360 (500 400 |1/16 |22,55 - - -
Q6,5 |2 32 360 (400 400 [1/16 |21,59 16% |- - -

Table 6.2.6, Execution metrics of Query 6.

6.2.7) In this query we evaluate the application of

AggregateProjectPullUpConstantsRule.

Q7:

select rowtime,productid, count (*)

from s.orders

where units > 10

group by rowtime,productid;

a) The plan we get with the rate-based optimization:

Aggregate [$0, $2, COUNT(*)]

T

Filter |units > 10|

T

Scan [s.orders|

Fig. 6.2.7.a, rate-based optimized plan of Query 7.

b) The plan we get without optimization:
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Aggregate [$0, §1, COUNT(*)|

Y

Project [30, $2]

Filter [units > 10|

b

Scan [s.orders|

Fig. 6.2.7.b, not optimized plan of Query 7.

The configuration used for the following measurements of this test case was: 2 Threads, 64

MB Circular Buffer Size xat 128 MB Unbounded Buffer Size.

Query 7

— Cptimized
Flan with
rate-based
cost mode

]t
Optimized
Plan

Throughput (MB/s)

200000 400000 600000 800000 1000000

Rate (tuples/s)

Fig. 6.2.7.c, Throughput Results of Query 7.

As observed in the line graph above, by pulling up the constants in the aggregate operator,
the rate-based plan reveals higher throughput results, because we limit the operators

required for computing the output. However, as aggregate operator demands bigger buffers
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and hash table in order to escalate accordingly when the input rate increases, we notice a
decrease in the throughput in both plans. This occurs because the system’s configuration

fails to manage with these rates.

6.2.8) With this query we present FilterAggregateTransposeRule, that pushes filter

through aggregate.

Q8: select * from (
select rowtime,productid, count (*)
from s.orders
group by rowtime,productid
) as o
where o.productid > 10;

a) We use the rate-based cost model with optimization:

Aggregate [$0, $2, COUNT(*)]

Filter |productid > 10]

Scan [s.orders]

Fig. 6.2.8.a, rate-based plan of Query 8.

b) We didn’t use optimization:
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Project [$0, $1, $2|

h

Filter |productid > 10]

h

Aggregate [$0, $1, COUNT(*)]

h

Project |$0, $2]

Scan [s.orders|

Fig. 6.2.8.b, not optimized plan of Query 8.

The configuration used for the following measurements of this test case was: 2 Threads, 64

MB Circular Buffer Size xat 128 MB Unbounded Buffer Size.

Query 8

— Cptimized
Plan with
rate-based
cost mode

m— Nt
Optimized
Plan

Throughput (MEB/s)

200000 400000 600000 800000 1000000

Rate (tuples/s)

Fig. 6.2.8.c, Throughput Results of Query 8.
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This case is similar to query 1. The rate-based plan results in nearly 1,9 more MB/s

throughput in comparison to the naive version.

6.2.9) This query shows the effect of AggregateConstantKeyRule.

Q9: select count (*)
from s.orders
where productid=10
group by rowtime,productid;

a) The plan generated with the rate-based cost model optimization is:

Project [$1]

T

Aggregate [$0, COUNT(*)]

T

Filter |[productid = 10]

T

s.orders|

Scan

Fig. 6.2.9.a, rate-based plan of Query 9.

b) The plan generated wihtout optimization is:
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Project [$2]

A

Aggregate [$0, $1, COUNT(*)|

Project |$0, $2|

A

Filter [productid = 10|

Scan |[s.orders|

Fig. 6.2.9.b, not optimized plan of Query 9.

The configuration used for the following measurements of this test case was: 2 Threads, 64

MB Circular Buffer Size kot 128 MB Unbounded Buffer Size.

Query 9

— Cptimized
Plan with
rate-based
cost mode

— it
Optimized
Plan

Throughput (MB/s)

200000 400000 600000 800000 1000000

Rate (tuples/s)

Fig. 6.2.9.c, Throughput Results of Query 9.
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This rule finds the constants that can be omitted from the grouping procedure of the

aggregate operator, resulting in greater throughput results, as it is less expensive to compute

them.

6.2.10) With this query we will test the effect of FilterPushThroughFilterRule, we

created, against FilterMergeRule.

Q10: select * from
(select * from (
select *
from s.orders
where productid = 15 or productid = 17) as sl
where sl.units > 10) as s2
where s2.customerid = 15;

a) The generated plan using the rate-based cost model

and FilterPushThroughFilterRule is:

Filter |units > 10|

Filter |[productid = 15 or productid = 17]

F

Filter [customerid = 15|

A

Scan [s.orders|

Fig. 6.2.10.a, optimized plan using FilterPushThroughFilterRule of Query 10.

b) The generated plan using the rate-based cost model and FilterMergeRule is:
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Filter [units > 10 and productid = 15 or productid = 17 and customerid = 15]

Scan [s.orders|

Fig. 6.2.10.b, optimized plan with FilterMergeRule of Query 10.

The configuration used for the following measurements of this test case was: 2 Threads, 64

MB Circular Buffer Size kot 128 MB Unbounded Buffer Size.

Query 10

= FilterPushThroughFilter Rule = FillerMergeRule

Throughput (MB/s)

200000 400000 600000 800000 1000000

Rate (tuples/s)

Fig. 6.2.10.c, Throughput Results of Query 10.

From the line graph above, it can be noticed that regulating the granularity of filter operator

can result in great throughput improvement in certain cases. The two examined rules follow
opposite results, with FilterPushThroughFilterRule increasing significantly while

FilterMergeRule decreases steadily.
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6.3 Analysis of the Experimental Results

From our experimental results, we observe that we have two categories of queries based on
the results we have collected: the queries with and without a Join operator. In the first
category (queries 1, 7, 8, 9 and 10), the optimized plans outperform the non optimized ones,
regarding the throughput of the input data sources. It can be observed, that when the input
rate is small enough to be handled by our system, the throughput for both cases is almost
the same. However, as the rate increases, the system achieves higher throughput with the
optimized plan, because of the less intermediate results created and the smaller cpu
overhead (less tasks and computations required). A great percentage of the intermediate
results generated by the non optimized plans are usually dropped because they are not
required for the computation of the final output. For example, when we push down a filter
through another operator, we ensure that the data that pass through the next processing
stages will participate in the following computations and we avoid the use of unnecessary
resources. This process not only affects the memory utilization requirements but also causes
a dramatic decrease in query task spawning for SABER, resulting in smaller scheduling and
computational overhead of the system. In the not optimized use cases, the system receives
more data than it can consume, resulting in smaller throughput rates, higher cpu and higher
memory utilization, as it struggles to deal with incoming rates. In addition, there are some
cases with the non optimized plans, where the throughput rates are not stable because of the
inability of the system to handle their computation, and cause system failure. The next
figure presents the result of queries Q1, Q7, Q8 and Q9 (2,75, 1,34, 1,9 and 1,37 times more
MB/s respectively):
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Throughput Results of Queries 1,7,8 and 9

I o

Optimization

I Rate-based
Optimization

Throughput (MB/s)

;@ Fﬁb 3! F@"‘l ?@"‘l
b
0«" x'k"“ 1‘:‘ B"kda,kr‘oﬁm cf-’ﬁ q.l:‘ (ﬂtj}ﬂ)
Input Rafes (tuplesisec)

Fig. 6.3.a, Throughput Results of Queries 1, 7, 8 and 9.

As far as the 10th query is concerned, it helped us test our optimization procedure against
rules that require dynamic optimization, using the rate-based cost model. We noticed that
the proper reordering of consecutive Filter operators can result in greater throughput in

some cases, in comparison with the merge of these filters. The following figure presents our

results (even 2,22 times more MB/s):
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Throughput Results of Query 10

B FiterPushThroughFilter [l FilterMergeRule

Throughput (MB/s)

Q10 (10000) Q10 (100000) Q10 (1000000)

Input Rates (tuplesisec)

Fig. 6.3.b, Throughput Results of Query 10.

As observed in the graph, when having a filter operator with a complex condition, it is
worth to split it in more filters with simpler conditions and take advantage of smaller
granularity. By lowering the computation overhead of the initial complex condition, we
notice that in this case, the communication cost of having smaller tasks is beneficial and

results in greater throughput.

In the second category of queries, that contained Join operators, we didn’t observe an
increase in the throughput of the different execution plans. The Join operator acts as a
bottleneck in the query execution, because of its implementation, and thus we couldn’t find
a use case in which our plans had different throughput in comparison with the naive
implementation. We experimented with the selectivity, the number of threads used and the
size of the buffers utilized for the computation of our queries, without noticing any striking
difference between the executed plans. As a result, we assume that this is happening
because of uneven allocation of the processing load between the worker threads, which is
likely to occur in large systems and dynamically varying workloads. In order to overcome
this obstacle and make our comparisons for system evaluation, we had to monitor other
metrics, such as latency and cpu utilization. The following figures and analysis concern

queries Q2, Q3, Q4, Q5 and Q6 (the numbers below the bars in the following charts
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correspond to the numbers we gave in our measurements in the tables of the previous

section).

Cpu Utilization Percentage Results

azn a3n Q37 Q3.9 04,2 Q5.2 Q6.2
02,2 Q32 Q3.8 4.1 as1 Q6,1

Fig. 6.3.c, CPU Utilizaton Percentage Results of Queries 2, 3, 4, 5 and 6.

In all the use cases of queries 2, 3, 4, 5 and 6, the cpu utilization of the rate-based optimized
plan is significantly smaller than the corresponding of either non-optimized plan or
optimized with the built-in cost model plan. We experimented with a different number of
threads and sizes of buffers and observed that in the rate-based plan, the cpu is underutilized
compared to the other plans when having low input rates. Thus, we increased the input rate,
in all our use cases and noticed that the rate-based plan can handle even the double input
rates without a problem, while both the non-optimized and built-in cost model plans fail to
consume the incoming data, causing system failure. This result can be easily explained by
the goal we achieve with the rate-based optimization, the decrease of the intermediate data
and the query tasks produced from each stage of the computation process. In order to make
our results more straightforward, we conducted some experiments for queries 2, 3 and 4 that
show that we achieve the same throughput results by utilizing a single thread in the
rate-based plan in contrast with the other two options, where at least two threads were

required to handle the scheduling and computational tasks:
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Throughput Results for different number of
threads

Q2.2-028 Q3,10 -Q31 Q3.11-0Q3.2 04.3-04.6

Throughput (MB/s)

Fig. 6.3.d, Throughput results for different number of threads of Queries 2, 3, and 4.

Although in some of the above experiments the system could utilize less memory for
creating the buffers required for the computations when executing the rate-based plans, the
static allocation of the fixed sized buffers doesn’t allow us to generalize our observation and
assume that our cost model apart from using fewer threads, can run with smaller buffer

sizes for Unbounded and Circular buffers in SABER.

In all the previous examples, both the built-in and rate-based cost models produce the same
plans. Next, we will focus on the Q3, which shows the difference between the two cost
models. The Join reordering is an important feature of our rate-based optimization
procedure, that affects the execution of complex queries with many joins. Regarding the cpu
utilization, the rate-based plan is underutilized with the same system parameters. The first
improvement we notice is that as we increase the input rate, the built-in plans become
infeasible and result in system’s crash (a result which is also apparent from the figure
above). The second improvement concerns the latency observed in both cases. In the
rate-based plan, we choose to compute earlier joins that produce smaller output results, in

association with the input rates, the windows used and the join condition. As a result, we
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notice even less than 70% of the built-in cost model’s latency in most cases (Figure below),

which confirms our expectations.

Q3 Join Reordering

Mo

Dptimization

Il Rate-based

Optimizaticn

Built<in Cost

@ Optimizaticn
e,
e
&I
m
]

Q31 Q3.2 Q3ar Q3.8 Q39

Fig. 6.3.¢, Join Reordering Results of Query 3.

In summary, we conclude that the optimization we enforced results in smaller cpu and
memory utilization and secures the feasibility of our plans. In the cases that we don’t have

join operators, we also observe great throughput improvements for our query plans.

Finally, we would like to notice that the rate-based model would have a greater impact in
the case we had more than one physical implementations (algorithms) to choose for any of
our operators. For example, if the system had at least two different types of Joins, the
streaming semantics, which are embedded in the rate-based cost model, would create the

optimal plan based on the characteristics of our streaming data sources.
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Conclusions and future

directions

7.1 Conclusions

During this work, we had the opportunity to explore streaming semantics and use our

knowledge to introduce a SQL like declarative language to SABER. In addition, we

examined the optimization techniques of regular queries, we expanded the built-in

optimization logic of Calcite, in order to deal with the requirements of a streaming

environment, and we tested their performance with our system on a small server

configuration. Here, we will summarize the conclusions and contributions derived from this

work:

1.

Modern streaming systems require the use of SQL for many reasons. SQL language
is declarative, which means that we only need to specify what we want and not how
to compute it. Furthermore, it can be effectively optimized and evaluated in both
distributed and centralized environments and is the best solution for expressing
complex data analytics, which extract valuable information for most industrial and
academic use cases. As a result, in RBStream we introduced SQL support to our
chosen streaming engine based on a subset of window constructs definable in
SQL-99 for OLAP functions. The ease of use of our system against the regular
implementation of SABER was apparent and helped us test even further this
streaming system against more complex and demanding queries. A simple SQL
query with more than three operators is translated in dozens of lines of SABER
execution code, with a small overhead of milliseconds only before the query
execution for the computation of the optimal plan.

Based on SQL operators, we could apply both heuristic and cost-based optimization
aiming towards the specific challenges that we face in streaming environments. Our
key idea was the introduction of a Rate Based Logical Optimizer to SABER. We
decided to use a combination of the heuristic and the dynamic optimizers of Calcite
in a phased manner. We separated our optimization procedure in several phases in
order to reduce the search space and the time required for the optimization, by

taking advantage of the application of relevant subsets of rules. As a result, we
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created a procedure more easily sustainable and achieved the best results with the
rules we already had. It is very easy to add and remove rules without affecting the
rest of the optimization chain. Finally, we examined and evaluated many built-in
and custom query optimization techniques in our system, such as predicate
push-down, projection pruning, operator merging, join order optimization and filter
reordering.

Most streaming systems available for commercial use, haven’t adopted yet a proper
cost model capable of capturing the metrics of a streaming data source and make
optimizations based on such metrics. We perceived this need and introduced a
rate-based cost model to our system, to deal with streaming characteristics. Previous
approaches to rate-based cost model lack the support of aggregate functions. We
tried to expand them in order to support efficient estimation of resource
consumption, fit our semantics and achieve better optimization for our streaming
sources. The main goal of our cost model was the increase of output rate while
minimizing the intermediate results and query tasks created from SABER. Our cost
model also helps us estimate the impact of optimizations applied on a query plan.
Our optimization results in smaller cpu and memory utilization and secures the
feasibility of the plans. A great percentage of the intermediate results generated by
the non optimized plans are usually dropped because they are not required for the
computation of the final output. With the optimization procedure that we apply, we
reduce the intermediate results generated and decrease task spawning in SABER,
resulting in the reduction of the computational and scheduling overhead of complex
queries. In most of the test cases, the rate-based optimization generated a feasible
plan, while both the non optimized and the built-in optimized plans generated
results that run out of memory and caused a system crash. In addition, in the cases
we didn’t have join operators, we observed great throughput improvements (from
1,3 to 2,7 times more MB/s), as the output rate of our optimized plan was benefited
greatly from our cost model. Finally, we observed from our experiments that the
Join operator acts as a bottleneck in the query execution of SABER. We assume that
this is happening because of not proper allocation of the processing load between
the worker threads. As a result, we had to measure different metrics for these cases,
like cpu utilization and latency. More specifically, in the join reordering query, we
noticed less than 70% of the latency of the built-in cost model. Finally, we explored
the opportunity of merging operators in the same query task or splitting them in

order to adjust our task granularity accordingly and achieve greater performance.
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5. We present the throughput and latency results to the user with an interactive web
interface using Jupyter Notebook and python libraries for real time plots. The user
can submit a query and choose from three different plans the one to be executed.
These plans are: not optimized plan, optimized plan with built-in optimization and

optimized plan with rate-based optimization.

7.2 Future Work

In this section, we will discuss briefly a number of topics that we did not have the
opportunity to deal with during this thesis, but we believe are worth investigating in the

future.

Introduce more physical implementations of operators to SABER.

At the current version of SABER, we have a single physical implementation (algorithm) for
each operator. Although for some operators, like projection, this approach seems
acceptable, for others, such as Join, we need to have more than one implementation to deal
with different use cases (Hash Join vs B+tree Index Nested Loops Join [24]). In such
unpredictable environment, as the one we face at streaming applications, it is important to
have the ability to choose the best option for every use case. The introduction of new
algorithms and their implementation in SABER (both for cpu and gpu execution) would

benefit greater the utilization of our cost model and result in enhanced optimization.

Implement new transformation rules on Calcite.

The built-in transformation rules of Calcite are aiming in relational transformations and
don’t take advantage of streaming semantics. As a result, a possible solution to this
shortcoming would be the implementation of streaming oriented transformation rules, that
would be placed in the third phase of our system’s optimization procedure. In this phase, we
search exhaustively for the optimal plan and it is used for rules applied before enforcing

Join reordering.

Construct a more accurate cost model.

Certain modifications are required in order to reshape our cost model and create a more

accurate version, specified by SABER. These changes would help us better estimate the
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impact of the optimizations and give more optimal plans in complex use cases, based on

metrics collected from the execution of SABER.

Try to add adaptivity to the system.

Data stream processing in real life applications is closely related to adaptivity because it has
to evolve during its execution. Although dynamic reconfiguration is a desirable feature,
stream systems may suffer from the disruption and overhead caused by the reconfiguration.
As a result, safe and non-disruptive reconfiguration is still an open problem. It is very
challenging to make the proper changes to SABER, in order to support adaptive operators
(dataflow routing in Eddies [27]) with the minimum overhead. However, our current

optimization procedure could be used as a good starting point for adaptive optimization.

Extend our system to support queries on historical data.

Currently, SABER is designed only for streaming data sources. However, in real life
applications, more complex queries and data analysis are required in order to extract
valuable information. Thus, we need to query both streaming and historical data (tables). It
is difficult to design a unified model that supports analysis on both sources and their

combination, with exactly-once semantics.

Support Flow Control: Backpressure mechanism.

It is hard to guarantee fault-tolerant and high performance stream processing, in contrary to
batch processing. “Backpressure refers to the situation where a system is receiving data at a
higher rate than it can process during a temporary load spike” [70]. If backpressure is not
dealt with correctly, can lead to exhaustion of resources, or even, in the worst case, data
loss. The current version of SABER doesn’t support a proper backpressure mechanism,
which results in the failure of the system and data loss in the cases that it can’t handle the

incoming data.
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