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Anayopedetatn avtypagr, anodrkevon kat Stavour) Tng tapovoag epyaciag, e§ ohokAnpov
TUAHATOG AVTHG, Yl eumoptkd okomo. Emtpénetal n avatvnwon, amobnikevon kat Stavour yia
OKOTIO U kepOOOKOTIKO, EKTTAUSEVTIKNG 1] EPEVVITIKNG QYVONG, VTIO TNV poiobeon va avagé-
petat n TNy mpoéhevong kat va Statnpeitat To mapdv pfvopa. Epotipata mov agopodv T
XPNoN NG epyaciag yia kepdooKoTMIKO OKOTO Tpémel va anevfhvovTal Tpog Tov ouyypagéa.

Ot andyelg Kat Ta CUUTEPACHATA TTOV TIEPLEXOVTAL O AUTO TO £YYPapo eKPpAlovv Tov ovy-

ypagéa kat 8ev mpémet va eppnvevdei 0Tt avtimpoownebovy Tig emtionpeg Béoelg Tov EOvikod
MetooBrov ITodvteyveiov.



ITepiAnyn

H pnxavikn pdOnon kepdilet uépa pe tn pépa 0Ao Katl TePLOcOTEPO £8aPOG, apov AD-
vel Tepimloka kat kpiowa mpoPAnparta g kabnuepvig {wng pag ekpetallevopevn
oxetwkd dedopéva. To Kubernetes eivat évag evopxnoTpwTng KATAVEUNUEVOL OPTOV
gpyaoiag mov Tpéxel oe ovoTOLiEG VTTOAOYLOTWY Kat kéVTpa dedopévwy. To Kubeflow
gpYETaL KAl oVUYXwVeLEL avTég TIG SVo €vvoleg wg N kabiepwuévn MAAT@Oppa yia Tpay-
Hatomoinon unxavikng pdbnong oto Kubernetes. Mia porj epyaciag pnxavikng paon-
ONG €ival [0t AVTOUATOTIONUEVT KAl EMAVAANTITIKT por| epyaciag ToAamA@wv Prud-
TWV 1OV KAveL TN unxavikn padnon dvvarn. To Kubeflow SiayetpiCetan tétoteg poég
epyaoiag péow tov Kubeflow Pipelines.

Katd tn ddpreta avtng g SIMAwNATIKAG gpyaociag yivape pHEAN TNG KOVOTNTAG TOV
Kubeflow kau ipBaypie oe ema@r pe epevvntég, mov aglomotovy to medio TnG UNYaviknig
Hadnong, péow tov Slack tov Kubeflow kat Twv ovvavtiioewy tng kovotntag. Atepev-
VOVTAG TIG ATAUTOELG TOV Ttediov avakaAvyape Twg 1 Tponypévn dtaxeipton dedopé-
vwv ekheinet and o Kubeflow Pipelines. H ektéheon kdmotov Kubeflow Pipelines to-
TUKA HTay SVOKOAN EVW 1) AvaTApaywyHOTNTA RTav amAwg pa xipatpa. Etot, oxedia-
OQYLE LI EMEKTAOT] YL VAL AVTILETWTIICOVHE AVTO TO eUmOdLo. ApXikd, dnpootedoape
éva Kelevo TeXvIKwv ipodtaypagav ' kat ouléfape TIg andyelg Twv TpoypappaTL-
otV aAld Kat TG LITOAOLTNG KowoTnTag. Ev ouveyeia, vhomotroape Tov mpokvnTov
oxedtaopd Kat kavape pia oXeTkn emidel&n oTn oUVAVTNON TNG KOWVOTNTAG TNV 261
DePpovapiov, 2019 2. Enerra, vofdAape pa aitnon mpoodnkng tng enéktaong 0to
enionpo mpodtiext Tov Kubeflow Pipelines *. Qg ek tovToL, StevkodvOnke n katavo-
non tov oxedlaopov kal TG LVAOTOINONG Hag, VA 1 kowvotnta eixe Tn duvatdtnta
va t dokipaoet. Tehikd, petd anod éva ovvolo avabewproewy, emavaoyeSlaopwy Kot
PeAtiwoewv 1 vAomoinomn Tov TeAkod oXedSlaopov pag evowpatwOnke kat eivat TAéov
1EPOG TOV eMMiONUOL TPOTLEKT.

ZUVOAIKQ, 1) EMEKTAOT] [LAG XPTOLUOTIOLEITAL EVPEWG ATIO 0pYavIopoVG, omws IBM kat
Seldon, aAld kat and 18w TIKOVG XpOTES, Kat AapBavel OAO Kal TEPLOCOTEPT TTPOTOXM
kaBnuepva. O 0T6X0G TOL TETOXApE O AVTHY TNV gpyacia dev NTav povo va Aboovpe
éva poPANpa, aAAd va To KAVOLUE [e TETOLO TPOTIO WOTE OL TEAIKOL XPTIOTEG VL [TTO-
povV va w@eAnBovv anod avTo.

AéEeic-KAedua

advanced data management, data-intensive computing, machine learning, workflows,
pipelines, compiler, containers, Kubernetes, Kubeflow, Kubeflow Pipelines, Argo

"https://github.com/kubeflow/pipelines/issues/801
2https://drive.google.com/a/kubeflow.org/file/d/1PUy3BGrFJ]43inyPK9QAVIPCTOpwZ fE1D
* https://github.com/kubeflow/pipelines/pull/926
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iv
Abstract

Machine learning (ML) is increasingly gaining traction day by day, since it gets to solve
complex and critical problems in our everyday lives by exploiting related data. Kuber-
netes is a distributed workload orchestrator running over clusters and data centers.
Kubeflow comes to merge these two concepts by being the de facto used platform for
running machine learning on Kubernetes. A machine learning workflow is a multi-
step, automated and iterative workflow rendering ML possible. Kubeflow manages

such workflows as instances of Kubeflow Pipelines.

During this thesis we became part of the Kubeflow community and we got in touch
with data scientists through Kubeflow’s Slack workspace and Community Meetings.
By performing requirements gathering we found out that Kubeflow Pipelines lack ad-
vanced data management. Running Kubeflow Pipelines on-prem was challenging and
reproducibility was only a pipe dream. Therefore, we designed an extension to tackle
that hindrance. Initially, we published a design document * and collected feedback
from developers and the rest of the community. Subsequently, we implemented the
resulting design and demonstrated it during the Community Meeting of February 26,
2019 °. Then, we created a pull request adding the extension to the official Kubeflow
Pipelines project®. Hence, the understanding of our design and implementation was
easier, while the community was also able to try it out. Finally, after a number of re-
views, refactoring and enhancements our final design and implementation was merged

and is now part of the official repository.

All in all, the feature extension is widely used by organizations, such as IBM and Sel-
don, as well as other private users, and is getting more and more attention every day.
The met objective of this thesis was to not only solve a problem, but also do it in such

manner that end-users can actually benefit from it.

Keywords

advanced data management, data-intensive computing, machine learning, workflows,

pipelines, compiler, containers, Kubernetes, Kubeflow, Kubeflow Pipelines, Argo

*https://github.com/kubeflow/pipelines/issues/801
*https://drive.google.com/a/kubeflow.org/file/d/1PUy3BGrFJ]43inyPK9QAVIPCTOpwZ fE1D
Shttps://github.com/kubeflow/pipelines/pull/926
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[TpoAoyog

Zto onueio avtd, Ba NBela va gvxaplotiow Tovg avBpwmnovg mov éna§av kabopt-
OTIKO POAO OTNV EKTOVNON TNG SIMAWUATIKNG, AAN Kol EVPUTEPA GTNV TIOPEL [LOV
oe akadnuaixko eninedo. ITio ovykekpipéva, Tov emPAémovta TnG SIMAWUATIKAG HOv,
KaBnynt Nextapto KoQupn, o omoiog pe €lo1yaye 6Tov KOOHO TwV VTTOAOYLOTIKDOV

OVLOTNUATWYV KAl LoV LETEPEPE TO EVOLAPEPOV TOV € AVTOV PEow TwV Staké€ewv Tov.

Ev ovvexeia, Oa 10ela va ekppdow tnv dlaitepn evyvwpoovvn pov mpog tov Add-
ktopa BayyéAn Kovkn yia tnv adidheintn kat kaBoptotik ovpfoAn tov, 16c0 oTnVv
KaAALEpyeta TOV eVOLAPEPOVTOG OV YL TIOLKIAEG TITUXEG TWV VTTOAOYIOTIKWY CLOTI)-
HATWY, 600 Kat TNV SLAHOPPWON TOV TPOTIOV OKEYNG OV WG TTPOG TNV TTPOCEYYLON
OXeTKOV {NTnuatov. Oé\w va evxaploTHow, emtiong, Tov Iwavvn AvSpovAiddkn yia
TOV XpOVO TOV OV a@lépwoe woTe va avTallafovue okéyelg kat 18éeg oXeTIkd pe {n-

THHATA TTOV avEKLYAV KaTd TN StapKeta avTig TG SmAwpaTtikng.

Ogeilw, akopa, éva peydho evxaplotw otov aded@o kat ovvadeA@o pov XproTo, o
0moi0g pe To TABog Kal TIG YVWoEeLS Tov pe wBovoe cuvexws mpog TNV eEENEN pov, Toco

WG HNXAVIKOG aANd Kl WG ATOHO.

Télog, Ba nBeha va evxaplotiow amod ta fddn g kapdidg Hov TOVG YOVEIG oV yia
TNV aydmnn Kat T oTApLEn Tov Hov Tapéxovy, Kabwg Kat 6AOVG TOVG KOVTIVOUG HOV

avBpwmovg ov opop@aivovy TNy KadnueptvoTnTa Hov.

HMiag Katoaxiwpng
TovAioc 2019
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EAAnviko Keipevo

0.1 Ewaywyn

0.1.1 Awrtdnwon IIpoPAnuatog

Ot diepyaoieg unxavikng padnong (MM) [1] kataval@vovv kat mapdyovy HeyaAo
oyko dedopévwv. Tta tnv akpifeta, avaloya o TpoPAna, 600 TePLOoATEPQ eival Ta
dedopéva tO00 KalbTepa eivat Ta anmotehéopata. Ta mapaderypa, yia va avTipetw-
TioovE Kamota amod Ta “G0okoAa” TPoPARHATA, OTIWG ALTA e Ta OOl aoXOAeiTaL T
Paberd pabnon 7, pmopei va xpelaotei va avalvBoiv ekatoppdpia 1) akdun kat Sekd-
deg exatoppvpra mapadeiypata. H Swaxeipion avtwv twv dedopévwv (dniadn n amo-
OnKevon, n Ay ekddoewv TOVG, K.a.) eival TPOKANOT yla TOVG EPEVVNTEG KAl TOVG
napoxovg mAatgopuwy. ITapola avtd, eivat pia Suokolia OV TPEMEL VA VITEPVIKT)-

oove pe kdBe Tpomo.

‘Eva Staonpo epyaleio pnxavikng uabnong, agootwuévo va kavet to deployment® powv
gpyaoiag unxavikng pabnong oto Kubernetes amho, popntd kat kKApakwolpLo givat to
Kubeflow[2]. To Kubeflow Pipelines (KFP) [3] eivau ekeivo To cvotatikd tov Kubeflow
7ov eivat vevBLVO yla T GVVOALKT evopxroTpwor Stoxetevoewv’. Mia Stoxétevon
eivat n meptypaen pag pong epyaciag MM, ovunepthapfavopévwy dAwv Twv cvota-

TIKWV 01 por| KaBwg Kat TV TPOTIO (1 TOV oToio oXeTilovTat og Hop@r| Ypdpov.

2to Kubeflow Pipelines 8ev vmdpyet TpOTOG yla Tpayuatomoinon eviaTikng Otayei-

7 Me tov eAAnvikd 6po “Babeld udbnon” avagepopacte otov ayyAkod 6po “deep learning”

 EXAeivel katdAAnlov 6pov, yivetar xprion tov ayyhikov “deployment” avti tov ev mpoketuévw
adokipov eEAAnvikov 6pov “napdtatn”

® Me Tov eAAnVIKO 6po “Sloxétevon” avagepdpaote 6Tov ayyhko 6po “pipeline”

xiii



Xiv EAAHNIKO KEIMENO

ptong dedopévwv . Tia va eipaote akpifeic, n Stabéoun diayeipion dedopévwv ato
XPNOTH €ivat TOAD IEPLOPLOTIKT O O,TL apopd TO00 To péyefog 600 Kkat ToV TVTIO TOVG,

ev dev vootnpilovtat ekdooerg Sedopevwv .

Oa avalvoovpe Babvtepa TNV TPEXOVOA KATAOTAOT OE EMOUEVO OTHELD TOV KELUEVOU.

0.1.2 Kivntpa

210 [4] pmopovpe va Bpovpe £vav akpiPr oplopo TNG UNXAVIKNAG Habnong:

H pnyxavikn pdbnon eivat pia epappoyn g texvntig vonuoovvng (TN)
TIOL TTapEYEL 0€ CLOTHPATA TN SuvaToTHTA Va pabaivouy avTdpaTa Kal va
BeATiwvovTal amd TNV eumelpia Xwpig va eival pnTd TPOypaUATIOUEVA.
H pnyavikn pdbnomn eotialet 0ty avantuén mpoypappudtwy mov €XovTag

npooPaoct) o dedopéva Kkat Ta XPNOIHOTTOLOVV yia va pabovv.

H Swadikaoia tng expnadnong Eexva pe mapatnpnoelg n Sedopéva, Omwg
napadeiyparta, dUecEG EUTELPLEG, 1) EVTOAN, TTpokeLévoL va avalntnovv
npotuna'? ota dedopéva kat va Aapfdvovtal KaAUTEPEG ATOPATELS OTO
HEAov Paoilopeves oe mapadeiypara mov mapéxovpe. O mpwTapxkog
0ToX0G eival va emtpanei 0Tovg VIOAOYLOTEG va pabaivovy avtopata
xwpig v avBpamvn mapépPaon 1 Pondeta kat va tpocappdlovv Tig

eVEPYELEG TOVG AVANOYWG.

Ot alyoplBpor MM mapdyovv povtéda mov eivat appnkta ocvvdedepéva e pia ov-
VAPTNON KOOTOVG. AVTH 1) OLVAPTNOT TEPLYPAPEL TNV akpiPela TOv HOVTENOV, TNV
ATOTEAECUATIKOTNTA TOV, Kat £T0L, TETOLoL akyoplpol avalntovv éva povtélo mov

ehaxiotomolei PEATIOTA T OLVAPTNON KOOTOVG.

Avotoxag, n kwdikomoinomn kamolwv Stepyactwv pmopel va yivet ToAd mepimAokn yla
Tovg avBpwmovg. H avdvor toug kat n ADOT Tovg Hmopel va eivat pn mpaKTikn 1
akopa kat advvartn. Ot akydptBol pnxaviknig pdbnong umopovv va coovy TéToleg

TEPIMTWOELG. AvTOL oL akyoplBot umopovv va tpopodotnBolv e moAAd dedopéva,

1% Me tov eMAnVvikO O0po “evtatikn Siayeipion Sedopévov” avapepOpacte oTov ayylko 0po
“intensive data management”
11 Iy « I , » 1 ro « . . »
Me tov eAAvikd 6po “exdooelg Sedopevwv” avagepopacte aTtov ayyhko opo “data versioning
12 Me tov eAA\nvikd 6po “mpdTuno” avagepdpacte 0Tov ayyAko opo “pattern”



0.1. EIXAI'QI'H XV

va Ta e§epeLVHooLY Kal Vo avalnTnoovy £va HoVTENO IOV Katapépvel OTIONTOTE £xel

TIPOYPAUHATIOEL O EPEVVITIG.

H pnxavikn pdOnon éxet mdpa moANEG eQapUOYEG Kal LTIAPXEL OTHV KabnpepvoTnTd
Hag TEPLOCOTEPO ATIO 000 pumopel va motevovpe. H katnyoplomoinon twv pnvopa-
TwV NAekTpovIKOL Taxvdpopeiov, Ta véa oto Facebook, cvotipara gwvr-oe-keipevo

kaBwg kat 6ot ot THIoL SladkTVAKWY SLaPnicewV gival ATAWMG LEPIKEG ATTO AVTEG,.

Ta avtokivta 1) Ta EAKOTTTEPA TTOV OO YOVV KAl TETOVV HOVA TOVG €ivat KATTOL TTOAD
TIO EVTVTIWOLAKG ETMITEVYHATO TNG HNXAVIKAG pdBnong. Opwg, eivar Tavtdxpova Kat
napadeiypata mov £€X0LV amoTOXEL 08 KPIOIES KATAOTATELG, OTwG oTa [5], kat avadet-
KVOOUV TNV avaykKn yla mepattépw PeATioon Twv anoteAeopdtwv avtod Tov mediov

TNG TEXVNTIG VONUOOUVNG.

Ta povtéda unxavikng pabnong v eivat timota mapandvw and pabnuatikég ovvap-
TIHOELG IOV TIAPYVOLY XAPAKTNPLOTIKA WG £10080, TTapdyovv poPAéyelg oav £€0do kat
Habaivouv mwg va tatptafovv kalvtepa mpoPAEYEL OE TPOTLTIA TTOL TTAPATNPOVVTAL
and ta dedopéva ekpdOnong. Emopévwg, éva kaipto Prjpa katd tv avantuén pog
epappoyns MM eivar va katahdBoupe ta armartovpeva dedopéva, kaBwg kat Tny mo-

00TNTA TOVG.

Onwg éxovpe NN avagépel, Ta povtéda dev eivat 100% opOd, aAla eivar pdAlov “ka-
AOtepeg etkaoieg” dedopévov Tov peyéboug Twv dedopévwv mov xet Set to povtého. To
OUVOAO TWV YVWOTWV el00Swv Kat e£68wv Tov 0 avalvtrg dedopévwv ** ypnoonote
yla va “eknaudevoel” to povtélo kaleital “cvvolo ekmaidevong”'. To ohvolo exmai-
devong umopel va xpnotponownBei cav eicodog oe ToAAoVG alyopiBuovg, 1} akdpa kat
otov i8to alyopiBuo pe Stagopetikég pubpioelc, yla Ty mapaywyr moAAmA@Y po-
VTE V.

To emopevo Pripa eivar o Edeyxog TG anddoong Twv mpoavapepBéviwy “ekmaudevpé-
VoV’ povtédwv. Avtd emtuyxdvetat Ipo@odotwvtag kabe LovTéAo e £va véo chvolo

Sedopévwv '3, to enovopalopevo “odvolo emkdpwong”'®. Ta anoteléopata Tng emt-

KOPWONG 00NyoldV 0TNV EKAOYT VIKNTHA: TNV EMAOYH TOV aKpLPECTEPOV HOVTENOV.

Zrto téhog, eival n wpa va aflomotrjoovpe To KaAvTepo povTéo. Aev xpetdletal £vag

1 Me tov eAAnvikd 6po “avalutig Sedopévav” avagepopaote atov ayylko opo “data analyst”
* Me tov eAN\nVviK6 6po “chvolo eknaidevong” avagepopacte 6Tov ayyAKo 0po “training set”
15 I « . » I I « »

Me tov eAAviko 6po “o0volo Sedopévwy” ava@epopacte aTtov ayyAko opo “dataset
16 Me tov eAAnvikd 6po “cOvolo emikOpwong” avagepOpacTte 0Tov ayylko 6po “validation set”
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aAyopiBpog MM yia va mipoPAéyovpe mwg vitapyel éva ovvolo dedopévwy mov O¢-
Movpe va egepevviioovpe. Ovopdletat “advolo e&étaong”'”. ‘O n mapandvw pon
epyaoiag mpaypatomoteital yia avtd akptPwg to onueio: o “oepPipiopa”’®. Katd

Sidpketa avTng TNG PAONG, TPAYUATOTIOLEITAL T} OVOLACTIKY avalvon Sedopévwv.

Aappdvovtag Ola ta mapamavw Loy, éva Toplopa e§ayeTat: oL poég epyaciag pn-
XQVIKNG HdOnong éxovv €vrovn Tnv mapovoia peydAov 6ykov dedopévov Kal, wg ek

TOUTOV, ATALTOVV TNV TPONYHEVT Slaxeiplon avTwy.

Eivat yeyovog mwg ta dedopéva avEavovtat ouvexws kat padi pe avtd avfavovtat
KAl Ol ATAUTHOELG OTIG VTTOJOUESG Ylot VTTOAOYLOUODG. AVTO éxel WG amOTENECHA TIOA-
Aot xprioteg va otpépovtat oe Avoelg 6mws Ymodoun-ws-Yrmpeoia'®, TTAatgodpua-
w¢-Ymnpeoia®®, Aoyopko-we-Ymnpeoia®! 1) omolovdnmote GANO TUTO VTINPECLDOY GTO

Cloud[7]. @aivetat mwg {ove Tnv avyn g emoxns Tov Ola-we-Ymnpeoia’.

AvTég oL vTinpeciag EKTENOVVTAL 08 KATAVEUNUEVO CUOTHHATA. AVATTOPEVKTA, EUTTAE-
Ketat ToOAAr moAvmAokotnta. H evopyrotpwon vinpeoiwv kat Stepyaoctawv, 1 Stayei-
pton Tov storage® kat n avTipeT@NoN TOL TPOPAfUATOG ToL statefulness® ev yével

HTopel va givat peydAn mpokAnon.

O ovyxpoviopdg twv dedopévwy, N ac@dela, n Stadmnpeotakr entkotvwvia, o Stapot-
PAOUOG TOL POpTOL >, 1 VYN StabeoipdTTa KAL) AvoxT| 0 o@AApata eivat amlwg
Kol amod Ta peydha mpoPAHaTa and Ta OMoia TAOXOLV CUYXPOVA KATAVEUNHEVA

OVOTIHATA KOl EQAPUOYES.

Aboeig yla Tétota mpoPArpata mpwta eyeipovTal péca amod T fropnxavia AoyLoptko.

Téooepa xpovia mpwyv, n Google oxediaoe kat vAomoinoe €va avoixtov kwdika cOOTHHA

7 Me tov eAAnvikd 6po “cOvolo ekétaons” avapepopacte oTov ayyAkod Opo “test set”

'® Me tov eAN\nviko Opo “oepPipiopa” avagpepopacte 6Tov ayyhkod opo “serving”

¥ Me tov eAAviko6 6po “Yrodoun-wg-Yrmpeoia” avagepdpacte otov ayyAikod 6po “Infrastructure-
as-a-Service”

2% Me tov eAAnviko Opo “TIhateoppa-ws-Ynnpeoia” avapepopacte otov ayyAkd po “Platform-as-
a-Service”

> Me tov eNAnvikd 0po “AoylopKo-wg-Yrnpeoia” avagepdpacte 0Tov ayyAko opo “Software-as-
a-Service”

22 I @, P ' I « .

Me tov eMnviko 6po “Ola-we-Yrmpeoia” avagepopaote otov ayyAkod opo “Everything-as-a-

Service”

22 EXkeiyet katdAAnAov 6pov, yivetat xprion Tov ayyAkov “storage” avTi TOv eV TPOKEIHEVW adOKL-
pov eAAnvikov opov “amobrjkevon”

** EXkelyet katdAnlov 6pov, yivetat xpron tov ayyAwkov “statefulness” avti Tov ev mpokelpévw
adokipov eEAAviKov 6pov “kpatikdTnTa”

% Me Tov eANAnViKo 0po “SLapolpacos gOpTov” avapepOpacTte 0Tov ayyAko 6po “load-balancing”
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yla TV EVopXHoTpwoT) TepLekTwv>® tov ovopdletat Kubernetes([8]. To mpdtlext vmo-
otnpiletat mAéov and to Cloud Native Computing Foundation (CNCF) [9], xat oto-
XeVeL 0TO va kdvel To deployment Twv meplektikomolpévwy > pikpovmmpeotwv[10] ev-
KOoAOTepo. TTapola avtd, ot TEPITAOKOTNTEG TWV KATAVEUNUEVWY CUOTNUATWY XPELA-

{ovTat apKeTd XpOVO AKOUa YL VA AVTIHETWTIOTOVV AN PWS.

ZVVenwg, TOANOL OPYAVIOHOL AVATITUGOOVV TIG TAATQOPHESG TOVG, I} EMEKTEIVOLV Ta
TPOTLEKT TOVG KATAAANAQ, WOTE VA TTPAYHATOTIOLOVV HnXavikh uadnon oto Kubernetes.
Katd mietoyneia, avtd onpaivet va enekteivouv To idto to Kubernetes [11]. ®a ava-

Avoovpe Tt eival To Kubernetes kat mag Aettovpyet apydtepa og avtd TO Keipevo.

Ze autr ™ Sutlwpatikn epyacia e0td{ovpe oTNV Kataotaon twv dedopévwy Twv
powv epyaciag unxavikng pabnong mov ektehovvtal oto Kubernetes, kaBwg emiong

Kat otn Staxeipton kat T Afyn ekdooewv TOVG,.

0.1.3 Yrapxovoeg Avoelg

‘Exovv npaypatomnowmnOei moAamhég mpoondOeteg and mpoTiekT Kat TPoidvTa Va avTL-
Hetwmicovv to mpoPAnua tov deployment powv epyaociag punxavikng pabnong otov
KvBepvntn. ITapd to 0td)0 TOUG Va KAvoLVY amAr kaL eDKOAN Tr Xprion Tovg, dev kata-
PEPVOLY EAKVLOTIKO antoTé\eopia yia Toug emotripoves dedopévav >, Tuvenwg, akdpa

Kat amAég AeITovpyieg amautovy apketr pehétn aAAwv ediwv and to xprot.

Edw Ba mapovaoidoovpe ovvomtikd Tig 1o afloonueiwteg AVOELG.

 Pachyderm
To Pachyderm[12] eivat oxedtaopuévo va emitpémnel PLwotpeg poég epyaoiag emt-
otung dedopévov * péow evog ovothipatog avelaptnrov and ™ yAwooa *°

ya Afyn exdooewv Sedopévwv kat dloxétevon avtwv. Emtpénel oto xprotn

¢ EN\eiyel avtiotoryov 6pov otnv el\nvikn BipAoypagia, xprotpomoteitat o eAAvikdg 0pog “re-
PLEKTNG YL VaL EKPPATEL TNV £VVOLA IOV EKPPALeTal e ToV ayyAko 6pog “container”.

7 ENheiyet avtiotoryov eAAnvikov 0pov, xpnotpomnoteitat o evexopévws adokipog ENANVIKOG 0pog
“TEPLEKTIKOTIONUEVOG” YlaL VAL EKPPATEL TNV €VVoLa TOV ayYAtkov dpov “containerized”

28 Me tov eAANVIKO 6po “emiaTtrpovag Sedopévwv” avagepopacte 0tov ayylko opo “data scientist”

?* Me tov eAAnviko 0po “emiotrun SeSopévwv” avagepopacte oTov ayyAko opo “data science”

%% Me tov eAA\nvikd 6po “ovotnua aveEdptntov amd T YAwooa” avapepOpacTe 6Tov ayyAko 6po
“language-agnostic system”



xviii EAAHNIKO KEIMENO

va StaxetpiCetan Stoxetevoelg dedopévwv moAwv otadioy evw Statnpei TApn

avanapaywyn’'.

ZXETIKA e €va PHéPOG TOV OTOXOV HaG, TN AfYn oTtyutotunwy dedopévwy, To
Pachyderm ypnoonotei éva epyaleio mov potalet pe 1o Git[13] wg ovoTnua
eAéyxov ekdooewv *? ya avto to okomd. O xpnotng pnopei va kortael miow
070 XpOvo kat va det g Epotalav ta dedopéva ekmaidevong dtav éva ovyke-
Kppévo povtélo dnpovpyndnke, N mwg ta arotedéopata petafailovtar pe

Vv dpodo Tov xpdvov.

To Pachyderm, dpwg, éxet kau petovektipata. H xpoviki kaBvotépnon >, ka-
B¢ efaptdtar and efwtepikég anobnkeg avtikeévoy ** mov 1o KAvovy va
e€aptatal and TNy taxdTNTA TOL SIKTOOV, Kal 1) GVVTAEN TIOV ATTAUTEL, APOV
xpetdletat TOANEG Ypappés Kwdtka akdpa kat ya Hikpég Aettovpyieg. Akoun,
xpetdletat oA mpoomabeia and Tov epevviTh WoTe va pdbet Eva véo epya-

Aelo kat Tn Xpromn Tov.

o Argo

To Argo[16] eivau pwia pnyavn powv epyaciag **. Eivat pia enéxtaon g Kubernetes
ovoTtotyiag®® mov kdvel Suvatr TNV ekTéleon powv epyaciag. O xpriotng vro-
BaAAeL évav oplopd Tng pong epyaociag oe apxeio YAML kat émetta to Argo eivat
vrevBuvo va ekkiviioet TiG Slepyaoieg o€ KATAAANAN GELPA KAl VAL TIEPLUEVEL THV
olokAnpwor) toug. Tlapéxet, akopn, pa Stemagn ypappng evioav > kabwg emi-
ong kat pa Baotkr Stemagr] xpnotn *° ya TNy anekovion Twv powv epyaciag.
To Kubeflow Pipelines xpnotponotel o Argo wg Tn unxavi powv epyaciag tov.

To Kit Avantu€ng Aoyiopkov (KAA) *° petaylwttilet tov mnyaio kddika tov

XpNotng o€ Argo dniAwon.

1 Me tov eNA\nviko 6po “avanapaywyn” avagepOpacte 6tov ayyAko 0po “reproducibility”

*2 Me Tov eNAnvikd 6po “ovoTnua eléyxov ekdooewv” avapepipaote aTov ayyAkod Opo “version
control system”

** Me tov eANAvikd 0po “xpoviki kabvotépnon” avagepdpaote atov ayyAko opo “latency”

3* Me tov eAAnvikd 0po “amoBrkn avTIKEWEVWY” avagepdUacTe 0Tov ayyAko opo “object store”

> Me Tov eANAnvikd Opo “anxavr powv epyaciag” avagepopaote oTov ayylkd opo “workflow
engine”

*¢ Me tov ehAnvikd Opo “ovototyia” avagepdpaate oTov ayyAko opo “cluster”

37 Me tov eANAVIKO Gpo “Slemapn ypaupns eVIordy” avagepopacte 0tov ayyAko 6po “command
line interface”

%% Me tov ehAnviko 0po “Siemagr xpnotn” avagepOpacTte oTov ayyAKo 0po “user interface”

* Me tov eAAnvikd opo “Kit Avamtvéng Aoylopkot” 1 “KAA” avagepdpacte 0tov ayyhikod opo
“Software Development Kit” 1} “SDK”
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To Argo éxetL evpeia AettovpykOTNTA, TNV OTtoia AfLOTTOLOVE GE AUTHV TNV Epya-
oia. MoAatavta, oQeiAOVE VA ONUELWOTOVLE HEPIKA UELOVEKTHHATA. ATtauTeiTal
and To xpnotn va éxel tpooPaon oty Kubernetes cvotoiyia, mov onpaivel mwg
0 xpnotng Ba mpémet va yvwpiCet tdoo Argo 600 kat Kubernetes. @ewpovpe nwg
gvag unxavikog dedopévov *° Ba énpene va epyaletan Le apnpnuévo tpdmo and

ta Kubernetes kat Argo.

« H Katdotaon oto Kubeflow Pipelines

To npodtlext Kubeflow Pipelines eivat og moAD mpwipn Katdotaom, Kt OpwE EXeL
amnxnon oe ToAAoUG avalvTtég Sedopévwy. AvTd eival onpavtikd kivnTpo yla
Ta péAn Tov opyaviopov tov Kubeflow kat 60ovg ovvelopépouvv oto mpdTlekt

VO GUVEXIOOVV TNV EMEKTAOT] KAt TNV avantuln AettovpyLwv.

Onwg €xet 10N onpewwdei, to KAA tov KFP petaylwttiet tov kwdika o Argo
dnAwon. Mia T'Awooa Eldikod Zxomov (TEX) [17] Baciopévn oe Python mapéxe-
TaL 0TO XPNOTN, PEPVOVTAG £TOL TO ATg0o KOVTA 0T OTAVTAP EVOG EMOTHHOVA
dedopévwv ehaylotomolwvTtag Ty ToAVTAOKOTNTA TTov Staypagovv ot YAML

dnwoelg.

Agov mpdkettat yla véo €pyo, eivat avapevouevo mwg Ba eival aterég. Qotdoo,
Xapis 0TI Sekddeg Twv ovvepyaTWY, To TESio IOV KAAVTITEL TOL avEdveTtal pa-
ydaia. Katd tn ovyypagn avtng g epyaciag, n TEA 8ev vtootnpiet OAeg Tig
SuvatdtnTeg Tov Argo. Ocov agopd ) petagopd dedopévwv petadd Twv diep-
yaowwov, n TEA vrootnpiet povo pia ovykekpipévn pébodo tov Argo, n onoia
elval eploptoTikn oto péyefog kat Tov TUTo TwV edOUEVWY TTOV UTTOPOVV Va

petagpepOovv.

ZopmAnpwpatikd, 1 Suvapkn dnpovpyia TOpwv (OTWG yla Tapddetypo OXeTL-
KWV e To persistent storage *! kat tn Afyn oTypotdTwy Twv dedopévwv) Katd
T Sdpketa g Stoxétevong dev vtootnpiletal, evw n xprion NN vVIAPXOVIWY

arattel TOANEG Ypappég Kwdika.

4% Me tov eAAvikd 0po “unxavikog SeSopévav” avagepopacte oTov ayyAko opo “data engineer”
L EN\eivel katdAnAov dpov, yivetal Xpron Tov ayyAtkol “persistent storage” avti Tov v TpokeL-
pévw adoktpov eENAnvikov dpov “emipovn anobrikevon”
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0.1.4 IIpotervopevn Avon

O okomdg kat To emitevypa avTng TG SIMAWPATIKAG Epyaciag eivat va kataotnoet Sv-
vatr ) Suvapukn Snuiovpyia persistent storage Kat GTLYUOTUTIWY GTOVG EMOTHUOVES
nov xpnotpornotovy to Kubeflow Pipelines, alAd va mapéyet kat évav ebkolo TpoTO
yla T Xprion avTdV TV XAPAKTNPLOTIKWY. ZTNV TPAYHATIKOTNTA, aVAdEIKVEL TOVG

TopOoLG anobrkevong *? oe “moliteg Tpwng katnyopiag” tov KAA.

[a va o kdvovpe avto, tpwta enekteivovpe T TEX e evkoAeg ot Xprjon ovToTnTEG
KAl 0TI GUVEXELQ EMEKTEIVOV[LE TOV HETAYAWTTIOTH WOTE VA TApAyeL TNV avTioToxn

Argo dnAwon.

[Tpwta, elodyovpe pia véa avTioToixnon otn Aettovpyia Staxeiplong mdépwv tov Argo.
AvT1o eivat évag Paotkog TOTTOG Kat ptopel va xpnotpomotnOel yia tn Staxeipion omotov-
dnmote mopov tov Kubernetes. Ot xproteg umopodv va mpaypatonoljgovy onoladr)-
ToTe TPALN o€ £va TOPO Kat, TPOAPETIKY, Va tapéxovv ovvOkeg ov Ba kabopicovy
NV emTuyia f Ty amotvyia Tov PApatog mov avaapPavel avtryv v mpdén. Avto
améxel TOPpw amd TO va eivat PIAKO TPOG TO XPHoTN, eV eival Oepeliddeg yla

Snuovpyia mopwv.

H avoywon pag ovtotntag oe moAitn mpwtng katnyopiag npovmobétel va eivar fo-
Ao yla Tov péoo xprotn. [ta 1o Aoyo avtd, mapéxovpe Vo voTHITOVG TOL AVTAOD-
vtat and mpoavapepBév. O mpwtog agpopd T dtaxeipion persistent storage, evw o deb-

TEPOG TA OTLYHLOTLTIA TOV.

AvTég ot KAAOELG ATOOKOTIOVV O0TO va KAvouv Tn ouvhOn mepintwon ypnyopn. ExOé-
Touv pia Atemagn Hpoypappatiopov Egappoywv (AIIE) [18] ** mov anhomnotei onpa-

VTIKA TOV OPLOHO TWV EKAOTOTE TOPWY, oLYKPLTIKA e T AITE Tov Kubernetes.

OAa ta mapandvw Avvovy povo tn dvvapkn dnovpyia Twv ndpwyv. H xprion tov
persistent storage akoun xpetdletar moAAEG ypappués kwdka. Tia va viepkepdoovpe
avtd to {NTnpa, enekteivovpe T AIIE Twv cvotatikwy tng SloxéTevong pe Evav ev-

KOAO, KOpYo Kat AN pn TpOT0 va Tpoadévoue 0motovOnmoTe TUTTO TOHOL .

Eivat onpavTiko va tovicouvpe mwg v Katagépape pa peyain allayr oto npotlexT,

2 Me tov eAAvikO 0po “TOHOG amobrikevong” ava@epOpacTte 6ToV ayyAKoO 0po “storage volume”

* Me tov eM\nviko opo “Aenagn Ipoypappatiopod Egappoyav” i “AIIE” avagepopacte otov
avtiotowo ayyAwko “Application Programming Interface” } “APT”

** Me tov eAAvikd 0po “TOHOG” avagepOpaoTe 6Tov avtioTotxo ayyAkod “volume”
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dev xaldoape tnv mpodndapyovoa AIIE, diatnpwvtag £€T0L TPOg Ta Miow cLUPaToTnTA

45

0.1.5 Zvvepyaoieg

Koatd ) Sudpketa tng Stmdwpatikng epyaoiag ovvepyaotrkape Ste€odikd pe Touvg mpo-

Ypappatiotég SVo mpoTlekT Kat SlaovvSebnKape [e TIG KOWVOTNTEG TOVG,.

+ Kubeflow Organization

Agob avtn 1 gpyaoia emnekteivel To KFP, to omoio Staxetpiletat o opyaviopog
Kubeflow [19], To va emikovwvioovpie To 0XeSLAOHO HagG He TOVG TEALKOVG XPT)-
OTEG KL TOVG TIPOYPAUHATIOTEG TAY amapaitnTo. AvTo eixe ToANA OeTikd, OTwg
70 0TL B avaokomovVTAVY Amd £va GUVONO KOOUOV EUTIELPO O€ AVTOV TOV TOHEA.
Axopn, o oxedlaopog Ba énpeme va eykpibel amod xprioTeg oL omoiot VOO TNHPI-
Covv, xpnotpomotovy kat Sokipdfovv avtr T Aettovpyia. Télog, eixape Stabé-
own Sopn Sokipwv *° o pag enétpeye va tpoodécovpe emmpoodeteg efetd-
oeig ¥ H xowvotnta tov Kubeflow, kat €181k ot Tpoypappatiotég kat oL XprioTeg
tov Kubeflow Pipelines, vtodéxOnkav e§apxng pe oAb Oetikn StdBeon tnv mpo-

omdBeld pog kat pog mapeixav Bordeta kat kabodnynon addhenta.

210 Té)og, £ytva pélog Tov opyaviopov Kubeflow.

Argoproj Organization

ZopmAnpwpatika oto Kubeflow, katd tnv vhomoinon tng epyaciag Ppednkape
oe avaykn Aettovpywwv mov dev nrav dabéoipeg 1 dev Aettovpyovoav cwotd
0710 Argo, TN punxavn powv gpyaciog micw anod to Kubeflow Pipelines. Avto eiye
OaV ATOTENECLA VAL EPYACTOVE TTAVW OF HEPIKEG UKPEG OLoPOWTELG KaL ETTEKTA-

0€1G IOV evowpatwOnkav oto enionpo mpoTlekT.

‘Etot, npBa oe emagr| pe Tovg 18LOKTHTEG TOV TPOTLEKT, AVTAANACOOVTAG ATOVELG

Kat 18€€G. AVTO |Le KATEOTNOE EUTLOTO CUVEPYATT TOV OPYAVIOHOV Argoproj.

* Me tov eANAvikd 0po “mtpog Ta Tiow ovuPatdTTa” Ava@ePOHATTE 0TOV avTioTOX0 AyyAKoO

“backwards compatibility”

% Me tov eM\NVIKO Opo “Sopr SOKIUMV” ava@epOpacTte 0TOV avtioTolXo ayyAko “testing

framework”

*” Me tov eAAnviko 6po “e€étacn” avagepOpacTte 6TOV avTioTot o ayyAko “tests”
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0.2 Xxediaopog

0.2.1 Apyxéc Zxedtaopov kat Xtoxot

Onwg 16N emyepnuatoloynoape otnyv Ewoaywyn, n unxavikr pddnon Bacietat ota
dedopéva. Avto onuaivel Twg ta Pripata pag dtoxétevong Ba émpene va pmopovv va
avtaAlacoovv ToAla GB deSopévwv mpaypatonolwvtag otavtap mpagets etoddov-
/e€68ov (E/E) oe mpooaptnuéva Persistent Volumes (PVs), xwpig va ogeilovv va
katefdlovv dedopéva and efwtepikés amobnkes avTikeévwy, 00TE va HETAPOPTM-

VOUV O€ QUTEC.

Ta ) draeipion TOpWY amobrkevong, xpnotHoToLovpe OTAVTap, oLdETEPES amd TOV
nwAnt ** apxég tov Kubernetes (avagopikd PersistentVolumeClaim kat Volume
Snapshot avtikeipeva), aAlla xwpic va emParletat oto Xpriotn va StaxetpiCetat avtd
Ta avTikeigeva Tov Kubernetes. Avti avtov, o 6T0x06 ivat o Xprotng va dnAwvet Tov
TpOTO OV Ta PriHATA XPNOILOTIOLOVY TOVG TOHOVS WG TOPOLG TNG SloXETEVONG Yia
avtolayr| dedopévwy, pe pa evotiktwdn ovvtaln oty FEE, dpota pe tovg vdot-

TIOVG TOPOVG TNG SLOXETEVOTG.

Enekteivovtag m T'EZ dote va vrootnpiet tn xprion PVs yia avtailayn Sedopévav
Ba ké&ver Ty Tomkn xprion tov Kubeflow Pipelines moAv mo ebkoAn, kat Oa evepyomot-
o€l TN XPon TPONypEVNG AetTovpylkoTnTag amobrkevong *° mov mpoogépetal and
TIg ovyxpoveg pefddovg amobrkevong, dnhadn Ta oTIyHOTUTIA, WG TPOTIO Va VTAPXEL

EMYVWOT OXETIKA pe TOV TPOTO Tov pia dtoxétevon moAAwv GB ekteleitan oe kabe
Priua.

Yrootnpilovtag topovg eyyevas otn FEX ta dedopéva oe éva PV eivat éva axopa
KOHUATL TANpo@opiag mov mepvael and Pripa oe Prjpa, kat umopel va xprnotpomotnOel
oav €i0080¢ and tov petaylwttiotr Tov Pipelines wote va e§ayel mAnpogopieg e§ap-

™ong petad depyactwv.

Zvvolkd, 0 6TOX0G eivat va avadei§ovpe Ta PersistentVolumes kat VolumeSnapshots

og kopvgaiov emmédov avtikeipeva otn I'EX tov KFP, emitpénovtag mAnpn mpoypap-

8 Me Tov eAAVIKO 0po “0vdéTepo amd Tov TWANTAR” avagepOpacte otov ayyAko opo “vendor-
neutral”

¥ Me tov eAAvikd 6po “mponypévn Aertovpykotnta anobrikevons” avagepopaote GTov avtioTolyo
ayyhiko “advances storage functionality”
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HaTLOTIK Staxeiplon kat kpYPovTag TIG AeTTopépeLeg XapunAov emiméSou yia T Staxei-

pLon TV avtikelpevwy aueoa péow tng AITE tov Kubernetes.

0.2.2 Apywo Keipevo Texvikav IIpodiaypagwv

[la va mpaypatomotjoovpe OAa Ta mapamdvw, dnuovpyovue §00 véeg ovVTOTNTEG:
ta PipelineVolumes kou ta PipelineVolumeSnapshots. Akoun, amhomolovpe T
XPNO™ TOLG amod Prjpata TnG pong epyaciog ekBETOVTAG Eva UnNXavIopo Kol ETEKTEVO-

vTag Tov optopd Tov ContainerOp, wote va Ta TpooapTd e evkoAia.

AxolovBw¢ TTEPLYpAPOVUE AVTEG TIG APALPETELG KAl TH) XPTOT) TOVG.

« PipelineVolumes

To PipelineVolume eivau pa ovtotnta tng EZ mov eite avagépetal o éva
vndpyov PersistentVolumeClaimeite eivar vmevBuvn yla tn Snpiovpyiag evog
véov. EkBétel évav evkolo Tpomo wote va tebei éva vroohvolo Twv xapaktnpt-
otikwv evog PVC, kdvovtag €tol tr ovviOn mepintwon ypnyopn, aAAd emtpé-
TIOVTAG ETONG OTO XPHOTN VA TAPEXEL EVA TTANPWG TIPOCAPHUOOHEVO OTIG AVAL-
YKEG QVTIKEIUEVO péOow TwV povTéNwY Tov TeAdTn*® Tov Kubernetes, yeyovog

TIOV L€ T OELPA TOV ETMUTPETEL TO TANPEG PATUA TIPOSLAYPAPDV.

E@ooov avtol ot TopoL TepLEYOVV TANPOPOpPIES TTAPAYOHEVES ATIO KATIOLEG OLep-
Yaoieg TG pong epyaciag, n Xprion evog TePLOTATIKOD’ ! [iag TEToLag ovTOTNTOG
amd éva Pripa VITOVOEL TTWG 1) EKTENEDT] TOL TIPETEL VoL EEKIVIOEL LETA ATIO EKEIVEG
115 Stepyaoies. To katagépvovpe avto dévovtag kabe meplotatiko pe omotadr-
TOTE anattovpevn e§ApTNOT, EVOoW TAPEXETAL £VAG EKPPATTIKOG, CLVAPTNOLA-

KOG TPOTIOG EMEKTAOTG AVTWV TWV apTroEwV.

 PipelineVolumeSnapshots

Opoiwg, o PipelineVolumeSnapshot eivat pia ovtotnra tng I'EX mov eite
avagépetat oe 10n vdpyov VolumeSnapshot eite eivat aitnon yia tn dnuiovp-
yia evog tétolov. H Aoyikr| eivat iSta He TPOnyovpevwe: €va guxva XpnoLpo-

TIOLOVHEVO VTTOOVVOAO TWV XAPAKTNPLOTIKWVY TOL TTOPOL ekTieTal péow Hiag

*% Me Tov eANAnviko 6po “meldtng” avagpepOpacte 0tov ayyhiko opo “client”
1 Me Tov eIk 0po “TepLoTatikod” avagepopacte 0Tov ayyAko opo “instance”
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anAng AIIE, aAAd ot XprjoTeg éxovv T duvatdTNTA Va TEPACOVY €Va TIPOTap-

HLOOUEVO AVTIKEINEVO, ETIONG.

e avtibeon pe ta PersistentVolumeClaims, ta VolumeSnapshots eivat ape-
taPAnta. Ta mepiexopeva dedopéva dev umopovv va petaPpAnbovv amod kavéva
Ao Brpa. Aappavovtag avtd VoYY, dev LITAPYEL AvAYKT Yo TOANATTAG Tte-
PLOTATIKA TIOL VAL AVAPEPOVTAL GTOV (510 TTOPO Kol VAL X0V SLapopeTLkEG e§ap-
toetg. Eva VolumeSnapshot mov avagépetat and éva meplotatikd 0ToV mpoo-
Stoplopd g Stoxétevong péow tng FEX eivan Sepévo pe ovykekpuéveg apetd-

BAnTeg e&aptrioes.
Usage

T[la TN xprion avtov Tov oXeSLAOHOV TAPATIEUTOVE OTO ayyAKO Keiflevo Kat

OVLYKeEKPLHEVA 0TNV vtoTtapdypago 3.2.3 Usage.

O O O

A 3 A

DSL Spgcification

4 N

stepl (ContainerOp) step2 (ContainerOp) step3 (ContainerOp)

+image +image +image
+ command + command + command

+ arguments + arguments + arguments

Uses Uses Uses
y

voll (PipelineVolume) voll.after(stepl, step2)
(PipelineVolume)

+ deps = [step1, step2] /

Ref Ref

!

@ Creates @

Ixnua 1: Apyix6 Keipevo Texyvikwv Ipodiaypagpwy - Ontikomoinon Iapadeiypuatog

+ deps = [self]

0.2.3 Avaokomnoelg

To apxiko Keipevo TexVIKOV TPOSIAYPAPWY AVTAVAKAOVOE TIG AVAYKEG TWV XPNOTOV

Kal TIG IKavoTolovoe o€ onpuavtiko Babuo. Iapoia avtd, éxovrag Stabéoipo Tov kw-

&

argo



0.2. ZXEAIAXMOX XXV

Summary Hide

Exnua 2: Apyixo Keipevo Texyvikawv Ilpodiaypagwy - Ipagos Iapadeiypatog

Sika vhomoinong wote va efetachei oe MOA WY eldwv oevapla kabiotatal mo §eka-
Bapog o 810G 0 oxediaopoc. Etol, polig vrofdAape oto GitHub[28] to aitnua ev-
OWUATWONG OTO MONUO TIPOTLEKT, OL GLVTNPNTEG TOL e&éTacav TV vAoToinon Kat

EMETTPEYAV (L€ LOEEG.

H npdtaot tovg apopovoe Ty vmap&n kamotag apaipeong ya tn Staxeipton omotwyv-
dnmote mopwv Tov Kubernetes. Tote ot ovtotTnTeg LIEVOLVES YL TN SNpLOVPYia TV

PersistentVolumeClaims i twv VolumeSnapshots Ba ftav vnonepintwoelg.

AvTo eixe wg ouvémela e10kOG Kat TEPLOPLOHEVOG OKOTIOG va e§umnpeTeitat and kdbe
ovtotnra. [la mapadetypa, otov apyiko oxediaouo, éva PipelineVolume purnopovoe
va onuaivel eite TNV avagopd oe vrapxov PVC 1} tn Snuiovpyia véov. O@a Seifovyte,

OHWG, WG 0TO TEALKO OXESLO XPNOLHOTIOLEITAL YA TV AVAPOPA KAl HLOVO.

Mia tétola Pektiwon anhomotel Tov kWSika, SLEVKOADVEL TN GLUVTHAPNOT] TOL Kal AVoi-
yeL 10 £8aog yla mepautépw emekTaoels. OndTe, Aol avalvoape avTég TiG O€eG, On-
Hoatomotoape évav TANpws avabewpnévo oxedlaopd mov TePLYPAPETAL 0TI GUVE-

XelaL.

Meta&d aMwv, arldlovpe To Oplopa volumes Kat Ta XApaKkTnploTika volume kat
volumes oe pvolumes kat pvolume, avTioToLa, TPOKEWEVOL VA UNV SLATNPriooVHE
™v mpog ta micw ovpPatdtnta. Tehikwg, petafallovpe TOV TPOTO Ue TOV OTIOLO €K-
ppalovtat kdmoteg e§apTHOELS, Xwpic MAoV va agatpolpe TIg “meptttés” eapTnoelg

TIOV TPOEKVTITAY ATtd TN Xpron Tov Snuovpyndévrog PVC.
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0.2.4 Tehwo Keipevo Texvikav Ipodiaypagwv

210 TeMKO Keipevo Texvikwv Tpodtaypagwv enekteivovpe T ['EX pe meploodtepeg
OVTOTNTEG, £V TELPACOVLE 1) AKOUN APALPOVE AVTEG TTOV TIEPLYPAPNKAY GTOV APXLKO

oxedtaopd. AkoAovbei o avaAvTIKT OKLAYPAPNOT) AVTWV.

« PipelineVolume: Anlotowwvtag tn Xpron PVC

‘Eva PipelineVolume kAnpovopei and to Volume[30], tr Oepediwdn ovrotnta
Tov Kubernetes. Ztov muprjva tov, £vag TOpoG eival anmhd £vag Kataloyog>?, mi-
Bavd pe dedopéva 0To E0WTEPIKO TOV, O OTIOIOG Eival TTPOOITOG OTOVG TIEPLEKTES
evog Pod. To mwg eivat avtdg 0 KatdAoyog, To Héoo Tov To vtooTnpilet Kat Ta
TepLeEXOEVA Tov kaBopilovTat amd ToV EKAGTOTE TOTIO TOHOL TTOV X P1OLUOTIOLE(-

Talt.

Ynapyovv Stagopol TVToL TOHWY, Opwg Ba emkevtpwbovpe otnv kupilapyxn xpron

pag n omoia eivat ot TOpot Tov avagepovtal o PVCs.

H dwagopd evog PipelineVolume and éva Volume eival to yeyovog OTL TO
TPWTO KpaTdel eEapTroels. Ze 0,TL apopd avTo, vioBeTovpe TIg iSteg apxég mTov
TIEPLYPAPTKAY OTO APXLKO KEIUEVO TEXVIKWV TTPOSLaypaPy.

Qotdoo, avtn n ovrotnta dev eivat vevBovvn yia T Saxeipion Persistent

VolumeClaim népwv.

« PipelineVolumeSnapshot: To Té\og pag Emoxng

AvTn n ovtoTNTA aatpeitat TANPWS.

« ResourceOp: Evepyomoiwvtag pia Néa Aertovpyia Tov Argo

AvT eivat n factkn ovTOTNTA IOV XPTOLHOTIOLEITAL Yia TH) SlaxeipLon TOpwV TV
Kubernetes. Eivat pua khéon g I'EZ mov povtelomotei avtr| T Aettovpyia Tov

Argo.

O xprotng pnopei va opioet kamota dpaomn mov embupei va mpayparononOei
navw oe évav mopo tov Kubernetes (1 mpokaBopiopévn eivat n dnpovpyia) kat
€Va AVTIKEIHEVO e TOV TIPOTOLOPLOUO TOV TTOpov. Mmopel emiong va mpoodiopi-

oet ovvOnKeg mov Ba opdvoLY TNV emITVXIA 1) TNV AoTVYia TOV PriHATOG.

*2 Me Tov ek 0po “katdAoyog” ava@epdpaote 0Tov ayyAiko opo “directory”
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Mia televtaia kat TOAD onpavTikn Aettovpyia eivat i Suvatdtnta va e§ayovpe
WG TAPAUETPO OTOLOSHTIOTE XAPAKTNPLOTIKO TOL TTOPOV, IOV HETA UTOpEl va
xpnotpomotndei and onotodnmote Prjpa g Stoxétevong. EmAéyovpe v efa-
YWY TOL 0VOpATOG AAAA Kot OAOKAN POV TOV TTPOGSLOPLOHOV TOL TTOPOL O€ KADEe

TEPIMTWOT), OHWG O XPHOTNG UTopei va opioel TeploooTepes 050V,

2xedtdfovtag autriyv TV ovToTnTa, avakalvyape TOAAG Kovd onpeia fe Ta
ContainerOps, 6nwg frav avapevopevo. Etot, Snuiovpynoape tnv kAdon BaseOp,
7oL eivat yovéag Twv dVo mpoavagepBeévtwy Kat epmeptéxet OAa Ta Kowva Xapa-

KTNPLoTKA kat Tig peBodovg mov £xovv vonua kat yta tig 600 KAAOELG.

« VolumeOp - VolumeSnapshotOp: Amlomoiwvtag tn Anuovpyia twv Persistent

VolumeClaims kat VolumeSnapshots

Ot VolumeOp kat VolumeSnapshotOp eivat viiokAdoeig™ g ResourceOp. H
TPWTN OTOXEVEL OTO va KAvel TN dnpovpyia Twv PersistentVolumeClaims

Lo €VKOAN, evw 1) devTepn TN Snpovpyia Twv VolumeSnapshots.

AvTég ot KAAoeLG eivat LTeBVVEG HOVO yia TN Stayeiplon Twv Tdpwv. Kat ot §vo
ekBétovy pa AITE wote va kdvovv tn ouvhOn mepintwon ypriyopn, Omwg ka-

vav oty apxikn oxediaon ta PipelineVolume kat PipelineVolumeSnapshot.

Eidikotepa yia ta VolumeOps, ekOéTovpe éva xapaktnplotiko “volume”, To omoio
elvat éva PipelineVolume mov avagépetat oto dnpovpyndév PVC, wote va
TO TIPOCAPTOVE e evkolia oe éva ContainerOp.

» Usage

[la TN xprion avtov Tov oXeSLAOHOY TAPATEUTOVHE OTO ayyAKO Keipevo Kat

OVYKeKpLpEVa oty vtoTtapaypago 3.4.5 Usage.

0.3 Xvunepacupata

ZOUTIEPACUATIKA, O TPWTAPYIKOG OTOXOG ALTNG TNG SIMAWUATIKAG gpyaciag nTav n

vlomoinon piag oxediaong mov KAAOTITEL TN AOYIKT| HAG OTIWG TNV £XOVE TEPLYPAVEL

** Me Tov eANAVIKO 0po “vTtokAdon” avagepopacte 0Tov ayyAko opo “subclass”
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A A A

A
DSL Specification

Ktepl (ContainerOp) step2 (ContainerOp) step3 (ContainerOp) \

+image +image +image

+ command + command + command

+ arguments + arguments + arguments

Uses Uses Uses
B — —
vop (VolumeOp)
+deps =]
. Ref
+ volume: PipelineVolume
v
4 A vop.volume.after(step1, step2)
vop.volume (PipelineVolume) (PipelineVolume)
K +deps =] + deps = [step1, step2] /
Ref Ref

Creates

2xnua 3: Tediko Keipevo Teyvikwv Ipodiaypagpwy - Ontikomoinon Hapadeiypatog

Ex16g6 avtov, vmfpye kat évag akoun Babvtepog 0TOX0G: Vo GUVEPYAOTOVE AmOoTeNE-
OHOTIKA [LE TIPOYPAUUATIOTEG KAl XPTIOTEG ATIO OAOV TOV KOOHO KAl VAL OUVELOPEPOVE
o€ €va TPOTLEKT avolyTov KWwdika avTol Tov PeAnvekods. Mmopovle, TAEOV, Vo Ka-

TaA§ovLE 0TO YEYOVOG OTL Pépayle €1 TTEPAG Kat TOVG SVO GTOHXOVG,.

ITio ovyKkeKpILEVA, AVAPOPLKA e TOV Pacikd pag otdxo, TNV enéktaon g I'EZ, ka-
Tagépape pa peydAn aAlayn: to Kubeflow Pipelines pnopei mAéov va ekteleotel oe
TOTILKEG CLOTOLKIEG PE TNV VTTOOTHPLEN TOUWY, ETUTPETOVTOG ETONG TNV AVATIAPAYWYL-
HOTNTA TwV powv epyaciag. H anodelfn opBotntag tov oxediaopov Sev pmopei mapd
va givat To TAN00G TV OPYAVIOHWY TTOV XPNOLHOTOLOVV TNV VAOTIOINGT| pag, petafd
Twv onoiwv 1 Cisco, n IBM kat n Seldon, aAld kot iiwTtikoi xpriotes. Kabwg emniong,
Hépa pe TN pépa TO Xpnotpomolel OAo kal TePLOOOTEPOG KOOUOG. AVTd HTav avamnd-
QEVKTO, AQOV CUUPWVIOAUE O€ £Va KEIUEVO TEXVIKWV TIPOSLAYpAPWY TTOV LTTOSEXTNKE

Oeppa oAokAnpn n kowvotnTa Tov Kubeflow.

2g 0,TL apopd To devTEPO 0TOXO, TN CLVEPYAOia, EMPOKELTO Yia {ia TPWTOYVWPN Kl

YOVIHO ayXWTIKT EUTELPia, IOV OHWG HTAV £VTOVA EMHOPPWTIKI KAl GCUVOAIKA LTTE-

k4

argo
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< Example 2 - Final

Summary Hide

Uploaded on
51972019, 11:31:45 PM

Description

Ixnua 4: Tediko Keipevo Teyvikawv Ipodiaypagawy - Ipagog Iapadeiypuatog

poxXN-

0.3.1 MeAlovtikég Enektdosig

[Tapdlo Tov £xovpe VAoTIOW0eL pepikég Pehtiwoetg otn Atemtagn Xpriotn (AX) *, Bel-
Tiwvovtag tnv Eumepia Xpnotn (EX) *°, viapyovv mepilBwpla yia mepartépw avd-

nTodn.

ZUUTANPWHATIKA, HTOPOVUE Vo SNULOVPYTCOVE TIEPLOTOTEPEG KAAOTELS, oV Oa ei-
vat vrokAdoelg TG ResourceOp, yia tn dtevkolvvon g dnuiovpyiag AAAwvy Topwv
tov Kubernetes mov eivat xpriowpotr otovg entotrpoveg dedopévwy. Iapadeiyparog
Xapwv, éva TFJob xpnotpomoteital evpéwg yia TNy ekTEAEOT AELTOVPYLOV EKUABNONG
oto Kubernetes. ®@a prnopovoape va vAomowoovpue tnv kAdon TFJobOp akolovOw-
vtag TV idla apxn, ov eivat To va eivat ) ovvrOng mepintwon yprnyopn, alkd kat va

kaBiotatat Suvatdg o A PNG TPOaSLOPLoUOG TOV TTOPOL.

EmnpdoBeta, Oa pmopovoape va avalntriioovpe KAmoLa eVomoinom He Ty vinpecia
Metadata tov Kubeflow [33]. Avtij avalapPavel, peta&d dAAwv, va mapakolovBei

EKTENETELG POV epyaciag SLaTnpOVTAG EYYPAPES YLaL TO TIOLEG FTaV OL eidodot kat £€0-

** Me tov ehAnvikd 6po “Acrtagr Xprotn” 1 “AX” avagepopaote otov avtiotowxo ayyiwo “User
Interface” i “UT”

*> Me tov eh\nvikd 6po “Eunetpia Xpriotn” 1§ “EX” avagepopaote otov avtiotowo ayyiwod “User
Experience” 1 “UX”
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doi tovg. Avtég ot eicodot kat é§odot Ba pmopodoav va eivat avapopég oe OTLYLOTUTIAL

TOPWV, Ta omoia peTd va eivat StaBéotpa ya e§epevvnon pe éva KALK.

Téhog, n Aoy Tiow and To oxedlaopd pag avoiyet To Spdpo yia tepartépw avamntuén
HE OKOTIO TNV KAAvY™ emmAéov Aettovpylwv Tov Argo. Tia mapadetypa, To Argo ma-
PEXEL TPOTIO Yl TNV eKTENEOT] piag Séopung evepyelwv °° kat Tnv dueon auiloyn Twv
anoTeAeopudTOY, XWPIG va Xpetdletat n Snuovpyiag evog otypotunov®’ mov va Te-
pLExel T déoun evepyelwv akolovBovpevn and Ty aitnon evog meptéktn mov Ha to
ekTelel. AvTO QavTdlet TOAD XPrOLHO Ylot ETUOTHHOVEG OTO TESIO TNG UNYAVIKNG HdL-
Onong. Otdvet povo va emPefarwoovpe avtriy TNV elkaoia kat va oxedidoovpe pia

tétola vtoothpLEn pe tn PorBetd Tovg.

56 ro «Qu ) . ’ 1o« )
Me tov eEAAVIKO 6po “Séopn evepyeldVv” avapepOPacTe 0TOV avTioTOLXo ayyAko “script
%7 Me Tov eAANVIKO 0p0 “OTLydTLNIo” avagepopasTe 0Tov avtioToo ayyAko “image’, Kat 7o ov-
ykekpipéva “container image”



Introduction

To begin with, we outline the scope of our work. First, we provide a quick overview of
the problem we are trying to solve and argue about its importance. Next, we move on
to describe some of the existing solutions in brief, examining parameters that might be
making some of them rather cumbersome to work with, and some others to potentially
thrive. After this, we adumbrate the flow of our reasoning on confronting the problem,
along with our respective design attempts. Finally, we present how various concepts,

as well as design and implementation issues are structured within this thesis.

1.1 Problem Statement

Machine Learning (ML) [1] tasks may consume or produce large quantities of data.
Actually, depending on the problem, the more the data the better the results. For in-
stance, to address some of the “hard” problems, like those tackled by deep learning,
millions or even tens-of-millions of examples may need to be analyzed. The manage-
ment of such data (i.e. storing, versioning, etc) is challenging for data scientists and the

Platform-as-a-Service providers. Nevertheless, it is a difficulty to subdue howsoever.

A popular machine learning toolkit dedicated to making deployment of ML workflows
on Kubernetes simple, portable and scalable is Kubeflow[2]. Kubeflow Pipelines (KFP)
[3] is the Kubeflow component responsible for the end-to-end orchestration of ML
pipelines. A pipeline is a description of a machine learning workflow, including all of
the components in the workflow and how these components relate to each other in the

form of a graph.
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In Kubeflow Pipelines there is no way to perform intensive data management. To be
precise, the data management available to the user is quite restrictive with respect to

both their size and their type, while no data versioning is supported.

We will make a deeper analysis of the current state later in this chapter.

1.2 Motivation

1.2.1 What is Machine Learning?
In [4] we may find a precise definition of Machine Learning:

Machine learning is an application of artificial intelligence (AI) that pro-
vides systems the ability to automatically learn and improve from experi-
ence without being explicitly programmed. Machine learning focuses on
the development of computer programs that can access data and use it to

learn for themselves.

The process of learning begins with observations or data, such as exam-
ples, direct experience, or instruction, in order to look for patterns in data
and make better decisions in the future based on the examples that we
provide. The primary aim is to allow the computers learn automatically

without human intervention or assistance and adjust actions accordingly.

Machine learning algorithms produce models which are tightly coupled to a cost func-
tion. This function describes the accuracy of the model, its effectiveness, therefore such

algorithms seek a model that optimally minimizes the cost function.

1.2.2  Why s it Required?

Unfortunately, the coding of some tasks can get too complex for humans. Their anal-
ysis and their solution may render impractical or even impossible. In such cases, ma-
chine learning algorithms come to save the day. Those algorithms can be provided
with a large amount of data, explore them, and search for a model that achieves any-

thing the scientist programs them to.
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Machine learning has far too many applications and exists in our everyday life more
than we might believe it does. Email categorization, Facebook’s News Feed, Voice-to-

Text as well as all kinds of online advertisements are just some of them.

Self-driving cars or self-flying helicopters are some much more impressive achieve-
ments of machine learning. However, these are also examples which have failed in
critical situations, such as [5], and point out the necessity to further improve the re-

sults of the specific Al field.

1.2.3 What are the Requirements?

Machine learning models are nothing more than mathematical functions that take fea-
tures as inputs, produce predictions as outputs, and learn how to best match predic-
tions to patterns observed from the training data. Therefore, a crucial step during the
development of a ML application is to figure out the required data, as well as their

quantity.

As already mentioned, models are not 100% correct, but are rather “best guesses” given
the amount of data the model has seen. The set of known inputs and outputs that the
data analyst uses to “train” a model is called “training set”. The training set may be
used as input in numerous algorithms, or even in the same algorithm with different

options, to generate multiple models.

The next step is to check the performance of the aforementioned “trained” models.
This is achieved by feeding each model with a new dataset, called the “validation set”.
The results of the validation lead to a winner election: the selection of the most accurate

model.

Finally, it is time to put the best model to actual use. We do not need an ML algorithm
to guess that there is a dataset which we want to explore. It is called the “test set”. All
the previous workflow is performed for this exact point: the “serving”. During this

phase, the actual data analysis is accomplished.

Taking all of the above into consideration, one corollary stands out: machine learning

workflows are data intensive and, therefore, require advanced data management.
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1.2.4 Why is Deploying Machine Learning Hard?

It is a fact that data get bigger and bigger and that infrastructure requirements for
the computations are getting greater. As a result, many users turn to solutions like
Infrastructure-as-a-Service (IaaS), Platform-as-a-Service (PaaS), Software-as-a-Service
(SaaS) or any other type of Cloud[7] services. It appears like we live the dawn of the
Everything-as-a-Service (EaaS/XaaS/*aaS) era.

These services run over distributed systems. Unavoidably, there is quite some com-
plexity involved. Orchestrating services and tasks, handling storage and tackling the

problem of statefulness in general can be really challenging.

Data synchronization (consensus), security, inter-services communication, load-
balancing, high availability and fault-tolerance are just some of the major problems

that ail modern distributed systems and applications.

Solutions for such problems first arise from within the software industry. Four years
ago, Google designed and implemented an open-source container orchestration sys-
tem called Kubernetes[8] (also referred as “K8s”, for short). The project is now main-
tained by Cloud Native Computing Foundation (CNCF) [9], and aims to make the
deployment of containerized microservices[10] easier. Nevertheless, the intricacies of

distributed systems are yet to be fully confronted.

As a result, a number of organizations have been developing platforms or extending
their projects appropriately in order to perform machine learning on Kubernetes. In
the majority of cases, this means to extend Kubernetes itself [11]. We will elaborate on

what Kubernetes is and how it actually works later in this document.

In this thesis, we focus on the state of the machine learning workflows run on Kuber-

netes, as well as managing it and versioning it.

1.3 Existing Solutions

Many projects and products attempt to tackle the problem of deploying machine learn-
ing workflows on Kubernetes. Despite their goal to make their usage simple and easy,

they are still not appealing to the data scientists. As a consequence, even simple oper-
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ations require a lot of irrelevant studying by the user.

In this section, we briefly present the most notable existing solutions.

1.3.1 Pachyderm

Pachyderm[12] is designed to enable sustainable data science workflows via a language-
agnostic system for data versioning with data pipelining. It lets the user deploy and
manage multi-stage data pipelines’ while maintaining complete reproducibility and

provenance.

Regarding a part of our goal, that is taking snapshots of the data, Pachyderm uses a
Git[13]-like tool as a version control system for this purpose. The user may look back
to see what the training data looked like when a particular model was created or how

their results have changed over time.

Nevertheless, Pachyderm has some drawbacks:

« Latency: Deploying Pachyderm on a cluster requires a (Simple Storage Service)
S3 [14] compatible backing object store. This makes the whole data management

depend on network bandwidth and, as a result, it can be really slow.

« Syntax: Defining a step of the pipeline requires writing a lot of boilerplate code

to accomplish only minor functionality.

 Multi-step pipelines: Every single task of the workflow requires its own file and

its own submission separately.

« Effort[15]: Just as a data scientist needs to be able to work with Git, they also
need to know how to work with this “Git for data”. While this kind of tools
are common and accepted as productivity enhancers within the data engineer-
ing world, it is often less accepted by mainstream machine learning scientists,
unfortunately. This restricts the adoption rate among those without strong en-

gineering skills.

! Pachyderm calls a pipeline what KFP call a task. We will always be using the KFP definition of the
word, i.e. a multi-task workflow



6 CHAPTER 1. INTRODUCTION

1.3.2  Argo

Argo[16] is a workflow engine. It is an extension to the Kubernetes cluster® that makes
the execution of workflows possible. The user submits a YAML definition of a workflow
and then Argo is responsible to initiate tasks in proper order and wait for them to
complete. It also provides a Command Line Interface (CLI) tool as well as a basic User

Interface (UI) for the virtual representation of the workflows.

Kubeflow Pipelines uses Argo as their workflow engine. The Software Development

Kit (SDK) compiles the user’s source code into an Argo manifest.

Argo has wide functionality, which we leverage in this thesis. However, we ought to

note a couple of drawbacks:

o Access to the cluster: Data scientists must have access to the cluster in order to
use Argo. This is not the desired case. It would be best if there was a level of

abstraction between data analysts and the infrastructure they may use.

» Learn Kubernetes: Additionally, users have to construct the Argo YAML file
and submit it. Admittedly, such manifests are quite cumbersome and require
effort to learn and write. A data scientist should also be abstracted from most of

the Kubernetes specifics and focus on the Al part of the problem.

1.3.3 The State of Kubeflow Pipelines

Kubeflow Pipelines project is in a very early state, yet it has a resonance for lots of data
analysts. That is quite a motive for the members of the Kubeflow organization and the

contributors of the project to continue extending and developing new features.

As already mentioned, the KFP SDK compiles the code into an Argo manifest. A Do-
main Specific Language (DSL) [17] based on Python is provided to the user, thus bring-
ing Argo closer to the data scientist’s standards by minimizing the complexity looming

over the YAML definitions.

Since it is a fresh project, it is also incomplete. Nonetheless, thanks to the tens of

contributors to the project, its coverage is rapidly increasing. During the writing of

? Such Kubernetes cluster extensions are called Operators.
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this thesis, the DSL does not support the full potential of Argo. As far as the data-
passing between tasks is concerned, the DSL only supports a specific Argo method,

which does not allow passing large quantities of data.

Moreover, the dynamic creation of resources (such as resources for persistent storage)
during the pipeline is not supported, while the usage of existing ones requires boiler-

plate code.

The above can be summarized as the following drawbacks:

« Boilerplate code: The data scientist has to write boilerplate code to use persis-

tent storage for their pipeline task.

« No dynamic persistent storage: The data analyst cannot request persistent stor-

age during the execution of the pipeline.

« No dynamic snapshotting of data: Since snapshotting requires the creation
of specific Kubernetes resources, machine learning engineers cannot take im-
mutable backups of their data dynamically during the execution of the pipeline.
That makes it hard or even impossible for them to have insight into the data and
operations taking place. As a consequence, there is no way to easily and eftec-
tively debug the pipeline by viewing the data (either consumed or produced)

and then reproduce the whole job or a part of it.

1.4 Proposed Solution

The purpose and achievement of this thesis is to make the dynamic creation of per-
sistent storage and snapshots available to the scientists using Kubeflow Pipelines, but
also to provide an easy way to make use of these features. It, actually, leverages storage

volumes into first-class citizens of the SDK.

To make this possible we first extend the DSL with easy-to-use entities, and then we

extend the compiler to produce the corresponding Argo manifests.

Initially, we introduce a new mapping to Argo’s resource manipulation feature. This
is a base type and can be used to manage any type of Kubernetes resource. Users may

perform any action to a resource (i.e. get, create, apply, delete or replace) and,
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optionally, provide conditions to denote the success or failure of the workflow step un-
dertaking the action. This is far from user-friendly, albeit fundamental to the creation

of resources.

Raising something to a first-class citizen requires making it convenient for the main-
stream user. Therefore, we also provide two subtypes which derive from the aforemen-
tioned one. The first is dedicated to persistent storage manipulation, while the second

handles the snapshotting.

These classes aim to make the common case fast. They expose an Application Pro-
gramming Interface (API) [18] that significantly simplifies the definition of the corre-

sponding resources, compared to the Kubernetes API.

All of the above solve only the dynamic creation of resources. The usage of persistent
storage itself still needs a lot of boilerplate. To overcome this issue, we extend the
pipeline operators’ API with an easy, neat and thorough way to mount any type of

volume.

Before proceeding to the rest of the thesis, it is of great importance to point out that
while achieving a breaking change to the project, we do not break the existing API

thus retaining backwards compatibility.

1.5 Collaborations

During this thesis, we thoroughly collaborated with the developers of two projects and

interfaced with their communities.

1.5.1 Kubeflow Organization

Since this thesis extends KFP, maintained by the Kubeflow Organization [19], com-
municating our thoughts and design with the end-users as well as other developers

was indispensable. This offered a number of advantages:

o Our design and implementation was peer reviewed by industry experts.

+ A healthy community and userbase would approve the design and embrace, use

and test this feature.
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» End-to-end testing framework with Argo integration, which helped us easily

add tests.

The Kubeflow community, and especially the developers and users of Kubeflow Pipelines,
welcomed the effort from the beginning and have constantly provided help and guid-

ance.

In the end, I was also acknowledged as a member of the Kubeflow Organization.

1.5.2 Argoproj Organization

In addition to Kubeflow, during the implementation of this thesis we found ourselves
in need of functionality that was not available or did not function properly in Argo,
the workflow engine behind Kubeflow Pipelines. As a result, we worked on certain

patches and bug fixes which were merged in the original upstream project.

All in all, T got in touch with the owners of the project and exchanged thoughts and

ideas. This rendered me trusted contributor to the Argoproj Organization [20].

1.6 Thesis Structure

The content of the thesis is structured as follows:

« Chapter 2: a brief overview of some of the core concepts and systems that our

work is founded upon.

« Chapter 3: an analysis of the architecture of our solution and the design deci-

sions from a higher-level perspective.

 Chapter 4: a brief demonstration of some of the focal points of our development
process, including mainly details about the implementation of certain design

choices that could have been implemented in multiple different ways.

o Chapter 5: concluding remarks and future improvements and extensions to our

proposed solution.
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Background

In this chapter we provide some elementary information regarding various aspects of
the background knowledge required to understand the design and the implementation
of our work. Initially, we describe general principles of domain-specific languages. We
move on to explain some fundamentals about containers, an implementation of OS-
level virtualization. In the next section, we discuss about Kubernetes and some of its
facets. Last but not least, we make a brief presentation of the two projects we mostly

worked on: Argo and Kubeflow.

2.1 Domain-Specific Language

According to [21], a domain-specific language (DSL) is a computer language special-
ized to a particular application domain, in contrast to a general-purpose language

(GPL), which is broadly applicable across domains.

The design and use of appropriate DSLs is a key part of domain engineering, by us-
ing a language suitable to the domain at hand - this may consist of using an existing
DSL or GPL, or developing a new DSL. Language-oriented programming considers
the creation of special-purpose languages for expressing problems as standard part of
the problem-solving process. Creating a domain-specific language (with software to
support it), rather than reusing an existing language, can be worthwhile if the language
allows a particular type of problem or solution to be expressed more clearly than an ex-
isting language would allow and the type of problem in question reappears sufficiently

often. Pragmatically, a DSL may be specialized to a particular problem domain, a

11
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particular problem representation technique, a particular solution technique, or other

aspects of a domain.

A domain-specific language is somewhere between a tiny programming language and a
scripting language, and is often used in a way analogous to a programming library. The
boundaries between these concepts are quite blurry, much like the boundary between

scripting languages and general-purpose languages.

A

N o e 0
U
Developer DSL - Generated
Specification DSL Compiler Product

Figure 2.1: Typical DSL Compiler

2.2 Containers

A great overview of containers can be found in [22], where it is mentioned that con-
tainers offer a logical packaging mechanism in which applications can be abstracted
from the environment in which they actually run. This decoupling allows container-
based applications to be deployed easily and consistently, regardless of whether the
target environment is a private data center, the public cloud, or even a developer’s per-
sonal laptop. Containerization provides a clean separation of concerns, as developers
focus on their application logic and dependencies, while IT operations teams can fo-
cus on deployment and management without bothering with application details such

as specific software versions and configurations specific to the app.

For those coming from virtualized environments, containers are often compared with
virtual machines (VMs). You might already be familiar with VMs: a guest operating
system such as Linux or Windows runs on top of a host operating system with vir-
tualized access to the underlying hardware. Like virtual machines, containers allow
you to package your application together with libraries and other dependencies, pro-
viding isolated environments for running your software services. As you'll see below
however, the similarities end here as containers offer a far more lightweight unit for

developers and IT Ops teams to work with, carrying a myriad of benefits.
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App 1 App 2 App 3
Bins/Libs Bins/Libs Bins/Libs
App 1 App 2 App 3
Guest 05 Guest 05 Guest 05
Bins/Libs Bins/Libs Bins/Libs
Host Operating Systemn Host Operating Systermn
Infrastructure Infrastructure
Virtual Machines Containers

Figure 2.2: Comparing containers and virtual machines

Instead of virtualizing the hardware stack as with the virtual machines approach, con-
tainers virtualize at the operating system level, with multiple containers running atop
the OS kernel directly. This means that containers are far more lightweight: they share
the OS kernel, start much faster, and use a fraction of the memory compared to boot-

ing an entire OS.

2.3 Kubernetes

The official Kubernetes documentation provides a thorough introduction to its con-
cepts and principles. The basic information mentioned in this section is obtained from

[23].

Kubernetes is a portable, extensible, open-source platform for manag-
ing containerized workloads and services, that facilitates both declarative

configuration and automation. It has a large, rapidly growing ecosystem.

In a production environment, the management of containers that run the applications
is required, along with ensuring that there is no downtime. Kubernetes solves that
problem by providing a framework to run distributed systems resiliently. It takes care

of scaling requirements, failover, deployment patterns, and more.

Among others, Kubernetes provides service discovery and load balancing, self-healingness’,

and storage orchestration.

! Kubernetes restarts containers that fail, replaces containers, kills containers that don’t respond to
user-defined health check, and doesn’t advertise them to clients until they are ready to serve.



14 CHAPTER 2. BACKGROUND

Finally, the biggest advantage Kubernetes offers is its extensibility. This means that the
cluster administrator may define custom resources and implement the logic backing
their management. These are called Custom Resource Definitions (CRD), the ratio-
nale is called Controller Pattern while the component implementing the pattern is the

Controller. All these compose what we call an Operator.

2.3.1 Container Storage Interface

A nice introductory to the Container Storage Interface (CSI) can be accessed at [24].
The aim of CSI is to unify the storage interface of Container Orchestrator Systems
(COs) like Kubernetes, Mesos, Docker swarm, cloud foundry, etc. combined with
storage vendors like Ceph, Portworx, NetApp, etc. This means, implementing a single

CSI for a storage vendor is guaranteed to work with all COs.

<
B ®

ga
h’ CLOUDFOUNDRY

Pluggable Storage Interface
EBS

GCE PD Ceph Portworx NetApp

Storage Providers

Figure 2.3: Container Storage Interface diagram

Container Storage Interface replaced the custom volume plugins that served all the
storage needs for container workloads in case of Kubernetes. They have to be part of
the Kubernetes core, as shown in figure 2.4, so they come with numerous drawbacks.

Their development was tightly coupled and dependent on Kubernetes releases, Kuber-
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netes developers and community were responsible for testing and maintaining them,
while these plugins could crash even critical Kubernetes components. These are just

some of their disadvantages.
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Figure 2.4: Volume plugins diagram

Persistent Volumes

Extracted from the documentation[25], the PersistentVolume subsystem provides
an API for users and administrators that abstracts details of how storage is provided
from how it is consumed. To do this, two new APIresources are introduced: Persistent

Volume and PersistentVolumeClaim.

A PersistentVolume (PV) is a piece of storage in the cluster that has been provi-
sioned by an administrator or dynamically provisioned using Storage Classes. It is a
resource in the cluster just like a node is a cluster resource. PVs are volume plugins
like Volumes, but have a lifecycle independent of any individual pod that uses the PV.
This API object captures the details of the implementation of the storage, be that NFS,

iSCSI, or a cloud-provider-specific storage system.

A PersistentVolumeClaim (PVC) is a request for storage by a user. It is similar to
a pod. Pods consume node resources and PVCs consume PV resources. Pods can
request specific levels of resources (CPU and Memory). Claims can request specific

size and access modes (e.g., can be mounted once read/write or many times read-only).
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Volume Snapshots

Similarly, we may find the official documentation for Volume Snapshots in [26], where
it is stated that the same way API resources PersistentVolume and Persistent
VolumeClaim are used to provision volumes for users and administrators, Volume
SnapshotContent and VolumeSnapshot API resources are provided to create vol-

ume snapshots for users and administrators.

A VolumeSnapshotContent is a snapshot taken from a volume in the cluster that has
been provisioned by an administrator. Similar to PersistentVolume, it is a resource

to the cluster.

A VolumeSnapshot is a request for snapshot of a volume by a user. It is equivalent to

a PersistentVolumeClaim.

Snapshot VolumeSnapshotData PersistentVolume Volume

VolumeSnapshot PersistentVolumeClaim

Figure 2.5: Persistent Volumes ¢ Volume Snapshots relationship diagram

2.4 Argo

The official website of Argo is [27] and contains detailed descriptions, documenta-
tion and other useful related links. In this thesis we focus on Argo Workflows, so by

mentioning Argo or Argo Workflows we will be referring to the same thing.

Argo Workflows is an open source container-native workflow engine for orchestrating
parallel jobs on Kubernetes. Argo Workflows is implemented as a Kubernetes CRD
(Custom Resource Definition). It is, essentially, a Kubernetes Operator responsible for

the deployment of workflows.

Users may easily define workflows where each step in the workflow is a container and
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model multi-step workflows as a sequence of tasks or capture the dependencies be-
tween tasks using a graph (DAG). Furthermore, they can easily run compute inten-
sive jobs for machine learning or data processing in a fraction of the time using Argo
Workflows on Kubernetes. Last but not least, running CI/CD pipelines natively on
Kubernetes without configuring complex software development products is possible

through this operator.

Argo is designed from the ground up for containers without the overhead and limita-
tions of legacy VM and server-based environments, while at the same time it is cloud
agnostic and can run on any Kubernetes cluster. Lastly, the user may easily orchestrate

highly parallel jobs on Kubernetes.

2.5 Kubeflow

Kubeflow is the machine learning toolkit for Kubernetes.

The Kubeflow project is dedicated to making deployments of machine learning work-
flows on Kubernetes simple, portable and scalable. The main goal is not to recreate
other services, but to provide a straightforward way to deploy best-of-breed open-

source systems for ML to diverse infrastructures.

Kubeflow started as an open sourcing of the way Google ran TensorFlow internally,
based on a pipeline called TensorFlow Extended. It began as just a simpler way to run
TensorFlow jobs on Kubernetes, but has since expanded to be a multi-architecture,

multi-cloud framework for running entire machine learning pipelines.

The objective is to make scaling ML models and deploying them to production as sim-
ple as possible, by letting Kubernetes do what it’s great at. That is, easy, repeatable and
portable deployments on a diverse infrastructure. For instance, starting from a lap-
top locally, then being transferred to an ML rig and a training cluster to finally move
to the production cluster. Kubernetes can easily deploy and manage loosely-coupled

microservices and scale based on demand.
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2.5.1 Kubeflow Pipelines

Kubeflow Pipelines (KFP) is a platform for building and deploying portable, scalable
machine learning workflows based on Docker containers and is one of the Kubeflow

core components. It’s automatically deployed during Kubeflow deployment.

The Kubeflow Pipelines platform consists of a user interface (UI) for managing and
tracking experiments, jobs, and runs, along with an engine for scheduling multi-step
ML workflows. It also comes with an SDK for defining and manipulating pipelines and
components. Besides that, there are notebooks for interacting with the system using

the SDK.

KFP provides end-to-end orchestration, enabling and simplifying the orchestration of
machine learning pipelines. On top of that, it is easy for users to try numerous ideas
and techniques and manage various trials/experiments. In addition, it enables re-using
components and pipelines to quickly create end-to-end solutions without having to

rebuild each time.



Design

This chapter is vital to the comprehension of both the purpose and the rationale of the
thesis. Here, we unravel the flow of the reasoning that led us to the implementation of

the feature.

Then, we present the first holistic iteration of the design, the document which was
publicly put to discussion. We thoroughly analyze the fundamental design decisions

that we had to make during this process.

Next, we move on to describe the final version of the design document. This, totally
refurbished version, was a result of the community feedback as well as the discussions
with the developers. With this collective process, we achieved a design which is gen-

eralized and can be extended even further to cover any similar need.

This chapter is heavily based on the design document iterations discussed publicly at

the KFP project’.

3.1 Design Rationale and Goals

As we have already elaborated during the Introduction of this thesis, machine learn-
ing is all about data. This means that the steps of a pipeline should be able to exchange
multi-GB of data by performing standard file input/output (I/O) on mounted Persis-

tent Volumes (PVs) without having to download data from external object stores, nor

! Extend the DSL with support for Persistent Volumes and Snapshots: https://github.com/
kubeflow/pipelines/issues/801
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to upload to them.

To manipulate storage volumes, we use standard, vendor-neutral Kubernetes prim-
itives (namely PersistentVolumeClaim, and VolumeSnapshot API objects), but
without having the user to manipulate those Kubernetes objects manually. Instead,
the goal is for the user to declare the way steps use volumes as pipeline resources for
data exchange, with an intuitive DSL syntax, similarly to what they do for the rest of

their pipeline resources.

Extending the DSL to support the use of PVs for data exchange will make the use of
Kubeflow Pipelines on-premises (on-prem) much easier, and will also enable the use
of advanced storage functionality offered by modern storage, that is snapshots, as a

way to gain insight on how a multi-GB pipeline executes at every step.

Supporting volumes natively in the DSL makes data in a PersistentVolume just an-
other piece of information being passed from step to step, and can be used as input by

the Pipelines compiler to extract dependency information between individual tasks.

All in all, the goal is to make PersistentVolumes and Snapshots of Persistent
Volumes top-level objects in the Pipelines DSL, to enable full programmatic manipu-

lation, and to hide the low-level details of managing Kubernetes API objects directly.

3.2 Initial Design Document

To make all of the above possible, we create two new entities: PipelineVolumes and
PipelineVolumeSnapshots. We also simplify their usage by the steps of the pipeline
by exposing a mechanism and extending ContainerOp’s definition, so as to easily

mount them.

In the following subsections, we describe these abstractions as well as their usage.

3.2.1 PipelineVolumes

PipelineVolume is an entity of the DSL which either refers to an existing Persistent
VolumeClaim or is responsible for the creation of a new one. It exposes an easy way

to set a subset of a PVC’s attributes, thus making the common case fast, but also letting
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the user provide a custom object using the Kubernetes client models, which in turn

makes the full range of specifications available.

Since these volumes contain information produced by some tasks of the pipeline, the
usage of an instance of this entity by a step implies that its execution should start after
these tasks. We achieve this by binding each instance with any necessary dependency,

while also providing an expressive, functional way to extend these dependencies.

3.2.2 PipelineVolumeSnapshots

Similarly, PipelineVolumeSnapshot is an entity of the DSL which is either a refer-
ence to an existing VolumeSnapshot or a request to create one. The logic is the same
as before: a commonly used subset of the resource’ attributes is exposed via a simple

API, but users are able to pass a custom object, too.

In contrast to PersistentVolumeClaims, VolumeSnapshots are immutable. The
data contained cannot be changed by any other step. Taking that into consideration,
there is no need for multiple instances referencing the same resource but having dif-
ferent dependencies. A VolumeSnapshot referenced by some instance of the DSL

specification is bound to certain immutable dependencies.

3.2.3 Usage

In this subsection, we present some examples showing the basic usage of this design.
There are also comments explaining the directed acyclic graphs (DAG) resulted from

the specification, as well as the demonstrated semantics.
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# Example 1 - Single PV: stepl // step2 // step3

#

# Note the PV is created dynamically, by the workflow engine,
# mounted at different mount points in each step,

# and that using the PV imposes no dependencies between steps.

from kfp import dsl

@dsl.pipeline(
name="Example 1"
D
def examplel():
vol_common = dsl.PipelineVolume(
name="mypvc",
size="10G1"
)
stepl = dsl.ContainerOp(
name="stepl",
image="1library/bash:4.4.23",
command=["cat", "/mnt/filel"],
volumes={"/mnt": vol_common}
)
step2 = dsl.ContainerOp(
name="step2",
image="1library/bash:4.4.23",
command=["cat", "/common/file2"],
volumes={"/common": vol_common}
)
step3 = dsl.ContainerOp(
name="step2",
image="1library/bash:4.4.23",
command=["cat", "/mnt3/file3"],

volumes={"/mnt3": vol_common}
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#
#
#
#
#
#
#
#
#
#
#

Example 2 - Multiple PVs, with dependencies between steps:

stepl // step2 --> step3

stepl and step2 run in parallel, output to the same volume,

and only when they are done with the volume, can step3 start

to run.

Note this example introduces dependencies based on volume use

by itself, in addition to any dependencies on file_outputs.

Note the notation “voll.after(stepl, step2)” returns an object that points

to the same underlying Persistent Volume Claim as voll, but with dependencies

on stepl and step2, i.e., after stepl and step2 are done using it.

from kfp import dsl

@ds1.pipeline(

D

name="Example 2"

def example2():

voll = dsl.PipelineVolume(name="mypvc",
size="10Gi")

stepl = dsl.ContainerOp(
name="stepl",
image="1ibrary/bash:4.4.23",
command=["sh", "-c"],
arguments=["echo 1 | tee /mnt/filel"],
volumes={"/mnt": voll}

D)

step2 = dsl.ContainerOp(
name="step2",
image="1library/bash:4.4.23",
command=["sh", "-c"],
arguments="echo 2ltee /mnt2/file2",
volumes={"/mnt2": voll}

D)

step3 = dsl.ContainerOp(
name="step3",
image="1library/bash:4.4.23",
command=["sh", "-c"],
arguments=["cat /mnt/filel /mnt/file2"],
volumes={"/mnt": voll.after(stepl, step2)}
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Example 3 - Single PV, used by consecutive steps:

stepl --> step2 --> step3
Note use of “stepX.volume™ to refer to the single volume

#
#
#
#
# in stepX.volumes.
# Note how referring to stepX.volumes gets a
# reference to the same underlying volume but *after* stepX
# is complete. This is equivalent to the “voll.after(stepl)’ syntax
# used in the previous example.
from kfp import dsl
@dsl.pipeline(
name="Example 3"
D)
def example3():
voll = dsl.PipelineVolume(
name="mypvc",

size="10Gi"

stepl = dsl.ContainerOp(
name="stepl",
image="1library/bash:4.4.23",
command=["sh", "-c"],
arguments=["echo 1lltee /data/filel"],
volumes={"/data": voll}

D)

step2 = dsl.ContainerOp(
name="step2",
image="1library/bash:4.4.23",
command=["sh", "-c"],
arguments=["cp /data/filel /data/file2"],
volumes={"/data": stepl.volume}

D)

step3 = dsl.ContainerOp(
name="step3",
image="1ibrary/bash:4.4.23",
command=["cat", "/mnt/filel", "/mnt/file2"],

volumes={"/data": step2.volume}
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Example 4 - Multiple PVs, with dynamic snapshots
and clones:

stepl --> step2 --> step3

Note creation of dsl.PipelineVolumeSnapshot objects from
dsl.PipelineVolume objects.
Note dynamic creation of dsl.PipelineVolume objects from

snapshots, when we pass instances of dsl.PipelineVolumeSnapshot to

HOHF O OH OH OH OH O OH O R

the “volumes™ named argument of ContainerOp instances.

from kfp import dsl

@dsl.pipeline(
name="Example 4"
D)
def exampled4(url):
voll = dsl.PipelineVolume(
name="mypvc",
size="10Gi"
D)
stepl = dsl.ContainerOp(
name="1ingest data as a gzipped file",
image="google/cloud-sdk:216.0.0",
command=["sh", "-c"],
arguments=["gsutil cat %s | tee /data/filel.gz" % url],
volumes={"/data": voll}
D)
stepl_shap = dsl.PipelineVolumeSnapshot(stepl.volume)
# Or: stepl_snap = stepl.volume.snapshot()
# Or: stepl_snap = dsl.PipelineVolumeSnapshot(voll.after(stepl))
# Or: stepl_snap = voll.after(stepl).snapshot()

step2 = dsl.ContainerOp(
name="gunzip",
image="1library/bash:4.4.23",
command=["gunzip", "/data/filel.gz"],
volumes={"/data": stepl_snap}

D)
step2_snap = dsl.PipelineVolumeSnapshot(step2.volume)
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step3 = dsl.ContainerOp(

name="output data to stdout",

image="1library/bash:4.4.23",
command=["cat", "/data/filel"],

volumes={"/data":

D

step2_snap}
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step3_snap = dsl.PipelineVolumeSnapshot(step3.volume)

o

graph as shown by the Kubeflow Pipelines UI.

o

3

DSL Specification

o

3

In figure 3.1 we visualize the design, the way DSL entities interact as well as their cor-

respondence between those and Kubernetes primitives. Finally, figure 3.2 is a pipeline
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Figure 3.1: Initial Design Document - Visualization of Example 2

The initial design document had a huge reflection on users’ needs, and fulfilled them

greatly. However, having the source code available and people testing it, everything can

be clearer, as far as the design is concerned. Thus, once the GitHub[28] pull request

(PR) [29] was submitted, the maintainers of the project reviewed the implementation

and came back with several ideas.
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Figure 3.2: Initial Design Document - Graph of Example 2

Their proposal was to have an abstraction for general Kubernetes resources manipula-
tion, and to have the entities responsible for the creation of PersistentVolumeClaims

and VolumeSnapshots derive from it.

As a consequence, a specific and restricted purpose is served by each entity. For in-
stance, in the initial design, a PipelineVolume could either mean a reference to or a
creation of a PersistentVolumeClaim. But we will show that in the final version it

is used just for the referencing part.

Such enhancement simplifies the code, makes its maintenance easier and breaks ground
for further extensions. Therefore, after putting some thought on it, we came up with a

totally refurbished design described in the following section.

We change the volumes argument and volumes and volume attributes to pvolumes
and pvolume respectively, to not break the existing API and the backwards compati-
bility. Finally, we change the way some dependencies are expressed by not removing

the redundant dependencies derived from the usage of a created PVC.

3.4 Final Design Document

In the final design document, we extend the DSL with more entities, while also mod-

ifying or even deleting the ones referred earlier in the Initial Design Document. A
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detailed outline of them is contained in following subsections.

3.4.1 PipelineVolume: Simplifying the Consumption of Persistent Vol-

umeClaims

A PipelineVolume inherits from the Kubernetes primitive Volume [30]. At its core,
a volume is just a directory, possibly with some data in it, which is accessible to the
Containers in a Pod. How that directory comes to be, the medium that backs it, and

the contents of it are determined by the particular volume type used.

There are several types of volumes, although we focus on our main usage, that is the

references to PVCs.

What is different about PipelineVolumes is that they carry dependencies. As far as

this is concerned, we adopt the same principles described in the first design document.

However, this entity is no longer responsible for the PersistentVolumeClaim re-

source manipulation.

3.4.2 PipelineVolumeSnapshot: The End of an Era

This entity is totally removed.

3.4.3 ResourceOp: Rendering a New Argo Template Available

This is the basic entity used for the manipulation of arbitrary Kubernetes resources. It

is the corresponding DSL class which models the Argo resource-type templates.

The user may pass some action to perform on a Kubernetes resource (defaults to create)
and an object with the resource’s specification. They may also provide conditions re-

garding the success or the failure of the step.

One last and really important functionality is the ability to export any of the resource’s
attributes as output parameters of this task, which can then be used by any step of

pipeline. By default, we export the name and the whole specification of the resource.
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While sketching this entity, we discovered many similarities to the ContainerOp,
which models the Argo container-type template, as it was expected. Hence, we in-
troduce a new base class, called BaseOp, that is the parent of the aforementioned two

classes and enfolds all the common attributes and methods.

3.44 VolumeOp - VolumeSnapshotOp: Simplifying the Creation of

PersistentVolumeClaims and VolumeSnapshots

VolumeOp and VolumeSnapshotOp are two subclasses of ResourceOp. The first aims
to render the creation of PersistentVolumeClaims easier, while the second simpli-

fies the creation of VolumeSnapshots.

Those classes are only responsible for the manipulation of the resources. They both
expose an easy API to make the common case fast, in the same way PipelineVolume

and PipelineVolumeSnapshot did in the initial design document.

Especially for the VolumeOps, we expose a volume attribute, whichisa PipelineVolume,

so as to seamlessly mount this PVC on ContainerOp.

3.4.5 Usage

In this subsection, we show the examples presented in subsection 3.2.3 refactored ac-

cording to the final design document.
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# Example 1 - Single PV: stepl // step2 // step3

#

# Note the PV is created dynamically, by the workflow engine,
# mounted at different mount points in each step,

# and that using the PV imposes no dependencies between steps.

from kfp import dsl

@dsl.pipeline(
name="Example 1"
D
def examplel():
vol_common = dsl.VolumeOp(
name="create-mypvc",
resource_name="mypvc",
size="10G1"
D
stepl = dsl.ContainerOp(
name="stepl",
image="1library/bash:4.4.23",
command=["cat", "/mnt/filel"],
pvolumes={"/mnt": vol_common.volume}
)
step2 = dsl.ContainerOp(
name="step2",
image="1library/bash:4.4.23",
command=["cat", "/common/file2"],
pvolumes={"/common": vol_common.volume}
)
step3 = dsl.ContainerOp(
name="step2",
image="1library/bash:4.4.23",
command=["cat", "/mnt3/file3"],

pvolumes={"/mnt3": vol_common.volume}
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Example 2 - Multiple PVs, with dependencies between steps:

stepl // step2 --> step3

stepl and step2 run in parallel, output to the same volume,

and only when they are done with the volume, can step3 start

to run.

Note this example introduces dependencies based on volume use

by itself, in addition to any dependencies on file_outputs.

Note the notation “vop.after(stepl, step2)” returns an object that points

to the same underlying Persistent Volume Claim as vop.volume, but with

HOH O OF OH O OH OH O OH O OH OH O H OH®

dependencies on stepl and step2: after stepl and step2 are done using it.

from kfp import dsl

@dsl.pipeline(
name="Example 2"
D
def example2():
vop = dsl.VolumeOp(
name="create-mypvc",
resource_name="mypvc",
size="10Gi"
D)
stepl = dsl.ContainerOp(
name="stepl",
image="1library/bash:4.4.23",
command=["sh", "-c"],
arguments=["echo 1 | tee /mnt/filel"],
pvolumes={"/mnt": vop.volume}
)
step2 = dsl.ContainerOp(
name="step2",
image="1library/bash:4.4.23",
command=["sh", "-c"],
arguments="echo 2ltee /mnt2/file2",

pvolumes={"/mnt2": vop.volume}
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step3 = dsl.ContainerOp(
name="step3",
image="1library/bash:4.4.23",
command=["sh", "-c"],
arguments=["cat /mnt/filel /mnt/file2"],
pvolumes={"/mnt": vop.volume.after(stepl, step2)}
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Example 3 - Single PV, used by consecutive steps:

stepl --> step2 --> step3

Note use of “stepX.pvolume™ to refer to the single volume
in stepX.pvolumes.
Note how referring to stepX.pvolumes gets a

reference to the same underlying volume but *after* stepX

HOHF O OH OH OH OH O OH O R

used in the previous example.

from kfp import dsl

@dsl.pipeline(

name="Example 3"

D)

def example3():

vop = dsl.VolumeOp(name="create-mypvc",
resource_name="mypvc",
size="10Gi")

stepl = dsl.ContainerOp(
name="stepl",
image="1ibrary/bash:4.4.23",
command=["sh", "-c"],
arguments=["echo 1ltee /data/filel"],
pvolumes={"/data": vop.volume}

D)

step2 = dsl.ContainerOp(
name="step2",
image="1library/bash:4.4.23",
command=["sh", "-c"],
arguments=["cp /data/filel /data/file2"],
pvolumes={"/data": stepl.pvolume}

D)

step3 = dsl.ContainerOp(
name="step3",
image="1library/bash:4.4.23",
command=["cat", "/mnt/filel”, "/mnt/file2"],
pvolumes={"/data": step2.pvolume}

is complete. This is equivalent to the “vop.volume.after(stepl)’

syntax
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# Example 4 - Multiple PVs, with dynamic snapshots

# stepl --> step2 --> step3

#

# Note creation of dsl.VolumeSnapshotOp objects from

# dsl.PipelineVolume objects.

from kfp import dsl

@dsl.pipeline(
name="Example 4"
D)
def example4(url):
vop = ds1.VolumeOp(
name="create-mypvc",
resource_name="mypvc",

size="10Gi"

stepl = dsl.ContainerOp(
name="1ingest data as a gzipped file",
image="google/cloud-sdk:216.0.0",
command=["sh", "-c"],
arguments=["gsutil cat %s | tee /data/filel.gz" % url],

pvolumes={"/data": vop.volume}

stepl_shap = dsl.VolumeSnapshotOp(
name="Snapshot stepl",
resource_name="stepl-snap",

volume=stepl.pvolume

step2 = dsl.ContainerOp(
name="gunzip",
image="1ibrary/bash:4.4.23",
command=["gunzip", "/data/filel.gz"],
pvolumes={"/data": stepl.pvolume}
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User

name="Snapshot step2",

volume=step2.pvolume

step3 = dsl.ContainerOp(

step2_snap = dsl.VolumeSnapshotOp(

resource_name="step2-snap",

name="output data to stdout",
image="1ibrary/bash:4.4.23",
command=["cat", "/data/filel"],

pvolumes={"/data": step2.pvolume}
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Similarly, in figure 3.3 we present the way figure 3.1 gets represented according to the

new version of the DSL. And finally, figure 3.4 is a pipeline graph as shown by the
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Implementation

In this chapter, we give a detailed description of the DSL and the Compiler extension
process. We analyze the obstacles encountered while trying to put our design decisions
into practice and the steps we took in order to overcome them. In addition, we outline
the software patch we wrote to implement important functionality which was missing
from Argo. Finally, we describe in detail the methods and tools used to ensure the

correctness of our code.

Below we have only included a few select segments of code, in order to aid the reader’s
understanding of our implementation. These are written in pseudocode, to dodge the
complexity of some operations, as it is irrelevant to the purpose. The complete source
code regarding the upgrade of Kubeflow Pipelines SDK functionality is available in the
merged pull request https://github.com/kubeflow/pipelines/pull/926.

4.1 Initial Design Document

This section is dedicated to the implementation of our initial design document.

4.1.1 PipelineVolume

At this point, we show the object’s attributes.

name, deps, inputs and is_exit_handler are attributes which are common among

all operator types of the DSL and promotes the uniform parsing of objects by the com-
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piler.

In case users want to mount an existing PersistentVolumeClaim, they need to set
the corresponding argument to the constructor and pvc attribute holds that name or

PipelineParam.

The attributes from_snapshot and from_scratch are used as indicators which help
digging out dependencies, when the instance gets used. These booleans are False

when pvc is set.

k8s_resource attribute is the Kubernetes model describing the PVC which gets cre-

ated or mounted.

When iterating through the PipelineVolumes defined, it is create attribute that
helps detecting whether we need to create a template for that instance. That is, when
from_snapshot or from_scratch are True and the instance does not come out of an

after() call.

class PipelineVolume(object):

name str

deps Set[str]

pvc str

k8s_resource k8s_client.V1PersistentVolumeClaim
from_snapshot bool

from_scratch bool

create bool

inputs List[PipelineParam]
is_exit_handler bool

Code Listing 4.1: The attributes of PipelineVolume class according to the initial

design presented in pseudocode.

Following, we present the method after() of the class.

This method is required in order to create a new instance of PipelineVolume having
its dependencies extended. That way, we bind the volume instance with the tasks ma-
nipulating it. Consequently, these dependencies will be properly parsed when used by

a ContainerOp and the task will run after them.

Moreover, a nice feature we have supplemented the simple implementation of after()



4.1. INITIAL DESIGN DOCUMENT 39

method with is the removal of all the old dependencies which become redundant by

the new dependencies.

def after(*ops):
new_instance = PipelineVolume(
pvc=self.pvc,
k8s_resource=self.k8s_resource,
create=False
D)
new_instance.name = self.name

new_instance.deps

ops

for dep in self.deps:
if dep not implied by any of ops:

new_instance.deps.add(dep)

return new_instance
Code Listing 4.2: The implementation of after() method in pseudocode.
Finally, PipelineVolume class comes with a snapshot() method. This is an easy way
to create a PipelineVolumeSnapshot instance out of a PipelineVolume instance.

Obviously, the task creating the VolumeSnapshot will run after the dependencies car-
ried by that PipelineVolume instance, maintaining the information regarding the

origin of the data contained in the PVC.

def snapshot(nhame, snapshot_class):
return PipelineVolumeSnapshot(
pipeline_volume=self,
name,

shapshot_class

Code Listing 4.3: The implementation of snapshot() method in pseudocode.

4.1.2 PipelineVolumeSnapshot

The structure of PipelineVolumeSnapshot class is quite simpler.
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The attributes name, deps, k8s_resource, inputs and is_exit_hander serve the

same purposes as in PipelineVolume.

new_snap attribute indicates whether this instance refers to a VolumeSnapshot which
is to be created, when True, or it is a reference to an existing VolumeSnapshot in the

cluster.

class PipelineVolumeSnapshot(object):

name str

deps Set[str]

k8s_resource k8s_client.V1PersistentVolumeClaim
new_snap bool

inputs List[PipelineParam]
is_exit_handler bool

Code Listing 4.4: The attributes of PipelineVolumeSnapshot class according to the

initial design presented in pseudocode.

4.1.3 Compiler Handling

In this subsection we present the compiler’s approach simplified, so as not to tire read-
ers with very specific functionalities which would diverge them from the main purpose

of this thesis.

In the beginning, the compiler does some parsing identifying the input parameters and

the implied dependencies between tasks.

Subsequently, the workflow’s YAML composition takes place. The compiler generates
the templates expressing the DAG of the pipeline, following with each operator’s tem-
plate.

_op_to_template() is the function creating the ContainerOp templates. We extend
the compiler with the functions _vol_to_template() and _snap_to_template(),
which append the templates list with those required for PipelineVolumesand PipelineVolumeSnapshots

respectively.

The Code Listings below show the resource templates generated for the creation of

a new PVC and the creation of a new VolumeSnapshot. The manifest field, un-
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der resource field, contains the YAML representation of the k8s_resource attribute

each of the PipelineVolume and PipelineVolumeSnapshot has.

We chose to output as parameters some attributes of the created resource. For the
PVCs, we output their name, whereas for the VolumeSnapshots we export their name

and their restoreSize'.

name: mypvc
inputs:
parameters:
resource:
action: create
manifest:
outputs:
parameters:
- name: mypvc—name
valueFrom:

jsonPath: '{.metadata.name}"’

Code Listing 4.5: The compiler’s generated template for a PipelineVolume instance

referring to the creation of a new PersistentVolumeClaim.

name: mysnap
inputs:
parameters:

resource:
action: create
manifest:
outputs:

parameters:

! The restoreSize is the minimum size required for a PVC to be created by that VolumeSnapshot.
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- name: mysnap—name
valueFrom:
jsonPath: '{.metadata.name}"’
- name: mysnap—size
valueFrom:

jsonPath: '{.status.restoreSize}"

Code Listing 4.6: The compiler’s generated template for a PipelineVolume instance

referring to the creation of a new VolumeSnapshot.

4.2 Final Design Document

Between the two major versions of the design another quite big pull request[31] was
merged. This contained some great work regarding some functionality extension and
major code refactoring. This exposed us to high quality code and actually helped us

improve the code we delivered.

So, similarly to the previous section, here we give a rundown of the implementation of

the merged design.

4.2.1 BaseOp: Noticing the Lowest Common Ancestor of Two Tem-

plates

BaseOp is a new class we introduce. It holds every attribute and method which is

common between all of the Argo templates.

That class may then be the base for every extension regarding the supported templates
of the DSL. As of that time, ContainerOp is the only subclass deriving from BaseOp,

and implements Argos ContainerTemplate.

class BaseOp(object):
name str
inputs List[PipelineParam]
dependent_names List[str]

node_selector dict
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volumes List[V1Volume]
tolerations List[V1Toleration]

pod_annotations dict

pod_labels dict
num_retries int
sidecars List[Sidecar]

is_exit_hander bool

attrs_with_pipelineparams = [
"node_selector", "volumes", "pod_annotations", "pod_labels",

"num_retries", "sidecars", "tolerations"

Code Listing 4.7: The attributes of BaseOp class in pseudocode.

To not diverge from the focus of this thesis, we prefer not to elaborate on the purpose
of all of these attributes, that mostly refer to Kubernetes or Argo specifics. Neverthe-
less, we will mention the attrs_with_pipelineparams motive, a compiler specific

attribute.

A very important job of the compiler is to recursively iterate through DSL entities,
look for PipelineParams (some of which may imply dependencies) and replace them
according to the Argo way of referencing parameters. For that procedure to take place,
the compiler needs to know what fields of each entity should be iterated through. The

attribute attrs_with_pipelineparams serves that cause.

Finally, note that the class BaseOp is just a base class. We have it to avoid duplicate
code and to easily extend and maintain the DSL. Itis also just part of any Argo template.

Hence, it should not be used by data scientists and, therefore, it is not exposed to them.

4.2.2 ResourceOp: Incorporating the New Template

The DSL entity ResourceOp implements another Argo template type: the Resource
Template. It derives from BaseOp, in a similar fashion to ContainerOp, and it is also

a task of the pipeline.

This class is the root of the breaking change we introduce within the scope of the thesis.
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class ResourceOp(BaseOp):
k8s_resource K8sModel
attribute_outputs dict
outputs dict

resource Resource

attrs_with_pipelin_params = (
super().attrs_with_pipelineparams +

["resource", "k8s_resource", "attribute_outputs"]

class Resource(object):
action str
merge_strategy str
success_condition  str

failure_condition str

Code Listing 4.8: The extra attributes of ResourceOp class and the definition of

Resource class in pseudocode.

o The attribute k8s_resource is the representation of the Kubernetes model to

be manipulated.

o attribute_outputs enable the user to request output parameters from that
step. This attribute is a dictionary having parameter names as keys and jsonPaths,
within the Kubernetes resource, as values. By default, we output the resource’s

name as well as its whole manifest, but the user may even overwrite these two.

« outputs is similar to the previous dictionary but its values are the correspond-

ing PipelineParams, in order to use and pass them between tasks.

o The last attribute, attrs_with_pipelineparams, serves the same purpose, as
explained in 4.2.1 and is extended to include all the extra attributes where Pipeline

Params may be found.

« Resource is a class we implemented to match the resource field of the Argo
template. This structure contains everything which is specific to the Argo tem-

plate for a resource. In other words, it contains the information for the action
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to be performed (get, create, apply, delete, replace, patch), the merge_-
strategy in the case of patch, some conditions regarding the success and the
failure of the task and, lastly, the manifest of the resource (that is, the conversion

of the k8s_resource to YAML string).

ResourceOp actually solves the problem we attempt to tackle: the dynamic creation of
resources. Especially PVCs and VolumeSnapshots to perform data management and

data versioning.

Although, it is widely accepted that defining a resource via the Kubernetes client re-
quires a lot of knowledge over Kubernetes as well as boilerplate code. In addition,
there can be no dependency implication having that entity by itself. And, lastly, even

mounting PVCs on tasks requires lots of code and Kubernetes specifics.

We solve all these issues by introducing VolumeOp, VolumeSnapshotOp and some API

extension for ContainerOps.

4.2.3 'What Happened to PipelineVolume?

Following our decision described in 3.4.1, the class PipelineVolume is shown below.

We extended the standard Volume’s attributes with dependent_names (the name was

chosen for the sake of uniformity).

We simplified the creation of a PipelineVolume referencing a PVC using pvc argu-
ment in the constructor. Last but not least, we simplified the creation of a Pipeline
Volume from an existing Volume (or an inherited type) exposing a volume argument

in the constructor.

class PipelineVolume(k8s_client.V1Volume)

dependent_names List[str]

def __init__(self,
pvc,
volume)
Code Listing 4.9: The extra attributes of PipelineVolume class and the definition of

its constructor in pseudocode.
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The method snapshot() is removed as it seemed superfluous, while after() method

is preserved.

def after(*ops):
new_instance = self.__class__(volume=self)

new_instance.dependent_names = [op.name for op in ops]

for olddep in self.dependent_names:
if olddep not implied by any of ops:

new_instance.dependent_names.append(olddep)

return new_instance

Code Listing 4.10: The method after() of PipelineVolume class in pseudocode.

424 VolumeOp

The class VolumeOp makes the common case fast as far as the creation of Persistent
VolumeClaims is concerned. It encapsulates that part of the functionality we have

presented in 4.1.1.

Deriving from ResourceOp, it has the same methods just one additional attribute, the
volume. This is a PipelineVolume, as explained in 4.2.3, which can be used seam-

lessly by ContainerOps.

The difference is focused on the arguments of its constructor, where we expose some of
the PVC’s options and help users define simple resources of this kind. The potentiality

of passing a fully defined specification using the Kubernetes client is available, too.

Finally, we append the attribute_outputs in such manner to get the size of the
bound PersistentVolume as an output parameter. That is the actual size backed by

the PVC and it is always greater or equal than the requested size.

class VolumeOp(ResourceOp):

volume PipelineVolume

def __init__(self,

resource_name,
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size,
storage_class,
modes,
annotations,
data_source,

**kwargs)

Code Listing 4.11: The extra attributes of VolumeOp class and the definition of its

constructor in pseudocode.

4.2.5 VolumeSnapshotOp

Totally similar to VolumeOp, VolumeSnapshotOp is the DSL entity making the cre-

ation of VolumeSnapshots simple.

We still have the VolumeSnapshot’s restoreSize as an output parameter of Volume

SnapshotOp, and it is actually an extra entry in the attribute_outputs.

class VolumeSnapshotOp(ResourceOp):
shapshot k8s_client.V1TypedLocalObjectReference

def __init__(self,
resource_name,
pvc,
shapshot_class,
annotations,
volume,

**kwargs)

Code Listing 4.12: The extra attributes of VolumeSnapshotOp class and the definition

of its constructor in pseudocode.

4.2.6 Compiler Handling

The changes to the compiler regard mostly adjustments and conflict resolving, which

are required because of the big refactoring performed by [31].
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Furthermore, since the DSL entities which refer to templates are derivations from
the same base class, we take advantage of their common structure and differenti-
ate them only when that is needed. In other words, those differences concern the
container and resource parts of the templates. Apart from the resource and con-
tainer specifics, their output parameters are divergent, too. ContainerOps refer to

paths in their filesystem, while ResourceOps refer to jsonPaths.

4.3 Testing

In this section, we present the testing methods used to verify the correctness of all the
functions and their output. The fact that the developers of Kubeflow have put effort on
unit, functional and end-to-end testing has helped us a lot. Actually, this procedure
revealed minor bugs that we eliminated. Consequently, these extra iterations made

our implementation more robust and reliable.

4.3.1 Unit Testing

Unit testing is a level of software testing where individual components of a software are
tested. The purpose is to validate that each unit of the software performs as designed.
A unit is the smallest testable part of any software. It usually has one or a few inputs

and usually a single output.

A testing script is included in Kubeflow Pipelines, which runs a bunch of unit tests on
the DSL entities, using the Unittest[32] testing framework. We had to extend these

by adding some corresponding tests on our newly introduced classes and methods.

4.3.2 Functional Testing

Functional testing is a quality assurance process and a type of black-box testing that
bases its test cases on the specifications of the software component under test. Func-
tions are tested by feeding them input and examining the output, and internal program

structure is rarely considered.
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Another testing script contained in the Kubeflow Pipelines project performs this type
of testing. That script tests the whole, end-to-end, compiler’s functionality. Some
pipeline expressed in Python DSL as well as the correct output in YAML is provided,
then the Python code is compiled and compared to the expected output.

On these tests, we appended some extra pipelines testing all the new compiler features.

4.3.3 End-to-End Testing

End-to-end testing is a technique used to test whether the flow of an application right
from start to finish is behaving as expected. The purpose of performing end-to-end
testing is to identify system dependencies and to ensure that the data integrity is main-

tained between various system components and systems.

Kubeflow Pipelines project owns an infrastructure dedicated to performing end-to-
end tests. This procedure includes compiling all components of the project, perform-
ing unit and functional testing on them and, lastly, compiling and running some pipelines

expecting their success.

These end-to-end tests now also run pipelines containing a subset of the features we

introduced, those able to run on this specific infrastructure.
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Conclusion

In this final chapter, we present a brief synopsis of our work assessing some principal
points of the design process. Following that, we conclude by mentioning a few possible

extensions and improvements that could be developed in the future.

5.1 Concluding Remarks

All in all, the primary goal of this thesis was to implement a design covering our ra-

tionale as described in the section 3.1 Design Rationale and Goals. Despite that, there

was one more underlying goal: to effectively cooperate with developers and users from
all over the world as well as contribute to an open-source project of that scale. We may

now conclude that both objectives were met.

In more detail, regarding the main goal, the DSL extension, we achieved a breaking
change: Kubeflow Pipelines can now run seamlessly with volume support for on-prem
clusters, also enabling reproducible workflows. As a proof of concept for our imple-
mented rationale, a number of organizations are using the feature we implemented,
such as Cisco, IBM and Seldon, as well as private users. In addition, more and more
people get to use it day by day. This was a result of the process, which included agree-

ing on a communicated a design document that the whole Kubeflow community em-

braced.

As far as the second goal is concerned, the collaboration, it was a first time experience

including constructive stress. Nevertheless, it was edifying and wonderful.
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5.2 Future Work

Although we have implemented a couple of enhancements to the User Interface (UI),

upgrading the overall User Experience (UX), there is room for more development.

In addition, we can create additional classes, deriving from ResourceOp, to facilitate
the creation of other Kubernetes resources that are useful to data scientists. For in-
stance, a TFJob is widely used to run training jobs on Kubernetes. We could imple-
ment a TFJobOp following the same principle. That is making the common case fast,

while allowing the definition of a complete resource specification.

Moreover, we should look for integration with Kubeflow Metadata service [33]. This,
among others, keeps track of workflow executions and their inputs and outputs. These
may be referencing input and output volume snapshots which could then be explored

with just one click.

Finally, the logic behind our design paves the way for further features covering more
Argo functionalities. For example, Argo has a template type to run a script and gather
its results, without having to create an image containing this script and then requesting
a container running it. That sounds really useful for machine learning scientists. We

just need to verify this guess and design it with their help.
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