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ITepiAnyn

H pnyxavikr pabnon (MM) eival onpavTikn yia TG enixelproelg, ylati fonddet otny e-
TiAvoN oA WY TTPOPANUATWY, EVA 1) TOLOTHTA TWV AVCEWY TTOV TIPOTPEpeL avpPadilet
HE QUTT TWV XAPAKTNPLOTIKWY IOV XPNOLLOTIOLOVV Ta ovTéAa MM. Otemotrpoveg de-
Sopévwy KatamavovTal e TNV VAOTIOINOT powv epyaciag mov vooTnpilovy 0AOKAN PO
Tov kUKo {wng TG MM, pépog tov omoiov agopd T dnpovpyia kat T didbeon xa-
PAKTNPLOTIKWV KATA TNV eKTaidevon HovTEAwy kat TNy egaywyrn ovpnepacpdtwy. Ta
XAPOAKTNPLOTIKA eivat peTaPAnTég el0080v oe éva povtého kat eivat ovviBwg akatép-

yaota dedopéva mov avanapiotavral f KwOIKOTOLOUVTAL € SLAPOPETIKEG LOPPES.

H dwadikaoia avtn amattei moAd xpovo kat mpoonddeta kat cvvendyetat Sidpopeg Tpo-
KAnoelg. Ot mnyég Sedopévwy Exouv SLaQOoPETIKA XAPAKTNPLOTIKA Kat amattodv Stago-
pETIKEG TipOOEYYioelg oTnV katavalwon kat T Stayeipton Tovs. EmmAéov, n Sabeon
XAPOAKTNPLOTIKAOV [LE CUVETT TPOTIO 0TN XpovoPopa ekmaidevon poviéAwy kal Tny a-
otpamiaia eaywyn ovpnepacpdtwy givat SOOKOAN kat odnyei ouxvd oto TPOPANuUa

™G oTpéPAwong petald ekmaidevong kat StdBeong evog povtélov.

Eva anoBetnplo xapaktnplotikwy, 0nws to Feast, Aovel avtég Tig mpokAroelg Tumo-
TOLWVTAG TOVG OPLOUOVG TWV XAPAKTHPLOTIKWY, KATAXWPWOVTAG TA O £VaL KEVTPLKO a-
noBeTtrpto kat kavovtag ta Stabéoipa e ovvémela katd TNV eknaidevon HovTéAwy Kat
v efaywyn ovpunepaopdtwy. H evowpdtwon tov oto Kubeflow emttpénet tnv kowvn

XP1OT KAl EMAVAYPNOUOTIOINOT AUTWV altd TOAAOVG XPTOTEG Kot OpASEG.

H \on pag petatpénet to Feast o€ éva ve@o-eyyevég ovotnpa mehdtn-e§unmpetnty.
Anguovpyovpe évav dakopot REST API nov Siayepifetat kar amoBnkedel Tovg opi-
OHOVG XApAKTNPLOTIKWYV Kat Ta peTadedopéva Toug oe moukieg Paoeig dedopévwv SQL
ot omoieg vooTtnpilovrat uéow Tov pnxaviopov Object-Relational Mapping (ORM). E-
A€oy, emPdAlovpe éleyxo mpooPaong pe Tov unxaviopno RBAC tov KvPepvrtn kat

emekteivovpe Tov mehatn tov Feast wote va xprotpomnotei to véo APL

Aé€aic-KAeidid

Feast, amoBetnplo xapaktnplotikwy, Kubeflow, Kubernetes, Stapotpacpodg xapaktnpt-

OTIKWV, CUVETIELDL XAPAKTTPLOTIKWY, UNXAVIKT] LAONOT), VEQOG
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Abstract

Machine learning (ML) is a core piece of businesses’ daily life, as it proves to be valuable
for solving various real-world problems. What is more, the quality of solutions it offers
goes hand in hand with the quality of data and features used by ML models and ap-
plications. Data scientists put a lot of effort in designing and implementing workflows
that support the entire ML lifecycle, a large part of which deals with creating and ex-
tracting features from raw data, as well as serving these features during model training
and inference. Features are variables that act as input in a model. They are usually data
represented or encoded in different forms, but we can also find them in the form of raw

data.

This part of the process requires a lot of time and effort and entails various challenges.
Data sources have different characteristics and require different approaches in their
consumption and management. In addition, making features available both for time-
consuming model training and lightning-fast model inference in a consistent way is

tough and may result in the very common training-serving skew problem.

A feature store such as Feast can solve these challenges by standardizing feature defini-
tions, registering them in a central repository and making them consistently available
during model training and inference. Integrating a feature store into Kubeflow, which
is a complete ML platform, also allows sharing and reuse of features by multiple users

and teams.

The solution we propose turns Feast into a cloud native client-server system. We create
a REST API server which manages and stores all feature definitions and their metadata
in an SQL database. We support different SQL databases through the use of Object-
Relational Mapping (ORM) mechanism and we enforce access control using Kubernetes
RBAC mechanism. Finally, we extend the Feast client to use the new API in order to

access feature definitions through the server.

Keywords

Feast, feature store, Kubeflow, Kubernetes, features sharing, features consistency, ma-

chine learning, cloud
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AvtiIIpoAoyov

2e avtd 1o onueio Ba Bela va gvxaploTow OAovg 6GOVG CLVEBANAY OTNHV EKTTOVN-
on avTng TG SimMwpatikng epyaciag, n onoia kat onpatodoTel To TEAOG TWV TPOTTL-
Xtakwv omovdav pov otn ZxoAn HAektpoAdywv Mnxavikwv kat Mnyavikwv YmoAo-
yotwv. ITapdAAnia, Ba 6eda va evxaplotriow 06Aovg 6covg fTav SimAa Hov o€ avT
Vv MevtaeTh mopeia kat pe fondnoav va e§eAxdw wg emoTHHOVAG, WG UNXAVIKOG Kat

Kupiwg wg avBpwmog.

Apyikd, evxaplotw Tov emPAénovra tng Simwpatikng epyaciag pov, Kabnyntn Ne-
ktapto KoQbpn, mov pe elonyaye yia Tpwtn ¢opd 6Tov KOOHO TWV VTOAOYLOTIKWYV GL-
oTNHATWY Kal e wBnoe va aoyxoAnbw pe avtd. Eva peydlo evxaplotd opeilw kat otov
Avaminpwtiy KaOnyntr Tewpyto Tkovpa mov kata@epe akopa kat pe tny €§ anootd-
oewg didaokalia, oTov SuoKolo Katpd TNG Tavdnuiag, va evioxvoet To evELapéPov Hov
ylat To UTTOAOYLOTIKA CUOTIHUATA KAL VO PE KAVEL VAL Ayamnow tOLaiTepa Ta AELTOVPYIKA

ovOTHHATA.

Eexwploth avagopd 0éAw va kdvw otov Adaktopa Bayyéhn Kovkn mov amotéleoe
OTUEIO KAYUTNG 0T QOLTNTIKY HoL Topeia. OxtL Hovo e ékave va AaTpéyw Ta AetTovp-
YtKa cvoThpata, aAld Aeltovpynoe kat wg pévtopag petalapnadebovtag o tdbog Tov
yla autd o€ péva kat Stapopewvovtag kKaboploTikd Tov TpOTo OKEYNG OV WG UnXaVvL-
kov. Tov evxaploTw emiong mov Hov €dwoe TNV gvKalpia va EKTOVIOW Tr SITAWHATIKT
Hov wg péhog tng Arrikto, va épBw o€ emagr| pe e§atpeTikovg UNXavikovg Kat va Kata-
TAoTw e Texvoloyieg atxung. Exel, ovvepydotnia kat pue Tov Stefano Fioravanzo tov

0Toi0 EMMIONG EVXAPLOTW Yiat TNV LTTOOTHPLEN kat TNV kaBodnynon kabokn tn Sidpketa

ix



auTig TG SIMAWHATIKNG epyaciag, aAld kupiwg emetdn pe épabde va epyalopat emay-

YEAHATIKA WG HEAOG pLaG OPASAG HNXAVIKWY AOYIOHIKOD.

K\eivovtag, BéAw apyikd va evxaploTnow Tovg @ilovg kat cuvodolmdpovg mov eixa
KATd Tn QottnTikn Hov (wr), kat taitepa Tov BaoiAn kat tov Opgéa, e Toug omoiovg
HotpaoTnka TOAAEG wpaieg oTtypég ov Oa Bupdpat yia mavta. Tédog, evxaplotw 6Aovg
600VG Bewpw okoyEveld pov alAd TpwTioTwg Tovg yoveig pHov, Nwpyo kat Olya, kat
Ta adépela pov, Bopwva kat Qwtetvr), mov nrav kat eivat dimha oe kdbe mpoomdberd

Hov.

Kwvoravtivoc Hanaiwdvvou

TovAiog 2022
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Elwoaywyn

To mpato KePaAalo £xel wg oTdX0 va Béoel To mMAaiolo TG Tapovoag SUTAWUATIKNSG.
Apxika, Tapovotdlet Ta kiviytpa ov odnynoav ot Stepedvnon Twv anobetnplwv xa-
paktnploTikwv (feature stores). Xtn ovvéxeta, mpoPariel Ta TpoPAnpaTa TOV GTOXEVEL
va emAvoeL i OAn mpoomafeta kabwg kat TG vITApXoLVoeG Avaoels. TéAog, mapovotadet pe

OLVTOIA TNV TPOTELVOHEVT ADOT).

1.1 Kivntpo

2116 pépeg pag, Ao Kat meplocdTepot avBpwmot epmAékovtat ot Stadkacia avantu-
€nG 1 TOLAAXLOTOV XpNOLHOTIOLODY KaBNHEPIVA eQapHOYEG PNXaVIKNG pdbnong (MM),
kaBwg amodetkvoetat moAvTIHO epyaleio yia Ty emilvon oOvOeTwv TpoPAnpdTwY TOV
TPAYHATIKOD KOoUoL. QoTd00, Ta popTia epyaciag kat ot Stadikacie¢ MM @aivetat
va mokiAovy ota Stapopa otddia fag epappoyng (avamtuén, xprion, ovvtipnon).
ZUVENWG, | TAPOXT TWV KATAAANAWY CLOTNHATWY KAl EPYAAEiwV Yla EMOTAOVEG Oe-
Sopgvwy Kat HnYavikovs, WOTE Va KATAOTOVY Ta QopTia epyaciog mo amodoTikd Kat ot

Sadikaoieg amlovoTtepeg kat PLwoipies, eivat dLaitepng onpaciag.

KvkAog Zwng kot Poég Epyaciag Mnxavikng Madnong

Eppabivvovtag otig kaOnpepivég Stadikaoieg Twv EMOTNUOVWY KAL TWV UNYAVIKOV TT0L-
patnpodpe 0Tt epydfovtat TavTa mévw oTov oXeSlaopo Kal TV LAOTIOINOT powV €p-

yaoiag mov vtoatnpifovv oAdkAnpo tov kVkAo {wing Tng MM. Mia vynAov emmédov



2 KEQAAAIO 1. EIXAI'QI'H

EMOKOTINOT UG TUTIKNG por|G epyaciog MM mov mpoomabdei va tauptdel otov khkAo

{wng pag epappoyng MM eivat n akohovon:

Data Data

Collection & —————»| Exploration & ——————» JETﬁH I —H;aturg |
Ingestion raw data Analysis | Selecteddata | Validalion | validated data | Engineering
features
f Y Model
| r-.lt:nde_l r.mde_l Building & <]
Packaging best modsl Evaluation madel Training
aining
candidate
artifacts
[,  Model Model p.
—> - —_—
Deployment inference Monitoring stats ‘&j
service

Ixnua 1.1: Tomxs Poyp Epyaciag MM

H napanédvw por| epyaociog mepthapPfavet moAamhd fripata kat pnopel va xwplotel oe

TPELG KVPLEG ETUHEPOVG POEG EpYQTiag:

« Porj epyaciag deSopévwv
« Porj epyaciag povrélov
« Pon epyaoiog e§umnpétnong

Kot ot tpetg empépovg poég epyaciag amattovy dlapopetikd eidn texvoyvwaoiag kat €t-
Sikwv deflotrtwy, kabotwvtag TNy avdntvén kat Ty Aettovpyia OAOKANPNG TNG POT|G
epyaoiag d80okoAn kat xpovoPopa. Ynobétovtag 0Tt pia 1) meplocoTepes opades avlpw-
nwv gpydlovtatl oe kabéva and avtd ta Tpia pépm, n evaoxoAnon pe avta avefdptnrta
elvat amapaitntn kat Aettovpyei wg peydAo kivytpo otny mpoonddeta BeATioTONOINONG

Twv powVv epyacioag MM.

MLOps kat Bétioteg [Ipaxtikég

Ta televtaia xpovia €Xet EUQAvIoTeL pia véa Tpocgyylon mov ovopaletat MLOps kat

npoomafei va avTigeTwioeL TIG TPOKANOELS OTIG POEG epyaciag Kal Ta cvoThpata MM
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epappolovtag tig apxés DevOps [27] og autd. AvTtr 1 TpOGEYYLOT EivaL 0TV TIPAyHOTL-
KOTNTA Piat KODATODPa Kot TIPAKTIKE HnXavikng 0T MM mov otoxevel 0TnV evomnoinon
™¢ avantvéng (Dev) kat tng Aettovpyiag (Ops) [16] cvotnpdtwv MM. H avtoparto-
noinon kat mapakoAovdnon oe OAa Ta 0TAdIA pLag TVTIKNG pong epyaciac MM Bewpov-
vTatL HeTagD TV PEATIOTWV TIPAKTIKWYV YLt THV Amoguyn Kovav mayidwv mov ouvhBwg
TEPLYPAPOVTAL WG TEXVIKO Xp€og TG MM [14]. H akolovbnon BéAtioTwv mpakTikwy
yta TNV amAomnoinon moAVTAOKwWV Stadikacldv Kal TNy mepatépw PeATiwon Twv powv

epyaoiag MM eivat €va akopa KiviTpo TnG mapovoag SIMAWHATIKAG.

1.2 Awronwon [IpofAnpartog

Ot poég gpyaoiag pnxavikng dedopévwy (1] HNXAVIKAG XApAKTNPLOTIKOVY) €ival ovvh-
Bwg éva onuavTiko koppdtt piag pong epyaciag MM, kabwg Ta XapakTnpLoTika Kal Ta
dedopéva yevikd éxovv efatpetikd onpavtikn afia ya tny enttvyia evog povtélov. H
Snovpyia vEwv XapakTnploTkwy amattel TOAAR Tpoonddeta kat XpOvo, EMOUEVWE N
EMAVAXPNOLHOTIOMNON KAt 0 Stapolpacpog Tovg ivat (wtikng onpaciog. EmmAéov, ta
XAPOAKTNPLOTIKA TIOV TTAPAYOVTAL TIPETIEL VAL XPNOLHOTOLODVTAL TOCO Yl TNV ekTaidev-
on evog povtéhov (PA. Por epyaciag povtéAlov) 600 kat katda tn Stdpketa TG e§aywyng
ovpnepaopatwv (PA. Por epyaciag eEumnpétnong) pe cuvenn tpomo woTte va anoged-

yetat n otpéPAwon petald exmaidevong kat Stabeong evog Lovtédov.

ITpokAnoeig Zvotnuatwv Mnxavikiig Madnong

E€etalovtag mo mpooekTikd yloti ) Snovpyia xapakTnpLoTIKOV KAt 0TI CUVEXELA T
egunnpétnon eivat SOOKOAN, TO TPWTO TPAYHA TIOV TTAPATNPELTAL Eivat 1] TTOKIALA TV
mywv edopEVwY amd TIG OToleg TIPOEPXOVTAL AVTA Ta XAPAKTNPLOTIKA. Ot mryég de-
Sopévwv déoung (batch) 1§ ponig (stream) kabwg kat éva peiypa kat Twv dvo eivat mo-
AU ovvnBiopévo 0TI epappoyEg axung otn MM. Eivat mpo@avég 0Tt avtég oL mnyég
€YOUV SLAQOPETIKA XAPAKTNPLOTIKA OCOV a@opd TNV ToldTNTA Twv dedopévwy 1 TN
@peokdda Tovg. Ia mapadetypa, pa mnyn déoung, omwg pia anodnkn dedopévwyv (data
warehouse), meptéxet LoTopikd dedopéva Xpovooelpwy Tov SnULoVPYoLV €va TATPEG L-
OTOPLKO EVOG XAPAKTNPLOTIKOD, eV pia YN pong Statnpel povo dedopéva mpaypott-

KoL XpOvov. )¢ anmoTéAEOA, Ol AEITOVPYIEG TTOVL UTTOPOVV VA EKTEAECTOVY OE AUTA TA
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dedopéva eival emiong evteAws SlapopeTikes.

ZvveyifovTtag, auTd Ta XapaKTnpLOTIKA HTopei va xpetaoTtel va vtohoyilovtat oe Stago-
PETIKA XPOVIKA SLaoTrpaTa 1} akOUn Kal Katd T oTiypun pag tpoPAeyng, emopévwg To
va Tpéxel pia Stadtkaoio mapaywyng XapakTnpLoTIKOV o€ SIaPOPETIKEG XPOVIKEG OTLY-
HEG amautel TepdoTia TpoontdBeta kat pmopel va avfioet onpavtika to Xpovo pofAe-
yng. Kata ovvénela, amatteitar amoocvvdeon g Snpovpyiag XapakTnploTIKWY and
TNV KaTavalwon Tovg oTa ovothpata napaywyns MM. Ta véa epotipata mov mpo-

KOTITOVV €lvat:

o 1600 ovXVA TIpEMEL Vo SNLOVPYOVVTAL XAPAKTIPLOTIKA;

o ITolwa eivat 1 0x€0M KOOTOVG-AMOTEAECHUATIKOTNTAG;

AxolovBet to oA cuvnBiopévo mpoPAnpa TG oTpéPAwong petald exmaidevong kat
d140eong evog povtélov [24]. AvTo eival To anoTtéleopa TG anoTvyiog va mapéxovtat
Ta ilo XapakTNPLoTIKA TO0O yla TNV ekmaidevon 600 kat yia v e§aywyn ovpnepa-
opdTwv Adyw NG dnpovpyiag dvo StagopeTikwy VAOTOLNoEWY yla TN dnpovpyia xa-
PAKTNPLOTIKWYV. Miag vAomoinong mov ovviiBws ovpPaivel oe CUYKEKPLUEVA XPOVIKA
Staotnpata kat pag GAAN mov ekTeleiTal 08 TPAYHATIKO XpOvo Katd Tn Stdpketa kdbe

AUTAHATOG TIPOPAEYTG.

Aedopévov OTL 1 avanTvdn XapakTnpLoTKOY givar xpovoPopa, n Stacedlion oTL Ta
XAPAKTNPLOTIKA TTOV STULOVPYOVVTAL EiVAL TUTIOTIOLNHEVA KAl OTL UTTOPOVV Va £XOVV V-
KOAN TpooPaon oe avTd TOANOL ETOTHHOVEG Kat pnxavikoi dedopévwv eivat pia aAAn
npokAnon. H éAenyn TpOTwV KOLVHG XPHIONG XAPAKTNPLOTIKOV KAl OLVEPYATiag EXeL
G anoTéAeopa TNV LIEPPOAIKT EMAVAAYN TWV ISLWV XAPAKTNPLOTIKWV HECA O OUA-

deg KaL opyavIopovG.

Téhog, 1 Stao@dAion TG modTNTAG TwV deSOpEVWY TTOV TTAPEXOVTAL OTA HOVTENA ATTO-
telel emiong mpokAnon. Epwtrpata 6mws ”Aappavel To povtélo pov ta owotd dedo-
Héva kat e€akohovdei va Aettovpyei owotds” 1) "Ynp&e andkion ota dedopéva pe Ty

ndpodo Tov xpdvov;” eivat ToAd ovvnOiopéva ota ovoTHpata Tapaywyng MM.

Zvvoyilovtag, ot 4 KVpLeg TPOKANOELG IOV OTOXEVEL VA AVOEL, 1) TOVAAYLOTOV VA ELWOEL

TIG APVNTIKEG ETUMTWOELG TOVG 1 TTpooTtdfeta avtig TG StmAwpatiknig eivat ot e&ng:

o Anuiovpyia powv XapaKTHpLOTIKWOV
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« Yvvenng mpooPaon ota dedopéva
o AUTAOTUTIAL XAPAKTTPLOTIKA

o Alao@dhion tng moldtnTag Twv dedopévay

1.3 Ymapyovoeg Avoelg

Méxpt onpepa, pa mAnbwpa épywv kat opyaviopwv €xovv mpoomabnoel va avanto-
Eouv T1G O1kéG TOUG ADOELG YLa TV AVTIHETWOTILON TWV TTPoavaPepOEVTWVY TIPOKANOEWY.
Ot 18ée¢ kat Ta TPOidVTA IOV £XOVV SNLLOVPYTOEL ATTOTEAOVV éva eEALPETIKO OTLLELO €K-

KIVIOTG YL VA KATAVOTCOVIE TNV a&ia IOV @E€PVouV 0ToV KOOUO TG MM.

M ateoppa Mnxavikng Madnong Michelangelo

To Michelangelo [23] tng Uber rjtav ovotaotikd n mpwtn oAOKANpWHEVT TAATQOpUA
MM mov dnpovpyndnke yopw oto 2017 wg avaykn yla TV AVTLIHETWTILON WLAG TELPAG
TPOKAT| oWV IOV oxeTI{ovVTaL e Tr Snuiovpyia kat TNV avdnTvén ToAvapOuwWY pHovTE-
Awv pnxaviknig padnong oe khigaka. Katd tn Sidpkeia twv mpwtwv etwv g Uber
oL emoTHHOVEG dedopévwy Xprolpomolovoay dtagopa epyaleia yia tn dnuovpyia po-
VTEAWV KOl Ol UNYAVIKOL KATAOKEDALaV HEHOVWHEVA OVOTHUATA TTPOCAPHOOHEVA YiaL
™ Xp1ion avTwv TV povtéAwv otny mapaywyr. To Michelangelo tunmonoinoe tig poég
epyaociag kat Ta gpyaleia petald Twv opddwv mapéxovtag éva OAOKANpwEVO oVOTNHA

mov BoriOnoe oty evkoAn dnpiovpyia kat Aettovpyia cvotTnuatwy MM og kAipaka.

H dnpovpyia kaAdTepwv CLOTNHATWV Yo TN SLaxeipLomn Kat TNV KOV Xprion powv xa-
PAKTNPLOTIKWV HTAV €V ONUAVTIKO [€poG Tov OAov ovothpatog. 'Etot yevvhOnke o
opog Feature Store. Ot pnyavikoi tng Uber dnuiovpynoav éva mAnpeg ovoTHHA Yla TN
dnovpyia powv dedopévwy mov Snuovpyodv xapaktnpLloTikd kat oeT dedopévwy To-
00 yta TV ekmaidevon povtédwv 600 kat yia tpoPAéyels. Ilpocbeoav emiong éva emime-
do Staxeiplong dedopévwy Tov eMETPeE GTIG OUASES Va potpdovTat, va avakadmtovy
KAl VoL XP1OLHOTIOLoVV Teplocotepa amd 10.000 xapaktnploTikd, Ta omoia viroloyilo-
VTal kat gvipepwvovTtal avtopata kabnueptvd. Télog, dnpovpyndnkav epyaleia ma-
PAKOAOVONONG XAPAKTNPLOTIKAOV TTOV TIAPATNPOVV TN ONHACI0 EVOG XAPAKTNPLOTIKOV

o€ éva LoVTENO padi pe Staypdppata peptkng e§APTNONG KAl LOTOYPAUATA KATAVOLTG.
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Ixnua 1.2: Avagopd Xapaktypiotikot
Mateoppa Xapaktnpiotikwv Tecton

H Tecton 15p00nke anod pa opdda avOpwmwyv mov dnpovpynoav to Michelangelo tng
Uber. Avti va eotialet oe ohoxAnpn ) Stadikacio MM, mapéyel fua EToin mAat@opua
XAPAKTNPLOTIKWYV YOl ETLXELPTIOELG, 1) OTIOLA £XEL KATAOKEVAOTEL Yl VAL EVOPXNOTPWVEL
Tov AP kKUKAO {WNG TWV XAPAKTNPLOTIKWY, ATO TOV HETATKNUATIONO WG TNV ATTEL-
Oeiag SaBeor) Tovg [28]. H Avon avoiktov kwdika mov cvpPdaAlet evepyd n Tecton eivat
to Feast, To omoio Ba amoteAéoel kal TO eMKEVTPO TNG TAPOVOAG SUTAWUATIKAG EpYaL-

olag.

Tecton

Feature Platform for ML

Monitoring

Real-time Sources Online Inference

‘ Feature Pipelines Feature Store &} %ﬁ
—— (-4

Batch Sources Offline Training
A 5‘0‘2 . * @ /tearn XGBoost 'f'
ar Feature Repository
Compute & Storage
Sk % a *
204
ar i

Ixnua 1.3: Apyirextoviky) Tecton
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H Tecton emttpémnel otovg Xprioteg va opifovv kat va Staxetpilovrat xapaktnplotika
xpnotponolwvtag kadika oe éva anobetrpio git. Tovg Pondaet va voloyifovv kat va
EVOPXNOTPWVOUV AUTOUATA PETACYNHATIOHOVG XAPAKTNPLOTIKAOY, kabwg Kal va armo-
Onkevovv pe ovvénela Ta online kat offline dedopéva twv xapaktnplotikwy. Téhog,
@povtiCel yia v anotekeopatikn Stdbeon TWV XAPAKTNPLOTIKWOV TOGO KATA TNV €K-

Taidevon 600 KaL KATA TNV e§aywYr OVUTEPATUATWY.

Anofetnpro Xapaktnprotikwv Vertex Al

To Vertex Al mov avantdxOnke and tnv Google eivar pa dAAn mAatgoppa MM mov
OTOXEVEL OTNV TAXVTEPT KATAOKELT, avamtuén kat kKAHakwon povtédwv MM, e mpo-
ekmatdevpéva Kat Tpooappoopéva epyaleia. MEpog avtng NG TPWTOTOPLAKNG TTAAT-
Qopuag eivat éva anobetnplo xapaktnplotikwy. To amoetrplo xapakTnploTik@V TNG
Vertex Al mapéyel éva kevtpikod anobetriplo yia tnv opydvwor, amodrkevon kat Stade-

on Twv Xapaktnplotikwv MM [15].

Meta&d aAAwv mheovekTnuatwy, Tapéxet éva Staxelpllopevo eminedo anevbeiog S1dbe-
ONG XAPAKTNPLOTIKWY, UNXAVIOHOVG EVTOTIOHOV amodkAlong Sedopévwy Kat avtopatn
ovvtpnon dedopévwy, SlatnpwvTag TI§ TIHEG TWV XAPAKTNPLOTIKWY @péokes. EmmAé-
oV, eMPAANEL TOCOOTWOELG KAt OpLaL Yia TNV ATOTEAEOUATIKT Slaxeiplon Twv MoOpwv TO-

00 0710 eminedo S1d0eonG XAPAKTNPLOTIKWY 0G0 Kat 0TOo eminedo dedopévwy.

E§atopukevuéveg Avoeig

Avt) TN oTypr}, OA0 Kat TEPLOCOTEPOL OPYAVIOUOL Kat UEYANEG eTALpEieg TeExVONOYiag
gxovv OnpLovpynoet TG SikéG TOVG TPOCAPUOOHEVEG AVDOELG Yl TNV eMAVOT HEPOLG )
OAwV TV TPoKAN oWV IOV ava@épOnkav mponyovpévws. AkolovBei évag katdhoyog

He TiG 1o ovvnOopéveg AVoelg:

Amazon SageMaker Feature Store Rasgo
Databricks Feature Store Scribble Data
Hopswork Feature Store AirBnB Zipline

Linkedin Feathr FBLearner Flow
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Spotify Jukebox Feature Store Salesforce Feature Store

Apple Overton Netflix Metaflow

1.4 Ilpotewvouevn Avon

Evowpatwon Feast otnv [TAat@oppa Kubeflow

2KoTOG TNG Tapovoag SIMAWUATIKAG eivat 1 EVOWUATWON eVOG amobetnpiov xapaktn-
PLOTIKWYV UETA OF [ vTTdpyxovoa TAaT@Oppa MM, oty mpokelpévn mepintwon to Ku-
beflow. To Kubeflow eivat ndn pa kald avantoypévn kat ouvtnpoOdpevn TAat@oppa
avotktol kKwdika, aAld e§akolovBei va Aeimet évag Tpomog Staxeiptong dedopévwy kat
XAPOAKTNPLOTIKOV ard avth. H evowpdtwon tov fe éva anobeTnplo XapakTnploTikwy
Oa emxelprioet va Avoel OAeG TIG TPOKANOELG TTOV ava@épBnkav mponyovuévwg kat Ba
npoonadnoel va amoovvdEoEL OVOLACTIKA TN pOT) epyaciog TngG pnxavikng dedopévwv
amnd TG pogg epyaoiag ekmaidevong HovtéAdwy kat e§ummpétnong povtédwy (PA. Zxnua
1.4). Emm\éov, Ba Ponbnoet Tovg Xprioteg va kdvouy TG poég epyaciag MM amhov-

OTEPEG, TILO POPNTEG KA TILO ETTEKTACLLEG.

H xpnon tov Feast wg 1o emheypévo amobetrplo xapaktnploTikwy éxel TOAAA mAeo-
vekTrpata, kabwg eivat avoiktov kwdika kat ev Baciletat oe Texvoloyieg 1) vToSouég
ovykekpipévov mpoundevtwy. Eivar akptBwg o katdAAnlog voynglog kabwg €xet &-

Tiiong ToAA0UG avBpwmovg Tov oVAEDOVV G AVTO KAl ia EVEPYT KOLVOTNTA.

[a tnv emtvyn evowpdtwon tov Feast oto Kubeflow, To pntpwo (Registry) tov a eme-
ktabei. O 01d)0G eival va epappootovyv eAdxLoTeg aAlayég oTov LTTAPXWV KOSIKa Kat
va aglomonBei 660 T0 Suvatdv TEPLETOTEPO O PNXAVIOHOG TTPOGDETWY TTOL TTPOTPEPEL
10 Feast. Tia o Adyo avto, Ba SnuovpynBei évag meddtng (client) mov Ba xetpietar -
Aeg 116 aAAnAemidpaoeig pe o véo puntpwo. To puntpwo Ba eivar €vag Sraxopotig REST
API mov Ba givat vreKBVVOG Yo TV ATOBNKEVOT TWV OPLOUWY TWV XAPAKTNPLOTIKWY
Kal TV OXeTIKOV petadedopévwy ot pia Pdomn dedopévwv SQL, kabwg kat yio TV emt-
BoAr| unxaviopwv eXéyxov tpooBaong. Ailet va avagepBOei To yeyovog 0Tt avtd To véo
eldog unTpwo eivat uépog Twv TpexdVTWV 0TdXWV ToL Feast kat katt mov {nreitat diai-
TePA ATO TOVG eVEPYOVS XPNOTEG. TeAkOG OKOTIOG elval TO VEO PNTPWO va tpoopepDei

0TO £pYO AVOIKTOU KWASIKA KAl VO TO KATAOTIOEL AKOUN TTLO EVEAIKTO KAl EMEKTATLUO.
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Data workflow
Data Data -
Collection & ———». Exploration & ————» 331:’1!“ faturg
Ingestion raw data Analysiz | Selected data | Vallidation | vaiigated data | ENGIneering

features

v
‘@ FEAST‘
] L

h 4

Model

Building & Model Model

> :
Training model Evaluation hest model Packaging

- candidate
v Model workdlow
Model Model
Deployment | inference Monitoring Stats
service

Serving workflow
Ixnua 1.4: Aitwonaouévy Poyy Epyaciag MM
1.5 Aoun Aummwpatikig Epyaciag

To vrtohowno g Tapovoag StmAwpatikng StapBpwvetat wg &ng:

KegdAato 2: Emokonnon vynAov emmédov xpropwy texvoroylov, dpwv kat

EVVOLWV

« Kegalawo 3: ITAnpng mapovoiaon tng Tpéxovoag apxitektovikng Tov Feast kat

NG oXedlaong Twv vEwV OTOLXEIWV TOV

o Kepalawo 4: Eidikég Aentopépeleg VAOTOINONG OXETIKA [E TA VEQ OTOLKEIQ TTOV

Ba dnpovpynBovv

o Kepdhato 5: Zvpnepaopatikég mapatnpnoelg kot mbavo peAlovtiko épyo
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YnopPaOpo

AvT6 10 KePAAaLo TAPOLOLACeL pia VYNAOD EMIMESOV EMOKOTNOT OAWV TWV TPOATTAL-
Tovpevwy yvwoewv. H Pacikn katavonon Twv akolovbwv evvolwv kat TexvoloyLwv
elval amapaitnTn ylo TNy Katavonon Twv TUNHATeV oXedlaopob Kat bAomoinong oav-
6 6 Simhwpatikng. Tia apyn, e€nyei Tovg meptékteg (containers) kat tov KuPepvim
(Kubernetes), kaBw¢ ta mévta TpEXOLY TAVW 08 AVTOVG. TN CUVEXELA, TTAPOLOLALeL TO
Kubeflow, pa mAfpng miat@oppa MM mov alomotel tov KuPepvrtn ya tnv vtootn-
pt&n oAdKAnpov Tov KVuKAoL (wrig TG MM. Télog, meptypagpel Ta Baoctkd otolyeio Kat

TIG Aettovpyieg vog amoBeTnpiov XapakTnpLOTIKWY.

2.1 Ilepiexteg

211G U€peg pag, oL TteptékTeg (containers) eivat 1) o SUOPIATG LOPPT| ELKOVIKOTIOINOTG
Aettovpykov ovotnpatog. ITpokettat yia ekteréotpeg Lovadeg AOYLOUIKOV OTIG OTIOleg
TePLEXETAL 0 KWAKAG TNG eQappoyne, Hali pe TG PPAtodnkes kat Tig e€aptroelg Tov,
€TOL WOTE va umopel va ekteheotei o TOAAmAA eptBaAAovTa, OTwG TO VEPOG 1] €vag
npoowTikdg vtoAoytotig [18]. TToAamhoi mepiékteg umopovv va ekteAovvTal 0TO -
810 punxdvnpa kat va potpdfovtat Tov muprva Tov AELToVPYLKOD OVOTHRATOG pe AAAOVG
TePLEKTEG, KaBévag amd Tovg omoiovg ekTeAeiTal WG amopovwpévn Slepyacia 0To Xwpo
XPNoTn. AvTéG ot Stepyaoieg eivat emiong eEAaQPLEG, ATOSOTIKEG Kat POPNTEG, EMITPETO-

VTag TNy TAR P a§LOTIoINoT TWVY LTTOKEIIEVWY TTOPWY TOV HnxXavipatog [1].

T TY KAV TEPT KATAVONOT) TWV TIEPLEKTWY, G SoVHE WG dtapépovv and Ti§ mapado-

Olakég etkovikég unxavég (VM). Ta VMs eivau pia agaipeon tov guaotkov vAtkov (CPU,

11
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HVHUN, amoOnkevon KAT.) evw oL TEPLEKTEG eival Pia a@aipeat) oTo eminedo epappo-
YWV, ZTnVv mpwTn TEPInTWon, aflomolodpe Evav VTEPETOTTN Yia TNV EIKOVIKOTOINOT
TOL QUOLKOD VAKOD, emopévwg kabe VM mepiéxet éva @ulogevoipevo Aettovpytkd ob-
OTNHA, €£Va EIKOVIKO avTiypa@o TOL VALKOV OV amalTel TO AELTOVPYLIKO GVOTNHHA Yia
va tpéket, padi pe a epappoyn kat Tig e§aptnoelg tng. Xt devtepn mepintwon, ot me-
PLEKTEG ELKOVIKOTIOLOVY TO AELITOVPYLKO OVOTNUA, WOTE KAOE TEPLEKTNG Va TiEPLEXEL LOVO
™V epappoyn kat Tig eaptroeig Tne. H anovoia gilofevovpevov Aettovpytkod ovoth-

HOTOG £xel WG amoTéNeapa TNV e§otkovounomn mopwv kat TNV PeAtivon twv emdocewy.

Wirtual Machine (VM)

Container

Guest QS

Hypervisor Container Engine

Host Operating System Host Operating System

Infrastructure Infrastructure

Ixnua 2.1: Eicovikéc Myyavés - Ilepiékteg

2.2 KvPepvnng

Exovtag ndn e§nynoet Tt eivat oL TEPLEKTEG, €ival CAPEG OTL I} EVOWUATWOT] EPAPUOYDY
o€ aVTOUG PépveL TOANA 0@EAT. Q0TOCO, 1] TVTIOTIOINGT TNG AVATITLENG EPAPHOYDY KaL
N Xprion mopwv anoteAeopatikd o TOAATAA eptPdAlovTa eival povo 1 apyr. Ze pe-
YaAnG kAipakag meptBaAAovta Omov TOAAATAEG EQapHOYEG EKTEAOVVTAL OF EKATOVTA-
deg kopPovg vrapyet (wTikn avayKn yia TV evopxioTpwon kat Tr Stayeipton avtv

Twv ggappoywv. Edw eivar mov o KuPepvntng (Kubernetes 1 K8s) Sivet trnv Avon.
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2.2.1 Emoxonnon

O mupnvag Tov KuPepvntn gival €vag evopxnoTpwThig EQAPUOYWY HECA OF TEPLEKTEG.
[Tpoxettat yla éva o0OTNHA TTOL avanTvooel Kat Staxelpifetal epappoyés Suvapikd xw-
pic TNV avaykn mapépPaong tov xprotn. [a 1o okomd avtd, mapéxel €vav SNAWTIKO
TpOTO TTPOOSIOPLONOD (Lag eMOVUNTAG KATAOTAONG Kat givat bTeLBVVOG yla TNV AvTL-
OTOIXLOT| TNG HE TNV TPAYHATIKH KATAOTAoN AelToVvpYiag Tov cvoTHHATOG. To kaAvTepo
HEPOG TOV givatl OTL TTPOKELTAL Yl £val TaXOTATA eEEAMOTOHEVO £€pYO AVOIKTOD KWIKa
7oL pmopel va Tpé€et oe omolodNToTE VEPOG 1 IOLWTIKO KEVTPO SedopEVWV, AVTIHETW-

nifovtag Ty viokeipevn vtodopn pe aQapeTikd TPoOTo [9].

2.2.2  Apxitektovikn

Metd v avantuén tov KuBepvitn dnovpyeitat pia ovotdda (cluster). Avtr n ov-
otdda amoteheital and éva ovvolo kOpPwv kat éva eminedo exéyxov. To emimedo &-
Aéyxov Ba pmopotoe va Bewpnbel wg o eyképalog TnG ovoTddag, evw ot kopPol wg
ot poeg. ITo ovykekpipéva, To emimedo eAéyyov ekBETel pia TpoypappaTioTikn Stemagn
(API), Stabétet évav xpovodpopoloynth yia Ty avdbeon epyaciwv 6Tovg KOpHBovg Kat
KATAYPAQPEL TNV KATACTAOT TOV O€ €vay Hovipo amodnkevtiko xwpo. Ot kopot eival
evBuVOoL Yla TNV EKTEAEDT) TWV EPAPUOYWDY, TTPAYHLA TIOV OTHaiveL OTL TapakoAovBovv
10 eTinedo eEAEYXOV Yla VEEG EPYAOTIEG, TIG EKTEAOVV KAl AVAPEPOLY TNV KATAOCTAOT) A€L-

Tovpyiag oe avto. [26]

-’
API server
‘l r\ Cloud
rovider Cloud controller
@ g " @
= (optional) c-c-m

Controller @
manager

/ a

2|

sched,

Control Plane

\

Node

Node

Node

Ixnua 2.2: Zroeio Xvotadag KvPepvity

etcd
(persistence store)

kubelet
belcy

kube-proxy
prox

Scheduler

Control plane —————-

(&)

Node



14 KED®AAAIO 2. YIIOBA®PO

Eninedo EAéyyov

To eninedo eAéyxov (control plane) mepthapPdavet 5 kbpla TufpaTA:

API Server ExBétet to API tov KvBepvritn mov xpnotpomoteitat amd OAa Ta THipata
yta va emkowvwvodv petafd tovg. Ot xpnoteg otéAvovy manifests (apyeia pvOuiocewv
YAML) mov meptéxovv tny embupuntn katdotaon pog epappoyng otov API server, o
OT0I0G APXIKA TUOTOTOLEL Kat E0VOLOSOTEL TA AUTHHATA, OTN CLVEXELA ETUKVPWVEL KAt
datnpet avtd Ta apxeia oTov amobnkevtikd xwpo TG cvotadag (cluster store) kot Té-

Aog Ta avantvooel 6T cvoTada.

Cluster Store Eivai to povo tunpa tov emmédov eAéyxov mov datnpei katdotaon Kat
To omoio eivat vevBuvo yla TV amobrkevon Twv pvOuicewy Kat TNG KATAOTAONG TNG
ovotadag. Baoiletat oto eted, oe évav kataveunpuévo amoBnkevtiko xwpo kAelduwv-
TILWY, Kat Aettovpyei wg 1 povadikn myr g aAndetag. To cluster store eivau {wtikng
onpaciag, kabwg n amovoia 1} 1 amoTLXiA TOL ONUAiVEL OVOLAGTIKA OTL SV VTTAPXEL OL-
otada. H ovvénela eival n voOepo éva TpoTepALOTNTA KAt 08 TIEPITTWOT] TTOL KATL TTAEL

otpapd to ovotnua Ba otaparroet kat Oa mepipével woTe va TN StatnproeL.

Scheduler TlapakohovOei tov API server yia véa Pods 1} epyacieg kat ta avadétel oe
vyteig koppovg epyaciag. Tia va extedéoet Evag KOUPOG i epyasia TPAYHATOTOLOVVTAL
noA\amAoi €éAeyxol OXeTIKA He Tovg eAevBepovg MOpovg, Tig Stabéotueg BVpeg SikTvov
KA. kat ot kopPot kataracoovtal avaloya. O koOpPog pe TNy vynAotepn Katdta-
&n Ba exteléoel T {nrovpevn epyaocia. Xe mepintwon mov £vag KatdAAnlog kOupog
dev pmopei va Ppebdet, pia epyaocia Ba onuetwdel wg ekkpepung kat Oa mepipével péxpt va

dpoporoynOei.

Controller Manager EivaitvmevBuvog yia tnyv ektéleon Ppoxwv eAéyxov mov mapako-
AovBobv TNV cvoTdda Kat avTamokpivovTal 6 GUUBAVTA. ZTNV TPAYUATIKOTNTA TIPO-
Kettat yla €va ovvolo eheyktwv (controllers) mov ektehovvTal 6To TAQICLO Piag eviaiog
diepyaoiag. Avtoi ot eheykTég ekTeNODV Ppoxovg mov mapakolovBovv cuvexwg Tov
API server kat Stac@alifovv 0TL N TpEXOLOA KATAGTAOT TNG CLOTASAG TaLptadet pe TV

emBopntn.
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Cloud Controller Manager X& ovotadeg K8s mov extehovvtal o TAATPOpHEG VE-
@ovg, onws AWS, Azure, GCP k.., xelpifetal eAeykTég OV apopovV eldikd Tov Td-
poxo cloud. Tia mapdadetypa, Snuovpyei, evnuepwvet 1 Staypdpet Tovg e§looppomnTég
QOPTIOL TOVL TIAPOXOL TOV VEPOULG YL EPAPUOYEG TIOV XPTOLUOTIOLODV e§LOOPPOTINTEG

@opTiov ov PAénovv oTo StadikTvo.

Koppot

Ot koppot amotehodvtatl and Tpia kKbpLa THRHATA:

Kubelet IIpokettal yia évav mpaktopa mov ekteheitat oe kdbe kOUPo Kal eivat vTev-
Buvog ya Vv eyypagr tov otn ovotada. IMapakohovBei evepyd tov API server yia

VEEG EPYAOIEG, TIG EKTEAEL KAl AVAPEPEL TNV KATAGTAOT) TOVG TIOW O€ QUTOV.

Ieptparlov Extédeong Ilepiektwv  Kdbe koppog €xet éva meptBarlov ektéeong me-
PLEKTWYV TO OToio Xprotpomoteitan and to kubelet yia v évap&n/Siakonn mepiektwy,
egaywyn ewovov KA. To K8s mapéxel évav unxaviopod eméktaong mov ovopadetal
Container Runtime Interface (CRI) o onoiog ek0étet pua Stemaen yia 0ha ta gidn mept-
BAANOVTOG eKTENEONG TIEPLEKTWV WOTE VA UTOPOVV Va auveBolv pe avtov. Tn otiypn
TIOV YPAPETAL AVTO TO Kelpevo, To containerd eivat To To SNUOPINEG TPOYpALLpQ EKTE-

Aeong meplekT@VY TTOL Xprjotpomoteital otov KvPepvrtn.

Kube-Proxy IIpokettau yia évav Stapecolapntn Siktvov mov xetpiletal TNy TomMmKN
SikTdWON TG CVOTAdAG SLATNPWVTAG KAVOVES SIKTVOV, PpovTilovTag yla TNV andkTn-

on povadikwv StevBuvoewv IP kat TNy avakatevBvvon g kukhogopiag KA.

2.2.3 BaowkégEvvoleg

Ag ovveyioovpe pixvovTag pia patid ota o ovvnOiopéva avtikeipeva API tov K8s mov
Oa pag fondioovy va katavoroovpe KAAUTEPA TOV TPOTIO UE TOV OTIOLO AVATITOOCOVTAL

KaL eKTEAOVVTAL OL EQappOYEG o€ Eva TepIPariov K8s.
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Pods

‘Eva Pod eivat n atopuxny povada xpovodpoporoynong otov KvPepvrtn, pe tov idio
TpOTO oV eivat éva VM otnv etkovikomoinon 1 évag meptéktng oto Docker. Eva pepo-
vwpévo Pod Aettovpyel Stagavwg kat amoTteleital amo évayv 1) meplocOTEPOVS TEPLEKTES
nov potpadovtat To idto meptBarlov (xwpog ovopdtwy IPC, kowvn) pvnun, volumes, di-
kTvo KAT.). H avamtuén evog Pod eivar pia atopukn Aettovpyia mov amnartei OAovg
TOVG TIEPLEKTEG TOL va Yivouv €tolpot mptv BewpnOei étopo. ‘OAlot ot mepiékTeg ava-
TTvooovTAL 0TOV 1810 KOpPo yla pogaveig Aoyovs. Tevikd, ta Pods avtipetwnifovrat
WG avalwotpa, Tpoopifovtat va SnutovpynBovy, va “{oovv’, va “tebavouy” kat ot

OVVEXEL Va avTikataoTabovy anpookonTa ano véa.

Deployments

Amoé pova tovg ta Pods dev apkodv oe éva meptpdAAov peydAng khipaxag, kabwg dev
npoo@épovy duvatotnreg avtoiaong (self-healing) 1} emektaoipotnrag (scalability). To
Deployment ivat vmebBuvo yla avtd, avtikabiotwvtag ta Pods mov anotvyxdvouv e
véa 1 avEavovtag/pewwvovtag ta Pods pe Baon pa kaBopiopévn petpikn. EmumAéov,
TIPEXEL KUALOUEVEG EVIHEPWOELG KAL ETAVAPOPEG OE TPONYOVUEVT) £kdO0T TTOV EMITPE-
TOLV 0TO GVOTNPA AANAYEG LeTa&D ek8O0EWY ePapuoywy pe ndevikod xpovo kabvote-
pNonG. Avto to kavel avfavovtag/perwvovtag otadtaka ta Pods twv vedtepwv i ma-
Aaotépwv ekdooewy, evad maparlinia dwatnpei 10 10TOPIKO OAwV TV puBpicewv mov

xpnotpomotOnkav.

Stateful Sets

Ta Deployments mpooBétovy peydaAn aia otig epappoyég mov dev xpetdlovrat va Sia-
TNPOLV TNV KATAoTAoN TovG. oTd00, 6Tav Ta Pods amotvyydvovv avtikabiotavtat
amo eviedag véa (véo dvopa, hostname, volume bindings) pe anotéAeopa Ty anwlela
G katdotaong Tov Pod. Ot epappoyég mov xpetdlovtat va Statnpodv Tny Katdotaom
Tovg anatovv va datnpeital ) katdotaon tov Pod akopa kat av éva Pod amotvyel
o va yivel avto, éva StatefulSet e§aopaifet mpoPAéyipa kat povipa ovopata Pod kat
DNS ovoparta, kabwg kat €va povadiké ovvolo volumes mov mapapévet pe 1o Pod yua

oAoKAnpo tov kbKAo (wng Tov.
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Services

‘Eva Service eivat fia ag@aipeon mov eMTPETEL TOVG XPHOTESG VA eKOETOVY eQappoYEG IOV
ektehovvtal o€ éva oVuvolo Pods wg vmnpeoia dictdov. Tia va yiver avtd, Ppioketat
Hnpooté and ta Pods kat mapéxet aflomoto ovopa, IP StevBuvvon kat B0pa. Ot meldteg
Hmopovv va ovvdeBolv ota vmokeipeva Pods xpnoipomowwvtag to Service, To omoio

e€loopporel 1o popTio Twv artnudTwy pog Ta Pods atdxovG.

Namespaces

Ot xwpol OVOUATWY €ival Evag UNYAVIOHOG TTOV TIAPEXEL ATIOHOVWOT] TWV TTOPWYV OE Wid
eviaia ovotada K8s. Eival évag tpomog yla tnv katdtunon g ovotddag o molha-
TAEG EIKOVIKEG GLOTADEG Kl eival Xpriotog Otav epappolovpe TOCOOTWOELG TTOPWV N
noAtikég eAéyxov mpooPaong. Eival onpavtikd va avagépovpe o0tL dev pmopei kabe
HELOVWHEVO AVTIKEILEVO VAL AVIKEL O€ £va Xwpo ovouatwy. [a mapaderypa, ot koppot
1| Ta PersistentVolumes dev Hmopovv va aviKovv o€ KATOLO XWPO OVOHATWYV Kat ival

kaBoAkd.

2.3 Kubeflow

A@o0 peAetroape ta Pacikd ototxeia Tov KuPepvitn, eival mpogavég 0TL mpoo@épet
Sagopeg duvatotnreg ko e§atpetikn evehi&ia. Etot, €xet avaderxBei wg n vre gaxto
TAATQOPHA ylot TNV avamTvdn kat T Staxeiplon Twv @optiwv epyaciag o VITOSoUES
vépovg. Ev tw petakd, ta goptia epyaciag punyavikng pabnong éxovv egeliyfei wg ta
mo ovvnBiopéva @optia epyaciag mov ektedovvTal og vtodopég vépovs. H avdykn
Snpovpyiag vog 0IkoGVOTAATOG TTOL Vo VTTOoTNPieL TETOLOL eidovg popTia epyaoiag

oe éva meptBariov vépoug odrynoe oto Kubeflow.

2.3.1 Emoxonnon

To Kubeflow eivat pia mhat@oppa oxedtaopuévn yua tnyv Snpovpyia kat tnv avamtuén
OAOKANPWUEVWY CLOTNUATOY pnxavikig pdbnong. Eival kataokevaopévo yla emoTn-

Hoveg dedopévwy ov BEAovV va SN ovPYNooLY Kal VA TTELPAUATIOTOVV [e CWANVADOELG
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MM (ML pipelines), kaBwg kat yta pnxavikovg MM kat opddeg Ops mov BéAovv va a-
vantoéovv cvotiuata MM oe moAamAd mepipdAdovta (avamtuéng, dokipwy, mapa-
ywyne) [7]. EmmAéoy, eivat avoiytod kwdika, vepo-eyyeveg, kabwg Tpéxel mdvw otov
KvPepvitn, kat vootnpilet ohoxAnpo tov kvkho {wng tng MM. Ta Tov okomd av-
10, apéxet €va oVVOAo gpyaleiwv (wTikng onuaciag yo Ty MM, evw mapdAinia ta
EVOWUATWVEL O€ £Va KOLVOXpnoTo TeptBarlov cuvepyaaoiag, To omoio StaxetpileTal Ta

Sikatwpata kat epapprolet Tov EAeyxo pooPaocng.

Chainer Jupyter MPI MXNet
ML tools
PyTorch scikit-learn TensorFlow XGBoost
Jupyter notebook web Hyperparameter PvTorch
app and controller tuning (Katib y o.rc i
pp g (Katib) Serving Istio
Chainer operator Fairing
TensorFlow Argo
Kubeflow MPI operator Metadata Serving
applications and
scaffoldin ioali
9 MXNet operator Pipelines Seldon Core Prometheus
PyTorch operator Kubeflow Ul
Spartakus

TFJob operator KFServing

XGBoost operator TensorFlow batch
prediction

Kubernetes
Platforms / clouds - - - - -

Ixnua 2.3: Emoxonnon Kubeflow

2.3.2 Baowkég'Evvoleg

Onwg avagépOnke mponyovuévwg, to Kubeflow amoteleitar and éva ovvolo vego-
eyyevwv epyaleiwv mov vtoatnpilovy oAokAnpo Tov kvkAo {wnig Tng MM. Ag pifoupe
L0t TILO TIPOCEKTIKT HATLA 0TA Tl oLVNOLOHEVA artd ALTA Pe OKOTO TNV KAADTEPT Ka-

Tavonon g a&iag TG TAaTeOpHag.

Notebook Servers

Ot Notebook Servers 1 Kubeflow Notebooks, 6nwg eniong ovopdalovrat, mapéxovv Sida-

popa Stadiktvaxd meptPaAlovta avantuéng, onwg to JupyterLab, to VS Code 1 to R
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Studio, ta omoia tpéxovy péoa oe Pods. Avtoi ot Stakoputotég vtootnpilovv OAOKAN-
pn N Stadikacia melpapatiopon, avdntuéng kat ektéleong kwdika. Ta to Adyo avtd,
elvat eaUpeTIKA TAPAETPOTIOOLHOL EMUTPETOVTAG GTOVG XP10TEG va kabopifouv Tnv
elkova ov BEAovv va XpnoonoooLvY 1| Tovg TOpovg ov aviikovy oto Pod (CPU,

HVHHN, TOHOL KATL).

Pipelines

To Kubeflow Pipelines (KFP) eivat pia mAat@oppa oXeSlaopévn ylo TNy KataoKevr Kat
™V avantuén QopnTwy, ENEKTATIWY powv epyaciag MM mov facifovtal oe mepLékTeg
Docker [5]. Eivat tkaviy va evopxnotpwvel cvuvOeTeq cwAnvoelg unxavikng padnong,
va ektelel kat va mapakolovBei melpdpata kabwg kat va va mpoypappatifet emava-
AapPavopeves eKTeEAETELG AVTWV TWV CWANVWoewv. Alabétet Eva meptBaAAov epyaciag
Xpnotn kat éva mhovoto mehatn SDK mov aAAnAemdpolv pe tnv mhat@opua, kabi-
oTWVTAG €DKOAN yla TOVG XPHOTEG TN SNULOVPYIA pOWV €pYaciag amd AKpo Oe AKPO

xpnopomolwvTag dtagopa epyaleia.

Serving

Agov etpapatiotovv pe ta Kubeflow Notebooks kat Pipelines, ot xprjoteg xpetdlovtat
évav Tpomo yla TNy anotedeopatikr Sidbeon kat mapakolovdnon Twv ekmadevpévwv
HovtéAwv tovg. To Kubeflow mapéxet évav tpomo Siabeong twv povtédwv xpnotpo-
nowwvtag ta TEServing, PyTorch, Triton kKA. Xe yevikég ypappes, pa vnpeoia efa-
ywyng ovpnepaocpdtwy (inference service) dnpovpyeitat anod éva anobnkevpévo po-
vtélo kat yivetan Stabéotun ya mpoPAéyels. ZupmAnpwpatikd oe avto, petadedopéva
Kal HETPLKEG SlatnpoldvTal amd To CVOTNHHA €TOL WOTE va TapakolovBeitatl n amodo-
0T] TOL HOVTEAOL Kal 1} ToLdTNTA TwV TPoPAéyewy. Ze avtr TNV poomddela, To KServe
eivatn kvpta Avon mov eVOVAAKWVEL TEPALTEPW TNV TOAVTTAOKOTNTA TNG AVTOHATNG KAL-

HAKwWONG, TNG SIKTVWONG Kat Tov eAéyxov vyeiag, kabwg kat AAAWY XaPAKTNPLOTIKWY

aixung [6].
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Multi-Tenancy

Zto nepipdArov tov Kubeflow 6mov moAloi xproteg ovvepydlovtal oto idto chvolo
TOPWYV, VTAPXEL EYYEVIG AVAYKI Yl ATOUOVWOT| Kal opadomnoinon avtav Twv xpn-
otwv. H amopdvwon molamhwv xpnotwv (multi-user isolation) Tov Kubeflow emitpé-
TIELOTOVG XPNOTEG Vo PAémovY kat va ene€epydfovTtal HOVo Tovg S1kovg TOVG TOPOLG Kat
TG puBpioel. Ze vynAo eminedo, ot Staxetplotég dnpovpyodv xpnoteg kat puBuilovv
Ta Sikatwpata Tovg oe SLaQopeTIkovg XWPOLG OVOUATWY (namespaces). XTn OLVEXEL
epappoletat éAeyxog TavtdTNTOG Me TN Xprion Tov Istio kat tov OIDC kat n e€ovoto-
dotnon mapéxetar and to K8s RBAC. Ta tnv emitvyn motomoinon kat e§ovotodotnon
TWV XpnoTwy, o KuBepviitng Toug mapéxet £va Stakpitikd mpooBaong pkpng Stapkelag,

TO OTIOIO XPTOLUOTIOLOVY YLat VAL EKTEAECOVV TIG EVEPYELEG TOVG.

24  AmnoOetnpro Xapaktnplotikwv

Ta va yiver to Kubeflow pia odokAnpwpévn mhateoppua MM anaiteitat éva ototxeio
mov va eivat vevBovvo ya ta dedopéva. H pnxavikn pabnon eivat ovotaotikd dedopéva
Kat kodikag. Méxpt twpa 1o Kubeflow éxel kavel fripata otny mapoxrn epyaleiwv mov
xelpifovtal kwdika kat Kat emékTaot Ta HovTEAa, aAld dev éxel ovpfei to iSto yla Ta
dedopéva. To amoBeTnplo XapaKkTnNPLOTIKWV GTOXEVEL TN YEPUPWAT] AVTOV TOV KEVOD
Kat oty mapoxn Aoewv oe mpoPAnpata Sedopévwy mov cLVAVTOVTAL CLVRBWG OTNV

epappoopévn MM.

2.4.1 Emoxonnon

Eva anobetnplo xapaktnpiotikwv [25] eivau éva ovotnua dedopévov edikd ya tny
MM mov otoyevel va kdvet Aettovpytkd kat Stabéotpa otny mapaywyn ta dedopéva kat

Ta Xapaktnptotikd. Tia 1o Adyo avtd, mpoogépel Stapopeg evdiagpépovoeg Aettovpyieg:

1. EivarvrevBuvo yia tn Sraxeipion kat tnv ekTéAeon cwAnvwoewv edopévwy mov
HETATPETOVY Tal akaTépyaoTa Oedopéva og TOAVTIHA XAPAKTNPLOTIKA. AVTO Tre-
pAapPAVEL AUTOHATOTIONUEVO VTIOAOYLOHO XapaKTNnploTikay, backfills kat ka-

TAYPAPY) XAPAKTNPLOTIKWY.
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2. AmoBnkevet kat Staxetpiletar Ta SnUIOVPYNHEVA XAPAKTNPLOTIKA KAl TA GUVOAQ
dedopévwv kat mapakolovlei Tig ekdO0ELS, TN yevealoyia Kal To OXETIKA HETA-

dedopéva tovg.

. Hapéyel éva otpwpa e§umnpétnong, wote va Stabétet pe ovvémeia ta dedopéva
XOPAKTNPLOTIKWY TOOO KATA TNV eKTaidevamn 000 Kat YL TOVG 0KOToUG e§aywyn|g
OVUTEPAOUATWY. AVTO TO EMTVYXAVEL XpNOLHOTOLWVTAG §D0 ovoThHpata Paoe-
wv dedopévwy, wa peydn SQL Baon deSopévwy mov mpoopiletat yia ekmaidev-
on katd O€opeg Kat pa GAAN xapnAng kabvotépnong mov mepLéxeL HOVO Ta o
npdo@ata dedopéva XapakTnploTIKWY, Ta omoia Tpoopilovtal yla actpamiaio

eEaywyr| cLUUTEPATUATWY.

. TIpoo@épel éva keVTPIKO INTPWO OTTOL SLATNPOVVTAL OL OPLOUOL XAPAKTIPLOTIKWY

Kal HmopodVv va Stapolpactody Kat va avakaAv@Boiv amd moAlovg xproTe.

. HapakolovBei Ta xapakTnpLOTIKA Kal TNV TOLOTNTA TOVG OTA CLCTHATA TTAPA-
yoyng Stacgahilovtag 6Tt Sev vrapyxet anokAion (data drift). H modtnta twv
Sedopévwv éxel e§atpeTiny afia ota cvotipara MM, kabwg eivat appnkta ovv-

dedepévn pe Ty anodoomn evog povtélov.

Feature Store

Operational Monitoring

Stream _ _ Model
Source o Serving
Transform Storage =g
N
MNee—— 1
On-demand
Model
Batch > transform .
Training
Source
N~

Registry

Ixnua 2.4: Emoxonnon AmoBetnpiov XapaktnpioTik@y

To Tehiko amotéleopa eivat OTL Ta XAPAKTNPLOTIKA HtopobV TAEoV va opilovTat pe Tv-

TIOTIONUEVO TPOTIO, VA KATAXWPOVVTAL O€ £Va KEVTPIKO amobeTrplo, va amofnkedovtat

Kat va givat tpooBaotpa ya tnyv ekmaidevon kat Ty e§aywyr CUUTEPATHATWY ATIO TTOA-

AoUg xp1oTeS.
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2.4.2 Baowd Ztoixeia

[IpoxwpwvTag, eivar CNUAVTIKO VA KATAVOCOVE AEMTOUEPWDG TOV OKOTIO TWV ETLLE-
pOVG OTOLXEIWV EVOG AmoBeTNpiov XAPAKTNPLOTIKDVY Kat TIG AELTOVPYIEG TTOV AVTA VAO-

molovv. Ag ta e§etdoovpe £va ipog éval

Metaoxnuatiopog

H melovotnta twv épywv MM ektelel kamotov eidovg por epyaciag dnuovpyiag xa-
PAKTNPLOTIKWYV. AVTO onpaivel GVANOYN akatépyaotwy dedopévwy, EMKVPWON Kal e-
TATPOTI) TOVG O€ TOAVTIHA XapakTnptoTika. Ta akatépyaota dedopéva pmopodv va
ovAAexBovv and Stdpopovg TVTTOVG TYWY, OTIWG TINYEG déoung (amodrkn deSopévwy,
Baon dedopévov k.Am.), tnyég pong (Katka, Kinesis k.Amt.) 1} akoun kat dedopéva kata
Tov xpovo artnpatog (dedopéva mov cLAAEYOVTAL KATA TN OTLypn TG TpoPAeyng). Ev
T petakd, Ta povTéla PETEL va EXOVV TTPOOPAOT) O€ VEEG TIUEG XAPAKTNPLOTIKWY DOTE

va BeAtiwvouy Tig TpoPAEVELS TOVG.

Ot petaoxnuatiopoi mov Stayelpifetat kat ektehei To anobetriplo XapakTnploTikwy dta-
o@aliCouv Ot Ta véa Sedopéva eme€epyalovTal Kot HETATPEMOVTAL O VEEG QPPETKEG
TILEG XOPAKTNPLOTIKWY. AVTO pmopel va ovpPaivel oe vapyxovta dedopéva mov Ppi-
okovtal o€ pa armofnkn dedopévwv wg puépog piag epyaociag backfill (petaoynpatiopog
batch) 1 oe myég porig MOV TPETEL VA GLUYKEVTPWOOLV TIHEG Yl Mia XPOVIKY Ttepio-
do (petaoxnuatiopdg streaming). Mmopovv emiong va egappoatovv oe dedopéva mov
(ntovvtal og xpovo artiuatog (petaoxnuatiopdg on-demand), mx. HeTATPOTN TWV
ovvtetayuevwv GPS evog XproTn xatd Tn oTiypr] ToL AITHUATOG O TIPAYUATIKN TOTO-
Oeoia. H vmap&n evog ouvenods TpOmov 0pLlopo Kat EMavaypnoomnoinong Twv peta-
oxnuatiopv xet peydhn agio, kabwg Staopalilet 0Tt ta povtéha AapPdvovv cuvenr

dedopéva XapaKTNPLOTIKWY.

AnoOnkevon

Onwg vrodnAwvel To 6vopd Tov, éva anobetrplo xapaktnplotikawv (feature store) me-
ptAapPavet 1 TOLAAXIOTOV evOowHaTwVeEL Eva ovoTnpa arobnikevons. H amobrnkevon
XAPAKTNPLOTIKWY VTTOOTNPIlEL TNV avAKTNON TOVG HEow Tov oTpwuatog Stdbeong. ‘O-

TIWG AVAPEPONKE TPONYOLUEVWG, EVA TUTILKO ATIOOETTPLO XAPAKTNPLOTIKWY TIEPLEXEL EVAL
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offline kat éva online eminedo amoOnkevong.

O offline amoBnkevtikdg Xwpog xpnotpomoteital ya TNV anobnkevon peyalwyv moco-
THTWV L0TOPIKWYV deSopévwy xpovooelpdg (dedopéva e xpovooppayideq) kal eivat ov-
vBwg pa yvwotr anodnkn 1 Aipvn dedopévwy, 0nwg to S3 i To BigQuery. Avtog o

TEPAOTLOG OYKOG OSOHEVWY XPTOHOTIOLEITAL APYOTEPA VIO TNV EKTAIOEVOT) HOVTEAWY.

Amé v AN TAevpd, To online eminedo anobnKkevong mEPLEXEL TIG TEAEVTALEG TIHEG XaU-
PAKTNPLOTIKWY, Ot oTroieg Ba xpnotpomonBovv yia e§aywyr| ovpmepacudtwy pe XapnAn
kaBvotépnon. Zvvibwg vAomoteitat and évav amobnkevTikd Xwpo KAESIWV-TIHWY -

nw¢ To DynamoDB 1) To Redis.

AdBeon

Eva anoBetnplo xapaxtnplotikav eivar vevbuvo yia tn dtabeon twv xapaktnploti-
KWV 0€ EQAPUOYEG Kal HoVTENA e OLVETT TPOTIO KaTd TN didpketa TG ekmaidevong kat
™G e§aywyng ovunepaocpatwy. Ilpokeuévov éva povtélo va aglomouoet TAPpwG TG
SuvatdTnTég TOL Kat va ano@uyet To oA Kowvo TpoPAnpa TG otpéPAwong petadd ex-
naidevong kat S1dBeong evog povtélov [24], Ta XapaKTNPLOTIKA IOV XPTOLUOTIOLOVVTAL
yla TNV eKTaidevoT evOG HOVTENOV TIPETEL VAL TAULPLALOLY AKPLPMG [E TA XAPAKTNPLOTIKA

TIOL TIAPEXOVTAL YL TNV EEAYWYT] CUUTEPATHATWY.

To otpwpa Stdbeong agatpei Ta TOADTAOKA EPWTHHATA TIOV ATTALTOVVTAL Yl TNV e&a-
YWYn TIHOV XAPAKTNPLOTIKWY e 0pOOTNTA OVYKEKPIUEVNG XPOVIKTG OTLYUNG (point-in-
time correctness) Kat TapEXeL VAV OLOLOHOPPO TPOTIO TIPOGPAOTG OE AVTA TAL XAPAKTN-
pLOTIKA a6 omovdnmote xpnotponowvtag £€va SDK. Me Bdon Tig anaitroelg emdooe-
wv xpnotpomotodvtat Stapopetikd APIs yia Tnv enitevén Twv anartovpevwy anoteke-
opdtwv. Yhomotroelg Tov idtov API oe StagopeTikég YAwooeg 1 mAaiota (framework)

BeAtiwvouy emiong TG emSOoELG.

Mntpwo

Eva kevipikd pntpwo eivatl actkd ovotatikd evog amobetnpiov xapaktnploTikwy. A-
ToOnKeDEL TOVG OPLOUOVG TWV XAPAKTNPLOTIKWY KAl Ta OXETIKA petadedopéva pe Tumo-

TIONHEVO TPOTIO Ka AetTovpyel wg 1y Tng aAndetag. OtemoTtriipoveg dedopévwy Kat
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OL OHLAGEG TO XPNOLUOTIOLOVY YLat VAL HOLPALOVTAL KAt VA aVAKAADTITOUY VEQ XAPAKTNPL-
0TIKd, kaBloTwvTtag To €va epyaleio ovvepyaoiag. Oleg ot puBpioelg amoOnkedovtat
OTO UNTPWO, EMOUEVWG OAEG OL AetTovpyieg ovupBoviebovTal To UNTPWo TPLY and TNy
ekTéAeon onolaodnnote evépyetag. Tia mapaderypa, ta API Stabeong xapaktnplotikwv
XPTNOHOTIOLOVY TO HNTPWO Yia VA KATAAAPOVY TIOLEG TIHEG XAPAKTNPLOTIKWYV TIPETIEL VAL

eMOTPEYOLV 1 IOV va TI§ Bpovv o€ pia armodnkn dedopévwv.

Oocov agopd ta amodnkevpéva petadedopéva, To puntpwo datnpei didpopeg mAnpo-
@opieg oL oXeTiloVTaL e TOVG OPLOUOVS TWV XAPAKTNPLOTIKWY, OTWG O IOLOKTHTNG,
1 TEPLYPAPT], OL TTAPOPOPIEG TYETIKEG UE TOV TOPEA TOV XAPAKTNPLOTIKOV KAl 1] YEVE-
aloyia. AvTo avoiyel éva oAOkAnpo xwpo mapakoAovBnong kat eAéyyov deSopévwy,
kabwg Kat evromiopov tng yeveahoyiag kat Wdtoktnoiag Tov. Tevikd, ta amobetnpila
XAPAKTNPLOTIKWVY éxovv oxedtaoTel yla va aAAnlemdpoiv e e§wteptkd ovoTiuata n

ototyeia ov aglomolody Ta petadedopéva Kat TAPEXOLV XPT|OLUEG TTANPOPOPIES.

IMapakolovOnon

Eva amobetnplo xapaktnplotikwv @aivetal va Ppioketat otnv Wdavikn 0éon yua tnv
napakoAovOnon twv dedopévwy. Aedopévov Ott givat To evdiapeco eminedo petald
dedopévwv kat Kwdka, umopei va vToAoyilet HeTpikég Katl va mapakolovdei tnv op-
0otnTa KaL TNV TOLOTNTA, ELGOTOLWVTAG TOVG EMOTAHOVEG deSoUEVWVY 4V ELPavIOTEL
avem@ountn ovunepipopd. Ta mpoPAnpata Twv dedopévwy eival OTI TEPLOTOTEPES
TEPIMTWOELG 0 AOYOG oL Ta cvoThpata MM anotvyxdvovv va anodwoovy chupwva
He Tig Tpoadokies, emopévwg n mapakolovdnon g anokiong dedopévwy, Tng oTpé-
PAwong petady exmaidevong kat Stabeong evog povtédov, kabwg kat 1 emkbpwon Twv

dedoUEVIV TWV XAPAKTNPLOTIKWYV UTOPEL Va EAAXLOTOTIOLOEL AVTA Tal TTPOPATATAL.

EmmAéov, éva amoBetriplo xapaktnploTik@v pmopei va mapakolovbei petpiicég Aettovp-
yiag omwg n kaBvotépnon, n StekmepatwTikdTNTA ) 0 XpOVOG emefepyaaniag. Oleg av-
TEG OL UETPT|OELG UTTOPOVY OTN OLVEREL va XprotpomomBovy and efwtepikd epyaleia
TapakoAovOnoNG 1) TApATNPNOUOTNTAG KAl VA TIAPEXOVY ETUTAEOV OPATOTNTA OTA XAL-
PAKTNPLOTIKA Kal Ta LOVTEAQ TTOL Ta Xprotpomnolovy. Kat maAl, eivat moAd ovvnOiopévo
yta ta anofetrpla XapaktnpoTikwv va aAAnhemidpovv evkoha pe efwtepikd ovoTh-

Hata 1 oTotyeia, OmwG Ta TpoavapepHéva.



Yxediaon

To mapov ke@ANALO EMKEVTPWOVETAL 0TIV TAPOXT| LLAG TTATPOVG ELKOVAG TOV VEOU O)E-

Saopov pe Pdon v mpotetvopevn Avon (BA. evotnta 1.4). Apyikd, mepLypa@et pua

VYnAov emméSOV EMOKOMNOT TWV OTOLXEIWY, TWV BACIKWV EVVOLDOV Kal AEITOVPYLWV
tov Feast. 211 ovvéxela, Tapovotalet TEXVIKEG NEMTOUEPELEG TXETIKEG [E TO UNTPWO TOV
Feast kat exétel T1g vapyovoeg mpoPAnuatikég oxedidoets. Télog, mapovotdlet Ae-
TITOUEPWS T VEA TIPOTELVOHEVT APXITEKTOVIKT, €0TIALOVTAG OTIG aANayEG Kat Ta véa

oTolxelaL.

3.1 AmnoOetnpro Xapaktnprotikwv Feast

To Feast eivat éva amoBetriplo xapaktnploTikwv avotktov kwdika. Eivat éva Aettovpyt-
KO ovoTHHA dedopévwy YLa Tr Slayelplon Kat TNV TApoxT) XAPAKTNPLOTIKWY UNXAVIKHG
nabnong oe povtéda oe meptPdAlov mapaywyng. To Feast eivar oe Oéon va drabétet
dedopéva XapakTnploTikwy oTa povtéla and éva online store xapnAng kabvotépnong
(yra mpoPAEyels oe mpaypatikod xpovo) i amo éva offline store (yia exmaidevon povté-
Awv) [3]. Ektog avtov, eival éva ovoTtnua mov kablotd ta dedopéva XapaKTnpLOTIKWV
ovvenn kat ebkoha Stabéoipa o ToAamAd mepiPdAlovta (avamtudn, mapaywyn) kot
OHAdEG XPNOTWV, eV TTapdAANAa TTAPEXEL £VOL KEVTPIKO UNTPWO TIOV EMUTPETEL TNV ETAL-

VAXPNOLUOTIONOT) XAPAKTIPLOTIKWY.

To Feast @aivetat va potdlet Told pe éva kovo anobeTrplo XapakTnpLoTKwy, aAAd
OTLYHI TNG OLYYPAPTG AEITOVY AKOUN OHAVTIKA PéPT) TOV (LETAOKNUATIONOL, EMIKDPW-

o1, TapakoAovOnon, avakdAvyn XapakTnpLoTIKWy). Aedopévov OTL TpOKeLTaL yla éva

25
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Engineer
\/\
=
=
= @ FEAST
> Build server that
Stream fetches features
Sources
Validate N
Kafka, Kinesis Store Transform Serve Iv]and L.
onitor | S - > P 4
L]
L o L ]
— :
. . Predicti
—_— Register and Discover — Model redietion
Batch A
Sources
Snowflake,
BigQuery, Redsbhift, Search and .
features
Generate
training set v y

Data scientist

Ixnua 3.1: Emoxonyon Feast

£pyo avolkTol Kwdtka, 0TdX0G Tov OeVv eivat 1 dnpovpyia Avoewv and to pundév, aAld
1 avanTuén agalpéoewy Kat pnxaviopwy tpoodnkng (plugin) mov Ba tov emtpéyouv
va evowpatwdei og AAAa ovotpata anpdokonta. Avth n mpooéyyton To kablotd po-
vadikd kat e€atpetikd evéAkTo peTa&d A wv AMoewv, kaBwg dev eivatl ouykekpuévo
yla K&molov popunBevT VINPESIOV VEPOLG 1) KATIOLO TTAIGLO Kat oUTE amautei e8Ik

VTTOOoUT YLt VL AELTOVPYT|OEL.

3.1.1 ApXITEKTOVIKN

H apxitextovikn tov Feast eivat apketd amloikn kat meptéxet 3 kvpla oTotyeia:

1. Offline Store
2. Online Store
3. Registry
EktOg6 amo avtd, vmapxovv aToLyEla 1] OTPWHATA TTOV £VIOXVOLYV T XP1)OT) TOL OTIWG £val

feature repository tomov git, évag feature server 1 évag provider. Zvvexilovtag, OAa Ta

HEPT) TNG APYLTEKTOVIKTG TOL Ba Tapovotactovv AenTopepws.
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Ixnua 3.2: Apyirextoviky Feast
Offline Store

‘Eva Offline Store avagépetatl otnyv mpaypatikn mnyn dedopévwy mov TepLEXeL LOTOPIKEG
TIUEG XapaKTNPLOTIKOV padi pe Ty xpovooepayida tovg. Avth i nyn Sedopévwy eivat
ovviBwg pa amobnkn dedopévwv/Aipvn dedopévwv (BigQuery tng Google, Redshift
™G Amazon kAm.) 1 anAwg pa Paon dedopévwv (m.x. PostgreSQL). Ynootnpilel &-
niong mnyég pong dedopévwy (mx. poég Kafka n Kinesis). ITpoketrtat yia to ototyeio
TOV OTOIOV OKOTIOG eivatl va Tpooépet dedopéva XapakTnpLOTIKWY yla ekmaidevon po-
VTEAWV Kal va TapéyeL TIG TEAeVTaiEG TILEG XapakTnptoTikwv oto Online Store katd

Swadikaoia materialization.

Tevika, to Feast dev eivat éva ovotnpa amoBrikevong, alkd avtifeta xpnoipomnotei To
Oftline Store wg dtemaen yLa Tnv avaltnon Twv LTAPXOVOWV TILWV XAPAKTNPLOTIKWY.
Anauteiton eldylotn pubuion yia tov optopd tov mpotippevov Offline Store. AkoAov-

Oci éva mapdderypa:

offline_store:
type: bigquery
dataset: feast_bq_dataset
project_id: feast-oss
location: EU
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Online Store

‘Eva Online Store eivat ovvnBwg pia ypriyopn kat kApakwotpn Baon dedopévwy i pia
amoOnkn kAewWdiwv-tipwv (Datastore tng Google, DynamoDB tng Amazon, Redis k.Am.)
nov Staxetpiletan to Feast. Eival to ototyeio mov eivan vmevBuvo yia Ty mapoxr pHo-
VO TWV TILO TIPOCPATWYV TILWV XAPAKTNPLOTIKWVY KAl XPNOHOTIOLEiTaL KaTd TV e§aywyn

OVUTIEPACHUATWY.

Ot o mpdoPaTeg TIHEG XAPAKTNPLOTIKWY QopTwvovTat 0To Online Store amd Tig mnyég
dedopévwv twv Feature Views katd tn Stadikaoio materialization. To oxrjpua tov Online
Store avTikatonTpifel To OXAHA TWV TNYOV deSOUEVWY TTOV XPNOILOTIOLOVVTAL YLt TOV
EUTAOVTIONO TOV. Oa KAVOLE LA TILO AETITOUEPT| TIEPLYPAPT) TOV TPOTIOV AELTOVPYIOG

avtrg ™6 dtadikaoiag otn ovvéxeta (PA. evotnta 3.1.3). Kot mdAt, o oplopdg evog

Online Store amautei eAéxiotn mpoomadeta:

online_store:
type: redis
redis_type: redis_cluster
connection_string: ”redisl:6379,redis2:6379,password=my_password”

Registry

‘Eva Registry (untpao) eivat éva mAnpwg Staxelpt{opevo ototxeio tov Feast, mov onpai-
vet 0Tt o Feast eivat vebOvvo yia n dnpovpyia, TNy evnuépwon kat TNV KATAGTPO-
o1 tov. IMapanéumnel oe évav xwpo amodrkevong avtikepévov (.. GCS bucket, S3
bucket) mov Swatnpel To apyeio Tov punrp@ov oe popen proto. Eival To ototxeio mov
TepLEXEL OAOVG TOVG OPLOUOVG XAPAKTNPLOTIKWYV Kat Ta OXeTIKA petadedopéva tovg. Ei-
vat oav £vag KATAA0Y0G XapaKTNpLoTIKOV Kat AetTovpyei wg 1 povadikn mnyn aindetag
ya avtd. Kabe avantuln (deployment) tov Feast éxet éva povo Registry kat kdBe @o-
P4 IOV AVOKTWVTAL TILEG XapakTnploTikwy eite and To Offline 1} and to Online Store
1| exteheitat kamota dAAN Aettovpyia, To Registry evepyei wg ovpBovAog mov mapéyet

xpnotpa petadedopéva.

To apxeio Tov UNTPWOL OV OVOLACTIKA ATOONKEVETAL, Eival [Lla AVATAPACTACT TWV
netadedopévwy tov Feast oe Protobuf poper [17]. Ze pia @uhikn mpog o xprotn popen

TO UNTPWO HoLalel pe To akoAovBo:
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¥entities”: [
{
))Spec)) : {
”name”: “driver”,
»”valueType”: ”STRING”,
»joinKey”: driver_id”
s
“meta”: {}
}
1
»featureViews”: [
{
”Spec” : {
*name”: “driver_activity”,
¥entities”: [ “driver” ],
?features”: [
{
”name”: “trips_today”,
»valueType”: “INT64”
}s
{
”name”: “rating”,
»valueType”: ”FLOAT32”
}
1
»ttl1”: ”3600s”,
”batchSource”: {
»type”: ”BATCH_BIGQUERY ”,
”eventTimestampColumn®: *timestamp”,
”bigQueryOptions®: {
»table”: ”feast-oss.demo_data.driver_activity”
s
”dataSourceClassType”:
»feast.infra.offline_stores.bigquery_source.BigQuerySource”
s
?online”: true
s
“meta”: {
”materializationIntervals”: [
{
”startTime”: ~2021-11-17T15:00:00Z2”,
»endTime”: »2021-11-17T17:01:00Z”
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To mapamavw mapdderypa mapovotdlet po EAaLOTOTONUEVT KGOOT| TWV TEPLEXOLLE-
VWV TOV apxeiov Tov puntpwov. oTd00, 1 TANPNG £kS00T Tov TepLéxel Ta akdAovBa

AVTIKEIpEVAL:

« Data Sources
« Entities

Feature Services

o Feature Views

o On Demand Feature Views

Request Feature Views

o Saved Datasets

Oa e€nynoovpe TEPLOCOTEPA YA AVTA TA AVTIKEIUEVA OTNV eMOpeVN evotnTa (PA. €vo-

ra 3.1.2).

Provider

O Provider eivau éva dtagavég ototxeio tov Feast. Eival mpoatpeTikd kat ot XprioTeg
HTTOPOVV Vo TO 0pioovy pnTa oTig puOpioels. Zkomdg Tov eivat va evepyei oav éva €idog
neoalovta péow Tov omoiov ektehovvTal OAeg ot Aettovpyieg Tov Feast. Aettovpyieg
OTIWG 1) AVAKTNOT) XAPAKTNPLOTIKAV 1) 1) Staxeiplon NG vmodoung K.AT. TepVouV mpwTa
anod tov Provider mov ektelel omoladnmote mpooappoopévn Aoyikr. EmmAéov, oto-
xevet oe ovykekppéva mepipdAlovta (GCP, AWS, Local) kat eivat vedbOvvog yia tnv
ATPOCKOTTN EVOPXNOTPWOT TwV oTolyeiwv Tov Feast o avtd. Ta mapaderypa, évag
AWS Provider Stao@aliCet 6t To Registry 8a dnpovpynOei oe éva S3 bucket kat mov-

Bevd aAlov.

Feature Repository

[Tpokertan ya éva amoBetnplo git mov mepiéxet éva apyeio pvOuioewv feature_store.yaml
Kot OAOVG TOVG OPLOROVG XapakTnpLoTikawv (.py apxeia). H vmap&n evog kevtpikov amo-

Betnpiov Omov ot xprjoTeg pmopodv va StaxetpiCovtat Tig puBuioelg Kat TOVG OPLOHOVG
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TWV XAPAKTNPLOTIKADY, YPApHUEVOLS SnAwTika kat amodnkevuévovg oe kwdika Python,
Snpovpyei pia toxvpn myn akndetag. To Feature Repository vtodetkvoet Ty emBuopn-
TH KATAOTAOT TOL amobeTnpiov XAPAKTNPLOTIKWY Kal Xprotpomoteital yia T pvbuion,
v avamtuén kat ) Staxeipior| tov. Tehkd, OAeg ot puBuioelg kat oL optopol peTape-
povtat kat amofnkevovtat 6To Registry, To onoio eivat TpoypappaATIOTIKA TPOGPACLLO

amod aAAa ototxeia tov Feast. AkoAovBel éva mapaderypa doung tov:

$ tree -a

— data

| L driver_ stats.parquet
|— driver_features.py

'— feature_store.yaml

L— . feastignore

Feature Server

To Feast emtpémnet tn dnovpyia Feature Servers mov dnpovpyodv teppatikd onpeia
HTTP ta omoia mapéxovv TiéG XapakTnploTikwy o pop@r JSON. Avtn n Aettovp-
YKOTNTA EMITPETEL 0TOVG XP10TEG va StaPdlovv xapaktnptotikd and to Online Store
XPNOLHOTIOLWVTAG OTIOLASTITIOTE YAWOO TIPOYPAUUATIOUOV TIOV UTOPEL VaL eKTENEDTEL ALl
tpata HTTP. Ztnv npaypatikotnta, évag Feature Server Stafalet meplodikd to apyeio
TOV UNTPWOUL kat To dtatnpei 6TV kKpu@n pvnun (cache) Tov. Me avtov Tov Tpomo eivat
oe 0éomn va avTamokpiveTat ypriyopa oTa EL0EPXOUEVA AUTHHATA, EKTEADVTAG EPWTIHA-

Ta antevBeiag oto Online Store.

3.1.2 Baowég Evvoleg

AxolovOei pa emokonnon tTwv Pactkwv evvolwv kat TG etdkng opoloyiag Tov Feast.
AvTn glval o oNpAvTIKE EVOTNTA OV TTApEXEL AEMTTOUEPELES VLA T TIEPLOTOTEPA ATIO

T AVTIKELLEVA TTPWTNG KATNYOPLAG TOV HNTPWOL KAL YLa TO TIOLOG ELVaL O OKOTIOG TOVG.
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Project

Ta Projects eivat évag Tpomog Staxwplopov ovopdtwy 1 opadonoinong dlagopeTikwy
eldwv avTikepévwy Tov untpwov. Eva Project oxetifetat Aoytkd pe €va 1) meplocotepa
Feature Views, Data Sources, Entities k.Am. Tlapéxet emiong éva mAfpeg eminedo amo-
HOvwong oe eninedo vTOSopNg pe TNV ovopatoBesia MOPWY, OMWG OTOVG TVAKES, Ot
omoiol xpnotgomnolovv To d6voua Tov Project wg mpoBepa. Me dAla Adyta, dnpovpyet

EVa EVTEAWDG EEXWPLOTO OVUTIAY AV TIKELUEVWY.

Data Source

‘Eva Data Source eivat éva avTIKEIPHEVO IOV aAVAPEPETAL OF AKATEPYAOTA VTTOKEIUEVA
dedopéva, omwg évag mivakag SQL, pua por dedopévwv 1 éva pepovopévo apyeio. Ae-
dopévov 6Tt To Feast amautei Sedopéva pe xpovooppayideg yia tny ekTéAeon Twv Ael-
TOVPYLWV TOV, OAEG OL LTTOOTNPL{OpEVEG TINYEG SedoUEVwy TIPETMEL Vo TiepLéxoLV Eval Tie-
dio xpovoogpayidag pali pe kabe ypapun, kataxwpnon 1 ovppav pong. Hén Sidpopeg
nmyég dedopévwv déopng (Snowtlake, BigQuery, Redshift k. Am.) kot mnyég porg (Kafka,
Kinesis k.Am.) vrootnpilovtat and to Feast, aA\d emtpémnel emiong oTovg Xprioteg va
nMpooBécovy VOOTAPLEN Yo TIPOCAPUOTUEVEG TINYEG XPTOLHOTIOLWVTAG TO UNXAVIOUO

npdobeTwv ototyeiwv Tov (plugin mechanism).

# Data Source definition
driver_stats_source = BigQuerySource(
table ref="feast-oss.demo data.driver_hourly stats”,
event_timestamp_column="datetime”,
created_timestamp_column="created”,

Entity

Tevikd, pa ovtoTnTa €ivarl pia GVAAOYN and ONUACLOAOYIKA GUVAPT] XAPAKTNPLOTIKAL.
Ztov koopo tov Feast éva Entity eivatr pépog evog Feature View kat opiletal and éva
ovopa, évav Tumo TIHRG Kat £€va o0volo kAewdiwv. Ta kAewdid eivat onpavtikd, kabwg
to Feast ta xpnopomnotei katd TNy avaliitnon TV Xapaktnpotikwy and to Online

Store xat kata 1 dadikacia ovVEVwoNG o€ point-in-time joins. Mmopolhv gvkola va
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ovykpllovv pe ta mpwtevovta kAewdd otig Pdoelg dedopévwv SQL kat meptypdgpovv

povadikd pua eyypagr evog Feature View.

# Entity definition
driver = Entity(
name="driver”,
value_type=ValueType.STRING,
join_keys=["driver_id”]

Feature View

‘Eva Feature View eivat pia Aoykn opadonoinon xapaktnpiotikwyv (fields rj features), o-
vtotitwy (entities) kat tywv deSopévwv (data sources). ITio ovykekpiéva, amotelei-
Tat ano undév r meploodtepa Entities, éva 1 meplocotepa Features (Fields) kot akpipwg
¢va Data Source. Ileptypaget pia mpoPoln 1) €va vTOGVUVOAO TG LTTOKEIHEVNG TINYNG
dedopévwv. Eival To avTikeipevo mov oTny mpaypatikotnTa eNTpENEL TN HOVTENOTIOI-
10T TWV VQLOTALEVWV XAPAKTNPLOTIKWY pe ovvenr) Tpomo. Ta Features mov oxetifovtat
pe To Feature View eivat ovolaotikd 1810Tnteg 1§ xapaktnplotika tov Entity mov ta ov-

voOeLEL.

To Feast xpnowonotei Ta Feature Views katd TNV avaktnon xapakTnploTiKwy eite amod
70 Online 1} ané to Offline Store. KaBopiCovv emiong to oxnpa anobrkevong oto Online
Store, 1o omoio eivat {wTikng onuaciag katd tn Stadikacia materialization kat katd TNV

e§aywyr CUUTEPATUATWY.

# Feature View definition
driver_stats_fv = FeatureView(

name="driver_activity”,

entities=["driver”],

schema=[
Field(name="trips_today”, dtype=Int64),
Field(name="rating”, dtype=Float32),

1,

source=BigQuerySource(
table="feast-oss.demo_data.driver_activity”
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Eva aAho eviiagpépov eidog Feature View eivat To On Demand Feature View. Emitpé-
TEL T1 XPTOT) VYLOTAPEVWY XAPAKTNPLOTIKWY Kat request time data (Sedopéva Stabé-
olpa HOVO KATd TO XPOVO TOV aUTHHATOG TPOPAEYNG) yla TO HETAOXNUATIONO KAl T
dnovpyia vEwV XapakTnpLOTIKWYV EKELVN TNV OTLyHn. Avtd ovpPaivel pe Tov Tpoodio-
PLOUO ULOG GUVAPTNONG HETAOXNUATIONOD TIoL To Feast ekTelel TOOO KATA TIG LOTOPLKEG

000 KAl KATA TIG TaXVTATEG AELTOVPYIEG AVAKTNONG XAPAKTNPLOTIKWY.

# On Demand Feature View definition
@on_demand_feature view(

sources=[
driver_hourly_stats_view,
input_request

1,

schema=[
Field(name="conv_rate_plus _vall”, dtype=Float64),
Field(name="conv_rate plus val2”, dtype=Float64)

)

def transformed_conv_rate(features_df: pd.DataFrame)
-> pd.DataFrame:
df = pd.DataFrame()
df[”conv_rate_plus_vall”] =
(features_df[”conv_rate”] + features_df[”val to add”])
df[”conv_rate_plus_val2”] =
(features_df[”conv_rate”] + features_df[”val to _add 2”])

return df

Feature Service

‘Eva Feature Service gival éva avTIKEIHEVO TTOV AVTITPOCWTEVEL [t AOYIK opada xapa-
KTNPLOTIKAOV armo éva 1) meplooodtepa Feature Views. Xvvi0wg eivat évag kaldg Tpomog
YLt V& QVTIOTOLXT)COVHE T HOVTEAQ e [l OUASa XapAKTNPLOTIKWY TIov Xpetalovtal
yla va eKmatdevTodV 1) yla va Kavovv pia TpoBAey. Avto éxel emiong wg amotédeopa

™V kKaAvTepn mapakoAovOnon twv diabéoipwy povtéAdwy o mepiPailov mapaywyns.
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# Feature Service definition
driver stats_fs = FeatureService(
name="driver_activity”,
features=[
driver_stats_fv,
driver_ratings_fv[[”lifetime_rating”]]

Dataset

Eva Dataset emutpénet v anoBrikevon evog ovvolov dedopévwy mov mepiéxel 1000
oVTOTNTEG 000 Kal SedopEva XapaKTNPLOTIKWY, Ta OTOia LTTOPOVY va Xprotponotnbodv
apyotepa yla tnv eknaidevon tov povtédov. EmumAéov, n vmapén evog oTiypudtumon
dedopévwv yla éva ovykekpiuévo xpoviko didotnua fonda otnv avdvon dedopévwv
KaL OTNV TApakoAovOnon Tng molOTNTAG TOVG. XTO TAPAOKN VIO, Ta LeTadeSopéva TOV

Dataset amoOnkebovtal oto Registry kat ta mpaypatikd dedopéva anobnkevovtat oto

Offline Store.

# Dataset creation

historical_job = store.get_historical_ features(
features=[”driver:avg_trip”],
entity _df=[”driver”],

dataset = store.create_saved dataset(
from_=historical_job,
name="training dataset’,
storage=SavedDatasetBigQueryStorage(
table ref=’feast-oss.demo_data.driver activity’

dataset.to _df()




36 KEQAAAIO 3. XXEAIAYXH

3.1.3 Xpnon

Ye autd To onpeio, OAa eival £TOLUA Yia va TIPOXWPT|COVHE e TIG Aettovpyieg Tov Feast
Kal TOUG TPOTIOVG [E TOVG OTOIOVG TO XPNOLUOTIOLOVUE YEVIKA. APYIKA, TEPLYPAPOVLLE
TNV apXIKOTIOINOT| KAt TNV KATAOTPOPT TOV. XTI CLVEXELR, TTAPOVOLALOVHE TIG TUTIKEG
AELTOVPYIEG AVAKTNONG XAPAKTNPLOTIKWY Kat TéENOG e€nyovpe nv Stadikaoia material-
ization Aemtopepwg. Tia va yivel katavontdg o TpOTOG e Tov omoio ouvtovifovtat Oa
Ta ototeia Tov Feast katd 1 Stapkela avtwv Twv Aertovpywv Ba xpnotponotrcovpie

wg avagopa tov mehdtn SDK ypaupévo oe Python.

Yvvaptnoeig apply() - teardown()

Onwg avagépOnke mponyovuévwg, pmopodue va Ppodue 6AOVG TOVG OPLOUOVGS Xapa-
KtnploTik@v oto Feature Repository. Tia va eival mpooPaotpot and dAla ototyeio Tov
Feast mpémnet va amoOnkevtovy oto pntpwo. H Stadkacia avaivong (parsing) tov Fea-
ture Repository, n petatpomnr Tov oe avanapaotaon protobuf kat n amobnkevon Tov
0TO UNTPWO TPAYHATOTIOLEITAL [e TNV eVTOAT feast apply Tov CLI. Xta mapaoknvia, pe-
T TNV eMKVpwON kat TNV avdAvon tov Feature Repository, To Feast kakei tnv uébodo

apply() TG kAdong Feature Store.

def apply(

self,

objects: Union[
DataSource,
Entity,
FeatureView,
OnDemandFeatureView,
RequestFeatureView,
FeatureService,
List[FeastObject],

1,

objects_to_delete: Optional[List[FeastObject]] = None,

partial: bool = True,

Ovotaotikd AapPdvet Svo opiopata: avtikeipeva mpog Snuovpyia f evnuépwon kat

avTikeipeva mpog Staypar). Apyikd, amofnkedel Ta véa 1) TPOG EVIHEPWOT) AVTIKELHEVA
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0TO UNTPWO, OTN GLVEXELX SlaypaPeL Ta avTikeipeva Tov éxovv katapynOei kat TéAog
evnuepwvet tnv vodopr|. H tedevtaia evépyela agopd kupiwg tn dnpiovpyia kat TN
Staypaen dopwv Tov Online Store, 6Tov 1o Feast amoOnkevel TIg Mo TPOGPATEG TIHES

XAPAKTNPLOTIKWY.

H extéAeon g teardown() mpaypatomotei TNy avtiotpoen Stadikacia. Apxikd, kata-
OTpEPEL OAN TNV LTIAPXOVOA VITOSOUN Kal 0TN GLVEXELA Slaypagel OAa Ta avTiKeipeva

TOL UNTPWOV.

Yvvaptnon get_offline_features()

H avdktnon 1otopikwv XapaktnploTikwy givat iowg 1 o ovvnOiopévn Aettovpyia Tov
Feast. O 01006 TNG €ivat va evwoel TOANATTAG XApAKTNPLOTIKA oo €va 1} TEPLOTOTEPQ
Feature Views o€ €va entity data frame pe op06 tpdmo. Eva entity data frame mov Aet-
TovpYel WG €l0080G TNG CLVAPTNONG ELVAL OTNV TPAYUATIKOTNTA £V GCUVOAO EYYPAPWV

mov TepLéxet £va kAewdi (1 kAedid) kat pa xpovooppayida yia kdbe eyypagn.

Entity DataFrame

row event_timestamp driver_id
0 | 2021-04-16 20:29:28+00:00 1001
1 2021-04-15 12:29:28+00:00 1003
2 | 2021-04-17 04:29:28+00:00 1002
3 | 2021-02-16 10:29:28+00:00 1000

H ¢§080¢ eivat pia avamapaywyn KaTaoTaon TV XApakTNpLOTIKWV O (Lo GLYKEKPL-

HEVT] XPOVIKT) OTLYHT).

Joined Training DataFrame

row event_timestamp driver_id | conv_rate | acc_rate

0 |2021-04-16 20:29:28+00:00 1001 0.675539 | 0.657475
1 | 2021-04-15 12:29:28+00:00 1003 0.128302 | 0.913942
2 | 2021-04-17 04:29:28+00:00 1002 0.313097 | 0.770170
3 | 2021-02-16 10:29:28+00:00 1000 NULL NULL

H Stadikaoia ovpmAnpwong tov data frame e10680v e TIG OWOTEG TIHEG XAPAKTPLOTL-

KWV eivat ToAY anr). YnoBéote ot ) vrokeipevn mpyn dedopévwy eivat n akolovdn:
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row event_timestamp driver_id | conv_rate | acc_rate

1804 | 2021-04-12 07:00:00+00:00 1001 0.373866 | 0.896520
1443 | 2021-04-15 07:00:00+00:00 1003 0.675539 | 0.657475
1082 | 2021-04-16 07:00:00+00:00 1001 0.128302 | 0.913942
721 | 2021-04-16 07:00:00+00:00 1002 0.802812 | 0.410884
456 | 2021-03-16 07:00:00+00:00 1000 0.402842 | 0.510674
360 | 2021-04-17 07:00:00+00:00 1002 0.313097 | 0.770170

[a kaBe ypappr evrog Tov entity data frame 1o Feast capwvel xpovikd mpog ta miow
amo Tov xpOvo Tov yeyovoTtog HéxpL To péytoto tov Xpovov TTL. Tia mapdderypa, yia
™ oelpd 0 (driver_id 1001) capwvel Tnv vokeipevn mnyn dedopévwy kat maipvel Tig
ypapuég 1804 kat 1082. Xtn ocuVEXELD, EVWVEL TN OELPA [E TNV TANOLEGTEPT) XPOVOTPPA-
yida, dpa tn oepd 1082. H oepd 3 (driver_id 1000) €xet makawdtepn xpovooppayida
amo Ty Mo npoceatn eyypaen tov driver_id 1000 oty vokeipevn mnyrn dedopévwy,
emopévwg ocuumAnpwvetl To anotéheopa pe NULL tpés. Zvvovilovtag, n Stadkacia
join eivatl TOAD mapopoLa pe pia SiateTaypévn aplotepr| évwon (join), “xalapn” Opw,

nov Paociletal 0TIg TANOLEOTEPEG XPOVOTPPAYISEG.

[a v extéleon avtig TG Aettovpyiag, To Feast xpnowomnotei tnv get_historical_features()

nédodo tng kAaong FeatureStore.

def get_historical features(
self,
entity df: Union[pd.DataFrame, str],
features: Union[List[str], FeatureService],
full_feature_names: bool = False,

) -> Retrievallob:

Avti n uéBodog akohovBei pua tepuméhikn mpooéyylon emotpépovtag éva RetrievalJob
avti yla ta mpaypatikd dedopéva. H Ayn Twv xapaktnploTikwy amoutel Ty ektéleon

v uebodwv to_df() v to_arrow().

entity_df = pd.read_csv(”entity_df.csv”)

training job = store.get historical features(
entity df=entity_df,
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features = [
>driver_hourly_stats:conv_rate’,

’driver_hourly stats:acc_rate’

Is

training df = training job.to_df()

Yvvaptnon get_online_features()

H anevBeiag Anyn xapaxtnplotikwy eivat n Aertovpyia mov xpnotpomnotei to Feast kata
™ Suapketa G e§aywyng CUUTEPACUATWOVY YLot TNV AVAKTNON TWV TEAEVTAIWY TILWV
Xapaktnpotikav and 1o Online Store. H pébodog get_online_features() tng khdong

FeatureStore xpnotpomnoteitat ano tov mehdatn SDK ya 1o Aoyo avtd.

def get online features(
self,
features: Union[List[str], FeatureService],
entity_rows: List[Dict[str, Any]],
full feature_names: bool = False,
) -> OnlineResponse:

AvTn ) @opa Sev LIIAPYXEL AVAYKN VLo XpOVOOPpayideg, oL xprioTeg Tapéxovy éva ov-
volo kAediwv kat AapBavovy miow éva véo data frame ple TIG amattoOpeVeg TIHES Xapa-
ktnplotikwv. H Aettovpyia dev eivar tepmélikn onwg pe tnv get_historical_features().
Emotpéget TG TIpéEG TV XApaKTNPLOTIKWV o€ Hop@ry protobuf kat otn ovvéyela o me-
Aatng xpnotpomotei Tig peBodovg to_df() 1 to_dict() yia va Ti peTaTpéyeL og eDXPNOTN
uoper.

online_response = fs.get_online_features(
features=[
?driver_hourly stats:conv_rate”,
”driver_hourly stats:acc_rate”
1,
entity_rows=[{”driver_id”: 1001}, {”driver_id”: 1002}],
)

online response_dict = online_response.to _dict()
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Yvvaptnon materialize()

Télog, vapxet n Sradikaocia materialization. Eival n dtadikacia mov eivar vedbBuvn
yla TNV avavéwon Twv TIHOV TV XapakTnploTikwv tov Online Store. Evag xpriotng
napéxel éva xpoviko dtdotnpa kat kabopilet éva obvolo and Feature Views mov OéAet

VoL AVAVEWOEL.

def materialize(

self,

start_date: datetime,

end_date: datetime,

feature_views: Optional[List[str]] = None,
) -> None:

To Feast {ntaet ano oleg tig mnyég déoung twv Feature Views Tig mo mpoogateg Tt-
HEG XAPAKTNPLOTIKWYV péoa 0To Kaboplopévo Xpoviko SLAoTna Kal TIG QOPTWVEL OTO
Online Store. To epwtnua tepayifet Tnv vokeipevn myr Sedopévwv Statnpwvtag po-
Vo 10 {nrovpevo Xpoviko StaoTna, 0T cuvéxeta Tatvopel TIg evamopeivavteg eyypa-
Q&G pe Pdon Tn xpovoo@payida kat TEAOG KPATAEL TNV TILO TPOCPATH £YYPAPT] Yia kKdOe

povadiko kAetdi.

Step 1: Tepayiopéveg Eyypagég

row event_timestamp driver_id | conv_rate | acc_rate
1804 | 2021-04-12 07:00:00+00:00 1001 0.373866 | 0.896520
1082 | 2021-04-16 07:00:00+00:00 1001 0.128302 | 0.913942
1443 | 2021-04-15 07:00:00+00:00 1003 0.675539 | 0.657475
360 | 2021-04-17 07:00:00+00:00 1002 0.313097 | 0.770170
721 | 2021-04-16 07:00:00+00:00 1002 0.802812 | 0.410884

Step 2: Ta&vopunuéveg Eyypagég

row event_timestamp driver_id | conv_rate | acc_rate

1804 | 2021-04-12 07:00:00+00:00 1001 0.373866 | 0.896520
1443 | 2021-04-15 07:00:00+00:00 1003 0.675539 | 0.657475
1082 | 2021-04-16 07:00:00+00:00 1001 0.128302 | 0.913942
721 | 2021-04-16 07:00:00+00:00 1002 0.802812 | 0.410884
360 | 2021-04-17 07:00:00+00:00 1002 0.313097 | 0.770170
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Step 3: ITio IIpdogateg Tipég

driver_id | conv_rate | acc_rate

1003 0.675539 | 0.657475
1001 0.128302 | 0.913942
1002 0.313097 | 0.770170

3.2 Apxirektovikn Mntpwov

o va mpoodiopicovpie Tt Aeimel kat Tt TPEMEL va KAvovpe and anoyn oxedioaong kat
APXITEKTOVIKNG, AMALTELTAL TTANPNG KATAVONOT| TG TPEXOVOAG APXITEKTOVIKHG TOV HN-
Tpwov. Xe avTh TNV evotnta Ba emkevipwbovpe kvpiwg oe dvo kAdoelg Python, Tig
kAdoeig Registry kat RegistryStore, tov SDK. Avtég ot kAdoeig eivat vmedBvveg yia
Slaxeiplon Twv avTIKEPEVWY TOV UNTPWOL Kat TNV aAAnAenidpaot pe To eminedo amo-

Onxevong.

3.2.1 Aserovpyia

To untpwo xpnotponoteitat oxedov oe kabe Aettovpyia Tov Feast. Kabe popd mov évag
Xprotng xpetaletat va mdpet Sedopéva xapaktnplotikwy eite and to Offline 1) and to
Online Store xpnotpomoLel £vav OpLOpO XAPAKTNPLOTIKOD Yia va kabopioel To xapakTn-

pLOTIKO TTOL O€NeL va TdpeL. XTO TAPATKNVLO:

1. To Feast extehel éva ep@Tnpa TPOG TO UNTPWO Y va AngBolv 0da Ta anatov-
peva petadedopéva (m.x. mov PpiokovTal Ta Tpaypatikd dedopéva TOV XapaKTn-

PLOTIKOD, 0 TUTIOG TOV XAPAKTNPLOTIKOV K.ATL).

2. Extelei éva dANo ep@Tnpa Yo THY Ay TV TpAypatikdy dedopévwy xapaktn-

PLOTIKWY.

AveEaptnta and to av évag xpnotng Bélet va mdpet totopika dedopéva xapakTnpLoTL-
KOV yla va dnpovpynoet €va ovvolo dedopévwy 1 va mapet online dedopéva xapa-
KTNPLOTIKOV Yl va ekteéoel pia poPAeyn, o meddtng Feast (SDK) amattei avta ta

petadedopéva (1). Qotdoo, avtég ot dVo Aettovpyieg eivat evredwg avtiBeteg:



42 KEQAAAIO 3. XXEAIAYXH

o H Afyn otopikwv Sedopévwy XapakTnploTikwv eivat pia Aettovpyia mov kado-
pifetal amo 1o I/O kat §odevet Tov MepLoadTeEPo XPOVO yLa TN ANYN TPAYHATIKDOV

dedopévwv

o H Ajyn online deSopévwv xapaktnplotikwy eivat pia ypriyopn Aettovpyia mov

eilvat (wTikng onpaciag yia vynAég emdooelg oTny e§aywyr CUUTEPATUATWY

[Tpoxewévov to Feast SDK va vrootnpiet e§aywyn ocvunepacpdatwy vynAng anodo-
onge, xwpig va xpetaletat va avtiel avtd ta petadedopéva kabe gopd, Statnpei pia mpo-
OWPLVT] AVATIAPACTAOT HNTPWOL OTH UV N Kat @povTilel va Ty avavewvet dtav Arjyet,
PEPVOVTAG TNV TILO TPOCPATH AVATIAPACTACT) TOV unTpwov. [la va to kavel avto, xpn-

olpoTotel €vay pnxaviopd commit & refresh oe 0Aeg T1g Aettovpyieg Tov.

Feast client (SDK) Registry store backend
Reg:\stry' Regist ‘rySto re get_reglslrfy_prolo[) Object storage
object object .- :
_ proto _
Cached registry - i Registry
representation el : representation
T L upd ate_regfstry_prolc{)

Xxnua 3.3: Myyaviouds Commit & Refresh

IIpwv e&nyroovpe Tov pnxaviopno commit & refresh, ag Sovpe Tt eivar éva Registry kat
éva RegistryStore avtikeipevo. Eivat avtikeipeva twv 600 akoAovbwv kAdoewv mov To

Feast SDK vhomotet:

+ Registry: paowkn khaomn mov eivat vedBvVN yLa TN SLaxeipton Tov pnTpwov (mpo-
o0nkn véwv xapaktnploTikay, diaypa@rn maiwy, kAT.) kat Tr Statrpnon g
TPOCWPLVIG AVATIAPACTACT|G TOV UNTPWOL OE GVYXPOVIOUO UE TNV TIPAYUATIKT.

Y)\omotel To pnyaviopo commit & refresh.
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+ RegistryStore: emextaoun kAdon vebOvvn ya Tnv alknAenidpaon pe éva ov-

YKEKPILEVO XDPO amobrikevong Tov UNTpwov.

H k\don Registry mepiéxet pebodovg mov epappolovv allayég oto apxeio untpwov.

Avtég mapéxovv éva boolean dpiopa mov ovopdletar commit. Tia mapdderypa:

def apply entity(
self,
entity: Entity,
project: str,
commit: bool = True

if commit:
self.commit()

return

def delete_entity(
self,
name: str,
project: str,
commit: bool = True

if commit:
self.commit()
return

Avt6 10 Opropa kabopilet av pa adlayn Oa mapapeivet oty kpLen pvrun N Ba peta-
@epBei oTOV amoBnkevTIKO XWpOo avTikelEvwY and To Feast. Ztnv mepintwon commit =
True, o avtikeipevo ToOL Registry Oa oteilet oAdOKANpN TNV amoBnkevpévn avamapd-
O0TAOT TOV UNTPWOL ATIO TNV TPOOWPLVT| VN 0TO avTikeipevo TOmov RegistryStore,
10 omoio 0T ovvéyela Ba TNV TpowbnoeL OTOV TPAYHATIKO AMOONKEVTIKO XWPO AVTL-

KEWEVWV Kat Ba avVTIKATAOTHOEL TNV TTAALL AVATIAPACTACT] TOV UNTPWOV.

Ta tov i6to Adyo, ot uébodot Tng Khdong Registry mov eivat vebBvveg yia Aettovpyieg
“avayvwong” mapéxovv v emhoyr| allow_cache. Eav allow_cache = True, to avti-
Keipevo Tomov Registry emitpénetal va xpnotgomnouoet Tny anodnkevuévn oty Lviun
avanapdoTact Tov pntpwov. Eav oxt, mpémet mpwta va Ty avavewoet {Ntovtag anod

To RegistryStore va Tnv avakTroeL amod TovV amofnKevTIKO XWPO AVIIKEIUEVWY.
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def get_entity(
self,
name: str,
project: str,
allow_cache: bool = False

registry_proto = self._get registry proto(allow_cache=allow_cache)

def list_entities(
self,
project: str,
allow_cache: bool = False

registry_proto = self._get registry proto(allow_cache=allow_cache)

Kat ta dVo avtd opiopata padi pe tig pebddovg commit() kat refresh() amotelodv tov
unxaviopd commit & refresh. Ag pi§ovyle pa mo TPOoEKTIKY HATId 0€ avTEG TG LeBo-

dovc.

def commit(self):
if self.cached_registry proto:
self. registry store.update_registry proto(
self.cached registry proto

def refresh(self):
self. get registry proto(allow_cache=False)

def _get_registry proto(self, allow_cache: bool = False)
-> RegistryProto:

registry proto = self. registry store.get registry proto()

Kat ot dvo avtég pébodot ovotaotikd xpnotponolody €va avTikeipevo Tomov RegistryStore

KaAwvTag Tig akolovdeg dvo uebodovg mov aviikovy oe avTod:
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« update_registry_proto » get_registry_proto

3.2.2 IIpooOeto RegistryStore

H wAdon RegistryStore gival o mpoypappatioTikog mehdtng mov xpnotpomnotei To Feast
yta va aAAnAemidpaoet e TOV VTTOKEIUEVO ATOONKEVTIKO XWPO TOV HNTPWOVL TOV. ATrO-
Telel HEPOG TOV PNYAVIOHOV TwV TPOoHeTY TTOL eMITPETMEL O€ SlAPOPETIKA €idN XWwpwV
amofrkevong va Aettovpyovv oe ocuvepyaoia pe to Feast. [la va yivw 1o ovykekpipé-

VOG TIPOKELTAL YIa [ia a@npnpévn KAAon mov meptéxet Tig akolovdeg 3 pebodovg:
o get_registry_proto(self) -> RegistryProto
o update_registry_proto(self, registry_proto: RegistryProto)
o teardown(self)
Ot tpoypappatiotég mov BéNovy va vtoatnpifovv €va véo xwpo amobrkevong mpémel

va dnuiovpynoovy pia véa kAdon mov vlomotel avTég Tig peBodovg. AxolovBei éva

napaderypa:

class GCSRegistryStore(RegistryStore):
def get registry proto(self):

if storage.Blob(bucket=bucket, name=self. blob).

exists(self.gcs_client):

self.gcs client.download blob_to file(
self. uri.geturl(), file obj, timeout=30

)

file_obj.seek(9)

registry proto.ParseFromString(file obj.read())

return registry_proto

def update_registry_proto(self, registry proto: RegistryProto):
self. write registry(registry proto)
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def teardown(self):

gs_bucket = self.gcs_client.get_bucket(self._bucket)
try:
gs_bucket.delete_blob(self. blob)

def _write_registry(self, registry_proto: RegistryProto):

gs_bucket = self.gcs_client.get bucket(self. bucket)
blob = gs bucket.blob(self. blob)

file obj = TemporaryFile()
file_obj.write(registry_proto.SerializeToString())
file_obj.seek(9)

blob.upload_from_file(file_obj)

Eivat cagég 0Tt kat 0TI Tpelg vAomoinpéves uebodovg vrdpyet évag meddtng GCS o
omoiog eivat vtevKBVVOG yia TN dnuovpyia, evnuépwor, dlaypa@n 1 AVAKTNON TOL ap-

Xelov Tov punTpwov and Tov xwpo amobrkevong avtikelpévwv (object storage).

3.2.3 IIpoPAqpata Xxediaong

Ao eidate TG Aertovpyovv Ta mavta, npde n wpa va mapovotdcovpe TNy oxediaon
TIOV KAVEL TNV TPEXOVOA apXITEKTOVIKT SDOKOAN 01N Xprion péoa oe meptPaAlov moA-
AamA@V XpNoTWY, OTIOV OL XPHiOTEG TIPETEL VAL HOLPALOVTaL CUYKEKPIUEVA THHUATA TOV
untpwov. Ilptv mpoxwpnoovpe, eival oNUAVTIKO Va £XOVUE KATA VOU OTL 1] avamapd-
0TAOT] TOL UNTPWOL TNV omoia petagépel kat amobnkevet to Feast oe popen protobuf
TepLEXeL £vay Katdhoyo yia kabe éva amd Ta avTiKeigeva TPOTNG KaTnyopiag Tov pn-

Tpwov (BA. evotnta 3.1.1).

Twpa, n amobnrevon oAdKANpov Tov UNTPWOL wG eviaio apxeio dnovpyel TpoPArpaTa
LLE TNV KOLVI] XP1|0T TV AVTIKEILEVWY TPWTNG KATNYOpLag TOV HNTpwov o€ TepLpdAlov
TOANATMADV XpnoTwy. Aev vrdpxel ca@ng Tpomog pvduong Twv dikawpdtwy oe ov-
YKEKPLUEVA AVTIKEIHEVA, KABWG HOVO SIKALDHATA AVAYVWOTG 1) EYYPAPTIG UTOPODV Va
puOotovv oe eninedo apxeiov. EmmAéov, n petakivinon oAdkAnpwv apxeiwv petagd

TOL TTEAATN KAl TOL XWPoL anoBnkevong avtikelpévaoy vrofaduifet tnv anddoon.
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Mia &AAN TTVXT TOL PNTPWOL oL Ba PopovaE eVOEXOUEVWG Va TIPOKAAETeL TTPOPAT -
Hato glval 1 TPOoWPLV avamapdoTact TOV UNTPWOL. e oevapla Omov ToAAamloi
XpNoTteg aAAnAemidpovv pe To idlo unNTpwo, 1 SlaTrHPNOT TOL CLVYXPOVIOHOV OTNV TTAEL-
pd tov mehdrtn (Feast SDK) Stao@ahilovtag mapdAAnia ott ot alayég mov mpayparto-
TIOLOVVTAL TOTIKA AT TOVG XPHOTEG Bpiokovv To dpopo TovG TPOG TOV amodnKevTIKO
XWpo, anoteel TPOKANOT. Ze avTo TO Onpeio, eV VITAPYEL HNXAVIOHOG KAEIOWUATOG
0TO "aMOUAKPUOHEVO” apyxeio Tov PnTpwov, kabotwvtag advvatn Tnv £yyovnon ato-

HIKT|G TTPOOPOONG O TAVTOXPOVEG EYYPAPEG.

3.3 Néa ApXITeEKTOVIKN)

H enilvon 1} 1o Eemépaopa Twv mapandvew mpoPAnpatikwy oxedidoewy givat amapai-
TN ya v evowpdtwon tov Feast oto Kubeflow. Xe avth tnv evotnta exBétovpe
mulavég véeg oxedidoelg kat Avoetg. H eotiaon Oa mapapeivel 6to pnrpwo kat tn Aet-

TOVPYIKOTNTA TOV.

Avt T otypn, to Feast eivat ovotaotikd €va Python SDK mov Siaxetpiletat ko &-
vopxnotpwvel dAAa otoixeia, omwg to Offline Store, To Online Store kat To Registry.
Qo1600, Kat Ta Tpia avTtd ototxeia Pacifovtal oe VTTOSOUEG OVYKEKPIHEVWY TTpopnOev-
TV, 6w kovPadeg amobnkevong 1 anobnkeg dedopévwy. Exovtag éva épyo avolytod
kStka 6mwg To Kubeflow anaitel ototeia mov eivat ave§dptnta and tov mpoundevtr

Kal Hmopovv va xpnotpomnonboiv oe Stdgopeg xprioels tov Feast.

O okomdg TG 0Ang mpoomdbelag eival va emekTeivovpe TN AELTOVPYIKOTNTA KAl TNV
evehi&ia Tov Feast yla va 1o evowpatwoovpe oto Kubeflow. Avto Oa ovppei pe to oxe-
Saopo evog véov backend yia to pntpwo, evog mAnpovg Stakoutotr API, o onoiog Oa
npooBéoel £va emmAéov oTpWHA TTAVW ATO Ta ATOONKEVUEVA AVTIKEIHEVA TOV HNTPW-
ov. IIpoobnkn Tov avtov Tov oTpwpatog diayeiplong Oa kataotroet To Feast akopn mo
emeKTAOIHO Kat Oa Béoel Tig Pdoelg yia alheg Pertiwoels. Eva avtdvopo backend yia 1o
UNTpwo 1ov vooTtnpileTat and wa Paon dedopévwv SQL, mov anobnkevet avtikeipeva

TOL Kal 7o eivat oe Béon va extedei éEheyxo mpooPaong eivatl o TeEAkOG 0TOXOG.
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3.3.1 Apxwn Zxediaon

H apyikn oxediaon anookomnel 0Ty amo@uyn Tng Xprong evog Hovo apxeiov HnTpwov
WG KEVTPIKOL amofnkevtikov ovotripatog. Etol, Oa avtikataotrhoovpe tov anobnkev-

TIKO XWPO AVTIKELLEVWV Ao i oXeTtakr Pdon dedopévawv.

Feast client (SDK) Registry store backend
. { . \ : / \
Reglstry proto ReglstryStore get_registry_proto(} Database
object -~.. oObject .-
Cached registry
representation :
:;ngi:% update_registry_proto()
create+ @ \—;—II'*H SQL INSERT |
\e o — i o/

Ixfpa 3.4: Mytpwo ws Baon Aedopévawy

Avtn n oxediaon Bektiwvel emiong Tov TPOTO Slayeiplong TNG AVATAPACTACTG TOV HN-
Tpwov, kabwg ta Tvmika ZABA poogépovv 18totnteg ACID xpriotpeg ylo tnv amoguyn
OVYKPOLOEWV O TAVTOXPOVEG AetTovpyieg eyypagns. Otav ot xprjoteg mpoonabovv va
aAAGEOLVY TNV KATAOTAOT TOL UNTPWOL TAVTOXPOVA, ) XPTON TwV cuvaAlaywy Ba Sa-

o@ahioel 0Tt k&Oe emiTvXnG AetTovpyia eyypaeng Oa mapapeivel otn Pdon dedopévwv.

e avTny v véa oxediaom, 1 avakTnon Tou UNTPWOL TAPAUEVEL TOGO ATIAT 60O 1) -
KTéAeon twv anatovpevwy gpwtnudtwv SELECT SQL npog tn Baon dedopévwv. H
EVIUEPWOT] TOVL UNTPWOV eivat Alyo o moAvmhokn. To avtikeipevo Tomov Registry Oa
Satnpet pua Aiota FIFO pe Tig ekkpepleic Aettovpyieg kat To epLexOpevo Tovg (oe Hop-
¢r| protobuf). Avtr n ovpd mepiéxel TIG aAlayég OV TIPETEL VA EKTEAETOVV YLa va
avavewoel To Feast To untpwo ano to tehevtaio commit. To mepiexopevo tovg ava-
QEPETAL OTO TIPAYHUATIKO AVTIKEIUEVO TOV UNTPWOV, O€ avamnapaotaot protobuf, mévw

oto omnoio Oa extedeotel n Aettovpyia. Tia mapaderypa:

[(”CreateEntity”, entityProto), (”DeleteFeatureView”, fvProto), ...]
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Kabe gopa mov o Feast evepyomotei Tov pnyaviopd commit, pia mapopota Aiota mep-
vdet 0To avTikeipievo RegistryStore, To omoio tn peTa@palet 0Ta AvVTIOTOLXA EPWTAHATA

SQL kat ta extedel. H Miota adetdlet petd and kabe emrvyxég commit.

Yxnua Baong Aedopévwv

materialization_interval

end time

estamp
d_timestamp
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Agdopévov OTL TIPOKELTAL YlaL [ia VA TIPOOEYYLOT), VTIAPXEL avayKn va oxedlaotel éva
oxnua pdong dedopévwv mov amoBnkevet Ta avtikeipeva untpwov. To véo oxrpa ako-
AovBei Tov 0pLOpd TOV OXHUATOG TOV UNTPWOV Kal TWV OTOLKEiwV Tov [2], avTod Tov

Xpnotpomoteital yla ta pnvopata protobuf.

Zxoha  ‘OMot ot mivakeg meptéxovv éva povadiko avayvwoplotikd. EmmAéov, vrap-
Xovv kat aAot meploptopoi povadikotntag. o OAa ta avTikeipeva TpATNG KATNyOopi-
ag o ovvdvaouog tTov project_id kat Tov name mpémet va eivat povadikdg. To iSto toxvet
Kat ylo Tov Tivaka projects, OTov To 6vopa Tov project mpémel emiong va eival povadt-
k0. AmoBnkevovpe Ta media mov eival xpwuaTiouévVa e TOPTOKAAL Xpwua oTny Baon
dedopévwv wg bytes kabwg mepiéxovv ovuvBeta avtikeipeva 6mwg avtikeipeva JSON 7

Aiotec.

3.3.2 Bektiwpévn Zxediaon

‘Exovtag 0¢oet éva otifapd vmoBabpo (pa Paon dedopévwv wg péco amodnkevong tov
UNTPWOV), eivat TAéov Suvato va dnuiovpyndei éva Ao oTpwia TAVW OE AVTO, TIPO-

KELWUEVOL Va SLAXELPLOTOVHE Ta SIKALWHATA 08 CUYKEKPLHEVA AVTIKEIUEVA TOV HNTPWOU.

Feast client (SDK) Registry store backend

. ) ( Feast \
Registry proto RegistryStore gel_registry_protof) Registry
object ---.. object .- ;
Service
Cached registry
representation
:;ng' 2? " update_registry - proto()
h
CREATE + . ) f REST: POST
\ / ( \ l_‘ / RPC: CreataObject
token

Database

Ixnua 3.6: Néa Apyirextoviky
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Avto Aertovpyei wg evOLAUETO OTPWHA, HETA&D TNG TAEVPAG TOV TTEAATN KAt TG TTPay-
Hatikng Baong dedopévav, mov Ba emPardel Tov éAeyxo mpooBaong. Eivat évag amhog
Sraxopotig REST API pnpootd amod évav diakouotn gRPC [13]. And edw kat 0To &-
€1g avto To otpwpa Ba ovopdletal Feast Registry Service (FRS) kat €xet Tig akoAovdeg

TpeLG AetTovpyieg:

« 'ExOeon tehikwv onpeiwv CRUD yia OAa T avTikeipeva mpwtng Katnyopiag Tov

UNTPWOU.
« Extéheon eléyxov TavtotnTag Kat éEovotodoTnong Twv arTnuatwy.

 Awaxeipton alAnAemidpdoewy pe tn Paon dedopévwy.

Ta tehcd onpeia CRUD éxovv tnv akolovbn popen:

POST: /createEntity body: entity proto

GET: /getEntity body: entity_name, entity_project

POST: /updateEntity body: entity_proto

DELETE: /deleteEntity body: entity name, entity project

Ztnv mhevpd Tov TEAdTN, To avTikeipevo TOTov RegistryStore petagpalet tov katdAoyo
TWV EKKPEUWV Aettovpytwv oe kAnoelg API kau tig epmhovtiler pe éva token. Avtd To
token ypnowpomoteital otn ovvéxeta anod to FRS katd tn Sidpketa eAéyxov tavtoTnTag

kat eEovo1odoTnong.

Projects xat Amopovwon

Méxpt twpa mapovotacape OAOVG TOVG UNXAVIGHOVG IOV ATALTOVVTAL Yla Tr Staxeipion
TWV SIKAWUATWY OF avTiKeipeva Tov unTpwov. QoTO0O, ival EMONG CNUAVTIKO va
e§nynoovpe ta enineda amopdvwong mov mpoa@épovpe o Eva epPaAiov Kubeflow.

Onwg egnynoape oto kepdhato Ynopabpo (BA. evotnra 2.2.3) o KuPepvitng mapéxet

gvay unxaviopo mov ovopdletat Namespaces yia Ty anogovwon twv nopwv. Enmiéoy,

1o Feast mapéyet ta Projects (BA. evotnta 3.1.2) mTOL TPOCPEPOLY €va ATTOHOVWUEVO

TEPIPAANOV XAPAKTNPLOTIKAOV KAl OVTOTHTWY.

Ze éva ovvepyatiko meplpdAdov onwg To Kubeflow mpémetl va vapxovv moAhamia a-

vTikeipeva kat va potpalovtat petafd twv xpnotwv. Ta ovopata twv Projects mpémet
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va givat povadikd, yia avtd to Aoyo Ba xpnotpomotjoovpe 1:1 avtiotoryia petald evog

Feast project kat evog Kubeflow namespace.

[ TNV KOLVT} XP1IOT) AVTIKELHEVWY 1) OAOKAN pwV namespaces, ol SlaxelploTég Sivovv Ot-
KALWWILATA 0€ GUYKEKPLUEVOVG XPTIOTEG 1] OPASEG WOTE VA EKTEAOVV EVEPYELEG OE TTOPOVG

oe namespaces xpnotponotwvtag K8s Roles (ClusterRoles) kat RoleBindings (Cluster-

RoleBindings).
[ Kubeflow
Namespace Y
i
‘ Feature View A | ‘ Entity A ‘ m
[ Feature View B _| [ Entity B |

Ixnua 3.7: Eminedoa Amopovwons

3.3.3 Ymnpeoia Mntpwov

H oxediaon kat n apytrektovikn tov Feast Registry Service eivat oe peydho Babuo e-
pnvevopévn and tov Kubeflow Pipelines (KFP) backend apiserver [4]. Mia moAb mapo-

Hota Sopry @aivetat oto Zxnua 3.8.

H vmnpeoia Tov pntpwov dtabétel 5 kOpLa oTotyeia TOL £X0VV SLAQOPETIKOVG POAOVG

KaL eKTEAOVV SlapopeTikEG evépyeleg kata T ddpketa kabe artipatog.

Reverse Proxy Aappaver artripara HTTP and tovg meldteg, Ta peTatpénel o€ aith-
oetg gRPC kat ta anootéAAet otov Server. H avtiotpogn Stadikacia ovpaivet petd

™V napaywyn pag andvrnong gRPC ano tov Server.
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Reverse Proxy

Auth

Xxfipa 3.8: Apyitektoviky Ynypeoiag Mytpwov

Server IIpokertauyia évay Tomikd dakopoth gRPC [20]. Amotelei o onpeio elcodov
Twv artnpdtwv gRPC kat vAomotel ouvaptroelg mov ta xetpiCovrat. Extelei eAéyxoug
ETMKVPWOTG, Xprotpomnotei To Auth oTotyeio yia va ekTeAéoel TOV €EAeYX0 TAVTOTNTAG

kat tnv e§ovolodotnon kat petaPiBadlet to aitnua otov viokeipevo Resource Manager.

Auth  Aapfaver éva token kat éva ohvolo dikalwpdtwy and To ototxeio Server. Xt
ovvéxeta petaPipalet to token oe évav meddtn TokenReview, o omoiog ektelei éAey-
xo tavtotntag. O mehdtng TokenReview eivat évag mehdtng K8s [22] mov aAAnAe-
udpd pe éva eyyevég API tov K8s. H efovoiodotnon exteleitat and évav mehdtn
SubjectAccessReview xpnotomolwvtag T000 to token 600 kat To cVVolo Twv Sikatw-
Hatwv mov éAaPe o Server. IIpoketrtatl yia évav dAXo meldrtn K8s mov alAnAemidpd pe

Aettovpyieg mov mapéxovtatl and to API authorization k8s.io [21].

Resource Manager Aappdvet éva aitnpa and Tov Server kol TO PETATPEMEL OF [La
E0WTEPLKI] AVATIAPAOTACT] (LOVTENO) TIOV UTTOPEL VA AVTIHETWTILOTEL Amd OTOLXEA Y-
unAotepov emmédov. Atayelpiletal Tovg TOpovg o€ VYNAS emtinedo kat givat vievBvvo
yla TV evepyomoinon Twv KataAAnAwv Stores XapunAov emméSov TPOKELLEVOD VAl EKTE-

AeaTovV oL owoTEG alhayég oTny vrokeipevn Paon Sedopévwy.

Store AapPdvet éva povtélo kat ekTeAel pia evépyela og avTo, 1 omoia Statnpeitat
ot Pdon dedopévwv. ‘Etol, alAnhemidpd pe to mpaypatikoé ovotnpa anodrkevong e-
KTEAWVTAG EPWTAHHATA ) CLVAANAYEG. Ze aUTH TNV TEPIMTWOT TO GVOTNUA amodrKev-

ong avagépetal ot pa Paon dedopévwv MySQL. TTapoha avtd, pmopel va aAAnhemnt-
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dpdaoet kat pe dAAovg Tomovg SQL Paoewv apol emAEyov e Va XPNOLLOTIOL|GOVE EVaV

ORM (Object-Relational Mapping) unxaviopo.

3.3.4 Ilelatng Mntpwov

H oxediaon tov mpoypdppatog-meAdtn unTpwov eivat apketd amhoikdg. O otoxog i-
vat va givat éva otolyeio mov aglomotel Tov unxaviopd mpdobetwy mov TpooPépet To
Feast. Ztov mupnva tov ektehel mpoypappatiotikd artipata HTTP npog tnv vinpeoia

untpwov Feast (FRS).

Registry

Registry Service

Ixnua 3.9: Apyirextoviky) ITeAdrn Mytpwov

RegistryStore  Eivat vtevBuvo yia t Snuiovpyia kat tn Staxeipion tov meAdtn mov
emkowvwvei pe To FRS. ZvumAnpavet ta awtrjpata pe ta katdAAnAa media kat o amat-

Tovpevo token. Edv to token dev eival mAéov €ykvpo, TO avavewVveL.

Proto to API 'Onwg avagépape Tponyovpévwg, To avtikeigevo TOmov Registry peta-
Bpadet pa Aiota AetTovpy LWV Kot TO TIepLEXOUEVO TOVG OTO avTikeipevo TOTTOL RegistryStore.
To mepiexopevo dpwg eivat oe poper| protobuf. Ilptv and Tnv anootolr evdg autrpa-
106 HTTP mpémet va HETATPEYOVLE TO TIEPLEXOUEVO TOV OF€ £Val KATAAANAO avTIKeipeVO

APL

API to Proto H vnnpeoia untpwov amavtd pe £va 1) meplocotepa avtikeipeva APL
Qotdo0, To avTikeipevo Tumov RegistryStore mpémet va mepdoet pia mARpn avamapd-
0TAOT] UNTPWOL OTO avTikeipevo TOmov Registry. ‘Etol, mpémet va petatpéyovpe ta

Aappavopeva avtikeipeva katdAAnha oe avanapdotaon protobuf.



YAomoinon

AvTO TO KEQANALO EMKEVTPWVETAL OTNV TTAPOVGIACT] OAWV TWV TEXVIKWV AETTOUEPELWV
TIOL ATALTOVVTAL YLt TNV DAOTIOINOT TNG VEAG APXITEKTOVIKNG. ApXLKA, TIEpLypA@eL ONeg
TIG HKpEG aAAayég oty vitdpyovoa Paomn kwdika tov Feast. Xtn ovvéyela, mapovotddet
OAOKANpN TNV mpoomabela oxeTIKA e TN vEa vTnpeoia untpwov. Télog, mapovotalel
ToV véo TEAAT untpwov. Madi pe OAeg TG e18i1kéG AemTopépeLeg TG VAOTIOINONG, €Tte-

Enyet Ste§odika ta Prjpata avantuéng 1} eykatdotaong omov xpetaletal.

4.1 Emoxonnon

‘Exovtag 110n meptypdyet Oha Ta véa oTtolxeia TOL TIPETEL VA SNULOVPYTOOVLLE lvat oT)-
HAVTIKO va TOVIoOVE OTL 0 0TOXOG TNG LAOTOINOoNG eival va eloaxbei véa Aettovpyt-
KOTNTA XWwpiG va emnpeacTtel | vtapyxovoa Aettovpykotnra. Etol, mpaypatonolovpe
ehaxloteg alhayég oty vrdpyovoa Pdon kwdika. EmmAéoy, Ta evrehwg véa oTotxeia
npoonabolyv va mapéxovv AVoelg Tov SnpLOVPYODV APALPECELG KAl HTTOPODE eDKOAA

Va eMeEKTEIVOVE Kal va Xpnotponoioovpe ektdg meptpdAlovtog Kubeflow.

Agdopévov ott o meAdrtng Tov Feast (SDK) eivat ypappévog og Python kat avtog eivat o
110 SNHOPIATG Kat ebKONOG TPOTIOG Yo va Eektvioet kdmolog e To Feast, Oa xpnotpomot-
foovpe Python yia tig faoikég ahlayég Tov Feast kat Tov véo meAdTnG TOL UNTPWOU.
Qot600, Ba vAomowoovpe TNV VINPEsia PNTPWOL Xpnotponowwvtag Ty Go, kabwg
TIOANEG ey YeVEIG eQappoyEg vépoug €xovv Ndn avantuxOei oe Go kal To TeAKO amoté-
Aeopa eivar e§atpetikd amodotikod. EmmAéov, emavaypnotponotodpe uépog Tov kwdika

tov backend tov KFP kat petwvovpe tov ouvolikod xpodvo mov Ba xpetalotav ya tnv

55
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vlomoinon Twv idlwv punxaviopwv oe AANN YAwooa TpoypappaTiopo.

4.2 Tlvpnvag Feast

H enéxtaon g kAdong Registry eival anapaitntn wote va xetpiletat owotd tn Aiota
eKKpepV evepyetwv. Omwg e§nynoape mponyovpévwg, avtn eivat pwia Aiota FIFO. Ta

v vhomoinom g Ba xpnoonomoovpe to module queue [19].

class Registry:
cached_registry proto: Optional[RegistryProto] = None
cached_registry proto_created: Optional[datetime] = None
cached_registry proto_ttl: timedelta
pending ops: queue.Queue

Katd tnv ektéleon npd&ewv “write” yepifovpe avtn tnv ovpd pe dicts mov mepiéxovv
TOV TUTIO TNG A£LTOVpYiag kal To amapaitnto meplexopevo. AkoAovBovv pepikda mapa-

deiypata:

# CreateEntity and UpdateEntity example
def apply _entity(
self, entity: Entity, project: str, commit: bool = True

update = False

entity.is_valid()

for idx, existing entity proto in enumerate(
self.cached_registry proto.entities

):
if (
existing_entity proto.spec.name == entity_proto.spec.name
and existing_entity proto.spec.project == project
):

del self.cached_registry_proto.entities[idx]
self.pending_ops.put({

»

op”: ”UpdateEntity”, *proto”: entity_proto
})
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update = True
break

self.cached_registry_proto.entities.append(entity_proto)
if not update:
self.pending ops.put({
”op”: ”CreateEntity”, proto”: entity_ proto
}
if commit:
self.commit()

# DeleteEntity example
def delete_entity(
self, name: str, project: str, commit: bool = True

self. prepare_registry_for_changes()
assert self.cached_registry proto

for idx, existing entity proto in enumerate(
self.cached_registry proto.entities

):
if (
existing_entity proto.spec.name == name
and existing entity proto.spec.project == project
):

del self.cached_registry_proto.entities[idx]
self.pending_ops.put({”op”: ”DeleteEntity”, ”name”: name})
if commit:

self.commit()
return

raise EntityNotFoundException(name, project)

Kdmota ottypn mpémel va cwoovpe Tig ahlayég oto untpwo. Iia 1o Adyo avto, petafi-

Balovpe TN NioTa eKKpPEUWY EVEPYELWY OTO avTikeipevo RegistryStore.

def commit(self):
if self.cached _registry proto:
self. _registry_store.update_registry proto(
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self.cached_registry proto, self.pending_ops

Qotooo, n agnpnuévn khaon RegistryStore mepiéxet pa agpnpnuévn pébodo mov evn-
HepWVEL TO registry proto pe éva povo optopa. H véa pgbodog éxet éva emmAéov dpiopa
He TTpoeTAEYHEVT TIHT (Lo KEVT) OUPA) OE TIEPIMTWOT TIOL 1 AMOTA TWV EKKPEUWDY AEL-

Tovpylwv dev eival xpriotun yta To vAomotnpévo RegistryStore.

# 0ld definition
def update_registry proto(self, registry_proto: RegistryProto):

# New definition
def update registry proto
self,
registry_proto: RegistryProto,
pending ops: queue.Queue = queue.Queue()

4.3 Ymnpeoia Mntpwov

[ tn dnpovpyia TnG VN PETiAG UNTPWOL XPTOLUOTIOLOVE OXESLACTIKA TPOTLTIA TP O-
pota pe to backend tov KFP apiserver. H Stadikacia mov meptypagovpe 6to vtolouno
AUTING TNG EVOTNTAG AVAPEPETAL O AVTIKEILEVA TUTIOV entity Kot Aettovpyei wg va ev-
Koho mapddetypa va akohovBnoet kdmotog. QoTd00, ) idta Sadikacia oxvet yio OAa

T AAAQ AVTIKEIEVA TIPWTNG KATNYOPIAG TOV UNTPWOU.

Optopoi Protobuf

To mpwto Pripa NG Stadikaciag eivat 0 0pLOUOG TWV TEAKWY Onpeiwy SNUIoVPYDVTAG
Tovg anartobpevovg protobuf opiopots. To akdAovBo mapaderypa mapovotalet Eva

EntityService pe mévte Stagpopetikd teikd onueia: Create, Get, Update, Delete kat List.
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service EntityService {
rpc CreateEntity (CreateEntityRequest) returns (Entity) {
option (google.api.http) = {
post: ”/CreateEntity”,
body: “entity”
¥

rpc GetEntity (GetEntityRequest) returns (Entity) {
option (google.api.http) = {
get: ”/GetEntity”
}s

rpc UpdateEntity (UpdateEntityRequest) returns (Entity) {
option (google.api.http) = {
post: ”/UpdateEntity”,
body: “entity”
}s

rpc DeleteEntity (DeleteEntityRequest) returns (google.protobuf.Empty) {
option (google.api.http) = {
delete: ”/DeleteEntity”
}s

rpc ListEntities (ListEntitiesRequest) returns (ListEntitiesResponse) {
option (google.api.http) = {
get: ”/ListEntities”
}s

Agdopévov 0Tt o Mhaioto gRPC Paciletat o TEAATEG TOV UTOPOVV VA KAAEGOLV ATTEL-
Oeiag pa pébodo ot pa epappoyn SlakopoTh oe SLaPopETIKO HNXAVLA, Ol TTAPATIAV®
optopoi Aettovpyoldv wg n Ny G aAndetag. Xpnoomolovpe Evav HETAYAWTTIOT
yla TN HETAPPACT] AUTWY TWV OPLOUWY O TPAYHATIKO KWOLKA IOV XPTOLLOTIOLOVUE WG
stub mehdtn mov mapéxet Tig idieg pebodovg pe Tov Stakoptoth. Xty mAgvpd Tov dia-
KOO TR, €ivat evOVVN TOV TPOYPAUUATIOTH VA VAOTIOOEL avTEG TIG HeBddovg kat va

Snpovpynoet Evav SlakopoTr) Tov XelpileTal Ta aUTHpATH TOV TEAATT.
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Server
Etot, to endpevo Prjpa eivat n vhomoinon avtwv Twv pedodwv. Tia apyr, cvykpivovpe
WG aivovtal avtég ot pEBodot oty mAevpd Tov TEAATT Kat TOV SLAKOMLOTH.

[ TNV mAevpda Tov MEAATN, edw eivar €va Tapadetypa Tov TApAyOHEVOL KWOIKA TTOV

Onovpyei €vag peTayAwTTIoTG:

func (c *entityServiceClient) CreateEntity(
ctx context.Context, in *CreateEntityRequest, opts ...grpc.CallOption
) (*Entity, error) {

out := new(Entity)

err := c.cc.Invoke(

ctx, ”/api.EntityService/CreateEntity”, in, out, opts...
)
if err != nil {

return nil, err

}

return out, nil

[a TNV mAevpd Tov StakoptoTr, £Tot VAomolodpe TNV avtiototxn pébodo:

func (s *EntityServer) CreateEntity(
ctx context.Context, request *api.CreateEntityRequest
) (*api.Entity, error) {
resourceAttributes := &authorizationvl.ResourceAttributes{

Namespace: request.Namespace,

Verb: common.RbacResourceVerbCreate,
)
err := s.haveAccess(ctx, resourceAttributes)
if err != nil {

return nil, util.Wrap(err, ”Failed to authorize the request.”)
b
entity, err := s.resourceManager.CreateEntity(
request.Entity, request.Namespace
)
if err != nil {
return nil, util.Wrap(err, ”Create entity failed.”)

}
return ToApiEntity(entity), nil
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IMiotonoinon kat E§ovatodotnon

Kabwg €va aitnpa @tavel 0tov server, avtog mpaypatomnolel EAeyxog mpooBaong mptv
amo TNV TPAYHATIKY eKTENeO TNG (nrodpevng Aettovpyiag. Apxika, e§ayet to token amnod
To aitnua kat Eexivaet éva TokenReview. To TokenReview eivat otnv mpaypatikotnTa
éva aitnua mpog o TokenReview API tov KvPepviitn, To omoio emikvpwvet to token kaut
eao@alilel otL mpoopiletal yia o kabopiopévo audience, 0Tny TPOKELUEVT TTEPITTWON

features.kubeflow.org.

func (tra *TokenReviewAuthenticator) doTokenReview(
ctx context.Context, userIdentity string
) (*authvl.UserInfo, error) {
review, err := tra.client.Create(ctx,
&authvl.TokenReview{

Spec: authvl.TokenReviewSpec{

Token: userlIdentity,
Audiences: tra.audiences,
s
s
vl.CreateOptions{},

return &review.Status.User, nil

MeTd a6 avto, o server é£0vot0d0Tel TO aiTnpa. AVTH TH QOPE XPTOLHLOTIOLEL TV TAV-
TOTNTA TOL XPHOTN Hadi pe €va GOVOAO XApAKTNPLOTIKAOY TTOPWYV YLt TNV EKTEAEDT) EVOG
SubjectAccessReview. Eva SubjectAccessReview eivat kat méAt éva aitnpa mpog To a-
vtiotoigo API 1o omoio eaopalilel 0TI €vag XprioTng Uopei va ekTeAéoel fua evépyeta

(verb) o€ évav oLYKEKPIUEVO TTOPO EVOG XWPOL OVOUATWY.

func (r *ResourceManager) IsRequestAuthorized(
ctx context.Context, userIdentity string, userGroups []string,
resourceAttributes *authorizationvl.ResourceAttributes
) error {
result, err := r.subjectAccessReviewClient.Create(ctx,
&authorizationvl.SubjectAccessReview{
Spec: authorizationvl.SubjectAccessReviewSpec{

ResourceAttributes: resourceAttributes,
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User: userIdentity,
Groups: userGroups,
s

¥
vl.CreateOptions{},

return nil

[a mapddetypa, éva aitnua /CreateEntity mov xpropomnotei Ta akoAovBa xapaktnpt-

OTIKWV TTOPWV:

Namespace: kubeflow-user
 Verb: create
« Group: features.kubeflow.org

Version: vlbetal

« Resource: entities

egovolodoTeital amd Tov server HOVO €dv 0 XproTng mov vroPaAlet To aitnua éxet Ot-
Kalwpa ekTéAeong create oe entities Tov features.kubeflow.org kau ékdoong vibetal oTo

kubeflow-namespace.

Resource Manager

To endpevo Pripa tng Stadikaociag eival va dwoel o server eVvToAr] 6TOV resource manager

va eKTEAETEL TNV AUTOVEVT) AetTovpyia.

func (r *ResourceManager) CreateEntity(
apiEntity *api.Entity, namespace string
) (*model.Entity, error) {
project, err := r.projectStore.GetProject(apiEntity.Project, namespace)
if err != nil {
return nil, util.Wrap(err, ”Failed to find project”)
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entity, err := r.ToModelEntity(apiEntity, *”’, project.Id)
if err != nil {

return nil, util.Wrap(err, ”Failed to convert entity model”)

return r.entityStore.CreateEntity(entity)

Agdopévov 0Tt 0 resource manager pnopei va Slaxelplotel OAa Ta AVTIKEIPEVA TOL [UN-
TPWOU, EeKIVA pe TNV EVPEDT TOV project GTo OToI0 Aviikel avTh) TO véo entity kat Xpn-
otporotei To projectld Tov pali pe To entity Tov AWTHUATOG Yo va SnutovpyroeL éva
HOVTEAO (UL ECWTEPLKT| AVATIAPATTAOT) EVOG AVTIKELHEVOV). XT1 ovvéxeta petafiPdlet
avTto To pHovtého 0To KatdAAnho vokeipevo store 6mov to projectld Oa xpnoonownOei

amnd to Store w¢ e§wTeptkd KAeLSL.

Store

To telkd Pripa g dtadikaciog mepthapPavet To Store To omoio AapPdvet €va povtélo
TOTOV entity kat dnuovpyei To avtiotoryo epwtnua SQL. YrobBétovrag dtt To epwTnUA

SQL eivat éykvpo, To ektehel kat eAéyxel yia mbava opaApata Katd TV ekTéAeo.

func (s *EntityStore) CreateEntity(
e *model.Entity
) (*model.Entity, error) {
newEntity := *e

id, err := s.uuid.NewRandom()

newEntity.Id = id.String()

sql, args, err := sq.
Insert(”entities™).
SetMap(
sq.Eq{

»?id”: newEntity.Id,
”project_id”: newEntity.ProjectId,
”name”: newEntity.Name,
»value_type”: newEntity.ValueType,

»description”: newEntity.Description,
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»”join_key”: newEntity.JoinKey,
»tags”: newEntity.Tags,
”owner”: newEntity.Owner,
»”created_timestamp”: newEntity.CreatedTimestamp,
»”last_updated_timestamp”: newEntity.LastUpdatedTimestamp,
3.
ToSql()

_, err = s.db.Exec(sql, args...)

if err != nil {

return &newEntity, nil

H Stadikacia odokAnpwvetat fie TNy amooToAr Hag andvtnong miow oTov TEAATT oV
ékave 1o aitnpa. ITpwv amd avto, o Server petatpémnel To HOVTENO Eavd O €va KATAN-

AnAo avtikeipevo API.

Avtn 1 Stadikaoia amo dkpo oe akpo eivat oxedOV TAVOUOLOTLTIN Yo Ta LITOAOLTA O
VTIKeipeva Tov unTpwov. oTo00, LITAPXOLVY avTikeipeva 0nwg Ta Feature Views mov
TIPETIEL VAL XELPLOTOVY TL.X. Ta e§apTapeva Features Toug Kat TG avTioTOLXEG KaTaywpr-
o€1g Tovg 0Tn Pdon dedopévwy. And mAevpdg vAomoinong yivetal Atyo mo moAdmAoko,
KB WG TTPETEL VAL XPNOLHOTIO|0OVE TLTIKEG GLVaAAaYEG Baong Sedopévwy yia va e€a-

o@aAicovpe TNV ovvémela. AkohovBel éva mapaderypa:

func (s *FeatureViewStore) CreateFeatureView(
fv *model.FeatureView
) (*model.FeatureView, error) {

newFeatureView := *fv

tx, err := s.db.Begin()
if err != nil {

_, err = tx.Exec(sql, args...)

if err != nil {
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tx.Rollback()

for _, feature := range newFeatureView.Features {
_, err = s.featureStore.CreateFeature(
tx, feature, newFeatureView.Id
)
if err != nil {
tx.Rollback()

err = tx.Commit()
if err != nil {
tx.Rollback()

return &newFeatureView, nil

Ye MePIMTWOT IOV TPOKVYEL KATTOLO TQAApa Katd TN Sidpketa TG ouvarllayng, ekTe-
Aovpe enavagopa (rollback) yia va eEaogalioovpe pa ovvenng kataotaon tng Paong
dedopévwv. Edv oha ta epwtrpata ekTeAeoToV e emTvXia, SlaTnpolpe To anoTéAe-

oo eEKTEAWVTAG TO commit TG ouvalAayng.

4.4 Tlehatng Mntpwov

H dnpovpyia Tov meAdtn UnTpwov agopd TNV LAOTOINCT TWV TPLOV APNPIUEVWYV [Le-
00dwv tng KAdong RegistryStore. Ag dovpe mawg Aettovpyodv 6ha Pripa mpog Pripa.
H apxikomoinon tov RegistryStore mepthappdvet tn dnpovpyia evog ApiClient kat tng

pOBuong Tov. To makéto frs_api Python mov xpnowonolovpe, éxet nén dnuovpyn-

B¢l avtopata and tovg optopovs protobuf g vnpeoiag untpwov (PA. evotnta 4.3).

Qg anmotéleopa, agatpei OAN TN SVoKoAN SovAeld TNG ATOGTOANG EVOG AUTHHATOG KAl
Tov Xetptopov g anavrnong. To avtikeipevo Configuration ov petafifdlovpe otov

ApiClient mapéxel pa ovvaptnon mov ivat vrevOovvn yla TNV avavéwor tov token mov
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npémel va cupnepiddPoope otny emkepaiida e&ovotodotnong Twv artnuatwy. Mmo-

povue va Ppovpe To token eite oe éva apyeio 1 o€ pia petaPAntn meptPaiiovrog.

class KubeflowRegistryStore(RegistryStore):
def __init_ (self, registry_config: RegistryConfig, repo_path: Path):

config = frs_api.configuration.Configuration()
config.host = registry_config.path

config.api_key[’authorization’] = ’token’
config.api_key_prefix[’authorization’] = ’Bearer’
config.refresh_api_key_hook =

ServiceAccountTokenVolumeCredentials().refresh_api_key_hook

api_client = frs_api.api_client.ApiClient(configuration=config)

self._entity api = frs_api.api.entity_service_api.
EntityServiceApi(api_client)

2komog G pueBodov get_registry_proto() eivat n avaktnon oAOkAnpng tng avamapd-
0TAONG TOV PNTpwov. Apxikd, AapPdavet Ta petadedopéva mov agopovv To project, Ta
omoia kat emaAnBevovv Ty vrapén Tov. Ztn cvvéxela ektelel €va aitnpa List yia OAa
TOL AVTIKEIHEVA TIPDTNG KATNYOPIag TOV HNTPWOD Yia va 6LYKeVTpwOohV ot amobnkev-

HEVOL OPLOUOL TWV AVTIKEHEVWY TOV project.

@log_exceptions_and_usage(registry="kubeflow”)
def get_registry proto(self):
try:
if not self.readMode:
proj = self. project_api.project_service get_project(
project=self.project,
namespace=self.namespace
)
except frs_api.exceptions.ApiException as e:
raise FileNotFoundError(
f’Project named ”{self.project}” not found.’

)
self. get_entities(registry_proto)

return registry_ proto
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def _get entities(self, registry proto: RegistryProto):
res = self._entity api.entity_service_list_entities(
project=self.project,
namespace=self.namespace

if not res.entities:
return

for e in res.entities:
entity proto = entity to_proto(e)
registry_proto.entities.append(entity_proto)

Zkomdg g uebodov update_registry _proto() eivar va alda&et Ty katdotaon g ano-
OnkevUEVNG AVaaPACTACTG TOV UNTPWOL KAl AUTO YIVETAL (e AETTTOUEPT) TPOTIO EKTE-
AwvTag povo tig anapaitnteg ahlayég. Me Baon tn Aiota twv Aettovpytwv mov AapPa-
vetat and To avTikeipevo TOTov Registry, ektedovvtat ot avtiotouyeg kAnoelg API padi
HE TO ATIAUTOVUEVO TEPLEXOUEVO. MeTA TNV OAOKATpWOT| Lag ETUTVUXOVG EVIUEPWOTG,

n Aiota adetdlel.

@log_exceptions_and_usage(registry="kubeflow”)
def update_registry_proto(
self,
registry_proto: RegistryProto,
pending_ops: queue.Queue = queue.Queue()
):
while not pending_ops.empty():
op = pending_ops.get()

elif op[’op’] == ’CreateEntity’:
entity = entity_to_api(op[’proto’])
self. entity api.entity_service_create_entity(
body=entity,
namespace=self.namespace
)
elif op[’op’] == ’UpdateEntity’:
entity = entity to_api(op[’proto’])
self._entity_api.entity_service_update_entity(
body=entity,
namespace=self.namespace
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elif op[’op’] == ’DeleteEntity’:
self. entity api.entity_service_delete_entity(
name=op[’name’ ],
project=self.project,
namespace=self.namespace

O o16x06 NG peBodov teardown() eivat n Staypagn OAwv dowv oxetilovtal pue To ov-
ykekpuévo project. Mia amhn kAnon API eivat apketn, kabwg oAdkAnpn n dadikacia

eKTEAEITAL OTNV TAEVPA TNG VTINPETIAG UNTPWOV.

@log_exceptions_and_usage(registry="kubeflow”)
def teardown(self):
self. project_api.project_service_delete_project(
project=self.project,
namespace=self.namespace

Metatpomni AvVTIKEIPEV@Y

Onwg éxovpe efnynoet oto kepdato Zyediaon, To avtikeipevo Tomov Registry mepvdet
Hio avamapdotaot pntpwov oe protobuf popen oto avrtikeipevo RegistryStore. Etot,
XPeLalOpHaoTE £V TPOTIO HETACXNUATIOHOV TV avTiKeuévwy protobuf oe katdAAnia
avtikeipeva API kaw avtiotpoga. YAomolovpe ouvapTtroelg OTwg 1 entity_to_api() 1

entity_to_proto() yta avto 1o Aoyo:

def entity_to_api(proto: EntityProto) -> ApiEntity:
return ApiEntity(
name=proto.spec.name,
project=proto.spec.project,
value_type=proto.spec.value_type,
description=proto.spec.description,
join_key=proto.spec.join_key,
tags=dict(proto.spec.tags),
owner=proto.spec.owner,
created_timestamp=proto.meta.created_timestamp.ToDatetime().
replace(tzinfo=timezone.utc),
last_updated_timestamp=proto.meta.last_updated_timestamp.
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ToDatetime().replace(tzinfo=timezone.utc)

def entity_to_proto(api: ApiEntity) -> EntityProto:

meta = EntityMetaProto()
meta.created_timestamp.FromDatetime(getattr(

api,

»”created_timestamp”,

datetime(1970, 1, 1, tzinfo=timezone.utc))
)
meta.last_updated_timestamp.FromDatetime(getattr(

api,

»?last_updated_timestamp”,

datetime(1970, 1, 1, tzinfo=timezone.utc))

spec = EntitySpecProto(
name=api.name,
project=api.project,
value_type=ValueType[api.value_type].value,
description=api.description,
join_key=api.join_key,
tags=api.tags,
owner=api.owner,

return EntityProto(spec=spec, meta=meta)

4.5 POOwon Zvotadag

4.5.1 Ymnpeoia Mntpwov

Metd v avantvgn tov FRS, 1o endpevo Pripa givat i mpaypatikn eyKatdotao tng
vnnpeoiog oto Kubeflow. To Kubeflow avantbooet OAeg Tig viinpeoieg Tov katw and to

namespace kubeflow. ®@a akohovOrjoovpe tnVv idia mpooéyylon kat yia to FRS.

H eykatdotaon g fdong dedopévwv MySQL mov xpnotponotei To FRS eivau oo a-

T 600 1 Snpovpyia evog StatefulSet kau evog Service otov KuPepvrtn.
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apiVersion: apps/vl
kind: StatefulSet
metadata:
name: mysql-feast-sts
spec:
replicas: 1
serviceName: mysql-feast-svc
selector:
matchLabels:
app: mysql-feast
template:
metadata:
name: mysql-feast
labels:
app: mysql-feast
spec:
containers:
- name: mysql
image: bitnami/mysql:8.0
volumeMounts:
- name: data
mountPath: /bitnami/mysql/data
env:
- name: MYSQL_USER
value: ”feastadmin”
- name: MYSQL_PASSWORD
value: ”feastadmin”
- name: MYSQL_DATABASE
value: ”feast”
ports:
- name: mysql
containerPort: 3306
protocol: TCP

apivVersion: vl
kind: Service
metadata:
name: mysql-feast-svc
spec:
type: ClusterIP
ports:
- name: mysql
port: 3306
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targetPort: mysql
selector:
app: mysql-feast

Eva StatefulSet Stao@aliCet 0Tt dev Ba xabovv deSopéva edv éva Pod otapatioet va

Aettovpyet anpoodoknta kat €va véo mapet tn Béon Tov.

[la va gykataotiioovpe Tov Stakopiotry API, mpémel mpawta va dnuovpyrnoovpe éva
ConfigMap [8]. Avtd mepiéxet éva apyeio json e 0heg Tig pubpioelg, T.X. TIG puOuioelg
™G Paong dedopévwy, mov xpetdletat 0 SIAKOWOTNAG Yo Vo AEITOVPYHOEL. TN CLVE-

Xela, dnuovpyovpe éva tumkd Deployment kat €va Service.

apiVersion: vl
data:
# apiserver assumes the config 1s named config.json
config.json: |
{
”DBConfig”: {
”DriverName”: ”mysql”,
”DBName”: ’feast”,
»”GroupConcatMaxLen”: 741943047,
”ConMaxLifeTime”: 120s”,
»Host”: ”mysql-feast-svc”,
®User”: ’feastadmin”,
»Password”: *feastadmin”
s
»InitConnectionTimeout”: ”10s”,
”MULTIUSER”: true
}
kind: ConfigMap
metadata:
name: frs-config
apiVersion: apps/vl
kind: Deployment
metadata:
name: feast-registry-d
labels:
app: feast-registry
spec:
selector:
matchLabels:
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app: feast-registry
template:
metadata:
labels:
app: feast-registry
spec:
containers:

- name: feast-registry-api-server

env:
- name: POD_NAMESPACE
valueFrom:

fieldRef:
fieldPath: metadata.namespace
image: apiserver
imagePullPolicy: Never
command :
- /tmp/apiserver
- --config=/etc/frs-config
ports:
- containerPort: 8888
- containerPort: 8887
volumeMounts:
- name: config-volume
mountPath: /etc/frs-config
volumes:
- name: config-volume
configMap:
name: frs-config
apiVersion: vl
kind: Service
metadata:
name: feast-registry-svc
spec:
type: ClusterIP

ports:
- name: http
port: 8888

protocol: TCP

targetPort: 8888
- name: grpc

port: 8887

protocol: TCP

targetPort: 8887
selector:

YAOIIOIHXH
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app: feast-registry

O Sraxopotng ekBétel dSvo Bvpeg (8888, 8887), pia yia tov Stakopoty) HTTP kat pia
AAAn yia Tov Stakopotr gRPC.

4.5.2 Ymootripin Ilictomoinong

o TNV VOO TAPLEN TNG TILOTOTOINONG XPNOLHOTIOLOVIE [ia TTPocéyyton mov Paoiletal
oe token. Tla 1o Adyo avto, amatteital éva token mov va pmopovpe va Bpodue oe é-
va apxeio 1 pta petapAntr mepipdAlovtog péoa o €va Pod. Avtod To token eivat éva

ServiceAccountToken [12] to omoio ovvdéetal e €vav ovykekpiuévo ServiceAccount.

‘Eva ServiceAccount otov KvBepviitn eivat évag Tpomog mapoxng TavToTnTag yia to
Pods. IToAamAd service accounts ouv€ovTat pe £€va namespace Kot £X00V SLaQOPETIKA
obvola SIKalwpATwV og avTd. Mmopovie va tpooaptrioovpe To ServiceAccountToken
oe Pods og kaBopiopévn tonobeoia xpnoiponotwvrag éva ProjectedVolume [11] kat va
T0 Xprotonotoovpe amhd StaPaiovrtag to apyeio mov to mepiéxet. H pubuion evog

véov PodDefault Stao@alilet Tnv mpoodaptnomn tov volume oe kabe véo Pod.

apiVersion: kubeflow.org/vlalphal
kind: PodDefault
metadata:
name: access-features
spec:
desc: Allow access to Kubeflow Features
selector:
matchLabels:
access-ml-pipeline: “true”
volumeMounts:
- mountPath: /var/run/secrets/kubeflow/features
name: volume-features-token
readOnly: true
volumes:
- name: volume-features-token
projected:
sources:
- serviceAccountToken:
path: token

expirationSeconds: 7200
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audience: features.kubeflow.org
env:
- name: KF_FEATURES_SA TOKEN_PATH
value: /var/run/secrets/kubeflow/features/token

To apyeio pe to token Bpioketal oto /var/run/secrets/kubeflow/features/token kat ava-
VEWVETAL AVTOHATA AT TO oVOTNHa kdbe 7200 devteporenta. AvTo To token Loyvel

Hovo yla To features.kubeflow.org audience.

4.5.3 Ymnootnpin E§ovoiodotnong

Mo va Aettovpyrioet 1 e€ovotodotnon xpnotpomotovpue Tov eyyeviy pnxaviopd RBAC
tov KvPepvrtn. Avtdg o pnxaviopog Baoiletat o tumikd avrtikeipeva API tov K8s
(ClusterRoles/Roles, RoleBindings, ServiceAccounts) kat tov pnxaviopo SubjectAccessReview
(SAR). H yevikn 18éa givau 0 kaBoplopog mopwyv, evepyeldv mov UopodV va eKTeNE-
OTOVV 0€ AUTOVG TOVG TTOPOVG, KaBWE Kal 1] OVVEEON AUTWYV TWV EVEPYELWV e service
accounts 1} xprjotes. Tia avto, xpnopomotodpe tov SAR yla va edéy§ovpe av évag xpn-

OTING EMTPEMETAL VA EKTENEOEL [LLAL EVEPYELAL OF VAV TTOPO EVOG XWPOL OVOUATWY.

Ta service accounts ovvdéovtat pue ClusterRoles 1§ Roles [10] péow RoleBindings mov
kaBopilovv Sikatwpata evog ServiceAccount o€ éva GUYKEKPLUEVO XWPO OVOUATWV.
‘Evag ClusterRole 1} Role mepiéxet éva chvolo kavovwv mov cuvdvalovy apiGroups,
resources, resourceNames kat verbs. Q¢ amotéleopa, évag kavovag kabopilet moteg

evépyeleg (verbs) pmopei va ekteléoel éva ServiceAccount o GUYKEKPLUEVOVG TTOPOVG.

apiVersion: rbac.authorization.k8s.io/v1
kind: ClusterRole
metadata:
name: kubeflow-feature-edit
rules:
- apiGroups:
- features.kubeflow.org
resources:
- data_sources
- entities
- feature_services
- feature_views
- infra_objects
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- on_demand_feature_views
- projects

- request_feature_views

- saved_datasets

verbs:

create

- update
- delete
apiVersion: rbac.authorization.k8s.io/v1
kind: ClusterRole
metadata:
name: kubeflow-feature-view
rules:
- apiGroups:
- features.kubeflow.org
resources:
- data_sources
- entities
- feature_services
- feature_views
- infra_objects
- on_demand_feature_views
- projects
- request_feature_views
- saved_datasets
verbs:
- get
- list

[a mapaderypa, Ta service accounts mov eivat ovvdedepéva e o polo kubeflow-feature-
edit umopovv va dnuiovpyody, va eviepwVouV Kat va Slaypa@ovy OAa Ta avTikeipeva
TOV UNTPWOV, EVW avToi TTov eivat ouvdedepévol pe To podo kubeflow-featureview pmo-

POVV HOVO Va AapBavouy 1} va TapabETovy avTIKeieva TOV HNTPWOU.
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Eniloyog

AvTo 10 TENevTaio keQAAaLo, TapovaLdlet wia cVVTOpn TtEPIANYN TNG SOVAELEG [ag Kot
VTTOYPAUpiCeL TIG KUPLEG GLVELOPOPEG pag. AEloNoyel oplopéva KOpLa XapaKTNPLOTIKA
¢ Stadikaciag oxedlaopov kal VAOTOINoNG Kat, TEAOG, ava@épel mbavég emekTdoelg

Kat mepautépw Pektiwoelg mov Ba pmopovoav va avantvxfobdv oto péAlov.

5.1 Zvumnepacpatikd XxoAa

O apxikdG 0TOX0G AVTAG TNG SUTAWUATIKAG Epyaciog RTaV 1) EVOWUATWON £VOG OVOTH-
HaToG TIOL SlaetpileTal XapakTnpLOTIKA, £vOg amobeTnpiov XapakTnplOTIKWY, OF pia
mAat@oppa MM, oto Kubeflow. Katagépaie va metvxovpe avtdv TOV 6TOXO HETATPE-
TOVTOG éva amofeTrplo XapakTnpLoTIKWV avolytov kwdika, To Feast, pe Aiyn vrootn-
pt&n ya meptParlovta véQoug o€ £va vepo-eyyevég obotnua mehdtn-eEumnpetntr. Na

Va TO TETVUYOVLE AVTO:

1. Anovpynoape évav Stakopoth REST API ov Staxetpiletat Tovg optopods twv

XOPAKTNPLOTIKWY Kat Ta petadedopéva Toug.

2. Avamto€ape évav mehdatn mov alnemdpa pe tov Stakopiotry API oe meptBal-

Aov KvBepvn.

3. Bektiwoaype to Feast mpooBétovtag vootipiEn motomoinong kat e§ovotodotn-

ong.
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Twpa, ot emotripoveg dedopévwy eivat oe B¢on va polpdlovtal pe aoPalela xapaktn-
PLOTIKA Kat va ouvepydlovTat. Mmopovv emtiong va Xpnotpomotjoovy Oha ta epyaleia
TIOV TIPOOPEPEL £val AmOBETNPLO XAPAKTNPLOTIKWV Kat Vo PeATidvouy pilikd TG poEg
gpyaciag MM pelwvovTtag Tov XpOvo Tov damavoiy yla Ty avantuln vEwv xapaktn-
PLOTIKWV Kot Stao@alifovTag 0Tt Ta povtéla Toug AapBAvouv CUVET XAPAKTNPLOTIKA

VYNNG TOLOTNTA.

Katd tn Sidpketa twv gdoewv oxedlaopov kat vAomoinong énpemne va aAAnAemdpovpe
Suvapikd, va BeEATIWVOVHE Kal Vo TEKUNPLOVOVE OVVEXWG Tr OOVAELd pag. Eodéyaye
TOAD Xpovo mapadidovTag ecwTePLKA TAPOVOLATELS, Ta OOl AELTOVPYNOoAY WG ATd-
dei€n g évvorag (proof of concept) kat eixav wg AmMOTENETHA TOADTIUES TTAPATIPTIOELG.
QoT600, To anokophPwpa TG OAng dtadkaciag frav n tapadoon wag (wvtavig ma-
povoiaong oty kotvotnta tov Feast katd 1 Stdpketa NG KANONG TOL TPAyUATOTOLEL
N kowvotnTa kabe Sevtepn efSopada. Avtod pag édetfe mpaypatikd OTL KIVOOHAOTE TIPOG
™ owoth katevBuvon, anédei&e 1o evOLAPEPOV TNG KOVOTNTAG Yia TN SOVAELA pag Kot

Hag Borinoe va ovYKeEVTIPWOOLE XPHOLH OXOALAL.

5.2 MeXovtiko Epyo

H pulixr} adlayn tov tpdmov Aettovpyiag tov Feast amotelel to mpwto Prjpa ya
dnuovpyia evog mpaypatikd toxvpol anobeTnpiov XapakTnPLOTIKWV AVOIKTOV KWSIKA
nov Ba punopei va vtootnpiCet StapopeTikd eidn mepmTwoEWY Xprong Kat TEPPArAS-
VTiwv. Avtd onpaivel 6Tt vidpyovv peyala meplbwpla Behtiowong kat moAAég Suvato-
Tnteg eméktaong tov Feast. Ot mapaxdtw 10€eg eival LOVO 1 KOPLPT TOL TTaydBovvov

000V agopd Ty TANPN a&loToinon TG VEAG apLTEKTOVIKNG:

 Eméxtaon tov mpoypappatog-nelatn tov Feast SDK wote va xpnoupomnotei OAeg
11§ SuvatdtnTeg Tov véov Siakopothy APL. Avvatdtnta Ayng ocvykekpLuévwy
OPLOUWYV XAPAKTNPLOTIKWV Xwpig va xpetaletar va Angbei mpwta oAdkAnpo to

project.

o Xpron unxaviopwv tov KuPepvntn yla tny evioxvon twv duvatotritwy tov Feast.
Ta apddetypa, xpnon tov RBAC tov KuBepvitn yia emPolr eréyxov mpoofPa-

ong oTig vokeipeveg Tyég dedopévwy (téoo oto Offline 600 kat 1o Online
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Store) 1 BePaiwon 0Tt StaypdgovTat oL TOpoL EVOG hamespace 0€ TEPIMTWON Kat-

TAOTPOPNG TOV.

« Xpron tov Rok 1} dAAwv cvotnuatwy diaxeiptong ovvolwv dedopévwv yia tnv
KoLV Xp1on oAOKANpwv cuvolwv dedouévay He amodoTikd TpOTo péoa o€ £va

neptBaAlov Kubeflow.

o ALvaTOTNTA EKTENEOT|G AVTOUATOTIOHEVWY AYWYWDV XAPAKTIPLOTIKWDV LE TN XPT
on tov KFP enekteivovtag tov Stakopotn API og évav mpaypatiko xpovodpo-

HoOAOYNTH aywY@YV.

« Kartaokevr evog ovotipatog mapakorovdnong tng mototntag dedopévov yopw
ano to Feast 1 evowudtwon evog vmdpxovtog. Avtr) eival 0TnV TPAYUATIKOTNTA
fia katevBuvon mpog TNy omoia katevBHveTal EME TOV TAPOVTOG 1] KOLVOTNTA TOV

Feast.

EAntifovpie mpaylatikd OTL aUTEG oL 1O£EG Eival APKETEG YL VoL KAVOUV GANOVG Va OKe-
QTOUV TEpAITEPW PEATIWOELG Kol EMEKTAOELG. Tla PG, 0 0TOXOG AUTH TN OTLyHn eival
va TpowOCOVE KAl Va GUVELCPEPOVLE TIPAYHATIKA TN SOVAELd Hag 0TO upstream mpod-

ekt Tov Feast kat va tov emitpéyoupe va avBioet mapdAAnla pe TV KOvOTNTA TOV.
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Introduction

The first chapter aims on setting the context of this thesis. At the beginning, it presents
the motives that led to exploring feature stores. Then, it showcases the problems that
this entire effort targets to solve as well as existing solutions. Finally, it exposes a brief

summary of the proposed solution.

1.1 Motivation

Nowadays, more and more people are involved in the development process or at least use
machine learning (ML) applications on a daily basis as it proves to be valuable for solving
complex real-world problems. However, ML workloads and processes seem to vary at
different stages of an application (development, use, maintenance). Thus, providing the
right systems and tools for data scientists and engineers so as to make the workloads

more efficient and the processes simpler and sustainable is crucial.

Machine Learning Lifecycle and Workflows

Diving deeper into scientists’ and engineers’ daily processes we have observed that they
are always working on designing and implementing workflows that support the entire
ML lifecycle. A high level overview of a typical ML workflow that tries to match the
lifecycle of an ML application is the following:
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Data Data
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Figure 1.1: Typical ML Workflow

The above workflow contains multiple steps and could be separated into three main

sub-workflows:

o Data workflow
o Model workflow

o Serving workflow

All three of them require different kinds of domain expertise and special skills, making
the development and deployment of the entire workflow difficult and time consuming.
Assuming that one or multiple groups of people are working on each of these three parts,
iterating on them independently is necessary and acts as a great motive in the effort of

optimizing ML workflows.

MLOps and Best Practices

The last couple of years a new approach called MLOps has emerged trying to address
challenges in ML workflows and systems by applying DevOps [27] principles on them.
This approach is indeed an ML engineering culture and practice that aims at unifying

ML system development (Dev) and ML system operation (Ops) [16].Automation and
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monitoring at all steps of a typical ML workflow are considered among best practices
for avoiding common pitfalls usually described as the technical debt of ML [14]. Fol-
lowing best practices to simplify complex processes and further improve ML workflows

is another motive of this thesis.

1.2 Problem Statement

Data engineering (or feature engineering) workflows are usually an important piece of
an ML workflow as features and data in general is of extreme value for a model’s suc-
cess. Creating new features requires a lot of effort and time, therefore reusing and shar-
ing them is crucial. Moreover, it is essential to use produced features in a consistent
way both for training a model (see Model workflow) and during inference (see Serving

workflow) to avoid training-serving skew.

Challenges of Machine Learning Systems

Taking a closer look at why feature creation and subsequently serving is hard, the first
thing we noticed is the variety of data sources these features originate from. Batch or
streaming data sources as well as a mix of both is very common in cutting-edge ML
applications. It is obvious that these sources have different characteristics regarding data
quality or data freshness. For example, a batch source like a data warehouse contains
historical time-series data creating a complete history of a feature, whereas a stream
source keeps only real-time data. As a result, the operations that can be performed on

this data are totally different as well.

Continuing, these features may need to be calculated at different time intervals or even
at the time of a prediction, thus having a data pipeline run at different points in time
requires immense engineering effort and it can greatly increase prediction time. As a
consequence, the decoupling of feature creation and feature consumption is mandatory

in production ML systems. New questions that occur are:

o How often should features be created?

o What is the cost-efficiency tradeoff?
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Next up, is the very common training-serving skew problem [24]. This is a result of
failing to provide the same features both for training and inference by building two dis-
tinct implementations for feature creation. One implementation that mostly happens
in specified time intervals and another one that executes in real-time during each pre-

diction request.

Since feature engineering is time-consuming, making sure that created features have a
standard structure and can be easily accessed by multiple data scientists and engineers
is another challenge. Lack of ways to share features and collaborate results in excess

duplication inside teams and organizations.

Last but not least, ensuring the quality of data that is being served to models is another
challenging task. Questions such as ”Is my model receiving the right data and still op-
erating correctly?” or "Has there been a drift in data over time?” are very common in

production ML systems.

Summarizing, the 4 main challenges this thesis’ effort aims to solve or at least decrease

their negative effects are:

Creation of feature pipelines

o Consistent data access

Duplicate features

Ensuring data quality

1.3 Existing Solutions

Until now a plethora of projects and organizations have tried to develop their own solu-
tions to tackle the aforementioned challenges. The ideas and products they have created

are a great starting point to understand the value they bring in the ML world.

Michelangelo ML Platform

Michelangelo [23] was essentially the first complete ML platform that Uber created

around 2017 as a need for tackling a number of challenges related with building and
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deploying numerous machine learning models at scale. During the first years of Uber
data scientists were using various tools to create models and engineers were building
bespoke one-off systems to use these models in production. Michelangelo standardized
workflows and tools across teams by providing an end-to-end system which helped to

easily build and operate ML systems at scale.

Building better systems for managing and sharing feature pipelines was an important
part of the entire system. This is how the term Feature Store was born. Uber engineers
created a complete system for building data pipelines that generate features and label
data sets both for training and predictions. They also added a data management layer
that allowed teams to share, discover and use more than 10.000 features which automat-
ically got calculated and updated daily. Finally, they created feature monitoring tools
that observe the importance of a feature to a model along with partial dependence plots

and distribution histograms.

V/4

2017-06-02-12-35-47-065-UTC

PERFORMANCE ~ MODELVIS  FEATURES

[ 1] T .

Figure 1.2: Feature Report

Tecton Feature Platform

Tecton was founded by a group of people that created Uber Michelangelo. Rather than
focusing on the entire ML process, it provides an enterprise-ready feature platform that
is built to orchestrate the complete lifecycle of features, from transformation to online
serving [28]. Its open-source solution is Feast which will also be the focal point of this

thesis.
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Figure 1.3: Tecton Architecture

Tecton allows users to define and manage features using code in a git repository. It
helps them automatically compute and orchestrate feature transformations as well as
consistently store online and offline feature data. Finally, it makes sure to effectively

serve feature data both for model training and inference.

Vertex Al Feature Store

Vertex Al developed by Google is another ML platform that aims on building, deploy-
ing and scaling ML models faster, with pre-trained and custom tooling. Part of this
cutting-edge platform is a feature store. Vertex AI's Feature Store provides a centralized

repository for organizing, storing, and serving ML features [15].

Among other benefits, it provides a managed online feature serving layer, data drift de-
tection mechanisms and automatic data retention, keeping feature values fresh. More-
over, it enforces quotas and limits to manage resources efficiently both on the serving

and data layer.

Custom Solutions

At the moment, more and more organizations and big tech companies have created their

own custom solutions to solve part or all of the challenges mentioned earlier. Here is a
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list with the most common solutions:

Amazon SageMaker Feature Store AirBnB Zipline

Databricks Feature Store FBLearner Flow

Hopswork Feature Store Spotity Jukebox Feature Store
Linkedin Feathr Apple Overton

Rasgo Salesforce Feature Store
Scribble Data Netflix Metaflow

1.4 Proposed Solution

Integration of Feast into Kubeflow

The purpose of this thesis is to integrate a Feature Store inside an existing ML platform,
in this case Kubeflow. Kubeflow is already a well developed and maintained open-source
platform, but it’s still missing a way to manage data and features. Integrating it with a
Feature Store will attempt to solve all of the challenges we mentioned earlier and try to
actually detach the data engineering workflow from model training and model serving
workflows (see Figure 1.4). In addition, it will help users make ML workflows simpler,

more portable and more scalable.

Using Feast as the chosen feature store has many benefits as it is open-source and doesn’t
rely on vendor specific technologies or infrastructure. It is just the right candidate as it

also has many contributors and an active community.

To successfully integrate Feast into Kubeflow, we will extend its Registry component.
The goal is to apply minimal changes to the existing code base and leverage the plugin
mechanism Feast offers as much as possible. For this reason we will create a pluggable
client that handles all interactions with the new Registry backend. The backend will be a
REST API server that is responsible for storing feature definitions and related metadata
in an SQL database as well as enforcing access control mechanisms. Worth mentioning

is the fact that this new backend is part of the current Feast roadmap and something
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highly demanded by active users. We will eventually contribute it to the open-source

project in order to make Feast even more flexible and extensible.

Data workflow
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features
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Figure 1.4: Split ML Workflow

1.5 OQOutline

The rest of this thesis has the following structure:

Chapter 2: High level overview of useful technologies, terms and concepts

Chapter 3: Complete presentation of the current Feast architecture and new com-

ponents’ design

« Chapter 4: Implementation specific details regarding new components

Chapter 5: Concluding remarks and possible future work



Background

This chapter presents a high level overview of all prerequisite knowledge. Having a basic
understanding of the following concepts and technologies is essential for understanding
the design and implementation parts of this thesis. For a start, it explains containers
and Kubernetes as everything runs on top of them. Next up is Kubeflow, a complete
ML platform which leverages Kubernetes to support the entire ML lifecycle. Lastly, this

chapter describes a feature store’s core components and functionalities.

2.1 Containers

Nowadays, containers are the most popular form of operating system virtualization.
They are executable units of software in which application code is packaged, along with
its libraries and dependencies, so that it can be run across multiple environments such as
the cloud or a personal computer [18]. Multiple containers can run on the same machine
and share the OS kernel with other containers, each running as isolated processes in user
space. These processes are also lightweight, efficient and portable allowing them to take

full advantage of the underlying machine resources [1].

To better understand containers, let’s see how they differ from traditional virtual ma-
chines (VMs). VMs are an abstraction of the physical hardware (CPU, memory, storage
etc.) whereas containers are an abstraction at the app layer. In the first case, we lever-
age a hypervisor to virtualize physical hardware, thus each VM contains a guest OS, a
virtual copy of the hardware that the OS requires to run, along with an application and

its dependencies. In the second case, containers virtualize the operating system so each
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container contains only the application and its dependencies. The absence of a guest OS

results in saving resources and improving performance.

Wirtual Machine (VM)

-

Container

Guest QS

Host Operating System Host Operating System
Infrastructure Infrastructure

Figure 2.1: Virtual Machines vs Containers

2.2 Kubernetes

Having already explained what containers are, it is clear that containerizing applications
brings a lot of benefits to the table. However, standardizing app deployment and using
resources efficiently across multiple environments are just the tip of the iceberg. In large
scale environments where multiple applications run on hundreds of nodes there is a
vital need to orchestrate and manage these applications. This is where Kubernetes (K8s)

comes to play.

2.2.1 Overview

Kubernetes is an orchestrator of containerized applications at its core. It is a system
which deploys and manages applications dynamically without the need of user inter-

vention. To do so, it provides a declarative way of specifying a desired state and is re-
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sponsible for matching it with the actual running state. The best part of it is that it is a
fast-moving open-source project that can run on any cloud or on-premise data center

by abstracting the underlying infrastructure [9].

2.2.2 Architecture

After deploying Kubernetes you get a cluster. This cluster consists of a set of nodes and a
control plane. The control plane could be thought of as the brain of the cluster whereas
the nodes as the muscle. More specifically, the control plane exposes an API, has a
scheduler for assigning work to nodes and records its state in a persistent store. Nodes
are responsible for running the applications, which means listening to the control plane

for new tasks, executing them and reporting back to it [26].
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J Control plane ——————-

API server
‘ ﬁ Cloud Cloud controll
i oud controller

‘ @ > Prf;v;iier nager

Node

Figure 2.2: Kubernetes Cluster Components

Control Plane

The control plane has five main components:

API Server It exposes the Kubernetes API that all components use to communicate
between each other. Users send manifests (YAML configuration files) containing the
desired state of an application to the API server which initially authenticates and autho-
rizes the requests, then validates and persists these files to the cluster store and finally

deploys them to the cluster.
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Cluster Store It is the only stateful part of the control plane which is responsible for
storing the configuration and state of the cluster. It is based on etcd, a distributed key-
value store, and acts as the single source of truth. The cluster store is vital, as the absence
or failure of it means essentially no cluster. Consistency is the number one priority and

in case something goes wrong the system will halt and wait so as to maintain it.

Scheduler It watches the API server for newly created Pods or tasks and assigns them
to healthy worker nodes. For a node to run a task multiple checks regarding free re-
sources, available network ports etc. are performed and nodes are ranked accordingly.
The highest ranked node will execute the requested task. In case a suitable node can-

not be found by the system, a task will be marked as pending and wait until it can be

scheduled.

Controller Manager It is responsible for executing control loops that monitor the
cluster and respond to events. It is actually a set of controllers running under a sin-
gle process. These controllers execute watch loops constantly watching the API server

and ensuring that the current state of the cluster matches the desired one.

Cloud Controller Manager In K8s clusters running in cloud platforms such as AWS,
Azure, GCP etc., it handles controllers specific to the cloud provider. For example, it
creates, updates or deletes the cloud provider’s load balancers for applications using in-

ternet facing load balancers.

Nodes

Nodes consist of three major components:

Kubelet It is an agent that runs on each node and is responsible for registering it with
the cluster. It actively watches the API server for new tasks, executes them and reports

back to the API server.

Container Runtime Each node has a container runtime which is used by kubelet to

start/stop containers, pull images etc. K8s provides a plugin mechanism called Con-
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tainer Runtime Interface (CRI) that exposes an interface for all kinds of container run-
times to plug into. At the time of writing containerd is the most popular container

runtime used in K8s.

Kube-Proxy It is a network proxy that handles local cluster networking by maintain-

ing network rules, getting unique IP addresses, redirecting traffic etc.

2.2.3 Core Concepts

Let’s continue by taking a look at the most common K8s API objects that will help to

better understand how applications are deployed and run in a K8s environment.

Pods

A Pod is the atomic unit of scheduling in Kubernetes, the same way a VM is in virtu-
alization or a container is in Docker. A single Pod acts as a sandbox consisting of one
or more containers which share the same environment (IPC namespace, shared mem-
ory, volumes, network etc.). Deploying a Pod is an atomic operation requiring all of
its containers to become ready before it is considered ready. All of the containers are
deployed in the same node for obvious reasons. In general, Pods are treated by users as
expendables, they are destined to be created, live, die and then seamlessly be replaced

by new ones.

Deployments

Standalone Pods are not enough in a large scale environment as they don’t offer self-
healing or scalability capabilities. A Deployment is responsible for doing so by replac-
ing failing Pods with new ones or by increasing/decreasing Pods based on a specified
metric. In addition, it provides rolling updates and rollbacks allowing the sytem to go
back and forth between application versions with zero-downtime. It does so by grad-
ually increasing/decreasing Pods of newer/older versions while also keeping history of

all the used configurations.
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Stateful Sets

Deployments add great value in stateless applications. However, when Pods fail, they
are replaced by totally new ones (new name, hostname, volume bindings) resulting in
loss of the Pod’s state. Stateful applications require that the Pod’s state is kept by the
system even if a Pod fails. To do so, a StatefulSet ensures predictable and persistent Pod
names and DNS hostnames as well as a unique set of volumes which stays with the Pod

for its entire lifecycle.

Services

A Service is an abstraction that allows users to expose applications running on a set of
Pods as a network service. To do so, it sits in front of the Pods and provides a reliable
name, IP address and port. Clients can connect to the underlying Pods using the Service,

which load-balances the requests to the target Pods.

Namespaces

Namespaces is a mechanism that provides isolation of resources in a single K8s cluster.
It is a way to partition the cluster in multiple virtual clusters and is useful when apply-
ing resource quotas or access control policies. It is important to mention that not every
single object can be namespaced. For example, API objects such as Nodes or Persis-

tentVolumes cannot be namespaced.

2.3 Kubeflow

After going through K8s fundamentals, it is obvious that it offers various capabilities
and extreme flexibility. Thus, it has emerged as the de facto platform for deploying and
managing workloads in a cloud native way. Meanwhile, machine learning workloads
have evolved to be one of the most common workloads executed in cloud infrastruc-
ture. The need to create an ecosystem that supports these kinds of workloads in a cloud

environment led to Kubeflow.
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2.3.1 Overview

Kubeflow is a platform designed for development and deployment of complete machine
learning (ML) systems. It is built for data scientists who want to build and experiment
with ML pipelines as well as ML engineers and Ops teams wanting to deploy ML systems
in multiple environments (development, testing, production) [7]. Furthermore, it is
open-source, cloud-native, as it runs on top of K8s, and supports the entire ML lifecycle.
To do so, it provides a set of tools crucial for ML while also integrating them in a sharing

and collaboration environment which manages permissions and handles access control.
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Figure 2.3: Kubeflow Overview

2.3.2  Core Concepts

As mentioned before, Kubeflow is comprised of cloud-native tools that support the en-
tire ML lifecycle. Let’s have a closer look on the most common ones to better understand

the value of the platform.

Notebook Servers

Notebook Servers or Kubeflow Notebooks (as they are also called) provide various web-

based development environments such as JupyterLab, VS Code or R Studio which run
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inside Pods. These servers support the entire process of experimentation, code develop-
ment and execution. For this reason, they are extremely customizable allowing users to
specify the image they want to use or the resources belonging to the Pod (CPU, memory,

volumes etc.).

Pipelines

Kubeflow Pipelines (KFP) is a platform designed for building and deploying portable,
scalable ML workflows based on Docker containers [5]. It is capable of orchestrating
complex machine learning pipelines, performing and tracking experiments as well as
scheduling recurring runs of these pipelines. It comes with a UI and a rich SDK client
that interact with the platform making it easy for users to build end-to-end workflows

using various tools.

Serving

After experimenting with Kubeflow Notebooks and Pipelines, users need a way to ef-
fectively serve and track their trained models. Kubeflow provides a way to serve models
using TFServing, PyTorch, Triton etc. In general, an inference service is created from
a saved model and becomes available for prediction requests. Adding to this, metadata
and metrics are kept by the service so as to monitor model performance and quality
of predictions. In this effort, KServe is the primary solution further encapsulating the
complexity of autoscaling, networking and health checking as well as other cutting edge

features [6].

Multi-Tenancy

In a Kubeflow environment where a lot of users collaborate and work on the same set of
resources there is an inherent need for isolation and grouping of these users. The Ku-
beflow multi-user isolation permits users to only view and edit their own resources and
configuration. At a high level administrators create users and configure permissions on
different namespaces. Authentication is then applied using Istio and OIDC and autho-
rization is provided by K8s RBAC. To successfully authenticate and authorize users, K8s

provides them with a short-lived access token that they use to perform their actions.
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2.4 Feature Store

Making Kubeflow a complete ML platform requires a component that is responsible for
data. Machine Learning is essentially data and code. Till now Kubeflow has taken steps
to provide tools that handle code and subsequent models, but the same hasn’t happened
for data. A feature store aims at bridging this gap and providing solutions to commonly

faced data problems in applied ML.

2.4.1 Overview

A feature store [25] is an ML-specific data system that aims at productionizing and op-
erationalizing data and features. For this reason, it offers various interesting function-

alities:

1. Itisresponsible for managing and running data pipelines that transform raw data

into valuable features. This includes automated feature computation, backfills and

logging.

2. It stores and manages the created features and datasets and keeps track of feature

versions, lineage and related metadata.

3. It provides a serving layer so as to serve feature data consistently both for training
and inference purposes. It does so by using two database systems, one scale-out
SQL database intended for batch training and another low latency store, which

contains only the latest feature data, intended for lightning fast inference.

4. It offers a central registry which keeps feature data definitions and allows them to

be shared and discovered among multiple users.

5. It monitors features and their quality in production systems making sure no drift
occured. Data quality is of extreme value in ML systems as it is inseparably con-

nected to a model’s performance.

The end result is features that can now be defined in a standard way, registered in a
central repository, stored and accessed for model training and inference by multiple

users.



98 CHAPTER 2. BACKGROUND

Feature Store

Operational Monitoring
Stream _ o Model
Source o Serving
Transform Storage Sityin]
N
MNeee——
On-demand
Model
Batch > transform > .
Training
Source
N~
Registry

Figure 2.4: Feature Store Overview

2.4.2 Core Components

Moving forward it is important to understand in detail the purpose of a Feature Store’s
individual components and which functionalities they implement. Lets go through

them one by one!

Transformation

The majority of ML projects perform some kind of feature engineering workflow. That
means collecting raw data, validating and transforming them into valuable features.
Raw data can be collected from various types of sources such as batch sources (data
warehouse, database etc.), stream sources (Kafka, Kinesis etc.) or even request-time
data (data that is collected at the time of prediction). Meanwhile, models need to access

fresh feature values so as to improve predictions.

Transformations managed and executed by a feature store ensure that new data is pro-
cessed and turned into fresh new feature values. This can happen on existing data rest-
ing on a data warehouse as part of a backfill job (batch transformation) or on streaming
sources that need to aggregate values over a period of time (streaming transformation).
They can also be applied to request-time data (on-demand transformation) e.g. trans-
forming a user’s GPS coordinates at the time of the request to an actual location. Having

a consistent way of defining and reusing transformations is of great value as it ensures
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that models get consistent feature data.

Storage

As its name suggests, a feature store includes or at least integrates with a storage system.
Persisting features is crucial for feature retrieval through the serving layer later on. As

mentioned before, a typical feature store contains an offline and an online storage layer.

The offline store is used to store large amounts of historical time-series data (data com-
bined with a timestamp) and it is usually a well-known data warehouse or data lake such

as S3 or BigQuery. This vast amount of data is later used for model training.

On the flip side, an online store contains the latest feature values for each entity which
will be used for low-latency inference. It is usually a key-value store like DynamoDB or

Redis.

Serving

A feature store is responsible for serving features to applications and models in a con-
sistent way during training and inference. In order for a model to reach its full potential
and avoid the very common training-serving skew problem [24], features that are used

to train a model need to match the features provided for online serving.

The serving layer abstracts away the complex queries needed to extract feature values
with point-in-time correctness and provides a uniform way to access these features from
anywhere using an SDK. Based on the performance requirements different APIs are used
to achieve the required results. Implementations of the same API in different languages

or frameworks improve performance as well.

Registry

A centralized registry is an essential component of a feature store. It stores feature defi-
nitions and related metadata in a standardized way and acts as the single source of truth.
Data scientists and teams use it to share and discover new features making it a collab-

orative tool. All the configuration is stored in the registry, thus all operations consult



100 CHAPTER 2. BACKGROUND

the registry before performing any action. For example, serving APIs use the registry to

understand which feature values to return or where to find them in a data warehouse.

Regarding stored metadata, the registry keeps various information related to feature
definitions such as owner, description, domain specific information and lineage. This
opens up an entire space of data monitoring and auditing as well as lineage tracking and
ownership. In general, feature stores are designed to integrate with external systems or

components that leverage the metadata and provide useful insight.

Monitoring

A feature store seems to be in the perfect position to monitor data. Since it is the inter-
mediate layer between data and code, it can calculate metrics and monitor correctness
and quality, alerting data scientists if unwanted behavior occurs. Data problems are in
most cases the reason ML systems fail to perform to expectations, so monitoring data
drift and training-serving skew as well as validating feature data can minimize these

problems.

Furthermore, a feature store can keep track of operational metrics such as latency, through-
out or processing time. All of these metrics can then be used by external monitoring or
observability tools and provide extra visibility on the features and models using them.
Again, it is very common for feature stores to easily integrate with external systems or

components like the aforementioned.



Design

This chapter focuses on providing a full picture of the new design based on the pro-

posed solution (see section 1.4). At first, it describes a high-level overview of the Feast

components, core concepts and basic functionalities. Then, it presents technical details
about the Feast registry and exposes existing problematic designs. Finally, it showcases

the new proposed architecture in detail, focusing on changes and new components.

3.1 Feast Feature Store

Feast is an open-source feature store. It is an operational data system for managing and
serving machine learning features to models in production. Feast is able to serve fea-
ture data to models from a low-latency online store (for real-time prediction) or from
an offline store (for scale-out batch scoring or model training) [3]. Besides that, it is a
system that makes feature data consistent and easily available across multiple environ-
ments (development, production) and teams while also providing a centralized registry

that allows feature reuse.

Feast seems to be very similar to a common feature store, but at the moment of writing
it is still missing important parts of it (transformations, validation, monitoring, discov-
ery). Since it is an open-source project, its goal is not to create solutions from scratch,
but develop abstractions and plugin mechanisms that will allow it to integrate with other
systems seamlessly. This approach makes it unique and customizable among other so-

lutions as it's not vendor or framework specific nor requires dedicated infrastructure.

101



102 CHAPTER 3. DESIGN

Engineer
\/\
=
=
= @ FEAST
> Build server that
Stream fetches features
Sources
Validate N
Kafka, Kinesis Store Transform Serve Iv]and L.
onitor | S - > P 4
L]
L o L ]
— :
. . Predicti
—_— Register and Discover — Model redietion
Batch A
Sources
Snowflake,
BigQuery, Redsbhift, Search and .
features
Generate
training set v y

Data scientist

Figure 3.1: Feast Overview

3.1.1 Architecture

The Feast architecture is pretty simplistic and contains 3 main components:

1. Offline Store
2. Online Store
3. Registry
Other than that, there are components or layers that enhance the use of the feature store

such as a feature repository, a feature server or a provider. Moving forward, all parts of

the architecture will be presented in detail.

Offline Store

An Offline Store refers to the actual data source which contains historic time-series fea-
ture values. This data source is usually a data warehouse/data lake (Google’s BigQuery,
Amazon’s Redshift etc.) or simply a database (e.g. PostgreSQL). It supports stream data

sources (e.g. Kafka or Kinesis streams) as well. It is the component whose purpose is
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to offer feature data for offline training and to provide the latest feature values to the

Online Store during the materialization process.

In general, Feast is not a storage system, but instead uses the Offline Store as the inter-
face for querying existing feature values. Minimal configuration is needed to define the

preferred Offline Store. Here is an example:

offline_store:
type: bigquery
dataset: feast_bq_dataset
project_id: feast-oss
location: EU

Online Store

An Online Store is usually a fast and scalable database or key-value store (Google’s Data-
store, Amazon’s DynamoDB, Redis, etc.) managed by Feast. It is the component respon-

sible for offering only the latest feature data and is used for online inference.

The latest feature values are loaded into the Online Store from data sources in Feature

Views during the materialization process. The schema of the Online Store mirrors the
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schema of the data sources used to populate it. We will describe a more detailed descrip-

tion of how this process works later on (see section 3.1.3). Again, defining an Online

Store requires minimal effort:

online_store:
type: redis
redis_type: redis_cluster
connection_string: ”redisl:6379,redis2:6379,password=my_password”

Registry

A Registry is a fully managed Feast component, meaning that Feast is responsible for
creating, updating and tearing it down. It refers to an object storage (e.g. GCS bucket,
S3 bucket) that keeps the registry proto file. It is the component that contains all of
the feature definitions and their related metadata. It is like a feature data catalog and
acts as the single source of truth about features. Each Feast deployment has a single
Registry and whenever feature data is retrieved either from the Offline and the Online
Store or another operation is performed, the Registry acts as a consultant providing

useful metadata.

The registry proto file that is essentially stored, is a Protobuf [17] representation of Feast

metadata. In a user friendly format the registry looks like the following:

¥entities”: [
”Spec”: {
”name”: “driver”,
”valueType”: ”STRING”,
»?joinKey”: driver_id”
3,
“meta”: {}
1
»featureViews”: [
)JspecJ): {
”name”: “driver_activity?”,
Yentities”: [ “driver” ],
?features”: [

{
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”name”: ”trips_today”,
»valueType”: ”INT64”
3,
{
”name”: rating”,
»valueType”: ”FLOAT32”
}

I
“£tl”: ”3600s”,

»”batchSource”: {
»type”: ”BATCH_BIGQUERY ”,
?eventTimestampColumn®: *timestamp”,
”bigQueryOptions”: {
»table”: ”feast-oss.demo_data.driver_activity”
¥
”dataSourceClassType”:
”feast.infra.offline_stores.bigquery_ source.BigQuerySource”
3,
”online”: true
¥
“meta”: {
”materializationIntervals”: [
{
»startTime”: ~2021-11-17T15:00:00Z”,
»endTime”: ~2021-11-17T17:01:002”

The above example showcases a minified version of the registry file contents. Generally

though, the complete version of it contains the following objects:

« Data Sources

« Entities

« Feature Services

o Feature Views

o On Demand Feature Views
» Request Feature Views

o Saved Datasets
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We will explain more on these objects in the following section (see section 3.1.2).

Provider

A Provider is a transparent component of Feast. It is optional and users can explicitly de-
fine it in the configuration. Its purpose is to act like some kind of a middleman through
which all Feast operations execute. Operations such as feature retrieval or infrastruc-
ture management etc. pass through the Provider first which executes any custom logic.
Furthermore, it targets specific environments (GCP, AWS, Local) and is responsible for
seamlessly orchestrating Feast components in them. For example, an AWS Provider

makes sure that the Registry is going to be created in an S3 bucket and nowhere else.

Feature Repository

It is a git repo containing a configuration file feature_store.yaml and all the feature defi-
nitions (.py files). Having a central repository where users can manage the configuration
and the feature definitions, written declaratively and stored as Python code, creates a ro-
bust source of truth. The Feature Repository indicates the desired state of the feature
store and is used to configure, deploy and manage it. Eventually, all of the configuration
and definitions are stored by users in the Registry which is programmatically accessible

by other Feast components. Here is an example structure of the repo:

$ tree -a

— data

| L driver_stats.parquet
'— driver_features.py

— feature_store.yaml

L .feastignore

Feature Server

Feast allows the creation of Feature Servers that provide HTTP endpoints which serve
online features in JSON format. This functionality enables users to read features from

the Online Store using any programming language that can execute HTTP requests.
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Underneath, a Feature Server periodically reads the Registry’s proto file and keeps it
in cache. This way it is able to respond quickly to incoming requests by querying the

Online Store immediately.

3.1.2 Core Concepts

Next up is an overview of core concepts and Feast specific terminology. This is an im-
portant section providing details on most of the Registry’s first class objects and what

their purpose is.

Project

Projects is a way of namespacing or grouping different kinds of Registry objects. A
Project is logically related to one or more Feature Views, Data Sources, Entities etc.
It also provides a complete isolation layer at the infrastructure level by namespacing
resources, such as tables, using the Project’s name as prefix. In other words it creates a

completely separate universe of entities and features.

Data Source

A Data Source is an object that refers to raw underlying data such as an SQL table,
a stream of data or a single file. Since Feast requires time-series data to perform its
operations, all supported data sources must contain a timestamp field together with
every row, entry or stream event. Out of the box various batch (Snowflake, BigQuery,
Redshift etc.) and stream (Kafka, Kinesis, etc.) sources are supported by Feast, but it

also allows users to add support for custom sources by using its plugin mechanism.

# Data Source definition
driver stats_source = BigQuerySource(
table ref="feast-oss.demo data.driver_hourly stats”,
event_timestamp_column="datetime”,
created_timestamp_column="created”,
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Entity

In general, an entity is a collection of semantically related features. In Feast world an
Entity is part of a Feature View and is defined by a name, a value type and a set of join
keys. The join keys are important as Feast uses them during the lookup of feature values
from the Online Store and the join process in point-in-time joins. They could be easily
compared to primary keys in SQL databases and they uniquely describe a Feature View

record.

# Entity definition
driver = Entity(
name="driver”,
value_type=ValueType.STRING,
join_keys=["driver_id”]

Feature View

A Feature View is a logical grouping of features, entities and data sources. To be more
specific, it consists of zero or more Entities, one or more Features (Fields) and exactly
one Data Source. It describes a view or a subset of the underlying data source. It’s the
object that actually allows modeling of existing feature data in a consistent way. The
Features tied with the Feature View are essentially properties or characteristics of the

related Entity.

Feast uses Feature Views during feature retrieval either from the Online Store or from
the Offline Store. They also determine the storage schema in the Online Store which is

crucial during the materialization process and online inference.

# Feature View definition
driver_stats_fv = FeatureView(
name="driver_activity”,
entities=[”driver”],
schema=[
Field(name="trips_today”, dtype=Int64),
Field(name="rating”, dtype=Float32),

1,
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source=BigQuerySource(
table="feast-oss.demo_data.driver_activity”

Another interesting kind of Feature View is the On Demand Feature View. It allows
use of existing features and request time data (features only available at request time)
to transform and create new features on the fly. This happens by specifying a trans-
formation function which Feast executes both in historical and online feature retrieval

operations.

# On Demand Feature View definition
@on_demand_feature view(

sources=[
driver_hourly stats_view,
input_request

1,

schema=[
Field(name="conv_rate_plus_vall”, dtype=Float64),
Field(name="conv_rate plus val2”, dtype=Float64)

)

def transformed conv_rate(features_df: pd.DataFrame)
-> pd.DataFrame:
df = pd.DataFrame()
df[”conv_rate_plus_vall”] =
(features_df[”conv_rate”] + features_df[”val to add”])
df[”conv_rate_plus_val2”] =
(features_df[”conv_rate”] + features_df[”val_to_add 2”])

return df

Feature Service

A Feature Service is an object that represents a logical group of Features from one or
more Feature Views. It is usually a good way to match models with a group of features
that they require to perform training or inference. This also results in better tracking

and monitoring mechanisms for deployed models.
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# Feature Service definition
driver stats_fs = FeatureService(
name="driver_activity”,
features=[
driver_stats_fv,
driver_ratings_fv[[”lifetime_rating”]]

Dataset

A Dataset allows saving data frames that contain both entities and feature data which
can be later used for model training. In addition, having a snapshot of data for a specific
time range helps perform data analysis and quality monitoring. Behind the scenes, Feast

stores Dataset’s metadata in the Registry and actual feature data in the Offline Store.

# Dataset creation

historical_job = store.get_historical_ features(
features=[”driver:avg_trip”],
entity_df=[”driver”],

dataset = store.create_saved_dataset(
from_=historical_job,
name=’training_dataset’,
storage=SavedDatasetBigQueryStorage(
table ref=’feast-oss.demo _data.driver activity’

dataset.to _df()

3.1.3 Usage

At this point, everything is set to move on with Feast operations and ways to use it.

At first, we describe the initialization and teardown of Feast. Then, we explain typical



3.1. FEAST FEATURE STORE 111

feature retrieval operations and finally present the materialization process in detail. To
understand how all Feast components coordinate during these operations we use the

Python SDK client as reference.

apply() - teardown() functions

As mentioned earlier we can find all feature definitions in the Feature Repository. To
make these accessible from other Feast components we need to store them in the Reg-
istry. The process of parsing the Feature Repository, transforming it in a protobuf rep-
resentation and storing it in the Registry is performed by feast apply CLI command.
Underneath, after Feast validates and parses the repo, the apply() method of Feature-

Store class runs.

def apply(

self,

objects: Union[
DataSource,
Entity,
FeatureView,
OnDemandFeatureView,
RequestFeatureView,
FeatureService,
List[FeastObject],

1,

objects_to_delete: Optional[List[FeastObject]] = None,

partial: bool = True,

It essentially gets two arguments: objects to create or update and objects to delete. At
first, it stores the new or updated objects in the Registry, then it deletes the deprecated
objects and finally it updates the infrastructure. The last action mainly refers to the
creation and deletion of structures of the Online Store, where Feast stores the latest

features values.

The execution of teardown() performs the reverse process. At first, it destroys all the

existing infrastructure and then it deletes all the Registry objects.
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get_historical_features() function

Getting historical features is probably the most common Feast operation. Its goal is to
join multiple features from one or more Feature Views onto an entity data frame in a
point-in-time correct way. An entity data frame which acts as the input of the operation

is actually a set of records that contains a join key(s) and a timestamp for each record.

Entity Data Frame

row event_timestamp driver_id
0 | 2021-04-16 20:29:28+00:00 1001
1 2021-04-15 12:29:28+00:00 1003
2 | 2021-04-17 04:29:28+00:00 1002
3 | 2021-02-16 10:29:28+00:00 1000

The output is a reproducible state of features at a specific point in time.

Joined Training Data Frame

row event_timestamp driver_id | conv_rate | acc_rate
0 | 2021-04-16 20:29:28+00:00 1001 0.675539 | 0.657475
1 | 2021-04-15 12:29:28+00:00 1003 0.128302 | 0.913942
2 | 2021-04-17 04:29:28+00:00 1002 0.313097 | 0.770170
3 | 2021-02-16 10:29:28+00:00 1000 NULL NULL

The process of populating the input data frame with the correct feature values is very

simple. Assume the underlying data source is the following:

row event_timestamp driver_id | conv_rate | acc_rate
1804 | 2021-04-12 07:00:00+00:00 1001 0.373866 | 0.896520
1443 | 2021-04-15 07:00:00+00:00 1003 0.675539 | 0.657475
1082 | 2021-04-16 07:00:00+00:00 1001 0.128302 | 0.913942
721 | 2021-04-16 07:00:00+00:00 1002 0.802812 | 0.410884
456 | 2021-03-16 07:00:00+00:00 1000 0.402842 | 0.510674
360 | 2021-04-17 07:00:00+00:00 1002 0.313097 | 0.770170

For each row within the entity data frame Feast scans backward in time from event

timestamp up to a maximum of the TTL time. For example, for row 0 (driver_id 1001)
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it scans the underlying data source and gets rows 1804 and 1082. Then, it joins the
row with the closest timestamp, thus row 1082. Row 3 (driver_id 1000) has an older
timestamp than the earliest record of driver_id 1000 in the underlying data source, thus
NULL values populate the result. Summarizing, the join process is very similar to an

ordered left join, a loose one though, based on nearest timestamps.

To perform this operation, Feast uses the get_historical_features() method of the Fea-

tureStore class.

def get_historical_ features(
self,
entity df: Union[pd.DataFrame, str],
features: Union[List[str], FeatureService],
full feature names: bool = False,

) -> Retrievallob:

This method follows a lazy approach returning a RetrievalJob instead of the actual data.

Getting the feature data requires executing fo_df() or to_arrow() methods.

entity_df = pd.read_csv(”entity df.csv”)

training job = store.get historical features(
entity_df=entity_df,
features = [
>driver_hourly stats:conv_rate’,

’driver_hourly stats:acc_rate’

Is

training_df = training_job.to_df()

get_online_features() function

Getting online features is the operation Feast uses during online inference to retrieve
the latest feature values from the Online Store. The get_online_features() method of the

FeatureStore class is used by the SDK client for this reason.
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def get online_features(
self,
features: Union[List[str], FeatureService],
entity rows: List[Dict[str, Any]],
full feature_names: bool = False,

) -> OnlineResponse:

This time there is no need for timestamps, users provide a set of join keys and get back
a new data frame with the requested feature values. The operation is not lazy as with
get_historical_features(). It returns feature values in protobuf format and then the client

uses the to_df() or to_dict() methods to transform them in a useful format.

online_response = fs.get_online_features(
features=[
?driver_hourly stats:conv_rate”,
»driver_hourly_stats:acc_rate”
1,
entity_rows=[{”driver_id”: 1001}, {”driver_id”: 1002}],

)

online response_dict = online_response.to_dict()

materialize() function

Last but not least, there is the materialization process. It is the process responsible for
refreshing Online Store’s feature values. A user provides a time interval and specifies a

set of Feature Views they want to materialize.

def materialize(
self,
start_date: datetime,
end_date: datetime,
feature views: Optional[List[str]] = None,

) -> None:

Feast queries the batch sources for all Feature Views over the provided time range and

loads the latest feature values into the Online Store. The query slices the underlying data
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source keeping only the requested time range, then it sorts the remaining records based

on the timestamp and finally keeps the latest for each unique join key(s).

Step 1: Sliced Records

row event_timestamp driver_id | conv_rate | acc_rate
1804 | 2021-04-12 07:00:00+00:00 1001 0.373866 | 0.896520
1082 | 2021-04-16 07:00:00+00:00 1001 0.128302 | 0.913942
1443 | 2021-04-15 07:00:00+00:00 1003 0.675539 | 0.657475
360 | 2021-04-17 07:00:00+00:00 1002 0.313097 | 0.770170
721 | 2021-04-16 07:00:00+00:00 1002 0.802812 | 0.410884
Step 2: Sorted Records
row event_timestamp driver_id | conv_rate | acc_rate
1804 | 2021-04-12 07:00:00+00:00 1001 0.373866 | 0.896520
1443 | 2021-04-15 07:00:00+00:00 1003 0.675539 | 0.657475
1082 | 2021-04-16 07:00:00+00:00 1001 0.128302 | 0.913942
721 | 2021-04-16 07:00:00+00:00 1002 0.802812 | 0.410884
360 | 2021-04-17 07:00:00+00:00 1002 0.313097 | 0.770170
Step 3: Latest Feature Values
driver_id | conv_rate | acc_rate
1003 0.675539 | 0.657475
1001 0.128302 | 0.913942
1002 0.313097 | 0.770170

3.2 Registry Architecture

In order to identify what is missing and what we need to do in terms of design and

architecture, we need to completely understand the Registry architecture. This section

focuses mainly on two Python classes, the Registry and RegistryStore classes, of the

Python SDK. These classes are responsible for managing Registry objects and interacting

with the storage layer.
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3.2.1 Functionality

Almost every single Feast operation uses the Registry. Whenever a user needs to get
feature data either from the Offline or the Online Store they use a feature definition to

determine the feature they want to get. In the background:

1. Feast executes a query to the Registry to get all the required metadata (e.g. where

the actual feature data is located, the type of the feature, etc.).

2. It executes another query to fetch the actual feature data.

Regardless if a user wants to get historical feature data to create a dataset or get on-
line feature data to perform inference the Feast client (SDK) requires that metadata (1).

However, these two operations are completely opposite:

+ Getting historical feature data is an I/O bound operation that spends most of the

time fetching actual data

+ Getting online feature data is a fast operation that is crucial for high-performance

inference

In order for Feast SDK to support high performance inference, without needing to fetch
that metadata every single time, it keeps a cached registry representation in-memory
and makes sure to refresh it when it expires by fetching the upstream registry represen-

tation. To do so, it uses a commit & refresh mechanism throughout its operations.

Before explaining the commit & refresh mechanism let’s see what a Registry and a Reg-
istryStore object are. They are instances of the two following classes that Feast SDK

implements:

« Registry: core class responsible for managing the Registry component (adding
new features, deleting old ones, etc.) and keeping the cached registry representa-

tion in sync. It implements the commit & refresh mechanism.

« RegistryStore: extendable class responsible for interacting with a specific registry

store backend.
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Figure 3.3: Commit ¢ Refresh Mechanism

The Registry class contains methods which apply changes to the registry file. These

methods provide a boolean argument called commit. For example:

def apply_entity(
self,
entity: Entity,
project: str,
commit: bool = True

if commit:
self.commit()

return

def delete_entity(
self,
name: str,
project: str,
commit: bool = True

if commit:
self.commit()

return

This argument specifies whether a change will stay in cache or will be pushed to the
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object storage by the Feast client. In case commit = True, the Registry object will pass
the entire cached registry representation to the RegistryStore object which will then

push it to the actual object storage and replace the old registry representation.

For the same reason, Registry class methods responsible for "read” operations provide
an allow_cache option. If allow_cache = True, the Registry object is allowed to use the
cached registry representation. If not, it has to refresh it first by asking the RegistryStore

object to fetch it from the object storage.

def get_entity(
self,
name: str,
project: str,
allow_cache: bool = False

registry_proto = self._get registry proto(allow_cache=allow_cache)
def list_entities(

self,

project: str,

allow_cache: bool = False

registry proto = self._get registry proto(allow_cache=allow_cache)

Both of these arguments along with commit() and refresh() methods form the commit

& refresh mechanism. Let’s have a closer look at these methods.

def commit(self):
if self.cached_registry_proto:
self. _registry store.update_registry proto(
self.cached registry proto

def refresh(self):
self._get_registry_proto(allow_cache=False)
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def _get registry proto(self, allow_cache: bool = False)
-> RegistryProto:

registry _proto = self._registry_store.get_registry_proto()

Both of these methods essentially use a RegistryStore object by calling the following two
methods that belong to it:

o update_registry_proto o get_registry_proto

3.2.2 RegistryStore Plugin

The RegistryStore class is the programmatic client that Feast uses to interact with the
underlying storage backend of the Feast Registry. It is part of the plugin mechanism
that allows different kinds of storage backends to work alongside Feast. To be more
specific it is an abstract class that contains the following 3 methods:

o get_registry_proto(self) -> RegistryProto

« update_registry_proto(self, registry_proto: RegistryProto)

o teardown(self)

Developers that want to support a new storage backend need to create a new class that

implements these methods. Here is an example:

class GCSRegistryStore(RegistryStore):
def get registry proto(self):

if storage.Blob(bucket=bucket, name=self._blob).
exists(self.gcs_client):
self.gcs_client.download_blob_to_file(
self. uri.geturl(), file_obj, timeout=30

)
file_obj.seek(9)
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registry proto.ParseFromString(file_obj.read())
return registry proto

def update_registry proto(self, registry proto: RegistryProto):
self. write registry(registry proto)

def teardown(self):

gs_bucket = self.gcs_client.get bucket(self. bucket)
try:
gs_bucket.delete blob(self. blob)

def _write_registry(self, registry_proto: RegistryProto):

gs_bucket = self.gcs_client.get bucket(self._bucket)
blob = gs_bucket.blob(self._blob)

file_obj = TemporaryFile()
file_obj.write(registry_proto.SerializeToString())
file obj.seek(0)

blob.upload_from_file(file_obj)

It is clear that in all of the three implemented methods there is a GCS client which is
responsible for creating, updating, deleting or fetching the registry file from the object

storage.

3.2.3 Problematic Designs

Having seen how everything works it’s time to expose designs that make the current
architecture difficult to use in a multi-user environment, where users need to share spe-
cific parts of the registry. Before moving forward, it is important to keep in mind that the
registry representation which Feast transfers and stores in a protobuf format contains a

list for each of the registry’s first-class objects (see section 3.1.1).

Now, storing an entire registry as a single file creates problems with sharing the registry’s
first-class objects in a multi-user environment. There is no clear way to configure per-

missions on specific objects as only read or write permissions can be configured on the
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registry file level. Adding to this, moving entire registry files between the client and the

object storage degrades performance.

Another aspect of the registry that could potentially cause problems is the cached reg-
istry representation. In scenarios where multiple users interact with the same registry,
keeping it in sync on the client side (Feast SDK), while also making sure changes per-
formed locally by users find their way to the object storage is challenging. At this point,
no locking mechanism exists on the “remote” registry file making it impossible to guar-

antee atomic access on concurrent writes.

3.3 New Architecture

Solving or overcoming the above problematic designs is essential for integrating Feast
into Kubeflow. In this section we expose possible new designs and solutions. The focus

remains on the Registry and its functionality.

At the moment, Feast is basically a Python SDK that manages and orchestrates other
components such as the Offline Store, the Online Store and the Registry. However, all
of these three components rely on vendor specific infrastructure such as storage buckets
or data warehouses. Having an open source project like Kubeflow requires components

that are vendor agnostic and can be used in various Feast deployments.

The purpose of the entire effort is to extend the Feast functionality and flexibility to
integrate it into Kubeflow. This will happen by designing a new Registry backend, a
complete API server, which adds an extra layer on top of the stored Registry objects.
Adding this management layer will make Feast even more extensible and lay the foun-
dations for other improvements as well. A standalone Registry backend that is backed
up by an SQL database, which stores Registry objects, and that is able to perform access

control is the final goal.

3.3.1 Initial Design

The initial design aims at avoiding using a single file registry as the storage backend.

Thus, we will replace the object storage with a relational database.
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Feast client (SDK) Registry store backend
Reglstry proto ReglstryStore get_regis@_pmto() Database
object --._ Object - :
Cached registry
representation H
(:J;ngi:?x update_registw_prolo{)
create+ @ f SQL INSERT |

Figure 3.4: Registry as Database

This design also improves the way Feast manages the cached registry representation, as
typical DBMS offer ACID properties useful for avoiding conflicts in concurrent write
operations. When users try to change the state of the registry simultaneously, the use of

transactions ensures that every successful write operation is persisted.

In this new design, fetching the registry remains as simple as performing the required
SELECT SQL queries against the database. Updating the registry is a bit more com-
plex. The Registry object keeps a FIFO list of pending operations and their context (in
protobuf format). This queue contains the changes that the Feast client needs to push
since the last commit. The context refers to the actual registry object in its protobuf

representation. For example:

[(PCreateEntity”, entityProto), (”DeleteFeatureView”, fvProto), ...]

Every time Feast triggers the commit mechanism a similar list gets passed to the Reg-
istryStore object which translates it to the corresponding SQL queries and executes

them. The list empties after every successful commit.
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Database Schema
Since this is a new approach, there is a need to design a database schema that stores the

registry objects. The new schema follows the schema definition of the registry and its

components [2], the one used for protobuf messages.
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Comments All tables contain a unique id. In addition, there are other uniqueness
constraints. For all first-class objects the combination of project_id and name must be
unique. The same thing applies for the projects table, where the project name must be
unique as well. We store fields that are colored with orange in the database schema as

bytes as they contain complex objects like JSON objects or lists.

3.3.2 Improved Design

Having set a solid background (a database as the registry store backend), it is now possi-

ble to build another layer on top of it in order to manage permissions on specific registry

objects.
Feast client (SDK) Registry store backend
) ’ . { Feast \
Registry proto RegistryStore get_registry_proto() Registr
object ~--., object - Se?vicg
Cached registry
representation
(f;ng' 2? " update_registry - prota()
Y :
\ Il © o i = 8

foken

Database

Figure 3.6: New Architecture

This layer acts as a middleman between the client side and the actual database enforcing
access control. It is a simple REST API server on top of a gRPC server [13]. From now
on this layer will be called Feast Registry Service (FRS) and it has the following three

functionalities:

« Expose CRUD endpoints for all first-class objects of the registry.

o Perform authentication and authorization of requests.
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» Manage interactions with the database.

The CRUD endpoints look like the following:

POST: /createEntity body: entity_proto

GET: /getEntity body: entity name, entity project

POST: /updateEntity body: entity_proto

DELETE: /deleteEntity body: entity name, entity project

On the client side the RegistryStore object translates the list of pending operations to
API calls and enriches them with a token. This token is then used by the FRS during the

authentication and authorization process.

Projects and Isolation

Until now we have introduced all the mechanisms required to manage permissions on
registry objects. However, it is also important to explain the levels of isolation that we
offer in a Kubeflow environment. As we already explained in the Background chap-

ter (see section 2.2.3) Kubernetes provides a mechanism called Namespaces to isolate

resources. Moreover, Feast provides Projects (see section 3.1.2) that offer an isolated

environment of features and entities.

[ Kubeflow

Namespace Y
Feature View A
Feature View B
Data Source A
‘ Feature View A ‘ ‘ Entity A ‘
‘ Feature View B ‘ ‘ Entity B ‘

Figure 3.7: Isolation Levels

In a collaborative environment like Kubeflow multiple objects need to exist and be
shared among users. Project names in Feast must be unique, thus we use the 1:1 re-

lation between a Feast project and a Kubeflow namespace.
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To share objects or entire namespaces, admins give permissions to specific users or
groups to perform actions on resources in namespaces using K8s Roles (ClusterRoles)

and RoleBindings (ClusterRoleBindings).

3.3.3 Registry Service

The design and architecture of the Feast Registry Service is heavily inspired by Kube-
flow Pipelines (KFP) backend apiserver [4]. It follows a very similar structure and is as

follows:

Reverse Proxy

| Server |‘—-| Auth

‘ Resource Manager ‘

Figure 3.8: Registry Service Architecture

It has 5 main components that have different roles and perform different actions during

each request.

Reverse Proxy It receives HT TP requests from clients, transforms them into gRPC re-
quests and sends them to the Server. The reverse process happens after a gRPC response

is generated from the Server.

Server It is a typical gRPC server [20]. It is the entrypoint of gRPC requests and im-
plements functions that handle them. It executes validation checks, it uses the Auth
component to perform authentication and authorization and passes the request to the

underlying Resource Manager.
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Auth It receives a token and a set of permissions from the Server component. It then
passes the token to a TokenReview client which performs authentication. A TokenRe-
view client is a K8s client [22] which interacts with a native K8s API. Authorization
is executed by a SubjectAccessReview client using both the token and the set of per-
missions received by the Server. This is another K8s client that interacts with features

provided by the authorization.k8s.io API [21].

Resource Manager It receives a request from the Server and transforms it to an inter-
nal representation (model) that can be handled by lower level components. It manages
resources at a high level and is responsible for engaging the appropriate low level Stores

in order to execute the correct changes in the underlying database.

Store Itreceivesamodel and performs an action on it that gets persisted in the database.
Thus, it interacts with the actual storage system by executing queries or transactions. In
this case the storage system refers to a MySQL database. However, it can interact with
other types of SQL databases since we choose to use an ORM (Object-Relational Map-

ping) mechanism.

3.3.4 Registry Client

The design of the Registry Client is pretty simplistic. The goal is to be a component that
leverages the plugin mechanism Feast offers. At its core it programmatically executes

HTTP requests to the Feast Registry Service.

RegistryStore It is responsible for setting up and managing the client that communi-
cates with the FRS. It fills requests with the proper configuration and the required token.

If the token is not valid any more, it refreshes it.

Prototo API Aswe mentioned earlier the Registry object is passing a list of operations
and their context to the RegistryStore object. The context though is in protobuf format.

Before sending an HT TP request we need to convert the context to a proper API object.
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‘ Registry ‘

‘ Registry Service ‘

Figure 3.9: Registry Client Architecture

API to Proto  The Registry Service responds with one or multiple API objects. How-
ever, the RegistryStore object must pass a complete registry representation to the Reg-
istry object. Thus, we need to properly transform the received objects to a protobuf

representation.



Implementation

This chapter focuses on presenting all the technical details and nuances needed to im-
plement the newly designed architecture. At first, it describes all the minor changes
in the existing Feast code base. Then, it showcases the entire effort regarding the new
Feast Registry Service. Last but not least, it presents the new pluggable Registry client.
Along with all implementation specific details, it thoroughly explains deployment or

installation steps wherever needed.

4.1 Overview

Having already described all the new components that we need to create, it's impor-
tant to highlight that the goal of the implementation is to introduce new functionality
without compromising compatibility of the existing one. Thus, we perform minimal
changes on the existing code base. In addition, entirely new components try to pro-
vide solutions that create abstractions and we can easily extend and use them outside a

Kubeflow environment.

Since, Feast SDK client is written in Python and this is the most popular and easy way
to get started with Feast, we use Python for both core changes of Feast and the new
Registry client. However, we implement the Feast Registry Service using Go as plenty
of cloud native applications are already developed in Go and the end result is highly
performant. Moreover, we reuse part of KFP backend code and reduce the total time

spent on implementing the same mechanisms in another programming language.

129
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4.2 The Feast Core

We need to extend the Registry class so as to properly handle the pending ops list. As
explained previously this is a FIFO list. To implement it we will use the queue [19]

module.

class Registry:
cached_registry proto: Optional[RegistryProto] = None
cached_registry proto_created: Optional[datetime] = None
cached_registry proto_ttl: timedelta
pending_ops: queue.Queue

When executing “write” operations we fill this queue with dicts that contain the type of

operation and the necessary context. Here are some examples:

# CreateEntity and UpdateEntity example
def apply _entity(
self, entity: Entity, project: str, commit: bool = True

update = False

entity.is_valid()

for idx, existing entity proto in enumerate(
self.cached_registry proto.entities

):
if (
existing_entity proto.spec.name == entity_proto.spec.name
and existing entity proto.spec.project == project
):

del self.cached_registry_proto.entities[idx]
self.pending_ops.put({

?op”: ”UpdateEntity”, proto”: entity_ proto
})
update = True
break

self.cached registry proto.entities.append(entity proto)
if not update:
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self.pending ops.put({
?op”: ”CreateEntity”, proto”: entity_ proto
})
if commit:
self.commit()

# DeleteEntity example
def delete_entity(
self, name: str, project: str, commit: bool = True

self. prepare_registry for changes()
assert self.cached registry proto

for idx, existing_entity_proto in enumerate(
self.cached_registry proto.entities

K
if (
existing_entity_proto.spec.name == name
and existing_entity proto.spec.project == project
)

del self.cached_registry proto.entities[idx]
self.pending_ops.put({”op”: “DeleteEntity”, ”’name”: name})
if commit:

self.commit()
return

raise EntityNotFoundException(name, project)

At some point we need to commit changes in the Registry. For this reason, we pass the

pending ops list to the RegistryStore object.

def commit(self):
if self.cached_registry_proto:
self. registry store.update_registry proto(
self.cached_registry proto, self.pending_ops

However, the RegistryStore abstract class contains an abstract method that updates the

registry proto with only one argument. The new method has one extra argument with
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a default value (an empty queue) in case the pending ops list is not useful for other

RegistryStore class implementations.

# 0Old definition
def update_registry proto(self, registry proto: RegistryProto):

# New definition
def update_registry_proto
self,
registry proto: RegistryProto,
pending ops: queue.Queue = queue.Queue()

4.3 Registry Service

To create the Registry Service we use patterns similar to the KFP backend apiserver.
The process that we describe in the rest of this section refers to Entity objects and acts
as an easy to follow example. However, the same process applies for all other first-class

Registry objects.

Protobuf Definitions

In the first step of the process we define the endpoints by creating the required pro-
tobuf definitions. The following example presents an EntityService with five distinct

endpoints: Create, Get, Update, Delete and List.

service EntityService {
rpc CreateEntity (CreateEntityRequest) returns (Entity) {
option (google.api.http) = {
post: ”/CreateEntity”,
body: “entity”
¥

rpc GetEntity (GetEntityRequest) returns (Entity) {
option (google.api.http) = {
get: ”/GetEntity”
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1

rpc UpdateEntity (UpdateEntityRequest) returns (Entity) {
option (google.api.http) = {
post: ”/UpdateEntity”,
body: “entity”
}s

rpc DeleteEntity (DeleteEntityRequest) returns (google.protobuf.Empty) {
option (google.api.http) = {
delete: ”/DeleteEntity”
}s

rpc ListEntities (ListEntitiesRequest) returns (ListEntitiesResponse) {
option (google.api.http) = {
get: ”/ListEntities”
}s

Since the gRPC framework relies on clients that can directly call a method on a server
application on a different machine, the above definitions act as the source of truth. We
use a compiler to translate these definitions into actual code which we use as a stub
client providing the same methods as the server. On the server side, it is the devel-
oper’s responsibility to implement these methods and create a server that handles client

requests.

Server

So, the next step is actually implementing these methods. To begin with, let’s compare

how these methods look both on the client and the server side.

On the client side, here is an example of the generated code a compiler creates:
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func (c *entityServiceClient) CreateEntity(
ctx context.Context, in *CreateEntityRequest, opts ...grpc.CallOption
) (*Entity, error) {
out :

new(Entity)
err := c.cc.Invoke(
ctx, ”/api.EntityService/CreateEntity”, in, out, opts...
)
if err != nil {
return nil, err

}

return out, nil

On the server side, this is how we implement the method:

func (s *EntityServer) CreateEntity(
ctx context.Context, request *api.CreateEntityRequest
) (*api.Entity, error) {
resourceAttributes := &authorizationvl.ResourceAttributes{

Namespace: request.Namespace,

Verb: common.RbacResourceVerbCreate,
¥
err := s.haveAccess(ctx, resourceAttributes)
if err != nil {

return nil, util.Wrap(err, ”Failed to authorize the request.”)

entity, err := s.resourceManager.CreateEntity(

request.Entity, request.Namespace

)
if err != nil {
return nil, util.Wrap(err, “Create entity failed.”)

return ToApiEntity(entity), nil

Authentication and Authorization

As a request reaches the server, the server performs access control before actually ex-

ecuting the requested operation. At first, it extracts the token from the request and
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initiates a TokenReview. A TokenReview is actually a request to the TokenReview API
which validates the token and ensures it is intended for the specified audience, in this

case features.kubeflow.org.

func (tra *TokenReviewAuthenticator) doTokenReview(
ctx context.Context, userIdentity string
) (*authvl.UserInfo, error) {
review, err := tra.client.Create(ctx,
&authvl.TokenReview{
Spec: authvl.TokenReviewSpec{
Token: userIdentity,
Audiences: tra.audiences,
¥
¥
vl.CreateOptions{},

return &review.Status.User, nil

After this, the server authorizes the request. This time it uses the user identity along with
a set of resource attributes to perform a SubjectAccessReview. A SubjectAccessReview
is again a request to the respective API which ensures that a user can perform an action

(verb) on a specific resource of a namespace.

func (r *ResourceManager) IsRequestAuthorized(
ctx context.Context, userIdentity string, userGroups []string,
resourceAttributes *authorizationvl.ResourceAttributes
) error {
result, err := r.subjectAccessReviewClient.Create(ctx,
&authorizationvl.SubjectAccessReview{
Spec: authorizationvl.SubjectAccessReviewSpec{
ResourceAttributes: resourceAttributes,

User: userIdentity,
Groups: userGroups,
¥
¥
vl.CreateOptions{},

return nil
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For example, a /CreateEntity request which uses the following resource attributes:

« Namespace: kubeflow-user

Verb: create

« Group: features.kubeflow.org

Version: vlbetal

Resource: entities

is authorized by the server only if the user who makes the request is allowed to exe-
cute create on entities of features.kubeflow.org version vibetal on kubeflow-namespace

namespace.

Resource Manager

The next step of the process is to instruct the Resource Manager to perform the requested

operation.

func (r *ResourceManager) CreateEntity(
apiEntity *api.Entity, namespace string
) (*model.Entity, error) {
project, err := r.projectStore.GetProject(apiEntity.Project, namespace)
if err != nil {

return nil, util.Wrap(err, ”Failed to find project”)

1

entity, err := r.ToModelEntity(apiEntity, , project.Id)
if err != nil {

return nil, util.Wrap(err, *Failed to convert entity model”)

return r.entityStore.CreateEntity(entity)

Since the Resource Manager can manage all of the Registry objects, it starts by finding

the project this new Entity belongs to and uses its projectld along with request’s Entity
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to create a model (an internal representation of an object). It then passes this model
to the appropriate underlying Store where the projectld will be used by the Store as a
foreign key.

Store

The final step of the process involves the Store which receives an Entity model and cre-
ates the respective SQL query. Assuming that the SQL query is valid, it executes it and

checks for possible errors.

func (s *EntityStore) CreateEntity(
e *model.Entity
) (*model.Entity, error) {
newEntity := *e
id, err := s.uuid.NewRandom()

newEntity.Id = id.String()

sql, args, err := sq.
Insert(”entities™).
SetMap(
sq.Eq{
»id”: newEntity.Id,
»”project_id”: newEntity.ProjectId,
”name”: newEntity.Name,
»”value_type”: newEntity.ValueType,
”description”: newEntity.Description,
»”join_key”: newEntity.JoinKey,
»tags”: newEntity.Tags,
»owner?”: newEntity.Owner,
”created_timestamp”: newEntity.CreatedTimestamp,
»”last_updated_timestamp”: newEntity.LastUpdatedTimestamp,
3.
ToSql()

_, err = s.db.Exec(sql, args...)
if err != nil {

return &newEntity, nil
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The process completes by sending a response back to the client that made the request.

Before doing so, the Server transforms the model back to a proper API object.

This end-to-end process is almost identical for the rest of the Registry objects. However,
there are objects such as Feature Views that need to handle e.g. their child Features and
their corresponding database entries. Implementation wise it gets a bit more complex as

we need to use typical database transactions to ensure consistency. Here is an example:

func (s *FeatureViewStore) CreateFeatureView(
fv *model.FeatureView
) (*model.FeatureView, error) {
newFeatureView := *fv

tx, err := s.db.Begin()
if err != nil {

_, err = tx.Exec(sql, args...)
if err != nil {
tx.Rollback()

for _, feature := range newFeatureView.Features {
_, err = s.featureStore.CreateFeature(
tx, feature, newFeatureView.Id

)

if err != nil {
tx.Rollback()

}

err = tx.Commit()
if err != nil {
tx.Rollback()

return &newFeatureView, nil
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In case an error occurs during the transaction, we perform a rollback to ensure a con-
sistent database state. If all queries execute successfully, we finally persist the result by

committing the transaction.

4.4 Registry Client

Creating the Registry Client is all about implementing the three abstract methods of the

RegistryStore class. Let’s see how everything works step by step.

Initializing the RegistryStore includes setting up an ApiClient and its Configuration.
The frs_api Python package we use, is already automatically generated by the protobuf
definitions of the Registry Service (see section 4.3). As a result it takes away all the heavy

work of sending a request and handling the response. The Configuration object we pass
to the ApiClient provides a function that is responsible for refreshing the token which
we need to include in the requests’ authorization header. We can find the token either

on a file or an env variable.

class KubeflowRegistryStore(RegistryStore):
def __init_ (self, registry_config: RegistryConfig, repo_path: Path):

config = frs_api.configuration.Configuration()
config.host = registry_config.path

config.api_key[’authorization’] = ’token’

config.api_key_prefix[’authorization’] = ’Bearer’

config.refresh_api_key_hook =
ServiceAccountTokenVolumeCredentials().refresh_api_key_hook

api_client = frs_api.api_client.ApiClient(configuration=config)

self._entity api = frs_api.api.entity_service_api.
EntityServiceApi(api_client)

Purpose of the get_registry_proto() method is to fetch the entire registry representation.
At first, it fetches project specific metadata which verifies that the project exists. Then it
performs a list request for all first-class Registry objects to gather the stored definitions

of the project’s objects.
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@log_exceptions_and_usage(registry="kubeflow”)
def get_registry proto(self):
try:
if not self.readMode:
proj = self. _project_api.project_service_get_project(
project=self.project,
namespace=self.namespace
)
except frs_api.exceptions.ApiException as e:
raise FileNotFoundError(
f’Project named *{self.project}” not found.’
)
self. get_entities(registry_proto)

return registry_proto

def _get _entities(self, registry_proto: RegistryProto):
res = self. entity api.entity_service_list entities(
project=self.project,
namespace=self.namespace

if not res.entities:
return

for e in res.entities:
entity proto = entity to_proto(e)

registry proto.entities.append(entity_proto)

Purpose of the update_registry_proto() method is to change the state of the stored reg-
istry representation and it does it in a fine-grained way by performing only necessary
changes. Based on the list of operations it receives from the Registry objects, it performs
the respective API calls along with the required context. After the update successfully

completes, the list empties.

@log_exceptions_and_usage(registry="kubeflow”)
def update_registry proto(
self,
registry_proto: RegistryProto,
pending_ops: queue.Queue = queue.Queue()
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while not pending_ops.empty():
op = pending_ops.get()

elif op[’op’] == ’CreateEntity’:
entity = entity_to_api(op[’proto’])
self. entity api.entity_service_create_entity(
body=entity,
namespace=self.namespace
)
elif op[’op’] == ’UpdateEntity’:
entity = entity to_api(op[’proto’])
self._entity_api.entity_service_update_entity(
body=entity,
namespace=self.namespace
)
elif op[’op’] == ’DeleteEntity’:
self. entity api.entity_service_delete_entity(
name=op[’name’ ],
project=self.project,
namespace=self.namespace

The goal of the teardown() method is to delete everything related to the specified project.

A simple API call is enough as the Registry Service executes the entire logic.

@log_exceptions_and_usage(registry="kubeflow”)
def teardown(self):
self. project_api.project_service_delete_project(
project=self.project,
namespace=self.namespace

Transform Objects

As we already explained in the Design chapter, the Registry object passes a protobuf
registry representation to the RegistryStore object. Thus, we need a way to transform
protobuf objects to proper API objects and vice versa. We implement functions such as

entity_to_api() or entity_to_proto() for this reason:
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def entity_to_api(proto: EntityProto) -> ApiEntity:
return ApiEntity(
name=proto.spec.name,
project=proto.spec.project,
value_type=proto.spec.value_type,
description=proto.spec.description,
join_key=proto.spec.join_key,
tags=dict(proto.spec.tags),
owner=proto.spec.owner,
created_timestamp=proto.meta.created_timestamp.ToDatetime().
replace(tzinfo=timezone.utc),
last_updated_timestamp=proto.meta.last_updated_timestamp.

ToDatetime().replace(tzinfo=timezone.utc)

def entity_to_proto(api: ApiEntity) -> EntityProto:

meta = EntityMetaProto()
meta.created_timestamp.FromDatetime(getattr(

api,

”created_timestamp”,

datetime(1970, 1, 1, tzinfo=timezone.utc))
)
meta.last_updated_timestamp.FromDatetime(getattr(

api,

»”last_updated_timestamp”,

datetime(1970, 1, 1, tzinfo=timezone.utc))

spec = EntitySpecProto(
name=api.name,
project=api.project,
value_type=ValueType[api.value_type].value,
description=api.description,
join_key=api.join_key,
tags=api.tags,
owner=api.owner,

return EntityProto(spec=spec, meta=meta)
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4.5 Cluster Configuration

4.5.1 Registry Service

After developing the FRS, the next step is to actually deploy the service in Kubeflow.
Kubeflow deploys all services under kubeflow namespace. We will follow the same ap-

proach for the FRS.

Deploying the MySQL database the FRS is using is as simple as creating a StatefulSet

and a Service in K8s.

apivVersion: apps/vl
kind: StatefulSet
metadata:
name: mysql-feast-sts
spec:
replicas: 1
serviceName: mysql-feast-svc
selector:
matchLabels:
app: mysql-feast
template:
metadata:
name: mysql-feast
labels:
app: mysql-feast
spec:
containers:
- name: mysql
image: bitnami/mysql:8.0
volumeMounts:
- name: data
mountPath: /bitnami/mysql/data
env:
- name: MYSQL_USER
value: ”feastadmin”
- name: MYSQL_PASSWORD
value: ”feastadmin”
- name: MYSQL_DATABASE
value: ”feast”
ports:
- name: mysql
containerPort: 3306
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protocol: TCP

apiVersion: vl
kind: Service
metadata:
name: mysql-feast-svc
spec:
type: ClusterIP
ports:
- name: mysql
port: 3306
targetPort: mysql
selector:
app: mysql-feast

A StatefulSet ensures that no data will be lost if a Pod goes down unexpectedly and a

new one takes its place.

In order to deploy the API server, we need to create a ConfigMap [8] first. This contains
a json file with all the configuration, e.g. database config, the server needs to function.

Then, we create a typical Deployment and a Service.

apiVersion: vl
data:
# apiserver assumes the config 1s named config.json
config.json: |
{
”DBConfig”: {
”DriverName”: *mysql”,
”DBName”: *feast”,
»”GroupConcatMaxLen”: 41943047,
”ConMaxLifeTime”: 120s”,
”Host”: ”mysql-feast-svc”,
®User”: ’feastadmin”,
»Password”: *feastadmin”
s
»InitConnectionTimeout”: 10s”,
“MULTIUSER”: true
}
kind: ConfigMap

metadata:

name: frs-config
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apiVersion: apps/vl
kind: Deployment
metadata:
name: feast-registry-d
labels:
app: feast-registry
spec:
selector:
matchLabels:
app: feast-registry
template:
metadata:
labels:
app: feast-registry
spec:
containers:
- name: feast-registry-api-server

env:
- name: POD_NAMESPACE
valueFrom:

fieldRef:
fieldPath: metadata.namespace
image: apiserver
imagePullPolicy: Never
command :
- /tmp/apiserver
- --config=/etc/frs-config
ports:
- containerPort: 8888
- containerPort: 8887
volumeMounts:
- name: config-volume
mountPath: /etc/frs-config
volumes:
- name: config-volume
configMap:
name: frs-config
apiVersion: vl
kind: Service
metadata:
name: feast-registry-svc
spec:
type: ClusterIP
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ports:
- name: http
port: 8888

protocol: TCP
targetPort: 8888
- name: grpc
port: 8887
protocol: TCP
targetPort: 8887
selector:
app: feast-registry

The server exposes two ports (8888, 8887), one for the HTTP server and another one

for the gRPC server.

4.5.2 Authentication Support

In order to support authentication, we use a token based approach. For this reason, we
require a token that we can find in a file or an env variable inside a Pod. This token is a

ServiceAccountToken [12] which is tied with a specific ServiceAccount.

A ServiceAccount in K8s is one way of providing identity for Pods. Multiple service ac-
counts are tied with a namespace and have different sets of permissions. We can mount a
ServiceAccountToken into Pods at specific locations using a ProjectedVolume [11] and
use it by just reading the file that contains the token. Configuring a new PodDefault

ensures to mount the volume to every new Pod.

apiVersion: kubeflow.org/vlalphal
kind: PodDefault
metadata:
name: access-features
spec:
desc: Allow access to Kubeflow Features
selector:
matchLabels:
access-ml-pipeline: ”true”
volumeMounts:
- mountPath: /var/run/secrets/kubeflow/features
name: volume-features-token
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readOnly: true
volumes:
- name: volume-features-token
projected:
sources:
- serviceAccountToken:
path: token
expirationSeconds: 7200
audience: features.kubeflow.org
env:
- name: KF_FEATURES_SA TOKEN_PATH
value: /var/run/secrets/kubeflow/features/token

The token file lives under /var/run/secrets/kubeflow/features/token and it is automati-
cally refreshed by the system every 7200 seconds. This token is valid only for the fea-

tures.kubeflow.org audience.

4.5.3 Authorization Support

To make authorization work we use K8s native RBAC mechanism. This mechanism
relies on typical K8s API objects (ClusterRoles/Roles, RoleBindings, ServiceAccounts)
and the SubjectAccessReview (SAR) mechanism. The general idea is to specify re-
sources, actions that can be performed on these resources, as well as tie these actions
to service accounts or users. Then, we use SAR to check whether a user is allowed to

perform an action on a resource of a namespace.

Service accounts are tied to ClusterRoles or Roles [10] via RoleBindings which specify
permissions of a ServiceAccount on a specific namespace. A ClusterRole or Role con-
tains a set of rules that combine apiGroups, resources, resourceNames and verbs. As a
result, a rule specifies which actions (verbs) can a ServiceAccount perform on specific

resources.

apiVersion: rbac.authorization.k8s.io/v1
kind: ClusterRole
metadata:
name: kubeflow-feature-edit
rules:

- apiGroups:
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apiVersion:

name:

features.kubeflow.org

resources:

data_sources

entities
feature_services
feature_views
infra_objects
on_demand_feature_views
projects
request_feature_views
saved_datasets

verbs:

create
update
delete

rbac.authorization.k8s.io/v1

kind: ClusterRole
metadata:

kubeflow-feature-view

rules:

- apiGroups:

features.kubeflow.org

resources:

data_sources

entities
feature_services
feature_views
infra_objects
on_demand_feature_views
projects
request_feature_views
saved_datasets

verbs:

get
list
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For example, service accounts that are tied to kubeflow-feature-edit role can create, up-

date and delete all registry objects, whereas the ones that are tied to kubeflow-feature-

view role can only get or list registry objects.



Conclusion

This final chapter, presents a brief summary of our work and highlights our main contri-
butions. It assesses some principal elements of our design and implementation process
and finally mentions possible extensions and further improvements that could be de-

veloped in the future.

5.1 Concluding Remarks

The initial goal of this thesis was to integrate a component that manages features, a
feature store, in an ML platform, in Kubeflow. We managed to achieve this goal by
turning an open-source feature store, Feast, with poor cloud support into a cloud-native

client-server system. To do so we:

1. Created a REST API server that manages feature definitions and their metadata.

2. Developed a client that interacts with the API server in a Kubernetes environ-

ment.

3. Improved Feast by adding authentication and authorization support.

Now, data scientists are able to securely share features and collaborate. They can also use
all the tools a feature store offers and radically improve ML workflows by decreasing time
spent on developing new features and by making sure their models receive consistent

high-quality features.
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During the design and implementation phases we had to dynamically iterate and con-
stantly improve and document our work. We spent a lot of time delivering demos in-
ternally that acted as a proof of concept and resulted in valuable feedback. However,
the highlight of the entire process was delivering a live demo in the Feast community
during the biweekly community call. This really showed us that we are heading in the
right direction, it proved the interest of the community in our work and helped us gather

useful feedback.

5.2 Future Work

Having worked on radically changing how Feast looks and works acts as the first step of
creating a truly powerful open source feature store that is able to support different kinds
of use cases and environments. This means that there is great room for improvement
and a lot of capabilities to extend Feast. The following ideas are just the tip of the iceberg

in terms of fully leveraging the new architecture:

o Extend the Feast SDK client to use all the capabilities of the new API server. Allow
fetching specific feature definitions without needing to fetch the entire project

first.

o Use Kubernetes mechanisms to enhance the reach of Feast. For example, use
Kubernetes RBAC to enforce access control to underlying data sources (both on
the Offline and the Online Store) or make sure to delete namespaced resources in

case a namespace is destroyed.

« Use Rok or other dataset management systems to share entire datasets in an effi-

cient way inside a Kubeflow environment.

« Allow data scientists to run automated feature pipelines using KFP by extending

the API server into an actual pipeline scheduler.

« Build a data quality monitoring system around Feast or integrate an existing one.

This is actually a direction that the Feast community is currently heading to.
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We really hope that these ideas are enough to get people to think on further improve-
ments and extensions. For us, the goal right now is to push and actually contribute our

work to the upstream project and allow it to flourish along with the Feast community.
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