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IlepiAnypn

H eniAuon evog mMANOouUg amod anattnukda mpoBAfjpata otig PEPES 1ag yivetal e Xpnorn
pnxavikng pabnong. Mia tétola dabikaoia €xel pia Baocikr) Suokodia, v emdoyr] ToU
kataAAndou aAyopibpou pnyxavikng pabnong ya éva dedopévo ouvoldo Sedopévav (dataset).
Aagopetikol adyopiBpotl propei va £xouv dtapopetika anoteAdéopata nave oto i61o dataset,
Kat n Stapopd propet va sivat xandng.

Ia va Avoet auto 1o mpoBAnpa épxetatl n évvola tng Autopatonoupévng Mnyavikng
Mdbnong, 11 AutoML, mou eivat éva yevikotepo mAaiolo dadikaociev kat pebodwv 1o omoio
napayet £€roipa, eknatdeupéva povieda pe €i0060 Kuping 1o oUvoAdo ebopévav Tou Xpnrotn.
To AutoML autopatorolei §UokoAeg Siadikaocieg g pnxavikng padnong, Onwg v enedep-
yaoia tou ouvodou dedopévav, v ermdoyr] 1ou adyopiBpou aAdd kat v eknaibeuor tou
avtiotolyou poviédou, H1eUK0AUVOVIAG He aUTo TOV TPOIO TV XPLoN UNXAVIKNG padnong
aKopa KAt yla autoug mou dev eivat £161koi oe autdv tov Topéa.

Yridpxouv apketég B1BA10ONKeEG aVOIXTOU KOS1KA TTOU MIPOCPEPOUV AUCELG AUTOIATOITON-
nuévng Pnxavikng pabnong exel ¢é§w. Mia and autég sivatl to auto-sklearn, to oroio xpn-
owporotjoape oty gpyaocia pag. To Paocikd mpoBAnua pe tétoleg PiBA0Onkeg eivatl ot,
polovot pia Sabikacia AutoML cuvrBwg reptExetl OAAA Bripata Imou PUropouV va Tpegouv
rapddAnda kat aveaptnia, autég eival oxedlaopéveg va TpEXouv oe Evav povo KopBo.

Y& autv v gpyacia, Xpnoponoioviag tov mupnva tou auto-sklearn wg faorn, oxedi-
doape Kat vdorotoape pa dadikaocia avtopatornotnpévng pnxavikng pdbnong oto Kube-
flow, 10 oroio tpéxel mave otov KuBepvntr, kat eivatl pia tedeutaiag texvoloyiag miatpoppa
Y1la €EVOPXINOTP®OI PO®V £pyaciag PUNXavikhg pdabnong. Exel, ekpetaddsutkape ta opéAn
g Katavepnpévng @uong tou KuBepvrjty, katavépoviag oto “védog™ ta Prpata g diadi-

kaoiag AutoML rou propovoav va tpe§ouv rapdAAnia.
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Abstract

Nowadays, a number of demanding real-world problems can be solved with the use of
machine learning. One such process has a fundamental difficulty, that is, choosing the
most suitable machine learning algorithm for a given dataset. Different algorithms may
yield different results, on the same dataset, and their difference can be massive.

AutoML is a solution to that problem. AutoML stands for Automated Machine Learn-
ing, and it consists of a plethora of procedures and methods that produce ready-to-use,
fully trained models, mainly by receiving the dataset of the user as input. AutoML auto-
mates difficult machine learning tasks, such as the preprocessing of the input dataset,
choosing an algorithm that is suitable for that dataset, as well as training the correspond-
ing machine learning model. This way, it facilitates the use of machine learning for those
that are not necessarily experts in the field.

There is a proliferation of open-source libraries that offer AutoML solutions, out there.
One of these libraries is auto-sklearn, which we used in our work. One fundamental
problem with such libraries is that, although an AutoML procedure usually contains a
large number of steps that can run in parallel, these libraries are designed to run on a
single node.

In this diploma thesis, we used auto-sklearn’s meta-learning kernel as a base, and
we designed and implemented an AutoML process on Kubeflow, which runs on top of Ku-
bernetes and is the state-of-the-art for orchestrating machine learning workflows. There,
we leveraged the advantages of Kubernetes’ distributed nature by distributing, on the

cluster, the steps of the AutoML process that could run in parallel.

Keywords

Machine Learning, Automated Machine Learning, AutoML, Kubernetes, Kubeflow, auto-

sklearn, Cloud, Data Science
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Euyaplotieg

Ba 9ela va eKPPAC® TNV EUYVROOOUVI] 10U IIPOG TOUG avOp®ITOUg TTOU cuvESpapav otnv
EKMIOVNON AUTG TG OUTA@UATIKNG epyaciag, aAdd Kat OV €Uputeprn arkadnpaikiy pou
ropeia. Katapynv, euxaploted moAu tov ermBAénovia kabnyntr) pou K. Nektapto Kolupn, o
ortoiog KaAAEpynoe Peo® tov 61aAéewmv Tou 10 evBlaPEpov Hou yia ta YIoAoylotika JUotr)-
pata. Emiong, suxapiote Seppa tov 8i8aktopa Bayyédn Koukn, o oroiog pou £dwoe v
g€uKalpia va epyaote péoca oto mepBallov g owkoyévelag g Arrikto kat akoun ywa wmyv
KaBop1oTiKY) OUPBOAT TOU, TO0O OtV KAAAIEPYELA TOU EVOLAPEPOVIOG 110U Y1d ITOKIAEG TTTUXES
TV UTTIOAOY10TIKGV CUCTNHAT®OV, 000 KAl otV 81ap0pd®Oor) ToU TPOIT0U OKEWYNGS HOU ®OG IIPOG
TV POCEYY10T {NTNPAT®V TEXVoAoyiag Aoyiopikou. Méow tng Arrikto, npda oe emagr pe éva
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pou, Mapiag, tg adepdpng pou, Anunrpag, tou ayarnpévou pou deiou, LrEpavou, adld
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Chapter E

Ewoayoyy

Y& autd 1O TMPOTO KeEPAAA10, TIEPYPAPOUHE COUVOIITIKA TO aVIlKeipevo g douleldg pag.
[Ipoopépoupe pia oUviopn €MmMOKONNon g S0UAE1Ag KAl ATIOTUTI@VOUHE TO KEVO TTOU UTT-
apyetl. 'Ernetta, e§etaloupie 11§ UTIAPXOUOCEG TIPOOEYYIOELG, EIMOTIAIVOVTAG TIS TTPOO(OPES KAt
1A PEOVEKTPATA Toug. Xuvexidoviag, divoupe pia Bacik oUvoyn T0U PNXAvioHoU Iou

Xtioape. TéAog, mapouaidloupe ) Sourn autrg g ITTUXIAKNG £pyaoiag.

1.1 Opiopog tou IlpoBAnpatog

H xuxlogopiag evog ripoidviog pnyavikng padnong anattel peydaloug oykoug Sedopevev
Kal eMapKn Ye@PnTIKI KAl MPAKTIKI] YVOOT] TEXVIK®OV INXAVIKIG PHA9N0NG Kat apXTEKTOVIKAG
HOVIEA®V TTIOU HITOPOUV VA £QAPHOOTOUV 0t S1a@opetikég epyaocieg. Ta autd to Aoyo, n
dnuoupyia kat n Stavor) POVIEA®V PNXavikig 1adnong mou soulevouv KaAd eivatl 5UOKO0AN
ATTOOTOAT).

Ytov nupnva 1ou, Kade ermotnpovag dedopévav mpenet va ermAvoetl autd 1a Jepedndn
npoBAnpata g EmAoyng aAyopifpou pnxavikng padnong yia Eva oplopévo ot dedopévav,
€4V KAl TG VA TP-0EMECEPYAOTEL TA XAPAKINPIOTIKA TOU, KAl IMOlEG TIREG va ermAESel yia
TG urep-Tiapapétpoug tou. H el¥peon piag kalng Avong yla autd ta npoBAnpata arnarttet
XPOVO Kal UTTOAOY10TIKOUG TTOPOUG, a@ou da MPETMEl KAVel§ va TEpapatiotel pe €évav apt-
910 TEXVIKOV TTPO-£Medepyaniag XapaKINPIOTIKGOV, APXITEKTOVIKGOV POVIEAGV KAl TGOV UTIEP-
TIAPAPETP®V WOTE va Bpet €va ouvdiuaopo TTOU AE1TOUPYEL EMTAPKMG IKAVOITONTIKA. AUTO givat
10 poPAnua twou AutoML, dndadr): n eUpeon €vog HOVTEAOU TOU Tapayel akpiBels TPo6-
Aeyeig bokyuaotikoU o€t yla £€va VEo 0T OEOOUEV@V EVTOC OUYKEKOIUEVOU X 00V0OLAY0 AUUATOS
Kat UToAoyLoTIKOU TEEOUTO0YIoUOU.

'Evag ap1Bpog miaioiov AutoML, rou autopatonolouv 1 Siepyacia g Zuvduaouevng
Emiioyng Adyopiduou kar Pu9uiong Yrep-rtapauétpov (Combined Algorithm Selection and
Hyper-parameter tuning, CASH), ipoo®£p0uUV 1KAVOTIOINTIKEG AUCEIS O AUTO 1O TIPORANHa.
Metagu toug, 1 B1BA1001 k1 auto-sklearn [1] tng Python rou xpnowornorjoapie oty UAOIoinor
TOU PNXaviopou pag Kat v ornoia Sa ekBeéooupe avalutika oto kepddato 3. Qotooo, un-
apxel évag PBaclkog MEPLOPLOROG O autd ta mAaiola KAl autog eival to yeyovog ot
€xouv yuotel mave oe reviporonpéveg B1BAoOnkeg pnyavikng padnong (r.x. n auto-
sklearn £xel xtuotel mave oty scikit-learn [2]) mou sivat oxedlaopéveg va douAevouv oe

£€va POvVo pnxavipa Kat ®g €K tToutou Ta Pripata pag diepyaciag AutoML mou propouv va
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napaAAndorotnfouv KataAryouv va eKteAouvial OEPlaKAd OTo PnyAavhjida rmou ta @Aogevel.
Yuvenwg, 1€tola rmiaiola 8ev eivat eGkoAa RALparooaa.

ATo v AAAn pepld, MAAIPOpHES PNXAVIKNG PAdNoNg ynyeveig oto vépog, On®g 1o
Kubeflow [3] mou 9a eival 10 KUplo onpeio eotiaong autrg g £pyaciag, MPOcPEPouv
EVOPXIOTPKOT KAl KATHARKOOTIHOTITA Y1d (POPTOUG Epyaciag pnxavirng padnong adia
uotepouv ot epyaleia AutoML nou a§lono1odv teXViKEG peTa-padnong Oote va mnapdas-
OUV 1KAVOTITOUTIKA POVIEAd.

'OMn®G CUVEITAYETAL A0 Td TAPATIAVR, UIMAPXEL éva Kevo petafl tov nmAaioiov Au-
toML Kdl T@V YIYEVAOV OT0 VEPOG MAATPOPHEOV IIOU AITOTPEIEL TOUG EIOTHIoveG Oe-

dopévev arod 1o va aglornoirjoouv ta mAeoveKpata Kat 1ov duo.

1.2 Kivntpo

Y& KATOleg TIEPUTIOOELS TTPoBANuAt®V, 1 ouyypadr) evog MPOypAPATog IIOU AVIIHEI®-
midetl 10 IPOPANPA 0€ IKAVOIIOINTIKO ertinedo propet va anodeiyBei 6UOKoAN yia toug av-
9pwroug. H avdduon kat n Avorn tou mipoBArpatog propet va arnodetySouv P MPaKTtikeg
1 akopa Kat aduvateg. Le autéG TIS MEPUTIWOELS, 1] PNXaviki padnorn eival mbavotata 1
KalAutepn emdoyr). Ta povieda pnyavikng padnong propouv va «taiotouvy pe peyaloug
oykoug dedopévav, va avayvepicouv potifa oe autd Kat va emAvcouv 10 poPAnpa arnote-
Asopatuka.

O1 ermiotnpoveg 6ebopévav eival aviPETOIot Pe 10 SUOKOoA0 TIPORANpa Tou va eEPouV td
debopéva oe KaAr) KAtaotaon Kat £netta va fpouv pia xatdAAnin Stapdp@won poviéAou
HNXavirng padnong yla tnv eniduon £vog 6edopivou npoPAnpatog. EmutAéov, mpénet
va €KTEAOUV OAd Ta TPoava@epIEviad £yKaAipOG Katl ArmodoTikAa aro Arnoyn KOotoug Kal vad
HITOPOUV va IapAyouv poviedd rou eival akpifr) Kat eUKoAa otnv KAPAKOo1 Kat t) Siavopr).

O1 eruotnpoveg 6edopiévev eival To KO1vo MoU OTOXEVOUHE e autr) 1 6oudetd. O KUplog
OTOXO0G 1AG €ival va armAoucTeEUoOUE TG (WEG TOUG TTPOOPEPOVTAG AUOT] OTd ITPoavapepdevia

nipoPAnparta.

1.3 Zuvowrn Ynmapxoviwv AUcewV

Te aut) v evotntd, Iapouotd{oupe OUVOITTIKA 11§ o a§loonpeinteg Avoeig oto redio
tou AutoML.

1.3.1 Katib

To Katib [4] eivat 1o epyaleio tou Kubeflow yia ) BeAtiotonoinon vniep-riapapétpov. H
KUpla 16€a o amo auto ivat o oplopog g Stadikaoiag eknaideuong eviog evog container
KAl 1] EKTEAEOT] aUTHG TG AOYIKNG TIOAAATTAEG (POPEG, aAAadoviag Tig UTIEP-ITAPAPETPOUS TOU
UTo 1 pop@rn container poviedou kKade @opd, PECK TV OPLORAT®V £10000U TNG EVIOANG
tou onpueiou £10660U Tou container, £€0g OTOU va KATAANEEL 08 £va IKAVOITIOU|TIKO OET TIHMV

UTIEP-TIAPAPETPWV.



1.3 Zuvoyn Yriapyxoviov Aucsmv

To Katib urtootnpiet évav apidpo aiyopiSpev avalfjtnong toug oroioug XPnotomnotet
yla va Bpetl O£t Unep-MapapérpmV IMOU IKAVOITO0UV TI§ AIMAlINoeEg Iou YETeL 0 XProtng
OXETIKA P TNV TeAKT anodoor) 1ou poviedou. Mepikoi and autoug toug aiyopidpoug eivat:
Grid Search xat MretiQavr) BeAuotonoinon. ErmnAéov, to Katib unootnpidet aAyopidSpoug
avafdntnong veupaVvikng apxitektovikng ENAS kat DARTS yia v €Upeon apXlIEKTOVIKOV
VEUPOVIK®OV S1KTUGV TTou eival BERato ot Sa Aettoupyouv kadd yia pua dedopévn epyaoia.
IMa pla mo Aemtopepr) €MOKOION OA®V TRV S1apOPeTIKOV aAyopidpev avaldftnong mou
nipoo@épet 1o Katib, avatpé€te owv avtiotoikn evotnta g erionung tekunpioong tou Katib
[5].

‘Eva Baoikoé perovértnpa tou Katib eivatl 1o yeyovog 611 0 Xprjotng mpernet va ermAESet
TV APXITEKTOVIKT]/TOV TUTIO TOU POVIEAOU KAl va MAPEXEL TV UAOTIOINOL TOU POVIEAOU yla
Vv oroia to Katib 9a avalnuioetl 10 X0po UMEP-MIAPAPEIP®V DOTE va PPel Eva UYPnNAnNg
Babpoloyiag oet unep-riapapépev. H emAoyrn Tou 0®OTOU HOVIEAOU yla £€va OUy-
RERPIPEVO OeT Sedopévov eivar 118n éva SUokodo eyxeipnpa and povn tng. Ermu-
A€oV, 1] BEATIOTOTIONN O TV UTEp-TTApaPEIp®V eivatl BERain ot Sa eival avanoteAeopatik,

€AV 1] APXITEKTOVIKI] TOU HOVIEAOU dev elval KatdAAnAn yia 1o doopévo oet dedopévav kat

npoPAnpa.

1.3.2 Auto-sklearn

To Auto-sklearn [1] eivatl pia fiBA100rkn g Python yia autopatorowmpévn pnxavikr)
padnon (AutoML) nou anaAAdoostl £va XpHoTy HUNXAVIKIG padnong anod tnv srmdoyn
APXLTEKTOVIKAG POVTEAOU KAl 1] pUIMION UTtep-TIapapETpV. ASIOMolel pdodata rMAEOVeK-
mpata ot MnietQlavry BeAtiotonoinon, ) peta-padnon [6] kAl v KATaoKeUr] EVOIEVOV
PoVIEA®V Kal ermtuyXdvel va avukadiotd nmiAnpeg onotovérnote exupnty scikit-learn ([2]),
yla erBAenopeveg epyaoieg pnxavikng padnong. 'a toug okornoug autrg g SIMAOPNATIKLG
gpyaoiag, agonorjoape 10 pnxaviopo kat w Baon dedopéveov peta-pddnong tou auto-

sklearn ®ote va dnpoupyroouiie pia katavepnpévn diepyaoia AutoML oto Kubeflow.

Bayesian optimizer

AutoML
system

o s meta- data pre- feature - build -
Xiest, L} learning processor preprocessor ensemble Yiest
ML framework

Figure 1.1: To Auto-sklearn ot pia sucova

To KUp1o perovéktnpa tou auto-sklearn eivat to yeyovog oti, riapddo rou gexiva vav
apdpo aveapnIev epyact®v eknaibeuong yia H1a@opetikég S1apop@aoelg NOVIEAOV OOte
va Bpet autd pe v vyndotepn Padpodoyia yia éva doopévo oet dedopévav, €xetl xtotel
nave oto scikit-learn mou eival pua Keviporownpévny PipAodnkn pnyavikng padnong kat
eival oxedlaopévo va TpEXEL 08 €va POvVo Pnxavnua.

Ze aut) wyv epyaocia, pertagépoupe ) 6tadikaoia tou auto-sklearn otov Ku6egpuvnin
[7], aSlomowmviag v Katavepnuévn @UOoT] T0U, QOOTE va eKIAlSEU00UNE POVIEAQ UNXAVIKIG
Bé9nong wg epyacieg mapdAAndov doxetevoswyv. Ta pia mo epneplotat®pévn avildAnyn

TOU PNXaviopou peta-padnong tou auto-sklearn, avatpéte oto kegpaldato 3.
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1.3.3 AutoGluon

To AutoGluon [8] eivat aképa pia BiBA106nkn tng Python yveotr) yia epyacieg AutoML.
Eivair ouolaotikd éva riaioio AutoML avoixtou kwbika to oroio (rapopola pe to auto-
sklearn) anattei Alyeg povo ypappég kwdika Python oote va eknaibeuoet upnAng akpifetag
povtéda pnxavikng padnong oe éva pr oupriecpévo ost debopévav. Eonddel kupiwg oe
dopnpéva Gedopéva, orwg Sedopéva KeEPEVOU, €1KOVAG KAl IIVAK®DV KAl eKTEAEl Tpony-
pévn enegepyaocia debopévav, Pabia pdadnon, kat moAuvertinedn £veorn HOVIEA®V (OTe va

HLEY10TOITOOEL Ta ATOTEAEOPATA TOU.

1.4 Emworonnon tng IIpooeyylong pag

'Onwg e§nyroape mapandave, Urdapyxel éva Kevo petadu epyaielodnkov AutoML, oreg
10 auto-sklearn, kat ynyevev oto véQog MAATPOPH®V, oniwg 10 Kubeflow, mou anotpérnet 1o
ouvduaopo TRV MAEOVEKTNUATOV Kal v Suo.

To Kubeflow [3] eivat pia e§aipetikr) mlatpoppa yia v evopXjoTp®oTr) IMOAUTIAOK®DV POMV
epyaoiov rave otov KuBepvr . H autoefurmpetovpevn @uorn tou 1o kabiotd e§apetika
€AKUOTIKO Yla eriotipoveg dedopévav, Kabwg mpooPeépel eUKOAN MPOOBAcT) O IIPONYHEVT
EVOPXTOTPMON KATAVEPNHEVOV EPYACI®V, EMTAvVAXProlponotnotpotna pepav, Jupyter Note-
books [9], Pipelines [10], mAouota Uls kat aképa rnieptoodtepa.

Zin SoulAeld pag, emekteivoupe 1o Kale [11], pla egpyaleiobrkn esvopynotpwong dio-
xetevoenv yia to Kubeflow, dote va xpnotpornotel 1o pnxaviopd petapadnong tou auto-
sklearn yia va mapdyetl mAinpweg eknatdsupéva povieda srmBAenopevng padnong mou eivat
BéPata va Asttoupyouv Kadd yia éva doopévo oet Sedopévav, adlonoimviag tautdxpova Pepn
tou Kubeflow kat v katavepnpévn @uon tou KuBepvrjtn.

H akoAoudn ap1Opnpévn Aiota BRRATEV Ieptypddet 10 Pnxaviopo mioe anod ) Siep-

yaoia AutoML nou xticape yia to Kale, ano v ontikn tou Xprnotn):

1. O xprog rpopnBeuct éva oeT S£80pEvmV KAl TOV TUIO TOU NPOBANIATOS PNXAVIKYS
padnong (taivopnon 1) aAwdpopnon) cav eicodo ot ouvdptnon run_automl() TOu
API tou Kale.

2. Me pia andn xAnon ouvdaptnong, n oAn Siepyaocia §erva xat o Kale dnpioupyet

pia 6roxéteuvon KubeFlow oote va evopxnotpmoet tv 0An Siepyaoia.

3. H ouvaptnon run_automl tou API smiotpépsel éva avukeipevo Python oto

XPNHotn yia va riapakoloubei tnv katdotaon 0Ang g diepyaoiag AutoML.

4. Xpnowornowwviag tov rupnva petapadnong tou auto-sklearn, n 8toxétevon sevopxn-
oTPpOTNG UnoAoyilel pia Aiota SrapopPpwoewv povtédwv petapadnong rnou &i-
vat BéRato ot Ya amodmoouv yila 1o oet dedopévev eloaynyng. AuUtég ol Srapopdw-
0£1g MEPLYPAPOUV MANPKG OAOKANPEG S10XETEUOELS PNXAVIRNG padnong (ru.x.

MPOETIEGEPYAOTEG BEBOPEV@V KAl APXITEKTOVIKY] LOVIEA@V).

5. T'a kade SrapodpPpwon pnyxavirng padnong, n Sioxéteuon evopxnotpwtyg Snpioupyei

pia xawvoupyla Sroxéteuvon.



1.5 Aopn g Autdepatkng Epyaociag

Avutég ot véeg Sroxeteuoelg ektedouvtatl napaAAnda, rposresepyaloviag 10 o€t
6edopévav, ekmaldevoviag To POVIEAO TTOU TIPOTEIVEL 1] aviiotolxn S1apop@E®or), Kat

rapayoviag Badpoloyieg tov oKIImV EVE 0 EVOPXNOTPKTHS TG erPALmEL.

. Apou &xouv 0Aeg OAOKANP®IE], O EVOPXNOTPMTNG CUYKEVIPAOVEL T1G Badpodoyieg

TOUG Katl EMAEYEL TO pOVIEAO anod tn Sroxéteuon pe tnv Kadvtepn BadpoAoyia.

O evopxnotpwtyg Snpoupyei £va neipapa Katib yia nepattépw BeAtiotonoinon

TOU POVTEAOU HE TNV KaAutepn Badpoloyia.

. To Kale anofnreUetl 10 eRnatdsupévo rat BeAtiotononpévo poviédo rat Aap-

Bavel éva nAfpwg avanapaiipo otiypiotuno (2.5.8) tou AoyikoU §iokou mou 1o
MEPLEXEL OOTE 0 XPHOTNG va Popei apyotepa va £xel mpdoBaor Kat va to avarnapaset

£UKOAQ.

AvuTti 1 MTUX1AKI] £pyacia EMKEVIPOVETAL KUping ota Bripata 3 £¢wg 7 tng Siep-

vaoiag Kale-AutoML. ITap’ 6Aa autd, Sa nipoopépouie pia enmapKr) avaAuor) Tou UIOAoou

HNXAVIoPoU eriong.

1.5

Aopn tng AumAwpatikng Epyactiag

To UroAoUTo £YypaQpo 0pyavovetal 0§ §1g:

Zto re@dAato 2 riapadétoupie 1o anapaitnto Sewpnukod vrofadpo maote o avayveotng

va Katavorjoet ) doudeld pag.

210 Ke@aAato 3 sk9ET0Upe TV KATAVON 0T KAl YVWOor 1ag yUpe ard 10 Pnxaviopo

petapadnong tou auto-sklearn.
210 Re@AaAato 4 avaAUuoupe 10 oXeSlaopo KAt v UAOIOINon TOU UNXaviopou pag.
Zto re@alato 5 aiiodoyouiie ) douldeld pag.

210 RE@AAA0 6 1poo@Epoulie Pia oUvoYn TV CUVEISEOPWV 1ag Kadwg kat rudaveg

PeAAOVTIKEG KATEUIUVOELG TOU £PYOU.
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YnoBa9po

Xe auto 1o Re@dAailo rtapaditoupie 10 anapaitnto Jempntiko unofadpo yia v Katavonorn

TOV KEVIPIKAOV 16DV Ot CUVEXELA 1§ MTTUXIAKLG EpyaATiag.

2.1 Scikit-learn

H Scikit-learn (emiong yvwoty og sklearn) [2] eivatl pia avolxtou kodika P1BA1001Kn
pnxavikng pddnong yia v Python [12]. Aia6étet mokidoug adyop1B10ug Katnyoplonoinong,
aAvEpopnong Kat opadoroinong, CUPIEPIAaPBAVOPEVEOV PNXAVOV UITOOTPIKTIK®OV §1avuo-
patev, tuxaiov dacmv, evioxuong kAioewv, opadoroinong k-péov kat DBSCAN, kat sivat
oxedlaopévn va dadettoupyel pe Tig aplOpnTKeg Kat ermotnpovikeg BBA100nkeg g Python
NumPy [13] kat SciPy [14].

2.1.1 Awoxeteuoeig (Pipelines)

Mia §1ox€teuon pnxavikng padnong eivail ouctaotikd 1o IIPoidv tng aAuoidwtng ouvdeong
plag adAnAouyiag Bnpatev mou cupriepltAapfavovial o €va POVIEAO PNXavikng padnong.
Mropet va xpnotporioindei yla va autopatonolr|ost P por) EpYAcIeV PNXAVIKAS Nadnong.

H &oxéteuon prnopet va nieptdapfavet epyacieg onwg:

1. npoenefepyacia
2. emAoy1 XapAKTIPLOTIKOV

3. ratnyoplonoinong/naiivépopnon

EmumAéov, 1o mepirnAokeg £Ppapployeg eVOEXETAL VA AMMALTOUV TNV EVOOUAT®OOLN AAA®V
anapaitnmev Pnpdiev eviog autng g dioxEteuong.

To dopootoixeio pipeline tng Scikit-learn mpoogépel éva aviikeipievo kAdong Pipeline
[15] to oroio ocuvbéet ta Brjpata petacxnpatiotng and ektpntig g scikit-learn oe pia
eviaia dioxetevon punyavikng padnong. H xupla pédodog tou API g, fit_transform, kaAet
dradoyikd g fit_transform pedd60ug GA®V TV BNUAT®V TIOU UITAPXOUV OTr) S10XETEVOT).

H Scikit-learn xprnotpornoiel tov 6po «petaoXnpatiotes ya va avapepBdesi o avukei-
peva rou edpappodouv mposresepyacia dedopévav/xapakinplotkov otnv scikit-learn, kat
npoodepouv pia pédodo fit_transform, n onoia mbavotata kabapidetl, Pel®VeL, eMeKTEIveL 1),

yevikd, ene§epyddetal éva ouvolo Sedopévav. Amo v dAdn, n scikit-learn ypnotportotet
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TOV 0P0 «EKTPINTES Yia va avadepBel o poviéda pnyxavikng padnong rmou PIopouv va €K-
atbeuToOUV MAVK OE £va E100KTEO OUVOAO 6edopévav, péom piag pebodou fit, kat eivat ikava
va rapdagouv rpoBAewetg yia véa, dyveota dedopéva, péowm piag pebodou predict.

Zinv niepimtworn) evog Pipeline mou aroteAsital povo anod petaoXnuatioteg, n pédodog fit_-
transform tou Pipeline kalel otnv npaypanukonta v fit_transform tou np®Iou petaoyn-
patotr), petd napéxet mv 5060 g OTovV ENMOPEVO PETACKIATIOT] K.0.K.

It yevikn mepimoon ®otéco, éva Pipeline amoteleital and PETaoXnNPATIOEg Kat Evav
EKTIPUNTA oav €va TeAKO Brjpa. Xe autnv v nepimeorn, n pédodog fit_transform tou av-
Tikelpévou Pipeline kaAet tig pebodoug fit_transform teov Pnpdiov 1OV PEIACKNPATIOTOV
81abox1kd, Kal PeTd eKNMASeVEL TOV EKTIINTY OTd Petacxnpatiopéva dedopéva Kadmviag )

1€90bo fit Tou Bripatog ToU eKTIPNTY.

2.2 Ewovikronoinon oc Eninedo Asttoupyirkou Zuotijpatog Kat

Ilepiékteg (Containers)

2.2.1 Emoronnon

H swkovikomnoinon emmédou AETOUPYIKOU oUOTNHATOS €ival pia Asttoupyla evog Aet-
TOUPYIKOU CUOCTAHIATOG HE TNV OIoid UINPECIEG TOU IMUPHVA EMMTPEIIOUV Tt CUVUITAPSH ITOA-
AAmMA®V aVTIKEIPEVOV XOP®V XPH 0T oav 1o Kabéva va gival armopovepévo amo 1da urolotrda.
Yridpyet évag eviiadpEpov TUTIOG AVIIKETPEVROV EIKOVIKOITOIN0NG EIMITESOU AETTOUPYIKOU OUOTI)-
patog, ta oroieg eival ypryopd, eAa@pid Kat EUK0Ad Otr) XPr)on. AUTd Td AVIIKEIPEVA OVOd-
fovtat: nsptémeg (containers).

Ot nepiéxteg gpgavifovial oav MPAypatikd, autovopa Pnxavipata ano i oKoId eV
dlepyaoiov mou extedovviat evidg toug. Mropouv ouctactikd va 1pegouv mapdAinia, evoowm
poipadovial To AETTOUPYIKO CUCTN A TOU 01KOHEOTIOT UtoAoylotr]. Auto onpaivel ot kade
TMIEPIEKTNG XPNOIOTTOLEL 1) S1Emapn) KANOE®V CUOTIIATOG TOU AEITOUPYIKOU OUCTHATOS KAt
dev ypelaletal va efopoiwouv 1 va tpéfouv oe e1IKOVIKO pnxavnpa. Autd kadotd toug
TMEPIEKTEG TTOAU €AA@POUG, AQOU AITAITOUV AlYOTEPO EIMIITAL0V KOOTOG Yid va eKKIvNYouv, &v
avtideoel pe 1eXVoAoYieg TATPOUG E1KOVIKOTTOiNonG. Ao pia oKormd uynlou emredou, autd
givat rmou ta 61a@opPortotel aro 1a £IKOVIKA Pnxavipatd.

O1 MEPIEKTEG TPOOPEPOUV £va PUNXAVIORO AOYIKOU CUCKEUACHOU HE TOV OI0I0 Ol edap-
HOYEG PITOPOUV va eival AMOKOPPEVES Ao TO TEPBAAAOV OTO OIoi0 eKTEAOUVIAL OTNV TIPAY-
paukowmta. AUt 1 arnoleudn ermrpernel v €UKOAN KAl OUVEIY| diavour) epappoyov Pa-
OlOPEVRV OE TIEPIEKIEG, AOXETMG €AV TO OTOXEUPEVO TeplBaldov eival éva 1810TIKO KEVIPO
dedopévav, 10 S1O010 UMOAOYIOTIKO VEPOG, 1] AKOMA KAl TO IIPOOKITIKO laptop evog devel-

oper.

2.2.2 OgepélAot Aidot tov Ilepirertav

Amo 1 okormd plag opddag pnxavikev, £vag rmeplektng eivat pia turmkn povada mapd-
8oong Aoy1ol1KoU 1ou 51EUKOAUVEL TNV TTAPAY®YT KAl diavopr) Aoylopikou. OUteg wote va

QITOKTNOOUYLE J1d IO MMANPY KATAVON O] TV SUVATOT IOV KAl TRV IIEPLOPIOPROV TOUG, TTPETIEL
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va €§€TA00UHE TOUG PN XAVIOROoUG TToU Aettoupyouv oav depgdiot Aidot yla toug mepiékieg oto

MAPAOKIN VIO, KAl Va PITOPECOUE va SPEYPOUHE Ta OPEAT TOUG.

2.2.2.1 Opadeg EAéyxou (cgroups)

Ot opadeg eAéyxou (cgroups) eival ouclaoTIKA £vag PNXAVIOROG lEPAPXIKNG 0PYAVOONS
O1epyaoiav Kal KATavourg ToV IMOpeV ToU OUCTHIATOS KAtd PUHKOG g lepapyiag pe evav
eAeyxopevo kat pudpiopevo tporo ([16]).

Xpnoponowwviag tig cgroups, 0 81axe1PIoTNg TOU OUCTPATOg Propetl va avadéoet Eva
OET 0Opl®V Otr) XP1on IOp®V plag ouAddoyng diepyaoidv ot oroieg optodetovviat aro ta ida
kpunpla. H opydveon tev opdadwv propei va eivatl 1epapyikr, umo v €vvola Otl Kade
opada rAnpovopel Tig pudpioelg Tou yovea tng.

O ruprjvag tou Linux exk9€tel pia nmowkidia eAeykiov (Urnoouotnpata) péo® g denaeng
cgroup IOU XPIO1H0ITI00UVIAL Y1d va IEPLoPiocouVv 1) XPron nopev avitov v opddev. Na
napddetypa, o eAeyKIG UVAUN Teplopifel ) Xpron PvApng Kat o cpuacct KATAypd@et 11
xpnon g CPU.

2.2.2.2 Xopot Ovopatwv (Namespaces)

O1 xopot ovopdtev (namespaces) eivat piia Aettoupyia t1ou rmuprjva Tou Linux nou srmtpérnet
1 Slaipeon OV MOP®V TOU TIUPHVA HE TETOL0V TPOTTO ITOU S1aPOPETIKA OET H1EPYATIHOV £XOUV
nipéoBaor) oe S1aPopeTIKA OeT Op®V. Mepikd rnapadeiypata tET010v MOPeV eival ol TAUTOTNTES OLERYACLDY,

Ta ovopata apyeiwv Kat apxeia oxetgopeva pe v npoobaon) oto dixTuo.

2.2.3 Ot Ilepiérteg dev eival Etkovirég Mnyaveg

Ev® 1000 01 TIEP1EKTEG 000 KAl 01 EIKOVIKEG PN XAVEG £1vaAl OUC1AOTIKA UAOTTO)0E1S £IKOVIKOITOiNnong,
Srapépouv onpavuxkda.

'Eva KUp1o XApaKINPIOTIKO TV EIKOVIKGOV HPNXAVIIATOV £ival 0Tl EKTEAOUV £va eVIEADOG
EeXOP10TO PIAOEEVOUIEVO AETTOUPYIKO OUOTNIA KAl EEOPOIWVOUV TG CUOKEUEG UAIKOU TOU,
6nAadn ouolactika E1KOVIKOTIOOUV T otoiffa vAkou. 'a napddetypa, Siadopetikd e1koOvVIKA
pnxavpata, ta oroia ektedouvidl Oto 1510 Ae1TOUPYIKO CUCTNHA OIKOSEOTIOTY, £XOUV 1N
dikid toug, Eexwplot) ewkova oto Hioko. Ta €KOVIKA PNXAVAHRATA EITONG IIPOCPEPOUV
auvotnpr] achpadelda KAl arioploveor avAapeod Otig Epyaotieg.

O1 miepieKTeg, aviiBETmg, 1101pAovial T0 UTTOKETPEVO AEITOUPYIKO oUoTpd. AVl va E1KOVIKOITON)-
oOUV 11 OToifa UAKOU, €1KOVIKOITOIOUVIAL OTO £IMNESO TOU AEITOUPYIKOU CUOCTHHATOG, HE
TTIOAAATTIAOUG TIEPIEKTEG VA eKTEAOUVIAL aneubeiag Tdve OTOV TTUPH VA TOU AEITOUPYIKOU OUOTH)-
patog. Auto onpaivel 0t o1 IEPIEKTEG €ival TIOAU o eAagpoi. Moipalovtatl Tov ruprva 1ou
AEITOUPYIKOU OUCTHIATOG, SEKIVOUV TTOAU YPNyopotepd, KAl XPNOIOIIO0UV £va HEPOG LOVO
NG PVHHNG TOU PNXAviPatog, CUYKPITIKA HE TNV EKKIVIOLN €VOG OAOKANPOU AEITOUPYIKOU
OUOTHLATOG, OIS OTNV MEPIITTIAOOT TOV EIKOVIKAOV PUNXAVIIAT®OV.

Ot mepiétieg makerdpovial pe éva eAdy1oto oet anapaitev egaptjoenv (18A100rKeg,
aAla apyeia) KAt ta oUYHIOTUIIA TV TEPLEKTOV eival ouvh9ng (autod eaptdtatl ard v
£QAPHOYT) TIOU YIvetal MEPIEKTNG) TASEIS HEYEDOUG MIKPOTEPEG ATTO TA OTIYRIOTUTIA EIKOVIKGOV

Hnxavnuatev.
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2.2.4 Docker

To Docker givat pia oe1pd rpoioviev mAat@opia-mg-UTinpeaia oy XPnotorolouy E1KOVIKOTION o
EMIEOOU AEITOUPYIKOU OUCTHHATOS Via va Tapad®oouv AOY1opIKO Of Makéta. Autd ta
TTAKETA €1vaAl OUCLACTIKA TEPLEKTEC, 1] IO CUYKEKPIIEVA: OTIYHIOTUIA TIEPLIEKTROV, 1] Oonpacia
1wV oroiewv da egnyndei akpiPog and katww. To Docker xpnowonotei 1oug ripoavadepdeig
Yepédioug AiSoug yia va dnpoupyroet pia diernagr) rmouv Kabiotd eUKOAOTEPO TO XEPLONO
Kdl TV TTAPAPETPOIIOiNoT) TOV MEPLEKIMV, ONMMG £MMIONG KAl T®V EPAPHPOY®V IMTOU EKTEAOUVTAL

€VIOG TOUG.

2.2.4.1 Zuypotuna (Images)

O1 mepieKteg, oav texvoloyia, eppaviotnkav yia va KaAUypouv v avayKr yia Enavaypnot-
PO O1IOTNTA KAl AVATIAPAY DY 0T TA EPAPPROYOV AoylopikoU. I'a va cupBet autd, opddeg
HNXAVIKAG AOYIOHRIKOU Xpe1dadoviay évav TPOTo vad MAYy®OooUV TV KATACGTAO TV IEPLEKTAV,
®OTE Va PIopouv apyotepa va oteidouv autoug T0Ug MAyREVOUG TEPLEKTEG O XPIOTEG ITOU
9a 1pitouv Tig ePapPPOYEG UTTO T POPET] TIEPIEKTMOV. AUTH 1 ITAYOUEVH K600 EVOG MEPIEKT)
ovopadeTal OTIYHIOTUTIO TOU TEPIEKTI], Kat €lval pia 18€a mou e1of)x9nKe npwirn gopd amnod 1o
Docker.

'Eva oTlyplioturio mepiéKTn €ival OUCAOTIKA Jd OTATIKI) avarnapdaoctacn rnou kadopilet
TV EKTEAEOT] EVOG TIEPIEKTN. AUTO ONUAivVel OTL TIEPIEXEL TTANPOPOPIEG OXETIKA TOOO HE TNV
dopur) tou ouotnpatog apxelwv umo ) popen rnepiéktn (containerized filesystem) 6oo kat
e 1o moteg Hiepyaoieg Sa tpe§ouv eviog tou mepiéktr. Me Alya Adyia, éva OTyp1oTUIIo ToU
TMEPIEKTI €lval €va apeTdfAnto apyeio IToU oUCLAoTIKA TEPTYPAPEL la oTiypldia Katdotaon)
TOU TEPLEKTL.

To oUotnpa apxeiwv tou ouypldtuniou dnuoupyeitat otoBaloviag pia Alota ermmedov
1OVo-Y1a-avayveor), XPNoIomoieviag éva evatiko ouotnpa apxeiov. 'Enetta, dtav évag mep-
1€KTNG APXIKOIIOE(TAl Ao auUTo TO OTIYHIOTUIIO, €va AETto eyypayipo erninedo mpootibetat
mave ano ta povo-yla-avayveon ermineda. Autod 1o emninedo ovopddetat emiong to «erminedo
10U meptEkp. 'OAeg o1 aAAayég Tou yivovial OTov MEPIEKTL IOV eKTEAEiTal, OTIOG 1] EYYPAQH
VE®V apXel®V, 1] TPOITOTIOiN 01 UnapXovieyv apXeiov Kat 1 Siaypadn apxeiov, eyypadovial os

aUTO TO AeTTO £yypAWIHO erTinedo 10U MEPLEKTD.

2.2.4.2 Mntpoa

E@doov ta ottypioturna eival ouotaotika apyeia mpodlaypadov mePEKIoV, PIopouyv va
arnoktroouv €ékdoor) (versioned), va petapoptadouv Kal va Polpactouv og Xprjoteg. Autd td
KeVIPIKA onpeia onou ta ouypotuna 9a petagoptovoviav kat 9a @rdogevouviav ovopdlov-
Tal pntpoa. Luykekpipéva 1o Docker €xetl epappoost 1o 81k6 tou pntpoo: DockerHub [17].
Ta pntpwa Asttoupyouv oav 16€a oAU mapdpola pe ta anobetrpla tou GitHub, pe povn
eCaipeon 0Tl Ae1toupyoUv CUYKEKPIHEVA V1A OTIYRIOTUIId, OX1 Y1d OO10vOAIOTE TUIO KMS1KA.
Ot xprjoteg Propouv va aveBAcouv ta oTiypioturna toug, va Toug 6koouv ékdoor (version),

HEXPL KAt va €xouv dapopetikég StarkAadmoelg, onwg akpifog kat oto GitHub.
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2.3 Kupepvning

O1 MePLEKTEG TTAPEXOUV €va TPOTT0 Yid £PAPHOYES VA EKTEAOUVIAL £VIOG AITOIIOVOUEVRYV,
apetaBAntov Katr avarnapddipev nepiBaddoviov. H ekkivron evog mepiékin eivatl Tetpip-
Hévn 0,11 MPAKTIKA Kavel kade developer oe taxktukr Paorn. To uUAkotexvikd mpoRAnua
rapouotddetat otav o aplbpog 1wV epappoyov (Kat Xpnotwv) augdvel onpavikd. e autr) v
MEPIMI®OT, 1] Slaxeiplon evog onpaviikou aplfpol QUOIKGOV KOPP®V TTOU EKTEAOUV TIEPIEKTES
XPNOotoV, 1 dievépyela eAéyxmv uyeiag oe autd Kat n £aopAlion enava@opdg MEPIEKTOV ATtd
arotuyia ev eivat erouoiodng epyaoia.

O Ku6spvntng [7] iIkavoriotei autr] v avaykr), PoopEPovIag EMIIAL0V TPOTIOUS SUVAIKNAG
KAMPAKOONG £PAPHOY®V KAl TPOIoUS Wote S1aPOPETIKOL TEPIEKTEG VA EMKOIVEOVOUV HPeTaly
TOUG Kal va Po1padovtal UTIoKeij1eEvo arofnkeuTiko xmwpo. Eival pia miatgpoppa diaxeipiong
POPTOV EPYACIOV UTO T HOP®PI) IEPIEKTIOV, KAl £ival eupéng Siadedopévog oto onpepvo

TOIT{0 TOU UTTOAOY10TIKOU VEPOUG.

2.3.1 Emoxkonnon

H xUpla pidocopia mice anod twv KuBepvrtn eivat 6t priopet kaveig va opioet Sndetika
Vv emSupnT) KAtaotaot ToUu CUCTNHATOg, Kal To ouotnua da autoermiBAénetal §1aprmg
kat 9a mpoortadel va srmtuxel autnv v Katdotaorn. H kataotaon sk@pddetatl oav €va ost
avurepévov YAML [18] ta omtoia Statnpouviat oe pia Stavepnpévr, uyning diadeopotnrag

Baon kAedidv-tip®v, tou ovopaletat eted [19].

2.3.2 EAeyKktég Rat Avuikeipeva

O KuBepvring meptdapfavet évav aptdpo apnpnpévev eVvoldv IoU avaraplotouv TV
Katdotaor) ToU CUCTNHAtoS. AUTEG Ol aprnpnpéveg EVVOIEG AvATIAPIOTAOVIAL A0 AVIKEipeva
oto API tou KuBepvnin. 'Eva avuikeipevo tou KuBepvrtn eivatl pia «kataypagrn npoédeong.
MoAg o xpriotng dnpioupynoet éva avikeipevo, 1o cuotnpa tou KuPepviin Sa Souléyet
510pKKG yia va e§ac@aAioetl 0Tl TO AVIIKEIIEVO UTIAPXEL Katl £Xel tv erudupntr) Katdotaor).

Kade avukeipevo otov KuBepvnin Sa €xel kamoto anod ta akoAouda nedia:

e Kind: To &idog tou avukepévou. Ta avukeipeva pmnopel va eivat, yua napddsiypa,
wnou: Pod, Deployment, Service kat aAAa.

e apiVersion: [1poodiopilel Tv £€K600T1 TOU AVUIKEIPIEVOU.

e Metadata: Acbopéva mou Ponbouv otnv povadiky] TAUTOIOINGCH TOU AVIKEIPEVOU,
ouprieptAapBavopévaev evog aAdaplfuntkou ovopatog, pag UID kat évag mpoatpetikog
X®POS OVOPATOG.

e Spec rat Status: Kda9e avukeipevo tou KuBepvrtn meptdapBavel 6Uo évBeta media
AVTIKEIPEVOV TTOU O1ETOUV 11 S1apopd®On TOU AVIIKEWIEVOU: TO Spec Kal 1o status.
To spec, TO OMOi0 MAPEXEL O XPIOTNG, MEPLYPAPEL TNV EMOUNNTH] KATACTAOT)
Kal 1o status MeEPypAdEel TNV MPAYRATIKY] KATACTACH TOU AVTIREIPEVOU. Ze
ortowadrote otypr], to Control Plane tou KuBepvrjtn diaxeipidetal evepya v mpay-
HATIKI KATAOTAOT] VOGS AVIIKEIHEVOU QOTE VA AVIIOTOIXEL PE TV EmMBUp] KAtdotaon)

IO0U 0 XPHOotng.
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2.3.3 Anodnkreutirog Xapog
2.3.3.1 Aoyikoi Aiokot

'Eva Pod mou ypnowporolet Aoyikoug 6iokoug 1poadiopidet oto medio 1ou spec moloug
Aoyikoug S10KOUG OKOITEUEL VA XPIOLHOIO)0El, ON®WS KAl TO HOVOITATL OT0 ortoio autoi ot
6ioko1 S9a npooaptndouv ota cuotpata apyei®v 10U MEPIEKTN. AlEPYAOieg TTOU eKTEAOUVIAL
EVIOG £VOG TIEPLEKTT «BAETOUW» €va oUOTNIA APXEI®V ATIOTEAOUHEVO ATIO TO OTIYH1OTUIIO TOUG
tou Docker kat toug rpooaptnpévoug diokoug toug. To otypiotunio Docker eivat oty pida
NG lEpaPXiag T0U CUCTHHATOS ap)Xeiwv, Katl 0rtotot §10K01 MPooapTIaVvIal otd IPocdloplopéva

povordtia £viog T0U OTIYH1OTUTIOU.

2.3.3.2 PersistentVolumes kat PersistentVolumeClaims

O KuBepvning rapéxet otoug xprjoteg 1o uriocuotnpa PersistentVolume péom tou API tou
QOTE va aPalpEoel TIS AEMTIOPEPELEG TOU TIAG ITAPEXETAL O AMTOONKEUTIKOG XOPOG A0 TO TOG
KatavaAovetat. a auto napéxel ta Avuikeipeva API PersistentVolume kat PersistentVol-
umeClaim.

'Eva PersistentVolume eival pia ovtotnta rmou avamnapiotd KAolo KOppdtt anodnkeu-
TIKOU XWPOU Otr ouotdda rou £xel mpoBAepBOel, eite otatikda aro €va Xprotn £ite Suvapika.
Eivat évag mépog otn ouotdda onwg Evag woubog sivat évag rmopog g ouotddag.

'Eva PersistentVolumeClaim eival éva aitnpa evog Xprjotn va Kataval®oel arnobnkeu-
TIKO X0po. ARp1Bag ontwg eéva Pod {ntd va kataval®oet Eévav ropo evog KopBou, éva Persis-

tentVolumeClaim {ntd va rataval®oel €vav nopo evog PersistentVolume.

2.4 Kubeflow

2.4.1 Emoxronnon

To Kubeflow [3] sivatl pia gpyadeiobnkn pnyxavikig padnong yia tov KuBepvitn mou
ArooKoIel otV amlornoinor g KANAK®OONG Kat TG 81avoprg HoVIEA®V pnxavikng pddnong
oV napaynyr, afloroioviag ta rnisovekupata tou KuBepvrty.

To Kubeflow &ekivnoe oav petaBoAr] oe avoiyto kodika tou tporou nou ) Google tpexe
10 TensorFlow [20] eowtepikd, Baociopévo oe pia dioxEtevorn ou ovopadetat TensorFlow Ex-
tended [21]. Eekivnoe oav évag armAouotepog TPOII0G MOTE va eKteAdouvial epyaocieg Tensor-
Flow otov KuBepvrjtn, aAAd €xel éktote erektabel o €va TTOAU-APXITEKTOVIKO, TTOAU-VEPIKO
mAaiolo yla tyv eKTEAE0n PO®V EPYACIOV NNXAVIKLG Padnong and Akpn o AKp1).

To Kubeflow sivat éva oet arto CustomResourceDefinitions kat epappoyEg 10ToU yla 1o
XEPoP0 autov, kabwg ermiong kat to Central Dashboard, to omoio ta ouvdéelr 6Aa padi
Yla va mpoodépel pia ouveKtikn epmnelpia. Auto neptdapBavet ta tpnpata Jupyter Note-
books ka1 Pipelines rou 9a ekb¢éooupe oty eropevn uroevotnta. O Xprjotng avapévetat va
aAAnAermbpaoet pe 1o Kubeflow péon avtov tev UL

It akoAoudeg uroevotnteg, da IMapoUCIACOUE Ta KEVIPIKA TRnpata tou Kubeflow.
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2.4.2 Jupyter Notebooks

AuTo 10 THNPA £ivatl umevBuvo yia va EMTPENEL 010 XP1 ot va dlavépel Kat va xeipide-
tar Jupyter Notebooks otnv Kubeflow cuotdda toug. I'a va 1o ermtuyet, mpoodépet €va
@PKO 1ipog 1o Xprjotn Ul mou emitpénetl oto xpriotn va diaxelpidetal 1ov KUKAO {ONg teav

CustomResources tou Notebook.

2.4.3 Awoxeteuoeig (Pipelines)

To Kubeflow Pipelines (KFP) [10] sivat pia mlatpoppa yia to Xtiowo kat myv Siavour)
POPNTI®V KAl KATHAKAOIHOV QOPIOV EPYAOIOV HUNXAVIKNG P1adnong Paociopéva o MEPIEKTES
Docker kat eivat éva amnod ta Kevipika tpnpata tou Kubeflow. Awavépetat auvtdpata kata
) Savopn tou Kubeflow. H mAatpoppa Kubeflow Pipelines arotedeitat and pia dienagn
xphotn (user interface, Ul) yia ) Siaxeipion kat tv mapakoAoudnorn nepapdiov, EpyactoV
Kal eKktedéoenv, padl pe pia pnyavy) yla 1ov Ipoypappatiopo poov £pyaclaV HNXAVIKAG
padnong nmoAdarmdov Prnpatev. Xuvodsuetal emiong aro éva SDK yia tov oplopo kat to
XEP1010 B10XETEVOE®V KAl THNPATeV. Extog autou, untapyxouv notebooks (tetpadia) yia v

aAAnAeniidpaon pe 1o cuotnpa xpnowporowwviag to SDK.
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Experiments > XGBoost experiment
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® Runtime execution graph. Only steps that are currently running or have already completed are shown.

Figure 2.1: To ypaenua xpovou exktéfleong piag doxetevong oto KFP Ul

To KFP mipoodépel evopX)OTP®OL AId AKPI 0f AKPEI), £MMTPENOVIAS KAl AITAOUCTEUOV-
1ag TtV eVOPXNoTPron) SloxeTeuoenv Pnxavikig padnong. Emumdéov, eivatl etkodo yla toug
Xp1njoteg va Soxkipdacouv oAudp1Bpeg 16éeg kat va Siaxeiplotouv diadopeg dokipieg/meipapata.
Erunpood<teg, emIpinet tv Enavaypnoijlonoinorn THNHRATOV Kal §10XETeEVoenmV yid TV Yp1-

yopn dnpuioupyia Avcenmv and Akpr o AKPL X0PI§ TNV avaykn Xtioipatog Kade gopd.

2.4.3.1 Argo

To Argo [22] eival pia pnxavn poeov gpyactwv. Eilvatl pia enéxktaon g ovotddag tou
KuBepvnn mou kadota duvatr] v ektédeon poov gpyactwv. O xpnotng urnofdlet evav
oplopo YAML pag pong epyaociov (Workflow CustomResourceDefinition) kat ot ocuvexela
10 Argo eival ureuduvo ®OoTe va eKKIVEL EpyaTieg Pe TV KATAAANAnN O£1pd KAl va avapévet
HéXPL TV nepdtnor) toug. IIpoogépet emiong éva epyaleio Command Line Interface (CLI),
kadwng eriong kat éva Baoiko User Interface (Ul) yia v e1Kovikomounpévn) aneikovnorn 1oV
POV EPYATIDV.

Ta Kubeflow Pipelines xpnoipomnoioUv to Argo cav tn Hpnxavi) poov £pyaciev

toug. To Software Development Kit (SDK) petayAottifel tov inyaio kodika tou Xprjotn os
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éva Argo Worlkflow CustomResourceDefinition rou mip€net Petd va epappootel ot ouotdda.

2.4.4 Katib

To Katib [4] eival to tpfjpa tou Kubeflow yia tnv BeAtiotonoinon te@v Uneprapapeétpov
oV poviedov. H xupla 16¢a nioe and 1o Katib eivat ot opifetl i 6adikaoia sknaibeuong
EVTOG £VOG TEPIEKTN KAl EKTEAEl aUTH] T AOyiKY) TOAAAITAEG (POPEG MOTE va KATAALSEL O €va
1KAVOTIONTIKO OET UTIEPTIAPAPETP®OV. AUTO ermtuyXavetat pe 1) dnuiouvpyia evog Experiments
CustomResourceDefinition kat tnv anaitnorn o KOS1KAg va Yivel Umo T Pop@r EPIEKTY HE

OUYKEKPIPIEVO TPOTIO.

<« Experiment details @ DELETE

validation accuracy train accuracy Ir num layers Qpimizer
n 2 i ad2mn

10 10
08 08
sgd-|

05 06

03 03

OVERVIEW
Name

Status

Best trial

Best trial's params

Best trial performance

User defined goal

— 01

TRIALS DETAILS

random-example

YAML

@ Experiment has succeeded because max trial count has reached

random-example-a62f342e

I2.23969e2  num-layers: 4

y: 0.9779

Validation-accuracy > 0.99

optimizer: sgd

y: 0.99392

Running trials 0
Failed trials 0

Succeeded trials 12

Figure 2.2: Ilapaberyua ypagnuatog tou Katib Ul wou 6¢gixvet 1o eninedo smaindsvong kat
exnaibevtikng axpiBelag yia Sideopous oULSUAOUOUS TIUMV UTLEPTLAQAUETODV

O kwdKag umo ) PopEr meptéktn da mpérel va uropest va tpéget autdvopa. Auto
onpaivel 6Tl 0 MEPIEKTNG TTOU SNPoupyndnKe da mPEMEL va PIOPEL TOOO vad TPOOTIEAACEL Td
b6edopéva 600 kat va exkraidevoet 1o povieho. H eicobog otov kOdika Ja eival ot TG Twv
UTEPTIAPAPETPGV, £ite OTo 1edio args, eite oav petaPAntég nepiBadioviog, kat Sa e§ayet oav
AIoTEAEoIA 1A PETPIKT).

O1 nepiékteg mou Sopouvial Pe autdv Tov TPOIo PIopoUV va TPEEoUV MOAAATAES QOPES,
akoun Kat tapdAAnia, pe 1agpopetikeg TIHEG UTIEPTIAPAPETPROV oAV £10060Ug, Ot avaditnon
£VOG O£T AUTOV nou da emitixouv £évav npoodiloplopévo otdyxo enidoong. Ymdpyouv
TOAAATIAEG OTPATNYIKEG avalrtnong HEoa OTt0 X®WPO UIEPTIAPAPETPROV, Onwg: Atactaup-
opévn EnaAnBeuon (Cross-Validation), Tuxaia avalfinon, MnieGliavr) BeAtiotonoinon yia
VA OVOPLAOOUPE PEPIKEG.

Ta anoteAéopata Ka9e ekteAeong anobnkevovial eriong o Pia Kevipikr) faorn dedopévav
OV Tapapével Pe tn Xpron g PersistentVolumes. ‘OAd autd evopxnotpovovial aro 1o Ex-

periment CustomResource Controller rou eivat urteuBuvo yua 1 Siavoyr) Jobs KuBepvr)in,
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Vv eknaibeuon Ttou poviEAou, Vv Kataypadn g enidoong kade ektéAeong, Vv epapiloyn

10U aAyopibpou avadnnong Kat t€Aog v anopacn navong g dtepyaociag BeAtiotonoinong.

2.4.5 MiniKF

To MiniKF [23] eivat éva avtuikeipevo povou kopBou tou Kubeflow, mou pmopet va 81-
avepnOel toruka 1) oto vépog. Xuvduadet 1o Kubeflow pe tnv mAatpoppa Rok Data Manage-

ment, Vv ornoia 9a MePIypAYPOUHE OTNV EMOYUEVH] UTOEVOTTA.

2.4.5.1 Rok

To Rok [24] eivat pia mAat@déppa draxeiplong kat arodnkeuong Se50EVEOV TTOU ETUTPETTEL
otoug Xproteg Aafouv otypotuna, va dooouv €kdoor), va rnmaketdpouy, va diaveipouv Kat
va KA®VOTIOI|oouV 10 MATpeg mepldAAov toug padi pe ta 6edopéva tou. Eivar eyyevag
evoopatopévo otov KuPepvntn wg pia and 1ig unootnpi{opeveg mAATQopHeg Tou.

Eivat onpavtiko va onpeidooupe ot otnv 60udeld pag yia pia katavepnpévn Siepyaoia
AutoML otov KuBepvrtr, adlorolovpe ) Asttoupyikotnta tou Rok va Aappdavetl ouypiotuna
10U Aoywkou dilokou oe kade Prpa g diepyaoiag, kadotdviag ta evdoiapeoa Kat TeAKA

AroTEAE0NATA TOV MEPAPATOV 1ag MANP®S avarapddija.

2.5 Kale kat Kale-SDK

2.5.1 Emoronnon

To Kale ([11]) onpaivel "KubeFlow Automated pipeLines Engine" kat eivat éva nipot{ext
IOV 0ToXeUEL otV arndornoinon g epnepiag Emotpung Aedopévav ot Siavour) pomv ep-
yaowov KubeFlow Pipelines. Entekteivovtag to Jupyter Ul, erutpénet otoug Xprjoteg va dtave-
pouv Jupyter Notebooks, ta oroia ekteAouvtatl toruka 1) oto védog, oe KubeFlow Pipelines.
Autd pmnopel va oupBel emMONPEIOVOVIAS KEAA KOS1KA KAl KAVOVTIAS KAK O €va KOUMIT
diravoprg oto enexktetapévo Jupyter Ul To Kale sivat urtetbuvo yia 1) pPetatpornt) tou mon-
pewwpévou Notebook tou yprjotn oe éva Asttoupyiko KubeFlow Pipeline, 6rniog xat yia va

ppovrtioel yia ) SiabiBaon debopévav petadu v Brudtov kat t Staxeipnon t1ou KUKAOU

1Kale

Figure 2.3: To Aoyoturo wou Kale

fong tou KubeFlow Pipeline.

Extog and wmyv enéxkraon tou Jupyter Ul rou niepiypayape napandve, to Kale apéxet
éva Software Development Kit, oto ortoio 9a avagepopaocte og 1o Kale SDK oto £€rg. To

Kale SDK emurpérniel otoug xprjoteg va ypagouv kodika Python pe Bdaon ocuvaptroeig kat
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va tov PETatpEnouy o mnpeg avarnapagipa KubeFlow Pipelines xwpig va mpaypatonotouv
ortoladnrote aAAayrn otov apXKo nnyaio kodika. I'a toug okoroug autrg g SUTAOPATIKAG
epyaoiag, enexkteivape 1o Kale SDK wote va propet va dnpioupyet nelpdpata AutoML oto
KubeFlow. Ag 8oooupe topa enityvoorn kAamowwv Bacikeov 18emv tou Kale-SDK mou eivat
anapaiinteg ya myv Katavonon g 6ouleldag pag.

Ia pia ovviopn kat evdedexr) emMoKoOnIon g totopiag tou Kale kat tov facikev Aet-
ToUupyloOV avatpélte oto edalpetikd blog post amnod tov apywd ovyypagpéa tou Kale, Stefano
Fioravanzo [25]. Mropeite emmiong va avatpélete oty erionun tekpnpioon tou Kale-SDK
[26]

2.5.2 H KAaon Step

H kAdon Step Bpioketat oto Sopootoiyeio step tou Kale, kat emitpénel otoug Xpnoteg va
dnAdvouv cuvaptroelg Python cav Brpata tou Kale. 'Eva frjpa tou Kale eivat ouciaotuika
€va KAAOUPEVO AVTIKENPEVO TIOU TIEPITUALYEL [1ia 0p1oPEVn ATIo TO XPY|OTI OUVAPTHOL) PE TV
anodnkevutikn Aoyikr) tou Kale (2.5.7).

Ot Xprjoteg PIOPOUV va apPXLKOIIO)o0UV £va avilkeipevo Step xpnotponowwviag tov o1-
akoopunt @step , ou pnopet va gloaxOetl armo 1o Gopootorxeio sdk tou Kale. 'Otav neptt-
UAiyetal yUpe amno pia ouvaptnon Python, o Siakoopntng @step eruotpé@el £€va avikeipevo
Step tou oroiou 1n do_run 1810mTa £€xel mapakapdOel and v oploPEV A0 TO XPHOTN

ouvdptnon Python. To akéAoudo andonacpa kodika divel Eva tétolo napadetypa.

Listing 2.1: Ilapadetypa ouvapinong Prpatog Sioxéteuong, OSlarkoopnpévn pe tov ot-
akoopumnt @step
1 @step(name="my_step")

2 def step_1(in_1, in_2):

& # implement the step’s business logic here

'Evag aAAog tporog va optiotel éva Pripa tou Kale eivatl péow tng xprong g kKAdong Step

0€ UMOKAAOT KAl TS £QAPPOoYHS Yiag pedddou do_run. Opiote éva apadetypa KOdika.

Listing 2.2: [Tapdderypa Pripatog tou Kale rou xpnotwpornotet v kAdorn Step oav urtorAdon

1 class ExampleStep(Step):
2 name = "example-step"
3 def do_run(self, paraml, param2):

4 # implement the step’s business logic here

Ia toug okoroug autrg g epyaociag, opioape évav apdpo katd napayyedia Pnpdatev
XPNOTHOIOIWVIAG TNV TEXVIKI] XPHONG UMTOKAACE®V IOV MEPYPAPANE ITAPATIAVE.
Ot tapdpetpot £10060U aviyvevovial autopata avaivoviag tn pédodo do_run tou Brpa-

10G.

2.5.3 H KAdon Pipeline

H xAdon Pipeline Bpioketatl oto Sopootoixeio pipeline tou Kale kat xpnoporoteital ya

va opioet éva Kale Pipeline, ta PBrjpatd tou kat odeg tg gaptrjoelg tou. Ermekteivel v
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kAdon DiGraph tou networkx ([27]) yia kateuBuvopeva ypadrpata pe Bpoxous ®ote va eK-
petaAAeutel TOUG UTTOKETEVOUG OXETIKOUG [E Ypadnpata adyopiBpoug, addd rapéxet emiong
BonObnuikég ouvaptroeig wote va Asttoupyet aviikeipeva Step tou Kale avti tov Baocikov net-
worlx «kopPevr. Autd kabiotd amdouotepn v npooBaocn ota Prpata g 610XETEVoNg Kat
otig 1810 TEG Toug.

'Eva avuxkeipevo Pipeline tou Kale pmopei va petatparnei oe éva KubeFlow Pipeline
Xpnowpornolwviag v kAdon Compiler (2.5.6) tou Kale.

O xprjoteg tou Kale-SDK &ev avapévovial va Xpnoipornotovy ta avukeipeva Pipeline
apeoa. Avt’ autou, to opootoixeio api tou Kale-SDK napéxet évav diakoopntr] @pipeline
IOV EIMITPETIEL OTOUG XPrjoteg va dnAwoouv eukoAa éva Kale Pipeline «reptrtudiyoviag» tov

dlakoopuntr) YUp® Ao 1) oUvApTror 610XETEVOTG.

Listing 2.3: Ilapddetypa ouvdaptnong Sioxéteuong dtakoopnpevny pe tov O1aKOOPNTE)
@pipeline

1 @pipeline(name="my_pipeline", experiment="test")

2 def pipeline(paraml="dont"):

resl = step_1(param)

w

4 if param == "do":
5

res2 = step_2(resi)

2.5.4 HTAwooa Zuykekpipévou Topia tou Kale

H yAdooa ouykekpipévou topéa (domain specific language) tou Kale-SDK arooxortet
oto va npoo@épetl eva API pe ) poper) tng Python yia tov opiopd piag Sioxétevong. Amno
ebw kat oo €8¢ 9a xpnowonolovpe 1o akpevupo: «DSL» yia va avagepdoupe otov 6po:
«vyA®ooa cuykekpipévou topéar (domain specific language).

H ovuoia g DSL tou Kale eivat éu emitpénet ) ouyypagn ouvaptrjoeov Python mou
MEPTYPAPOUV TNV APXITEKTOVIKY] Plag S10XETEVONS KAl Ol OTT0ieG PUIOPoUV, X®pis dtakoopntn
@pipeline, va tpéfouv wg eivat, torukd. H povn anartovpevn diadikaocia ya tn petatportt
g o avukeipeva Pipeline Sa nipénet va eivat n epappoyr) tou Stakoopntr) @pipeline.

H DSL 1ipog 1o rtapov ermtpénet t11g akodoudeg eviodég Python:

1. KAfjoeig ouvapt|oemv Pe ApapeTpoug €100860U ToU lval IAPAPETPOl SH10XETEVUONG 1)
aAlot €€0601 KANoe®V oUvVapTroe®V. AUTEG Ol KATOEIS CUVAPTHOERDV AVIIOTOLXOUV OF
Bhpata g Soxeteuong.

Listing 2.4: Tlapdadetypa Brjpatog pe mapdaperpo £10080uU 1mov eivat apapetpog S10xEteuong

1 def dsl(param="Hello"):
2 step_1(param)
3 step_2()

2. Avadéoeig amnod kAnoeig ouvaptoenv (Brapatog). Ot avatedeioeg tég eivat ot £§odot

Bripatog. IMoAdarAég £§odot prmopouv va avaktdouv pe avadéoelg mielddmv.

Listing 2.5: TTapddsiypa PBrjpatog omou 1 napdpetpog €1006ou eival 1 €§060g evog dAdou

Brpatog
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1 def dsl(param="Hello"):
2 my_out = step_1(param)
step_2(my_out)

w

3. EvtoAég if pe boolean cuvdrnkeg. Autég o1 OUVINKEG TIPETEL VA £€XOUV 1IOVO OUYKPILOT)

petady mapapérpev 810XETeuong Kat otadepmy TIH®V.

Listing 2.6: INapadetypa Pnpdtov eviog eviodov if

1 def dsl(paraml="no", param2="no"):

2 resl = step_1(param)

& if param == "yes":

4 res2 = step_2(resl)
B if param2 == "yes":
6 step_3(res2)

2.5.5 H KAaon PythonProcessor

H xAdon PythonProcessor eival pia xkAdorn tou API miou PBpioketal oto Sopiootoryeio
processors tou Kale kat arntooxortet oty ernaAndevon plag ouvaptnong Python ypappévng
omv DSL tou Kale kat ) petatpon) g oe aviikeipevo Pipeline. O kataokeuaothig tou

PythonProcessor xpetdletal kuping 6Uo opiopata eicodou:

e pipeline_function (Callable): Mia cuvdptnorn 6ioxéteuong, ypappévn oty DSL tou
Kale (2.5.4). Auty) 1] ouvaptnon OUCIAOTIKA TIEPTYPAPEL OAOKANPL TV APXITEKTOVIKY)
g doxéteuong, dndadr) ) por| Hedopévav aro 10 MPOTO ®G To tTedsutaio Prpa ng

dloxétevong.

o config (pipeline.PipelineConfig): Auto civat éva avukeipevo Siapodppmong, Iou
Bploketal oto Sopootoixeio pipeline tou Kale rou xpnowonoteitat yia tnyv anobnkeuon
petadedopévev 610xEteuong, Orwg To Ovopd g 610XETEVOTG, TO OVOLLA TOU MEPANATOS
droxetevong tou KubeFlow, pia niepiypadn g dox€teuong kat dAAa tétola petade-

dopéva.

H entaAfideuon g ouvdaptnong e1006ou ioxéteuong oupPfaivel Kata TRV apX1KOMoinon
Tou avurelpévou PythonProcessor, svo 1 1€9060G run 1ou avukepévou ivat urieuduvn

yla T PETATPOIn) g ouvdaptnong 1oodou diox€teuong oe €va aviikeipevo Pipeline (2.5.3).

2.5.6 H KAaon Compiler

H sowtepikr) kAaon Compiler, petatpénetl éva aviikeipevo Pipeline tou Kale oe éva KFP
Pipeline. 'Otav xpnoworoteitat to Kale yia v exktédeon piag Stakoopnpévng ouvaptnong
@pipeline, 10 Kale mpota dnpioupyetl éva avukeipevo Pipeline, péoo tou PythonProcessor
OV TIEPLYPAYAlIE OtV umoevotnta 2.5.5, kat petda xpnopornotiel éva avukeipevo Compiler
yia va 1o petatpéyet oe €va KFP Pipeline.

H 8iepyaoia petatpornr)g evog aviiketpévou Pipeline tou Kale oe éva KubeFlow Pipeline

vdornoteitatl anod ) pédodo compile_and_run tou Compiler, n oroia:
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1. MetayAettilet 1o aviukeipevo Pipeline os éva Worlkflow YAML.

2. Anpoupyei éva KubeFlow Pipeline petagoptdvoviag 1o Worlkflow oto KFP.

2.5.7 Mnyxaviopog Awapifaong Aedopéveov tou Kale

OUteg oote va SaBipdaocel Sedopéva petadv Pnudartev, 1o Kale mpopndevet autdpata éva
véo PersistentVolume 1) Xprotpomnotel évav undpyovia Aoyiko 5610Ko 10U X®OPoU £pyaciag 1ou
EMOUVATTIETAL 0€ KAYE TEPIEKTY TOU Priatog piag 510xetevong.

To Kale ripoo9étetl kOdika oto 1€A0G TG EKTEAEONS TG OUVAPTNONG do_run evog Brijpiatog
®OTe va arobnkevoet ta avikeipeva e§66o0u tou Prjpatog oe autd to kKoo PersistentVol-
umeClaim katd v ektédeon. Ilapopola, mpoodetel KOdIKA otV apyr) S EKTEAEONG EVOG
Brinatog, MOtE va QOPTWOEL Ta AVIIKEipeva £§060U TV MPONYOUHEVEOVY BNPAT®V KAl va ta
ddoel wg £10060U¢ OO TPEXWV Pripa.

Ia autd 1o oxkomo, to Kale xpnowonoiei to dopootoixeio tou marshal, kat mo ouy-
Kekppeva 1g pebodoug save xkat load tou §01100TO1XEIOU TIOU XPMNOIHOIIOOUVIAL Yid va

arnobnkevoel KAl va eoptwoet ta dedopéva aviiotoiya.

2.5.8 Exk&00c1g Kat Ztiypiotuna Asdopéveov oto Kale

Ty niepirmiworn) nou 1o Kale exteAeital oe évav Notebook Server eviog evog aviKelévou
MiniKF (2.4.5), xpnowpornotei tov ieddartn Rok (2.4.5.1) ya:

1. Na avayvepioet unidpyxovieg Aoyikoug 6iokoug Xx®mpou epyaoiag/dedopévav otov Note-
book Server, va Adfet OTYHIOTUTIA TOUG KAl va TOUG IIPOCAPTHOEL ota Brjpata g
doxetevong. Me autdv tov Tporo, 0 XWPOS epyaciag tou Xprotn (rmou evdexopévag
rniepiexel apyeia sdopévav 1 eykateotnpéveg egaptrioelg) datnpeital oy tpéxovoa
Sroxetevorn).

2. Na Adfetl ouypiotunia AoyikaV 610K®V 010 TEA0G NG EKTEAEONS TG 510XETEVONG, TIPOO-
PEPOVTAG £VaV IIPAKTIKO TPOIT0 AVAKTNOLG AMTOONKEVPEVRV AVIIKEIPEVOV TTIOU TTIAPAaXINKaAV
KATA Vv eKtéAeon g 810XETeU0Tg, G aviikeipeva MARPOG ERNALSEUPEVOV pov-
tédov 1) enefepyacpéva §ebopéva.

3. Na Adfer ouypidtuna Aoyikev diokev otnv apxn ektédeong kade Prnuatog, mpoo-
PEPOVTAG VAV IMPAKTIKO TPOTIO AVAKINONG TS KATAOTAoNS TV §eSopévev mptv aro

pia evdexopevn arotuyia Pripatog.

2.6 Machine Learning Meta-Data

H Machine Learning Meta-Data (MLMD) [28] eival pia Bdaon 6edopévov NoSQL omou
KATAYPA@OUE KAl avaKToUupe petadedopéva oxetifopeva e poég epyaoiov Kal melpapata
Bnxavikhg padnong. Amo €66 kat oto £§1g, 9a avagepdpaocte ot Baon Machine Learning
Meta-Data og "MLMD".

To MLMD opiletl ovidtnteg TIOU PItopouv va anodnkeudouv otnv 1 va avaktndouv anod
1 Pdon 6edopévav. Zin doudeld pag, oxetifoupe kade pia anod auvtég TI§ OVIoTIeS P pia
OUYKERPIPEVT 16€a P1ag PONG EPYAOCIOV 1] EVOG TIEIPAPATOS UNXavikig padnong. Ot Kupleg

OVIOTHTEG TIOU XPNO10IoloUe otr Souleld pag ivat:
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e Contexts: 'Eva Context sivail jiia oviointa IoOU ATIOOKOIIEL OTO va EUIEPLEXEL P
opada dAAav oviottov Iou 0Aeg padi opifouv éva yevikdtepo rmiaioto. Aviiototyoupe

autég 1g oviotnteg oe KFP Runs.

e Executions: 'Eva Execution avtiotoixei oe kAt rou ektedeitatl. 'Eva Execution propet
va P€Pog £vog (1 Tieploodtepwv) Contexts. AviioTolXOUE AUTEG TIG OVIOTNTEG OE Pripata
KFP.

e Artifacts: 'Eva Artifact eivat kat nou katavadeovetal 1) apayetatl ano éva Execu-
tion. EmurA¢ov, pmopel va pépog evog (1) meploootepwv) Contexts. Zin SouAeld pag
napayoupe Artifacts ou avtiotolryouv o €vav aplipo oviot|t@V OXETI(OPEVOV HIE T
pnxavikn padnorn.

e Attributions: 'Eva Attribution dnAaovel o611 éva Artifact sival pépog piag oviotntag
Context.

e Associations: 'Eva Association 6nAovet 0tt éva Execution eivatl pépog piag oviotntag
Context.

e Events: 'Eva Event énAavel 6t éva Artifact sivatl eicobog 1) £€§060g piag oviotntag

Execution.

Avatpégte otoug 08nyoug xpnotwv tou MLMD tou TensorFlow [29] yia pa Asrttopepn

£MEN YN O] TOV 18e®V MO® A0 AUTEG TIS OVIOTTEG.

Pipeline ML Platform / Workflow (e.g. TFX)
components/steps -
Graphical

User Interface

MLMD client libraries { | [ \ [ | [ | [

Metadata and lineage  ————————]
about input/output
artifacts MetadataStore
Context: ‘
ContextType
Attribution Association

t ’— Event: input

Artifact: Execution:
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]
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o~
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Figure 2.4: Mwa Emoxonnon tov MLMD
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H MeAétn pag nave otov Mnyaviopo Meta-Madnong

Tou Auto-sklearn

3.1 Emoxkonnorn

To nakéto auto-sklearn ([1]) eivar pia autopatoropévn epyaAelodnNKn HPNXAVIKNG
Bé9nong mou amaAddcoestl €va Xprotn PnxXavikng pdadnong anod v emioyn alyopiSpou
Kat ) pudpion urepriapaperpev. Agornoloviag npoo@ata rmieovektipata ot Mretflavn)
BeAtiotoroinon, ) petapadnorn Kat v KATAOKEUL EVOPEVAOV HOVIEA®V, EITITUYXAVEL va
avukadiotd mAnpeg oroovénnote ekupnty scikit-learn ([2]), yia emuPAeniopeveg epyaoieg
HNXavikng padnong.

I'a toug oKOTOUG aUTg TG SIMAMIIATIKYG EpYaciag, AOPIOVACAlIE KAl XP1 OO0 |CaE
TOV UNXaviopo petapadnong tou auto-sklearn. Ltig emopeveg evotniesg, Sa mpoopépouiie pia
ouvoyn g HeAétg pag IMAve OTov TPOIo AEToUpyiag TOU PNXAviopoU Kdl Hla AEITTOHEPT)
MEPLYPAPT] TV EMPEPOUS TUNHAT®V ITOU ATtapti{ouv 1oV PUnXaviopo.

[Napakdt®, Ya ek9éooupe pia apdunpévn Alota Pnpdtev mou meptypdeel auvtdv Tov

pnxaviopo petapadnong. Ouolwaotikd, to auto-sklearn:

1. e¥ayel £€va OET HETAXAPAKRTNPLOTIKAV artd &va oUvolo dedopévav e10660u.

2. OUYKRpivEL AUTO TO H1AVUORA PETAXAPAKTNPLOTIRAOV pe £vav aplOpd aAdwv &t-
AVUORATOV PETAXAPAKTPLOTIRKAOV ITOU £ival arobnkeupéva otn Baon &edouévav
petapabnorng tou kat Ppioket to o napopoto. Ouolactikd, kade €éva ano avta ta oi-
aviopata PETaXapaKInPloTK®V avIloTolXel 08 éva GUYKEKPIPEVO OeT dedopévav, dpa
pe dAda Adya 1o auto-sklearn Bpioketl 10 o mapopoo ot Se60PEVEOV TIOU UTIAP)EL

otn Baorn 6edopévav petapddnong tou.

3. mpoteivel éva OeT StapopPpooe®V Sloxéteuong PNXAvikygg padnong rou Bab-
poloynOnke uywnAd oto 1o rtapopoto ot dedopévav. To auto-sklearn kpatdet emiong
autég g pubpioeilg ot petdfaon tou, padi pe ta avtiotolxa PEIPKA aroteAéopatd
yia ka9e oet ebopévmv. AUTEG 01 TIPOTEVOPEVEG pubiioelg sival BERateg ot Sa Aet-

TOUpPYoUV Kadd oto oet Sedopévav e10060u.



Chapter 3

3.2 Auwapop@ooeig Aloxeteuoewv Mnyavikiyg MadSnong

3.2.1 Emoxkonnon

Mia Sapopgwon Siox€teuong Pnxavikng padnong eival ouclaotikd pia Aemiopepng
nieptypadr] piag oAorAnpng dioxéteuong pnxavikng padnong. To makéto auto-sklearn miep-
AapBavel pia Baon 6edopévav ou mepiexel pia mAnbopa €0y dapopdproenv. Ba mept-
ypayoupe auty) ) Paon debopévav petapdadnong os enopevn votntd.

O ot6)0g T0U auto-sklearn eivat va mpoteivel S1ap10pPOOoELG TIOU gival BERateg va IIETUXOUV
vyndn Babpodoyia yia éva doopévo oet dedopévav kat epyacia pnyavikng padnong. To
anoonaocpa KOdka napakaie deixvel éva napaderypa dapodpdwong petapadnong ya pa
epyaoia ta§ivopnong:

Listing 3.1: Mia Stapopewor petapadnong yua ta§ivopnon

balancing:strategy, Value: 'weighting’

classifier:__choice__, Value: 'libsvm_svc’

classifier:libsvm_svc:C, Value: 6384.641073379224

classifier:libsvm_svc:coef0, Value: -0.1592835134753816

classifier:libsvm_svc:degree, Value: 2

classifier:libsvm_svc:gamma, Value: 0.6866143858851854

classifier:libsvm_svc:kernel, Value: 'poly’

classifier:libsvm_svc:max_iter, Constant: -1

classifier:libsvm_svc:shrinking, Value: 'False’

classifier:libsvm_svc:tol, Value: 2.6500330000385803e-05

data_preprocessing:categorical_transformer:categorical _encoding:__choice__, Value: 'no_encoding’

data_preprocessing:categorical_transformer:category_coalescence: _choice__, Value: ’
no_coalescense’

data_preprocessing:numerical_transformer:imputation:strategy, Value: 'median’

data_preprocessing:numerical_transformer:rescaling:__choice__, Value: 'normalize’

feature_preprocessor:__choice__, Value: 'no_preprocessing’

[Mapopowa, 1o akodoudo andonacpa Seiyvel pia mpaypatkn Siapopdpeorn petapadnong

ou Ya propouoce va xpnotpornon el yia pa epyacia maivépopnong:
Listing 3.2: Mua Stapdpeeon petapadnong yia raiivépopnon

data_preprocessing:categorical_transformer:categorical_encoding:__choice__, Value: 'no_encoding’

data_preprocessing:categorical_transformer:category_coalescence:__choice__, Value: ’
no_coalescense’

data_preprocessing:numerical_transformer:imputation:strategy, Value: 'most_frequent’

data_preprocessing:numerical_transformer:rescaling:__choice__, Value: 'robust_scaler’

data_preprocessing:numerical_transformer:rescaling:robust_scaler:q_max, Value:
0.8280417820125114

data_preprocessing:numerical_transformer:rescaling:robust_scaler:q_min, Value:
0.0781634653874277

feature_preprocessor:__choice__, Value: 'kitchen_sinks’

feature_preprocessor:kitchen_sinks:gamma, Value: 8.438432240830361e-05

feature_preprocessor:kitchen_sinks:n_components, Value: 2984

regressor:__choice__, Value: "ard_regression’
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regressor:ard_regression:alpha_1, Value: 0.00044036509169446026
regressor:ard_regression:alpha_2, Value: 4.039147500668822¢e-10
regressor:ard_regression:fit_intercept, Constant: 'True’
regressor:ard_regression:lambda_1, Value: 8.922721154590444e-05
regressor:ard_regression:lambda_2, Value: 3.0105431227198885e-05
regressor:ard_regression:n_iter, Constant: 300
regressor:ard_regression:threshold_lambda, Value: 1899.168836704701
regressor:ard_regression:tol, Value: 0.011611373742389547

'Onwg priopet kaveig va 6el mapandave, pla dSltapopeeon eivat sivat éva avukeipevo
oav Ae€1ko 1ou opilel éva Pripa npoenedepyaciag Kat KAt €éva Prpa ekUpnTy ya pa
S1oxEtevon pnxavikng padnong. e emopevo Ke@adaio, da SoUHe MG PETATPENIOUNE AUTESG

TG EPLYPa@ES o€ avuikeipeva sklearn 1ou 6vimg UAOIIO10UV IIPOEMESEPYAOTEG KA EKTIHTTES.

3.2.2 O Xwpog AlapopP®ong

O X0pog 61apop@®Oong arnotedeital OUCIAOTIKA A0 OAEG TS H1aPoPPHOOELS H10XETEVCEDV
mou eivatl Baopeg yia pa dedopévn epyaocia pnxavikng padnong. 'a napddewypa, oty
niepintwon plag epyaociag tadtvounong, o Xopog diapoppnong da mepiéxel S1apop@moetg
dloxetevoe®v mou £xouv povo taltvountés oav ekupnteg. Ilapopoia, otnv nepiniowon pag
epyaoiag tafwdpounong, o Xopog d1apdpenong Sa reptéxel S1apopP®oelg S10XETEVOERDV ITOU
£X0UV 16vo maAtwdpouUnTES.

Qotooo, 0 TUTIoG g Soopévng epyaciag Pnxavikg padnong dev eivat 10 pPévo KPTHp1o
mou emnpeddetl ) dopr) 10U xHpou Srapoppwong. IIo ocuykekpipéva, n dopr 10U XOPOU

Slapopenong ernpeddetal ano TPelg APAPETPOUS:
1. Tov TUmo Tng epyaciag pnxavikng padnong.
2. Edv 1o oct 8edopévav £10060u eival apaid f oxt.

3. Eav 1o ost 8c8opévev £10660u nepléXetl Xapéveg TIpEG 1 OXL.

e emopevn unoevotnta, 9a avagpespdoupe oty kKAdon XYDataManager, 1 omoia pag
Bondaet va untoAdoyicoupe 0Aeg T1g Tipoavagepdeioeg apaperpousg. O xopog Siapdppmong
elval éva amod ta nMpeIa IIPAypatd Imou UToAoyifel o pnxaviopog petapadnong tou auto-

sklearn, potoy MAapdAget Tig MPOTEWVOHEVEG S1aP0PPROELS B10XETEVOERDV.

3.2.2.1 H Zuvaptnon get_configuration_space

To aketo auto-sklearn ek9€tel ) ouvaptnon get_configuration_space tou API n omoia
MAPAYel £va avikeipevo xopou Siapopdpmorng yia pia dedopévn epyaocia pnyxavikng padnong.
Opiote n unoypadr] tng ouvaptnong get_configuration_space tou API:

e Opiopata Ewocodou:

- info: 'Eva Ae§1ko mou mepiéxel 11§ arnapaitneg mAnpo@opieg yia tov UrtoAoyiopo
TOU XWPOU H1apop@nong. AUto 10 AeSIKO MPETTEL VA TIEPIEXEL:
* task: 'Evav aképalo mou avtiotoixel otov TUTO 1§ €pyaciag HPNXavikng

padnong.
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* is_sparse: Mia Ty Mroujl mou meptypd@el eav 10 o€t dedopévav e10060u
eivat apaio r oxt.
+* has_missing: Mia tpr) Mrouil rou meplypd@el €dv UMAPXOUV XAUEVES 1)

ATELPEG TIPEG OTO O£t SedopEvav.

- include_estimators: Mia Aiota pe ta ovopata 1@V EKUPNTOV 110U da Xpnot-
portoinOovv, anoxkAeiotikd. Auty tifetat ano nposrdoyr) og None, ordte cuprep-
1AapBavovtal 0Ao1 01 EKTIPNTEG, ATIO TIPOETTIAOYT).

- exclude_estimators: Mia Aiota pe ta ovopata tewv eKpntev rou 9a e§aipeSouv.

Auty) tiSetat anod nposrmdoyr) g None, orote Kavévag eEKTINTHG 6ev artorAsistat.

- include_preprocessors: Mia Aiota 1€ Ta OVOUATA TRV IPOENESEPYACT®V ou Sa
Xpnotporioindouv, arorAeloTikA. Autr) tidetat and nposrmAoyn g None, omndte
ouprnieplAapfavovial 6Aot o1 IPOEMESEPYAOTEG, ATIO TPOETUAOYT.

- exclude_preprocessors: Mia Aiota 1€ ta ovopata 1V MPoeresepyaotov rnov Sa
£Calpebouv. Auty) tibetal amno npoermAoyr) g None, orote Kavévag mpoernesep-

yaotng 6ev anokAegietal, and npoermioyn.

e Tip] Emotpogrg:

— To avTIREIPEVO XOPOU Stapdppwong

Ye emopevr evotnta, 9a pidnjooupe ya 1o XYDataManager, €éva avukeipevo KAAong 1ou

napéxetat ano 1o auto-sklearn, 1o oroio urtoAoyidel 1o Ae§iko info yia epdg.

3.2.3 O KatdlAoyog Meta-Acdopévav

O katdloyog petadedopévev tou auto-sklearn eival €évag mpaypatikog KatdAoyog eviog
10U makeétou auto-sklearn orou eival anodnkeupévn 0An n peta-yvoon tou auto-sklearn.
Autr 1 peta-yvoon opyavoveral kat’ akodoudia pe 1o goppat ASlib ([30]). Autd onpaivet

OTl Ta petadedopéva Katnyoplonolouvidal 08 UTIOKATAAOYOUG, avaloyd He TPE1S mapdyovieg:

1. H petpiki) ouvaptnorn
2. O tunog g epyaociag

3. H apaidtnta tou ocT Sedopevav

'Etot, yla va doooupe éva rapddeiypa, v @aviaotoUpe €va ITUKVO Ot 6edopévav yia
Ha gpyaocia moAutadikng taiivopnong, pe v akpifela og PETPIKO, ToTte autd da evérmrtte
otov untokataloyo accuracy_multiclass.classification_dense tou KataAoyou petadedopévav
tou auto-sklearn.

[Tapopoia, otnv nepinteorn evog apaiou ost Hedopévav oe pla epyacia maiivépopnong,
He TO0 PECO ATIOAUTO OQAAPNA ©G HETIPIKI], O UMOKATAAOYog €ivat mean_absolute_error._-

regression_dense
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3.2.4 H KAdon XYDataManager

H xAdon XYDataManager mou nap€xetal anod 1o auto-sklearn e§ayet kat arnodnkevet

AN POQOPIEG TIOU £ival anapaitnieg ®ote va apayxdouv potevopieveg S1ap0p@®oeg yia pia

doopévn epyaoia pnyavikng padnong. Edo eivatl ta opiopata £10060U yia 10V KAtaoKEUAOT)
XYDataManager:

X: 'Evag mivakag rou nieptdapfavet ta detypata tou oet Sebopévav eknaideuong.
y: 'Evag mivakag mou riepthAapfdavet 1oug otoxoug tou ot Sedopévev eknaibeuong.
X_test: 'Evag nivakag rou nieptdapfavet ta detypata tou oet Hedopiévev dokiung.
y_test: 'Evag nivakag rmou nieptdapfavetl toug otdxoug tou ot Hedopiévev Soxkipung.

task: 'Evag aképalog mou avtiotoixel otov TUIo g £pyaciag pnxavikng pdadnong.
I'a toug okomoug g diepyaoiag tou Kale-AutoML, autdg o aképatog Sa eivat eite 1,
elte 2 eite 4 mou avuotorxouv oe najwdpounon, dvaducn taltvounon katr toAvialikn
tatvounon avtiotoka.

feat_types: Mia Alota aApaplOpnukov 1ou neptypddetl 1ov TUIo KAde XapaKinplo-
TikoU. H Alota €xe1 prjkog 100 pe tov aplfpo 1@V XapaKInploTiKOV oto Ot HebopEvmv.

Kda9e otoiyeio g Aotag propei va eivat eite «xarnyopnuatins» eite «apdunuuroy’.

dataset_name: To ovopa tou oct Sebopgvav.

To akoAoudo amoonacpa KOSiKa Seiyvel TwV KOSIKA 1§ OUVAPTNONG KATACKEUAOTL] TOU
XYDataManager:

Listing 3.3: H ouvdptnon katackevaoty tou XYDataManager

1 class XYDataManager(AbstractDataManager):

w

N O O b

[0

def __init__(
self,
X: np.ndarray,
y: np.ndarray,
X_test: Optional[np.ndarray],
y_test: Optional[np.ndarray],
task: int,
feat_type: List[str],

dataset_name: str

super(XYDataManager, self).__init__(dataset_name)

self.info['task’] = task
if sparse.issparse(X):
self.info[’is_sparse’] =1

self.info['has_missing’] = np.all(np.isfinite(X.data))

'H tipr) evog Katnyopnpatikoy XapaKInplotikou SnAcvel 6Tt éva Selypia aviKel 08 P1a CUYKEKPIUEVE] KATh-

yopia.

Autoi 01 TUIOl XapAKINPIOTIKOV £€X0UV &va MEMEPAoHEVo aplOpo unoyndov tpov. Ta ap@pnuka

XOPAKTINPIOTIKA Arto VvV AAAn), eK@PAlouv MOCOTIKA XapaKInplotika evog Setypatog. 'Eva mapadstypa katn-
YOPNHIATIKOU XAPaKINPLloTIKOU gival 1] X®pa yEVvNong £vog atOHoU, VO £va aplOpPnTko XapaKiplotiko givat to
UPog ToU atopou.
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19 else:

20 self.info[’is_sparse’] =0

21 self.info[ has_missing’] = np.all(np.isfinite(X))

22

23 label_num = {

24 REGRESSION: 1,

25 BINARY_CLASSIFICATION: 2,

26 MULTIOUTPUT_REGRESSION: y.shape[-1],

27 MULTICLASS_CLASSIFICATION: len(np.unique(y)),

28 MULTILABEL_CLASSIFICATION: y.shape[-1]

29 }

30

31 self.info[’ label_num’] = label_num[task]

B2

B3] self.data[’X_train’] =X

34 self.data[’Y_train’'] =y

35 if X_test is not None:

36 self.data[’X test’] = X_test

37 if y_test is not None:

38 self.data[’Y_test’] = y_test

39

40 if feat_type is not None:

41 for feat in feat_type:

42 allowed_types = ['numerical’, ’'categorical’]

43 if feat.lower() not in allowed_types:

44 raise ValueError("Entry ’'%s’ in feat_type not in %s" %
45 (feat.lower(), str(allowed_types)))

46

47 self.feat_type = feat_type

48

49 # TODO: try to guess task type!

50

51 if len(y.shape) > 2:

52 raise ValueError('y must not have more than two dimensions, ’
53 "but has %d.’ % len(y.shape))

54

55) if X.shape[O] != y.shape[O]:

56 raise ValueError('X and y must have the same number of '’

&7 "datapoints, but have %d and %d.’ % (X.shape[O],
58 y.shape[0]))
59 if self.feat_type is None:

60 self.feat_type = ['Numerical’] * X.shape[1]

61 if X.shape[l] != len(self.feat_type):

62 raise ValueError('X and feat_type must have the same number of columns, ’
63 "but are %d and %d.’ %

64 (X.shape[1], len(self.feat_type)))

Katd v apyikoroinon tou, éva avuxkeipevo XYDataManager e§dyel AnpoQopieg rmou
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eivat anapaitnteg yua tyv diepyaoia petapadnong kat tig arnodnkevet oto nedio kAaong info.

Auto 1o miedio eivatl ouotactika éva Ae€ikd Python nou niepidappdvet ta akoérouda nebia:

e task: 'Evag aképalog rmou avtiotoiyel otov TUIo g £pyaciag pnyxavikng padnong.

e is_sparse: Mia tpr) Mroujl rou neptypd@et av 1o ot £10060u eivatl apaio 1 oxt. a
va arogaocioetl e’ autou, to XYDataManager Xpnollonolel i ouvaptnor issparse
([31]) to 6opootoixeio sparse tou scipy ([14]).

e has_missing: Mwa tiur) Mrou riou meptypd@et £Av UTIAPXOUV XALEVEG 1] ATIEIPEG TIHEG

oto oct Hedopévav.

'‘OAa ta iedia o meptypdyaile mapandve ival anapaitnta yia v eupeon:

1. tou owotoU Kataddyou petadedopévav yia pia epyacia pnyxavikng padnong. Xe
enopevn evotnta, 9a meptypayoupe nwg to auto-sklearn ywpilet ) peta-faon tou
o€ KataAoyoug Kat g Ppiokel 10 owotd katddoyo petadedopévav yia pia dedopevn
epyaoia pnyavikng padnong.

2. 10U XOpou Srapdpdpwong otov oroio da Wdael 1o auto-sklearn yia uvnioyrnpieg 61-
apoppwoelg petapadnong. Oa meprypayoupe nwg to auto-sklearn Bpioketl t1ov Xopo

dlapoppwong ya éva dedopévo neipapa os akoAoudn evotnta.

3.2.5 Ou1KAdoeig SimpleRegressionPipeline rair SimpleClassificationPipeline

Autég o1 U0 KAAoelg vdorolouy v gpyacia ta§ivopnong. YAorolouv pia Sioxéteuon,
rou niepthapPavet Brjpata npoeregepyaciag Kat éva Prjja eKTpntr] oto 1€Aog.

'Eva avtikeipevo autov 1oV KAAGE®V apXIKOITOIEITAl TIEPVOVIAS £va AVIIKEIPEVO drapop-
poong petapddnong (3.2) otov KAtaokKeuaotn g aviiotoiXng kKAdaong. Meta and auto,

propel kaveig va kaAéoet:

1. ) pédobo fit tou avuikepévou yua va epappdcet v dloxeteuon o €va ost Hedopevev

eknaibeuong.

2. 1 péSodo predict 1ou avuikelpévou yia va kavel ipoPAsyelg oe €va oet dedopevav

doxr|g.

3.3 Meta-Xaparinplotira

3.3.1 Emoxkonnon

Ze auty) Vv evotnta, 9a meplypdyouie TS PACIKEG 18€€G TOU UTTOKEIIIEVOU PNXAVIOHOU
£CAYMYLS PETAXAPAKTPIOTIKOV ITOU Xp1otporotel to auto-sklearn ([1]). Autd sivat éva ano
1a Bfaocikda KOppdrtia 10 mupnva Hetapdadnong mou XPnotponoinoape yia v Siavepnpevn
AutoML &iepyaoia pag.

To Auto-sklearn X®pilel 10 OET TOV UETUYUPAUXTNELOTIXGY TTIOU PITOpet va uroAoyioet oe

6U0 KUpleg Katnyopieg:

1. AnAd MetaxaparTyploTtika: AUTd Ta PETAXAPAKTINPIOTIKA £ival UMTOAOY10TIKA @Onvd,

Kat §ev anatrtouv PeETacATioplous oto Ot 8e60PEVROV OOTE VA UTTOAOY10TOUV.
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2.

®a avaduooupe autég TI§ HU0 KUPlEG KATNYOPIEg PETAXAPAKTPIOTIKAV OTlG aKOAoubeg urt-

1HotEncoded Metaxapaxtnplotikd: AUtd td PEIAXAPAKINPEIOTIKA £ivat o akplBd

UTIOAOY10TIKA, Kdal UToAoyidovial xpnotponoloviag ) pnipa xapaktplotikeov 1Ho-

tEncoded tou ot 6edopévav.

OEVOTNTEG.

3.3.2 AmnAa Mesta-Xapaktnplotika

Autd ta peTa- YopaxTneloTixd e§dyoviatl aneubeiag arno to Dataset £10660u, Xwpig mpo-
NYOUHEVOUG HETACXNUATIONOUG T) TIPOEMELEPYATia, OMOTe eival UMTOAOY10TIKA @ONVA, YevikdA.

Edw eivat n mAnpng Alota anmAov PETa-XapaKInP1oTIKOV ITOU HUIopel va unoloyioet to auto-

sklearn:

Ap19pog aAVUIREIPEVRV

AoyaplIpirog aptIpog AVIIRKEIPEVGOV

Ap19pn6g rAdoswV

Ap19pdg XapaKTNPLOTIROV

Aoyap19pirog aptIpnog XaparTnPLoTIRGOV

Ap19p0g XAPAKTNPLOTIKAOV HE XAREVEG TIPHEG

Eav Acinouv tipég 1) oxt

Ap1906G AVULREIPEVOV e XAREVEG TIPEG

I10000TO AVTLRELPEVOV PE XAREVEG TIPEG

Ap196¢g XAPAKTNPLOTIRAOV PE XAPREVEG TIPNEG

I10000TO XUPAKTNPLOTIKAOV PE XAPREVEG TIPHEG

Ap19pdg xapévov TIpGV

I10000TO XAPEVAV TIHOV

Ap19pdg aplIPNTIRAOV XAPAKTPLOTIKOV

Ap19pog KATNYOPNRATIKAV XAPAKTPLOTIKAOV

Avaloyia apt9pnTIKOV NMPOg KATNYOPNRATIKAOV XAPAKTIPLOTIRAOV
Avaloyia RaTtnyopNRATIKOV NPOG APIPNTIKOV XAPUAKTIPLOTIRAOV
Avaloyia XapaKTploTIRAV NMPOG AVILKEIPREVRV
Aoyapi9pikn avaloyia XaparTNPLOTIKGOV P0G AVILKELREVRV
Avaloyia aVUREPEVROV MPOG XAPAKTPLOTIRAV
Aoyapi9piky avaloyia avTiKEIPEVAV P0G XAPAKTI|PLOTIRGOV
Ap19pdg sppavioswv kad9s kAaong

EAayxiotn mSavotnta KAdong

Méyiotn mdavotnta KAaong

Méon tpr tng mdavotntag KAdong

Tuniky andxkAlon tng rmdavotntag KAdong
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Ap19116¢ ocuppoArwv?

EAdyxiotog apidpdg oupfoiav
e Méyiotog apidpog cupfoAwv

¢ Tumikn anorAion tou aptdpou cupPoAwv

‘ASpoiopa TV aptIpmdv cuppoAwv

e Evtpomnia kAaong

3.3.3 Mecta-Xapaxktnpiotira 1HotEncoded

OUtwg (ote va €§AyEl AUTA TA YETH- YUPAUXTNELOTIXG, TO Dataset e1008ou uroBadletat
oe éva petacynpatiopo. o ouykekpipéva, dnuoupyeital pia pPnIpa XapaKtnploTKOV
1HotEncoded. Autd ta UETA-YOQUXTNEIOTIXG €ddyovial otV MPAYHATIKOTTIA artd auth
) PATPa XapaKtnplotlikeov 1HotEncoded, 0x1 amo to 1610 to Dataset. I'evikd, o umoloyio-
HOG aUTOV TOV XAPAKINPIOTIKAOV £1val UTTOAOY10TIKA aKP1B0G, a@ou autd Ta XapaKTINPloTiKa
ITI0 TTPOOAVATOAIOHEVA TTPOG TNV EIOTHPN §e601EVROV Ao Ta AMMAA YETOL- Y UPAUXTNELOTIXG TTIOU
Kataypayape napandave. Eb6¢ eivatl n mArpng Alota tov peta-XapaKtnplotikev 1HotEncoded

mou propet va uroloyioet 1o auto-sklearn:

e Ao%otnteg

¢ EAdyiotn Aogétnta

e Méyiotn Aofotnta

e Méon Aofotnta

e Turikn anoxrAion Aoétntag

o Kuptmoseig

¢ EAdyiotn rUptwon

e Méyiotn RKUpt@on

e Méion KUptwon

e Turmikin andékAion KUPTOONG

Twopa 1oU 1 YVOO1 HaAg TV TNV petadebopévav mou unootnpilet 1o auto-sklearn €xet
erektadel, eipaocte £T01101 va eEEPEUVIOOUIE MG PITOPEL KAVEIG va XP1 OO0 0Ll T0 auto-

sklearn ®ote mpAypatl va UTIOAOYiOcEl AUTA TA HPETA-XAPAKINPIOTIKA Ao €va S00PEVO O€T

6edopévav e100dou.

20 6pog «oUuBoA0 EKPPATEL TV TIT) TTOU PITOPEL Va £XEl £va KATNYOPNHIATIKG XAPAKTNPI0TIKO.
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3.3.4 Zuvaptioeig API yua E§aywyn Meta-XapakrtnplotikaV
[Ma va untoAoyioet ta PEta-XapaKInPloTiKa IOV aviiKouv otig U0 KAtnyopieg rmou avaluoape
napandave, to auto-sklearn poodépet 6Uo KUpleg ouvaptroelg APL:
1. calculate_all metafeatures_with_labels
2. calculate_all metafeatures_encoded_labels
Kat ot 600 autég ouvaptioelg Adappavouv tig 161eg mapap€rpoug oG e10060ug. Ag doupe
AUTEG TIG TTAPAPETPOUS AETTTOPEP®S:
e X: Ta deiypata tou oet Hedopévev exknaideuong.
e y: Ot otoxot tou oet dedopévav eknaidsuong.

e categorical: Mua Alota Boolean TV TOU €Xel PUNKoOg ico pe tov aptbpo xapaxk-
mplotKoV o Kade Oetypa. Av éva otoixeio otn Alota sivat True, T6Te 10 AviioTot O
XAPAKINPOTIKO Jempeital @G xATNyopNUaTIXO Xapaktnplotko. EiddAAwg, eivatl éva
oEtUNTIXO XAPAKTNPIOTIKO.

e dataset_name: To 6vopa tou oet Hedopévav.

e dont_calculate: 'Eva ost peta-xapaxinplotik®v rou Sev 9a mpéEret va UTIoAOY10Touv

Yla T0 OUYKEKPLHEVO OeT Hebopévav £10080U KAl epyacia pnxavikng padnong.

H napapetrpog dont_calculate mou avag@épape maparndave XPNOHOIOEiTal Katd KUplo
Aoyo yua va aroxAeiosl PETA-XAPAKIPIOTIKA OTIG IEPUTIVOELS EPYAOIOV TAAVOPOINOoNG.
[Tio ouykekpipéva, £@OoovV o1 epyacieg aAvdpopnong 6ev £€xouv KAAOEIS ®G OTOYXOUG, Td
aroAouda PETAXAPAKTINPIOTIKA TIPETIEL VA ATIOKAEIOTOUV:

e Ap19pdg KAdoswv

o Ap19pnog spavicewv Kade KAdong

EAdyxiotn mBavotnta kKAdong

e Méyiotn midavotnta KAdong

e Méon tipn tng rmidavotnrag kKAdong

¢ Tumkn anorAion tng mdavotntag KAAong

e Evtpomnia KAdong

Kat ot §U0 autég ouvaptroeig emuotpeé@ouy eva avuikeipevo DatasetMetafeatures ano to
dopootoyeio metalearning. metafeatures tou auto-sklearn. Auto 10 AVUKEIPIEVO OUCIACTIKA
Kpatd éva AefIKO TV UTMOAOYIOHEVOV HETAXAPAKTINPIOTIKGOV oto rebio tou metafeature_-

values.

3.3.5 H KAaon MetaBase

To avukeipevo kAdong MetaBase eival éva container yia petadebopéva ost 6edopévav
(Tipég petaxapaKInpPloTikaV), Sl1apopdP®oelg S10XETEVOE®V KAl ATIOTEAEOPATA TIEPAPATOV.
Eival ouclaotika éva mepttvAlypa yup® aro 1 petayvoon tou auto-sklearn, mou aro-

9nkevetal otov KataAoyo petadedopévev TIou EPIYPAYAE TIPONYOUHEV®OS.
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Ye éva avukeipevo MetaBase, 10 auto-sklearn amo9nkevet 1a PETAXAPAKTINPLIOTIKA EVOG
oet 6edopévav, Kadng emiong KAl ta Anotedéopata emKUpmong dagopwv Sapopemosmv
O10XETEVOE®V Y1a T OUYKEKPIHPEVT] Epyaoia PNXavikng padnong.

Ia va kataokeudacoupe éva aviikeipevo MetaBase, Tipénetl va nipopndeUcoupeE:

e £va Xx®po Srapdppwong

e £vav Kataloyo petadedopévav

Ermi£ov, a@ou apX1KOIo)coue éva avilkeipevo MetaBase PrmopoUe va IIPosIEcoUne
KATaXwpnor evog ot 6edopévav xpnopornowwviag ) pédodo add_dataset. Autr) 1) 11€9060g

arattet:

e TO Ovopa Tou ot Hedopévav

e £va avtikeipevo DatasetMetafeatures rou repléxel 11§ TIHEG PETAXAPAKTIPIOTIKGOV

yla 1o avtiotoixo ost dedopévav

H mpoodrkn evog oet Sedopévav e1006ou oto avukeipevo MetaBase eivat anapaitnin
Yla TOV UTTIOAOYIOHO TGOV IIPOTELVOLEVOV S1apPopP®OE®V yid autd 1o oet dedopévev Xpnot-
poroloviag ) ouvaptnor) suggest_via_metalearning, tnv oroia 9a avalUuooujle 0 EMTOYEVT

evotnta.

3.4 H Zuvaptnon suggest via metalearning

H ouvdptnon suggest_via_metalearning tou §opootoixeiou autosklearn. metalearning. mismbo
elval pia ano g onpavukotepeg ouvaptroelg tou API oto pnyaviopo petapadnong tou auto-
sklearn, a@ou eivatl aut] IOU TTAPAYEL TIG IIPOTEVOPEVES Slapopproelg dloxEteuong yia eva
oet ebopévav €10060U Kal pia epyacia pnxavikng padnong. Ag dovupe mo availutukd v

unoypadr) g ouvaptnong:

e Opiopata Ewo66ou:

meta_base: 'Eva avukeipievo MetaBase apX1KOIOUHEVO HE TO 0OOTO KATAAOYO

petadedopévev Kat 1o Xwpo S1apop@®ong otov o1oio 1 suggest_via_metalearning

Ya avalnroet yia v mpotevopEVES S1a10PPOOETS.

— dataset_name: To ovopa tou oet 6edopévav yia 1o oroio Sa xprnotpornoinbouv
o1 Tipotelvopeveg Stapoppwoelg. To oet Sedopévmv mpérnet va npootebel oto av-
Tikeipevo MetaBase. Autd prnopei va yivel pe ) pédodo MetaBase.add_dataset
rou ermdeiape oy urnosvotnta subsection 3.3.5.

— metric: H petpikn ouvaptnon.

- task: 'Evag aképalog rmou aviiotoyel otov TUIIO g pyaciag Pnxavikyg padnong.

— sparse: Mia Mmou rou neptypd@et edv o oet dedopévav e100dou elvatl apatd n
oxL.
— num_initial_configurations: O ap19udg 1wV npotevopevav H1ap0PPHoE®Y IOV

9a rtapayxSouv.

e Twpx] Emotpopng:
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— configurations: Mua Alota pe 11§ IpoteIvopEVeEG S1APOPPROETS.

Ye éva akodoudo kedpdldatlo, Sa mepypAPoupe MG oriodo TuHpa PnXavikng padnong
tou Kale xpnowornotei tv suggest_via_metalearning yla va mapdget tig rmpotevopeveg 6i-

APOPPROOELG TIOU apyotepa da petatpanouv os mpaypatikeg dioxetevoeig KFP.

3.5 Bon9nukég Tuvaptnosig kat KAaoeig

3.5.1 H KAaon InputValidator

H InputValidator rou rapéxetat and to Sopooctoixeio autosklearn.data.validation ivat
pia xpnotkn rAdon mou propei va xpnotwponowdet yia va Pefaiwoet o1l 1o ot dedopévav
€10060U ouppop@avetal otg anatroelg ou auto-sklearn. H Baowkn péSodog tou API g

InputValidator ovopaletat validate kat r) uroypagn g rapouctaderal mapaKate:

e Opiopata Ewoédou:

— X: Ta &etypata evog oet debopévav.
— y: Ot otoxot evog ot Hedopévav.
- is_classification: Mia boolean tipn mou ek@pddet edv n epyacia ya v oroia

9a xpnoworoindei 1o oet Hedopévmv e10060u eivat ta§ivopnon 1 ox1.
o Tipég Emiotpogng:

— X: Ta erukupopéva detypata.
- y: Ot emKUpOPEVOL OTOXOL.

H InputValidator.validate ouolaotikd uAoriotel U0 Ae1TOUPYIKOTNTEG:

1. EAéyxet 611 0 apidpog detypdtev avilototkel otov aptdpd otdX@V Oto ot Hedopévav.
2. EAéyxet oul 10 oct Hedopévmv aroteAeitatl povo anod aptdpnuka dsdopéva.

3. Avdloya pe tov TUIIo g epyaoiag, ou ekPppadetal aro 1o oplopa e1oodou is_classifi-
cation, eAEyXEL OTL 01 OTOXO01 TOU O£t HeHOPEVOV PUITOPOUV va XP1olponoinbouv yia autr)

v epyaoia (ta§ivopnon r) naAwdpounon).
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H IIpoocyylon pag

'Onwg eEnNynoape o IPONYyoOUREVO Ke@AAAlo, ta reipdpata AutoML mepiéxouv Brijpata
1a omoia Propouv va napaAindoroindouv. Le £vav TOIKO UTOAOY10TH], PHOAIS O UNXAVIOHNOS
peta-padnong tou auto-sklearn uroloyioetl t1ig mpotevopeveg H1ap0pPAOOElS H10XETEVOTG,
10 auto-sklearn exkraidevel 11g avtiotolxeg S10XETEVOES PNXAVIKNG Padnong tomkd, oav
napdadAndeg Siepyaoieg, €101 wote n Hlox€reuon mou Pe v KaAutepn anodoorn va Bpedet
Kal va smotpagel otov Xprjoty. O otdx0g pag NIav va HETAQEPOUNE OAOKANPN aUTH TV
Sradikaoia otov KuBegpunin, eKPETAAAEUOHEVOL TOV PUNXAVIOHRO EVOPXTOTP®ONG dl0XeTeEV0E®V
pnxavikng padnong tou Kale, €101 oote va eknaibevoupe Poviéda Pnxavikng padnong og
napdadAndeg droxetevoeig oto Kubeflow. Anpioupyroape évav pnxaviopo rmou ermtpErnel v
ektéAeon nelpapdtov AutoML anodotikd, kat katavepnpéva, otov KuBepvnt.

Ag nieprypdyoupe ta Prpata g diepyaoiag tou Kale yia nelpapata AutoML:

1. O xpriotng rapéxet éva oUvoAo SeGopévmv Katl TOv TUMO TNG EPYAciag HNXAVIRNAG
Rpadnong (katnyoplomnoinon 1 aAivpopnong) wg eicodo otny cuvaptnon run_automl ()

tou Kale.

2. To Kale &nploupyei pia 8roxéteuon tou Kubeflow. H §ioxéteuon autr) ovopaletat
Evopxnotpeti¢ katl 9a ava@epopacte o€ autr) HE auto 10 6voud yid To UTIOAOLUTO TOU

Ke@alaiou.

3. To Kale ermiotpé@et £va avtireipevo AutoMLExperiment otov XpRoty (Ti11] £I110TPOPNS
g ouvaptnong rurn_automl()). To avukeipevo autd ouctaotika Sa eivat éva epyaleio

apakoAoudnong g Katdotaong oAokAnpng g dadikaociag AutoML.

4. Xpnowonowviag tov jnxaviopo peta-padnong tou auto-sklearn, o Evopxnotpwtig
unoAoyilel pia Aiota HE MPOTEIVOREVEG S1APOPPOOELG S10XETEVOEGV PNXAVIKIG
padnong yia to ouvolo Sedopévev kat TUno epyaciag pnxavikng padnong rou o
Xpnotng £€dwoe wg eicobo (otnv ouvaptnon run_automl). Kade pa and auvtég tg o1-

APOPPOCELG OUCIACTIKA MEPLYPADEL pia 0AOKAN PN SroxEteuon pnxaviking padnong.

5. T'a ka9e npotelvopevn Stapoppwon droxiteuong, o Evopxnotpwtig dnpioupyeti
pua véa 8roxéteuon tou Kubeflow. Ot Sioxeteuoeig autég ovopadoviat Pogg Atauop-
@®OONG KAl 9a avadPePOLaoTe 0€ AUTEG XPTOTHOITOIOVIAG aUTO T0 VoA Y1id TO UITIOAOLTOo
tou kedpadaiou. Kade pia and avtég 1g Poég Atauoppwong ulomnotet v dloxétevon

BENXavikng padnong mou n aviiotoin diapdppwon Siox€teuong meptypadet.
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6. Ol Poég Alapopdprong TPEXouv napdaAinda, repvoviag 1o ouvolo debopévav ard
éva otadlo npo-enedepyaoiag, eKmadevioviag 10 POViEAo, Kal napdyoviag aroteAéo-

pata Sokpaotikou ot eved 0 Evopxnotpotig eALyxet tnv £§€An toug.

7. MoAg o6Aeg ot Poég Alapopomong olorAnpooouv tnv Asttoupyia toug, o Evopxn-
OTPWTI|G CUYKEVIPMOVEL TA AMOTEAEOPNATA TOUG KAl PE BAOCH autd emAEYEL TNV
xalAutepn Pon Awapépgpwong.

8. O Evopxnotpotig dnpioupyei £€va neipapa Katib £tolr dote va BeAtiotonoun-
9ei nepartépw 1o eknaldeupévo povtédo g Porig Alapoppeong pe 1o peyaiutepo
OKOp.

9. To Kale anoOnkesUel 10 EKMALSEUPEVO KAl BEATIOTONOLNPEVO HOVTIEAO KAl TpaA-
Baetl éva nMAfjpwg avanapay®yipo otiypiotuno Rok (2.4.5.1) tou Aoyikou diokou
IOV TO MEPLEXEL £101 WOTE O XPHOTNG VA UITOPEl va €Xel mMpooBact Oto POVIEAO AUt

apyotepa.

To Kale tpaBastl otypioturia Aoyikev dlokev, Ot Povo oto t€Aog, addda oe KkAade
Brpa tou Evopxnotpetr kat twv Poov Atapoppwong napéxoviag évav BoAiko 1poro
va avaktnBouv ta anobnkeupéva eknaldeupéva Povieda nou napaxdnkav Katd my

diapkela g diepyaoiag AutoML.

Avuti n Sumdopatiky epyacia £0tladel Kuping ota Bripata and 3 £¢wg Kat 7 tng
Siepyaociag AutoML tou Kale. Tlapoda autd, 9a napdoyoupe pia €nAPKr availuon g

AettoupykOnTag Kat 10U UTOAOIITOU PNXaviopou.
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4.1 H Zuvaptnon run_automl

Ze aut v evotnta, Sa meplypayoulie tyv Hopern) g ouvaptnong diertagng tou Kale yua
nielpapata AutoML. Ouolactikd, ol xprioteg 9a tpéxouv netpapata AutoML oto Kubeflow, jie
Hla povo kAnon ouvaptnong Python. Autr n ouvdptnon, 0nwog ava@eépaiie ponyounEvag,
ovopadetat run_automl xkat eivat ouolaotikd éva onpeio e10660u yia tov pnxaviopo AutoML.
Listing 4.1: H ouvdptnon dienagpng run_automl yua dnpoupyia nepapdtev AutoML pe to
Kale

—

def run_automl(

2 dataset: Dataset, task: MLTask, metric: Callable,
S number_of_configurations: int = 5,
4 max_parallel_configurations: int = 3,
5) tuner: Optionallkatib.VlbetalExperimentSpec] = None
6 ) -> AutoMLExperiment:
7 """Runs an AutoML pipeline to find the best model for the input dataset.
8
9 [... Explain how the AutoML process works ...]
10
11 Args:
12 dataset (common.artifacts.Dataset): The input dataset for the ML task
13 task (types.MLTask): One of kale.ml.Task
14 metric (Callable): A callable object with the following call signature
15
16 >>> class my_metric:
17 >>> def __call__(self, target, x_ test):
18 >>> return self._compute_my_metric_value(target, x_ test)
19
20 The name of the logged metric will be ‘metric.name‘, if the object
21 has such attribute. Otherwise ‘‘metric.__name__""‘.
22 (Auto)SKLearn metrics are supported, example:
23
24 >>> from autosklearn.metrics import accuracy
25
26 To log a different metric name from the input function name
27 (‘‘foo.__name__"‘"), do:
28
29 >>> foo.name = "<custom_name>"
30
31 number_of_configurations (int): The N-best configurations to run
32 (defaults to 5)
33 max_parallel_configurations (int): The maximum number of Configuration
34 Runs to run in parallel (defaults to 3)
35 tuner (katib.VlbetalExperimentSpec): Provide a Katib spec to run HP
36 Tuning over the best performing configuration.
37
38 Cannot set algorithm and parameters. To set objective
39 configuration, don’'t set metric name:
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40
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61
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>>> katib.VlbetalExperimentSpec(
>>> objective=katib.VlbetalObjectiveSpec(
>>> goal=0.99,

>>> type="maximize")

Returns: An AutoMLExperiment object to track the state of the experiment.
if tuner:
if tuner.algorithm or tuner.parameters:
raise ValueError("Tuner: Cannot specify ’algorithm’, or"
" ’parameters’, during an AutoML experiment")
if tuner.objective:
if (tuner.objective.objective_metric_name
or tuner.objective.additional metric_names):
raise ValueError("Cannot specify metric name when running"

" AutoML experiment")

pipeline_name = "automl-orchestrate"
utils.rm_r(ML_ASSETS_DIR)
marshal.set_data_dir(ML_ASSETS_DIR)

variables = ["dataset", "task", "metric", "number_of_configurations",
"max_parallel_configurations"]
if tuner:
variables.append("tuner")
for v in variables:

marshal.save(locals()[v], v)

volumes = rokutils.interactive_snapshot_and_get_volumes()
pipeline_config = PipelineConfig(
pipeline_name=pipeline_name,
experiment_name=_auto_ml_experiment_name(),
volumes=volumes)
pipeline = PythonProcessor(automl_orchestrate, pipeline_config).run()
pipeline.input_pipeline_parameters["hp_tune"] = ("true" if tuner
else "false")
run = Compiler(pipeline).compile_and_run()

return AutoMLExperiment(run.id)

Ot Xp1oteg PIIOPoUV va €10AY0OUV TV oUuvaptnorn run_automl() pe pia amdn evioAn

import: » from kale.ml import run_automl

Ag 6woouyie pa Aerttopepr) e§Aynon TV MAPAPETP®V 100800 g run_automl():

e dataset: To ouvolo 6edopévav e10060u yia 1o meipapa AutoML. Auto mpénet va eivat

£éva avuikeipevo Dataset tou Kale mou va mepiéxet 0AOKANpPo to ouvodo Sebopévev

HNXavikng padnong tou xprot.
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e task: O tUrog ng epyaciag eMOMIEUOEVNG NNXAVIKEG Pa9nong. Autd propet va eivat

£€va arno ta rnapakat:

1. duadikn katnyoplomnoinon
2. KATNyop1loroinor modAAarlov tagemv
3. amAr ormmoSodpopnon

e metric: M kANt ouvdaptnon PETPIKAg 1 oroia Sa xpnowonownOet yia va agloloyn-
el 10 eknaideupévo poviedo ou Sa napaxBei anod v kade Pory Atapoppwong.

e number_of configurations: O api9nog 1OV mpotewvopevav dapoppaoswv mou da
eayetl o Evopxnotpotig

e max_parallel_configurations: O péyiotog apidpog tv Poov Alapopeeong mou Sa
TPEXOUV TIapdAAnAa.

e tuner: 'Eva aviikeipevo spec evog nielpapatog Katib to omoio 9a xpnoworoinSet yua

MEPATTEP® PEATIOTOITOINOT TAPAPETPOV TOU KAAUTEPOU [1OVIEAOU.

'Onwg avagépape oty apxr autou tou Kepadaiou, n ouvaptnorn diena@ng run_automl()
ermotpé@el £va avtikeipevo AutoMLExperiment (4.4.2).Aut6 10 aVIIKE(EVO, KAl OUCL-
aotka ot pEdodotl tou, da eMIPEWPOUV OTOV XPIOTN vad MAPAKOAOUOel v KATtAoTaon ToU
nelpapatog. ®a avartuoupe MeEPIOCOTEPO TNV ITAPAKOAOUIN O TG KATAOTAONG TOU IEPA-
patog otnv evotnta 4.4, a@ou PAOTA £XOUHE AVAAUOEL TNV AETTOUPYIKOTTA TOV 510XETEVOERDV
tou Evopxnotpaty (4.2) kat tov Podv Atapdépepwong (4.3).

[Mapaxkdte napatifetal pla apltOpnpévn Aiota pe BRpata rou reptypdPel rog 1 CUVAPToT)

Sienagpng run_automl() kata@épvel va mupodotrjoel 0AOKAnpn v Stadikaocia AutoML:

1. Xpnowponotei tov anodnKeuTikO pnxaviopo tou Kale ywa va ano9nkevoet tig
NapapeTpoug £10060u tng otov Aoyiko 6ioko tou Pod kat votepa tpafast €va
ouypotuno Rok tou &iorou £to1 wote ta Prjpata tou Evopynotpet) kat tov Poov
Alapop@®OoNG PIIopouV va IPocaptr)joouV Tov KA@vortotnpévo dioko yia va Bpouv kat
Va QOPTWOOoUV TIG IAPAPETPOUG.

2. Kataokeuadel éva avukeipevo kale.PipelineConfig object pc 6Aeg 1g Paoikeg
TIEPLYPAPIKEG TTANPOPOPieS (T1.X: To dvopa) tou Evopynotpotr.

3. Kataokesuadel éva avukeipevo kale.processors.PythonProcessor (2.5.5) pe pua
ouvaptnon Python ypappévn os yAowooa ouykekpipévou topéa tou Kale (2.5.4). Autr) n)
ouvdptnon Python ovouddetat automl_orchestrate kai ouotaotikda nePypadel OAOKANPL)
NV AEITOUPYIKOTNTA PNXavikLg padnong tou Evopxnotpetr). ExBétoupe tnv apyiiek-
TOVIKY] TG ouvaptnong automl_orchestrate otnv uro-evotnta 4.2.1. To avukeipevo
PythonProcessor (2.5.5) a§oloyei autr] v ouvaptnorn S10XE€T1eUonNg KAl €rmotpePet

éva avuikeipevo Pipeline (2.5.3).

4. MetayAwtrigel to avukreipevo Pipeline oe éva Argo Workflow kat 1o otéAvet
otov KuBepvntn. Auto oupfaivel xprowonowwviag to avikeipevo kale. Compiler xkat

v compile_and_run pédodo tou (2.5.6).

5. Emotpépet éva avureipevo AutoMLExperiment, apyikonowqpévo pe to ID tou

npoo¢patwg dnuioupynpévou Evopxnotpwtn. AUTO 10 AVIUKEIEVO EIMTPEIIEL OTOV
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XprHotn va mapakodoubet tnv kataotaor tou Evopxnotpotn kat twv Podv Atapoppwnong
KAl €M{0NG EMMTPETIEL TNV EMIBAEYPT TV ATIOTEAEOPATOV PETPIKNAGS TOV Pocv Alapoppn-

ong, poAtg auta yivouv drabsopa.

4.1.1 To Avuikeipevo Dataset

[Tpoxkepévou va armiomnor)ooupe To anotunepa (signature) tng ouvaptnong run_automl (),
aropacicajle va avarnapactr)COUHE T0 GUVOAO TV Se60EVROV N XAVIKTG 19N 0Ng TOU XPNoth
Katl 0Ad 1a €m-PEPoug ototxeia Tou oag pia agnpnpévn ovidtnta. Autt) 1 oviothta givat éva

avtikeipevo Dataset, KAl MAPAKAT® @Aivovidl Td XAPAKINPIOTIKA TOU:

¢ name

features

targets

features_test

targets_test

4.2 O Evopxnotpwtig AutoML

Te aut Vv evotnta da mePLypayoupe v 610XETeuon mou Snpioupyel Kat €AEYXEL
0AOKANPO 10 meipapa AutoML. Aut) n &ioxéteuor ovouddetar Evopynotpetnge AutoML,
Kal ouolaotika arnotedeitat and €81 Brjpata ta oroia tpéxouv kwdika tou Kale. TMapakdte

napatiBetal pla nmeptypadr) upndou ermredou 10U PnXaviopou mou udorotei 1o kade Prjpa:

1. get-metalearning-configurations: Xpnowponowwvrag tov tuprva tou auto-sklearn,
autd 1o Prpa e€ayet éva oUVOAO Ao PETA-XAPAKINPIOTIKA artd 10 oUvoAo Sedopévav

€10060U KAl rapdayet pa Atota arno mpotevopeveg S1apop@®oelg peta-padnong.

2. run-metalearning-configurations: Autd w0 Brjpa naipvel tig Stapoppaoeig tou Br)-

patog 1 kat dnpioupyet pia véa Por) Atapopdmong yia kade pia and auvteg.

3. monitor-kfp-runs: Auto 10 Brpa neprpévet g Poég Atapoppwong rou dSnpoupyndnkav
oto Brpa 2 va oAorAnpwSouv.

4. get-best-configuration: Auto 10 Brjpa cuyKeVIp@VEL TA OKOP PETPIKEG arto kade Por)

Alapopenong kat ermAéyet tyv Pory Puduiong mou eixe v kaAutepn emidoor).

5. run-katib-experiment: Xe& auto to Prpa, to Kale maipvel g dapoppaosig peta-
Bé&9nong rmou avtiototouv oto kaAutepn Por Alapdppwong tou Brjpatog 4, kat dnpovpyet

éva nieipapa Katib mou 9a vlorotel S1apdpdpmon urep-rapap€rpey yia 10 PoViEAo.

6. monitor-katib-experiment: Auto 1o Brjpa nepéver o nieipapa Katib tou niponyou-

pevou Pripatog va oAoKANP®OEL.
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Figure 4.1: Iapabetyua piag 6roxetevong Evopynotpwtr AutoML and v diewaen xpnotn tou
KFP

4.2.1 H Zuvaptnon Awoxéteuong automl_orchestrate

H ouvdpton automl_orchestrate sivai pwa ouvdaptnon Python, ypappévn oty yAoooa
ouykekpipévou topéa tou Kale (2.5.4), i) ortoia ouctactikd rieptypdoet v dopry tou Evopyxn-
otpet] AutoML mou Snuoupyet n ouvdptnon run_automl. E¢@ocov eivat ypappévn otnv
yAdooa ouykekpipévou topéa tou Kale, xpnowornotet Step avukeipeva (2.5.2) yia va ava-

napaotroet Brjpata os pia Sioxetevon. [apakate mapabétoupe 1ov KOSIKA TG CUVAPTNONG:

Listing 4.2: H ouvdptnon 6woxétevong automl_orchestrate

1 def automl_orchestrate(hp_tune="false"):

2 """Auto ML pipeline."""

3 (configurations,

4 kale_dataset_id) = GetMetalLearningConfigurations()(
5] ml_assets_marshal_path("dataset.dillpkl"),
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6 ml_assets_marshal_path("task.dillpkl"),
7 ml_assets_marshal_path("metric.joblib"),
8 ml_assets_marshal_path("number_of_configurations.dillpkl"))
9
10 run_ids = RunMetalLearningConfigurations()(
11 configurations,
12 ml_assets_marshal_path("max_parallel_configurations.dillpkl"),
13 kale_dataset_id)
14 run_ids = MonitorkKFPRuns()(run_ids)
15 best_configuration = GetBestConfiguration()(
16 run_ids,
17 configurations,
18 ml_assets_marshal_path("metric.joblib"))
19 if hp_tune == "true":
20 katib_experiment_name = RunKatibExperiment()(
21 ml_assets_marshal_path("tuner.dillpkl"),
22 best_configuration,
23 ml_assets_marshal_path("metric.joblib"),
24 kale_dataset_id)
25 MonitorKatibExperiment()(katib_experiment_name)

IMapatnerote 0Tt PEPTKEG ATTO TIG IAPAPETPOUS £10060U TV Brudtey cival povondtia oc
OE1PLOMOUNPEVA AVTLRELPEVA ITOU AVIIOTOIXOUV Of AMOONKeUPEVEG MTAPAPETPOUS £10060U
g ouvaptnong run_automl (4.1). 'Onwg ival @avepo aro Tov IPonNyoUuHeVo KOd1Ka, 1) H10xE-
tevon tou Evopxnotpot) AutoML v oroia niepiypadet iy automl_orchestrate(), anoteleitat
a6 £81 Kale Steps:

1. GetMetaLearningConfigurations
RunMetaLearningConfigurations
MonitorKFPRuns
GetBestConfiguration

RunKatibExperiment

o o ok W N

MonitorKatibExperiment

Kade éva amo autd eival éva kavoviko Pripa 6iox€tevong Kale rmou uvldormoiel éva ouy-
Kekppévo tunpa tou Evopxnotpwtr) AutoML. Zug emopeveg evotrteg, Sa ekbécoupe v

Aettoupyikonta kabevog amod avtda ta Pripata.

4.2.2 To Bipa GetMetaLearningConfigurations

Te aut TV UTIOEVOTTA TTAPOUCIAloUE TV AETOUPYIKOTTa IToU UAorolel to Pripa Get-

MetalLearningConfigurations.

Listing 4.3: H 1é906og do_run() tou Brjpatog GetMetaLearningConfigurations

1 class GetMetalLearningConfigurations(Step):

2 """Produce ML suggestions from a dataset using AutoSKLearn Metalearning.
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4 Ins:
5 dataset (Dataset):
6 task:
7 metric (Callable):
8 number_of_configurations (int)
9
10 Outs:
11 configurations (List[Configuration])
12 kale_dataset_id (int)
13
14 MLMD Inputs:
15 kale.Dataset
16
17 MLMD Outputs:
18 kale.AutoMLConfiguration (#‘‘number_of_configurations‘‘)
19 e
20 name = "get-metalearning-configurations"
21 outs = Param.odict(["configurations"”, "kale_dataset_id"], step_name=name)
22
23 def do_run(self, dataset, task, metric, number_of_configurations):
24 """Implementations of GetMetalLearningConfigurations."""
25 from kale.ml import metalearning
26
27 dataset_artifact = self._submit_and_link_dataset_artifact(dataset)
28 configurations = metalearning.compute_configs(dataset, task, metric
29 number_of_configurations)
30 for idx, configuration in enumerate(configurations):
31 self._submit_configuration_artifact(configuration, idx)
32 return configurations, dataset_artifact.id

4.2.2.1 H Zuvaptnon compute_configs

H 61abikaocia umoAoyiopou 1eov dlapoppaosv prnxavikyg padnong vlormoieitat ouot-
aOTIKA aro Jla ouvdaptnon tou 6opoototxeiou kale.ml.metalearning, rou ovopadetat: com-
pute_configs. Ilapakdte napabetoupe Tov KOGIKA TTOU TPEXEL 1 OUVAPTNON compute_con-
figs:

Listing 4.4: H ouvaptnon compute_configs mou iapdyet piia Alota pe mpotetvopeveg diapiop-
PwOoelg H10¥XETEVONG PNXAVIKNG Padnong
def compute_configs(dataset: Dataset,
task: MLTask,

metric: Callable,

number_of_configurations: int) -> List[Configuration]:

The AutoSKLearn Metalearning system is based on prior knowledge on how

1

2

3

4

5 """Use the AutoSKLearn MetalLearning system to produce ML configurations.
6

7

8 certain Machine Learning models perform on a set of known datasets.

9

AutoSKLearn can use this prior knowledge to suggest some Machine Learning
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10 configurations that are supposed to perform well on a new, previously
11 unseen, dataset."""

12 log.info("Getting suggested configurations...")

13

14 task = mltask_to_string(task)

15

16 validated_dataset, feature_types = _validate_dataset(dataset, task)

17 task_type = extract_task_type(y=validated_dataset.targets, task=task)
18

19 metafeatures = calculate_all_metafeatures(x=validated_dataset.features,
20 y=validated_dataset.targets,

21 dataset_name=dataset.name,

22 task_type=task_type,

23 feature_types=feature_types)

24

25 # XYDataManager does some validation to the dataset and the list of feature
26 # types. It also finds if the dataset is sparse or not - useful for
27 # detecting the metadata directory.

28 datamanager = XYDataManager(X=validated_dataset.features,

29 y=validated_dataset.targets,

30 X_test=validated_dataset.features_test,

31 y_test=validated_dataset.targets_test,

S task=task_type,

&5 feat_type=feature_types,

34 dataset_name=dataset.name)

35 is_sparse = datamanager.info["is_sparse"]

36

37 metadata_directory = find_metadata_dir(task_type, metric, is_sparse)

38 config_space = get_configuration_space(datamanager.info)

39 # The MetaBase object is a container for metafeatures, configurations
40 # and their respective scores.

41 meta_base = MetaBase(config_space, metadata_directory)

42 meta_base.add_dataset(dataset.name, metafeatures)

43 configurations = suggest_via_metalearning(

44 meta_base=meta_base, dataset_name=dataset.name,

45 metric=metric, task=task_type, sparse=is_sparse,

46 num_initial configurations=number_of_configurations)

47 return configurations

4.2.2.2 H Zuvaptnon _validate dataset

H ouvdpwon _validate_dataset, onwg eivair eppavég amo 1o Ovopa Tng, €AEYXEl TO
oUvolo HedopEvev PNXAVIKAG PAdNoNg Mmou MApPEXEL O XProtng. AVHKEL 0t0 50P00ToIXEl0
lcale.ml. metalearning tou Kale kat ouctaotikd xpnowpornotet tnv kKAdorn InputValidator (sub-
section 3.5.1) ano 1o dopootokeio autosklearn.data.validation tou auto-sklearn ywa va
eAéyget 1o oUvolo 6edopévav e10060u. AKOAOUIKG, TAPOUCIAOULIE TOV KOSIKA TG CUVAPTIONG

_validate_dataset.
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Listing 4.5: H ouvdaptnon _validate_dataset tou 6opootoixeiou kale.ml. metalearning

—

def _validate_dataset(dataset: Dataset,

2 task: str = "classification") -> (

3 Tuple[Dataset, List[str]]):

4 """Validate and process the input features and targets.

5

6 Use AutoSKLearn ‘‘InputValidator‘‘ to check if the input dataset

7 is valid (e.g: the number of samples matches the number of targets).
8 Also, auto-sklearn does some "polishing" transformations to the dataset.
9

10 During the validation, ‘‘InputValidator‘‘ also determines the feature
11 type for all the input features. A feature type can either be "numerical"
12 or "categorical".

13

14 Args:

15 dataset (Dataset): A Dataset class object that contains the input
16 dataset for the ML task.

17 task (str): The type of the ML task (classification | regression).
18

19 Returns:

20 Dataset, List(str): The validated dataset and a list of feature types
21 for all features (either "numerical" or "categorical").

22 e

23 is_classification = (task == "classification")

24 input_validator = InputValidator()

25) X, y = input_validator.validate(X=dataset.features, y=dataset.targets,
26 is_classification=is_classification)

27 x_test, y_test = input_validator.validate(

28 X=dataset.features_test, y=dataset.targets_test,

29 is_classification=is_classification)

30

31 validated_dataset = copy.deepcopy(dataset)

32 validated_dataset.features = x

33 validated_dataset.targets =y

34 validated_dataset.features_test = x_test

35 validated_dataset.targets_test =y _test

36 return validated_dataset, input_validator.feature_types

4.2.2.3 H TZuvaptnon find metadata_dir

H ouvdptwnon find_metadata_dir tou dopootorxeiou kale.ml.utils Bpiokel 1o povordatt
OTOV KatdAoyo peta-6edopévav ou avuotoixel os pia Soopévn epyacia pnxavikyg padnong.
[Mapakdate @aivetal o kKOSIKaAG TG oUVAPTNONG:

Listing 4.6: H ouvaptnon find_metadata_dir tou Bpiokel 10 00OTO POVOIIATL OTOV KATAAOYO
peta-6ebopévav yia pia doopévn epyacia pnxavikng padnong

1 def find_metadata_dir(task_type: int, metric: Callable, is_sparse: int):
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2 """Find the directory where auto-sklearn stores its meta-knowledge.
&
4 Note:
B The directory structure follows the 'Algorithm Selection Library’
6 (ASLib) format. See https://www.automl.org/automated-algorithm-design/algorithm-
selection/aslib/ # noga: 501

7

Args:

task_type (int): The type of the ML task.

10 metric (callable): The metric that is used for the ML task.
11 is_sparse (int): Whether the dataset is sparse or not.
12
13 Returns:
14 str: path to the auto-sklearn metadata directory.
15
16 Raises:
17 RuntimeError: When the auto-sklearn metadata directory cannot be found.
18
19 log.info("Finding metadata dir...")
20 metalearning_directory = os.path.dirname(autosklearn.metalearning.__file _)
21 # The auto-sklearn metadata directory doesn’t provide metadata for
22 # multi-label classification. auto-sklearn reverts to using binary
23 # classification as well, so we copy this behaviour.
24 if task_type == constants.MULTILABEL_CLASSIFICATION:
25 meta_task = constants.BINARY_CLASSIFICATION
26 else:
27 meta_task = task_type
28 metalearning files_dir = "%s_ %s %s" % (
29 metric, constants.TASK_TYPES_TO_STRING[meta_task],
30 "sparse" if is_sparse else "dense")
31 metadata_directory = os.path.join(
82 metalearning_directory, "files", metalearning_files_dir)
33 if not os.path.exists(metadata_directory):
34 raise RuntimeError("Metadata directory %s does not exist."
35 % metadata_directory)
36 log.info("Metadata directory: %s", metadata_directory)
87 return metadata_directory

4.2.2.4 H M:S06og _submit_configuration_artifact

[Mpokeévou va Glatnprjooupie pua yeveadoyia oAokAnpou tou melpdpatog AutoML,
avaykaloupe ta Prjpata dioxetevoewv va Snpioupyouv Kat va unoBdAdouv Artifacts otnv
Baon &edopévov MLMD. H pédodog _submit_configuration_artifact dnpioupyei éva AutoML-
Configuration Artifact (subsubsection 4.4.1.2) ou avuotoixet oe pia doopévn Siapoppwon

dloxetevong.
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Listing 4.7: H péS0bog _submit_configuration_artifact tou GetMetaLearningConfigurations
mou dnpoupyet kat untoBadAet éva AutoMLConfiguration Artifact yia pia doopévn dapop-
pwon doxEteuong

—

def _submit_configuration_artifact(self, configuration, idx):

2 from kale.ml import utils

3 from kale.common.artifacts import AutoMLConfiguration

4

5 mlmd = mlmdutils.get_mlmd_instance()

6 config_summary = utils.get_configuration_summary(configuration)
7 config = AutoMLConfiguration(

8 config_summary=config_summary,

9 run_id=kfputils.format_kfp_run_id_uri(mlmd.run_uuid),
10 estimator_name="Configuration %s: %s"

11 % (idx + 1, config_summary["name"]))

12 config.assign_list_index(idx + 1)

13 config_artifact = config.submit_artifact()

14 mlmd.link_artifact_as_output(config_artifact.id)

IMa va napddet v nidpapetpo config_summary, 10 Prpa autd Xpnotpornotel tny ouvaptnon

get_configuration_summary tou dopootorxeiou ml. utils:

Listing 4.8: H cuvdptnon get_configuration_summary rou Snpioupyet éva Ae§iko-repiAnyn
pag Soopévng Srapdpewong SoxEteuong

—

def get_configuration_summary(configuration: Configuration) -> Dict[str, Any]:

2 """Return an opinionated summary of the input configuration.
3
4 The output of this function can be used to pretty-print a configuration,
5 with just the right information, or to upload the configuration to the
6 artifact store.
7
8 Args:
9 configuration: A suggested configuration extracted by auto-sklearn.
10
11 Returns:
12 dict: A dictionary that describes the learner (classifier, or
13 regressor) of the configuration, with the following fields:
14
15 * ‘‘name’‘: The name of the model
16 * ‘‘parameters‘‘: A dictionary of hyperparameters.
17
18 Raises:
19 ValueError: If cannot find a supported learner type. Supported
20 learner types are ‘‘classifier:__choice__‘‘ and
21 ‘‘regressor:__choice__"‘".
22 "
23 if configuration.get("classifier:__choice__"):
24 name = _get_classifier_name(configuration)
25 params = _get_params(configuration, "classifier")
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26 elif configuration.get("regressor: _choice "):

27 name = _get_regressor_name(configuration)

28 params = _get_params(configuration, "regressor")

29 else:

30 raise ValueError("Could not find a model in the input configuration.")
31

32 return {"name": name, "parameters": params}

4.2.3 To Bipa RunMetaLearningConfigurations

Y& aut)v v urosvotnta da rnapouvocidooupe Kat Ya £nyrooupe tov PnxXaviopo Irou
vlorotel 1o Bripa RunMetalLearningConfigurations. Zuvontuikd, autd 1o fipa AapBavel g
eloodo v Alota tev drapoppwoenv dloxéteuong mou Snoupynoe 10 Ponyoupevo Prua,
Kat yla kade pua toug, dnpouvpyet pia véa Por) Atapopdwong rou vdorotel tyv d1ox€teuon
pnxavikng padnong nou n avtiotoixn Stapopeworn dioxEteuong neptypadel. Ag doupe tov
K®d1Ka 1ou exteAeital péoa oto Prjpa autd, TeKvaviag ard tov oplopd g KAAoNG ToU Kat

v pédodo do_run:

Listing 4.9: O opiopog kAdaong kat n pedodog do_run() tou Pripatog RunMetalearningCon-

figurations
1 class RunMetalLearningConfigurations(Step):
2 """Run MetalLearning suggestions as KFP pipelines.

w

4 Ins:
B configurations (List[Configuration])
6 max_parallel_configurations (int)
7 kale_dataset_id (int)
8
9 Outs:
10 run_ids (List[str])
11 men
12 name = "run-metalearning-configurations"
13 outs = Param.odict(["run_ids"], step_name=name)
14 actions = ["RunKFPPipelines"]
15
16 def do_run(self, configurations, max_parallel_configurations,
17 kale_dataset_id):
18 """Implementation of RunMetalLearningConfigurations."""
19 from time import sleep
20 from kale import marshal
21 from kale.common import mlmdutils
22 from kale.ml.utils import ML_ASSETS_DIR
23 from kale.common.artifacts import AutoMLConfiguration
24
25 self.vars["run_ids"] =[]
26 marshal.set_data_dir(ML_ASSETS_DIR)
27
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28
29
30
31
32
33
34
35

37
38
39
40
a1
42
43
44
45
46
a7
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68

mlmd = mlmdutils.get_mlmd_instance()
# Get all Artifacts that are attributed to the Context of the AutoML
# Orchestrator. The SKLearnTransformer step of each new Configuration
# Run should link the corresponding AutoMLConfiguration Artifact as its
# input. So, we should pass the corresponding AutoMLConfiguration
# Artifact ID to each Configuration Run.
kale_config_artifacts = mlmdutils.get_artifacts_by_context_and_type(
context_id=mlmd.run_context.id,
type_name=AutoMLConfiguration.artifact_type_name,
sorted=True)
if len(kale_config_artifacts) != len(configurations):
raise RuntimeError("Founds %d MLMD configuration artifacts but"
" %d configuration were provided as input."
% (len(kale_config_artifacts),

len(configurations)))

# Start all configurations with a reconciliation loop to avoid having
# more than max_parallel_configurations running concurrently
while configurations:
if self._running_ids() >= max_parallel_configurations:
log.info("Cannot start a new configuration. Max parallel"”
" configurations cap is set to %d. Waiting for a"
" configuration to complete...",
max_parallel_configurations)
sleep(10)

continue

configuration = configurations.pop(0)

index = len(self.vars["run_ids"]) + 1

log.info("Saving configuration n. %d", index)

marshal.save(configuration, "configuration")

automl_config_artifact_id = kale_config_artifacts[index - 1].id
run_id = self._run_pipeline(index, {

"kale_dataset_id": str(kale_dataset_id),

"kale_config_id": str(automl_config_artifact_id)})
self.vars["run_ids"].append(run_id)

self._patch_context(run_id, index)

return self.vars["run_ids"]

4.2.3.1 H Mé£906og _run_pipeline

‘Otav 0 ap1dpog v ektedovpeveav Poov Alapoppoong eivatl JiKpOTEPOG aro v TR

g napapérpou max_parallel configurations (mapdperpog £10060U NG OUVAPTNONG TUM._-

automl), 1o Bripa RunMetalLearningConfigurations ermlgyel pia 51apop@oon 510xETeuong

kat dnuoupyetl pia véa Por) Pudntong rou va v vdorotet. H dnuoupyia tng Porig Pudnong
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Aorotsitat aro ty pgdodo _run_pipeline rAaong RunMetal.earningConfigurations.
v Eistir}g 4. {[O:I' 1}1]5,8060g__ruﬁ_%§)eiinettrt]]gg KA%onngg RunMetaLearnin%Con urations

1 def _run_pipeline(self, index, params: Dict = {}):

2 from kale.types import Param

& from kale import PipelineConfig, Compiler

4 from kale.processors import PythonProcessor

5 from kale.ml.pipelines import sklearn_train_predict

6

7 volumes = rokutils.interactive_snapshot_and_get_volumes()

8 pipeline_config = PipelineConfig(

9 pipeline_name="sklearn-configuration-%d" % index,

10 experiment_name=kfputils.get_experiment_from_run_id(

11 kfputils.detect_run_uuid()).name,

12 marshal_path=self.marshal_path

13 volumes=volumes)

14 pipeline_params = {k: Param(type(v).__name__, v)

15 for k, v in params.items()}

16

17 log.newline()

18 log.info("Creating pipeline for configuration n. %d", index)
19 processor = PythonProcessor(
20 sklearn_train_predict.sklearn_train_predict, pipeline_config)
21 processor.pipeline.default_pipeline_parameters.update(pipeline_params)
22 pipeline = processor.run()
23 log.info("Running pipeline for configuration n. %d", index)
24 run = Compiler(pipeline).compile_and_run()
25 log.info("Successfully started run %s" % run.id)
26 log.newline()
27 return run.id

'Oneg rneptypayape rnapanave, n pedodog _run_pipeline ouclactika dnpioupyet mpay-

patkeg Soxetevoelg Kubeflow, ot onoieg ovopalovratl Poég PuSpiong. T'a tov okomo auto n

1€9060g ouotaotika Xpnotpornotet 1o back-end tou Kale (section 2.5).

4.2.4 To Bnpa MonitorKFPRuns

Ze autr) v uroevotnta 9a ekBécoupe tov pnxaviopo rnou vdoriotet to Brjpa MonitorKF-

PRuns. Zuvoruikd, autod 1o Brjpa nmapakoAoubel tv katdotaon 6Aev 1oV Podv Alapdppeong

Kal POA1G 0AoKANpeYoUVv OAeG TOUG, ETTITUXNHEVA 1] OX1, TO Bria OAOKANP®VEL TNV EKTEAEOT

T0U. AG IMAPOUCIACOUNE TOV KOS1KA TTOU TPEXEL PE€OA O AUTo TO Pripid, KAl IO OUYKEKPIPEVA

10V 0p1ojd KAAoNG Tou Kat tnv pédodo do_run:

Listing 4.11: O opiopdg kAdong kat n pédodog do_run() tou Prjpatog MonitorKFPRuns

1 class MonitorKFPRuns(Step):

2 """Wait for KFP pipelines to complete.
3

4 Ins:

5 run_ids
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10
11
12
13

outs

Outs:

run_ids

name = "monitor-kfp-runs"

Param.odict(["run_ids"], step_name=name)

def do_run(self, run_ids):

"""Implementation of MonitorKFPRuns."""

from time import sleep

log.info("Monitoring runs: %s", run_ids)

statuses = {run_id: "Pending" for run_id in run_ids}

# Add custom properties linking the MLMD Execution with the runs to
# monitor
log.info("Patching MLMD Execution custom properties with the"
" configuration run IDs...")

mlmd = mlmdutils.get_mlmd_instance()
custom_props = {"configuration_run_%d" % idx:

kfputils.format_kfp_run_id_uri(run_ids[idx])

for idx in range(len(run_ids))}
mlmdutils.patch_execution_custom_properties(mlmd.execution.id,

custom_props)

log.info("Successfully patched MLMD Execution")

while any(map(lambda state: state not in kfputils.KFP_RUN_FINAL_STATES,
statuses.values())):
log.newline()
log.info("Updating pipelines statuses...")
for run_id in statuses.keys():
if statuses[run_id] not in kfputils.KFP_RUN_FINAL_STATES:
statuses[run_id] = kfputils.get_run(run_id).run.status
log.info("Run ’%s’: %s", run_id, statuses[run_id])
sleep(b)

log.info("All done!")

return run_ids

'Onwg propoupe va 60UHe OToV Mapanave Kodikd, 10 anotuneopa wmg pedodou do_run

10U Prjpatog eivat apketd anir. Aappavet pia Alota amo IDs Poov Alapoppnong g icodo,

KAl TNV EIMOTPEPEL POAIS TEAEIDOEL TNV EKTEAEOT] TOU, QOTE va v Adfet 1o enopevo Prjpa. H

Alota pe ta IDs tov Powv Atapopepmong 9a xpnoornoindet yia va epatndei o KFP server yua

TV Kataotaon v Poov Atapopeaong.
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4.2.5 To Bipa GetBestConfiguration

Y& aut] v urnoevotnta 9a napouoidcoupe Kat 9a e§nyrjooupe Tov PnXaviopd Irou
vlorotel 10 Prpa GetBestConfiguration. uvorikd, autd 10 Prpa rnaipvel og €i0odo v
Atota pe ta IDs teov Podv Atapoppnong, ouAAéyel 1a 0KOp HEIPIKNAG TOV EMTUXNPEVQV Poov
Aapopgpwong, Bpiokel tnv Pory Alapopd®ong pe 10 KaAUTEPO OKOP KAl EMOTPEPEL TO AVIIO-

TO1XO AVIIKEIPEVO S1apopPprong PNXavikig padnong.
Listing 4.12: O oplopdg KAdong kat n péJodog do_run() tou Prpatog GetBestConfiguration

1 class GetBestConfiguration(Step):

2 """Get the best-performing MetalLearning configuration.

3

4 Ins:

5 run_ids

6 configurations

7 metric

8

9 Outs:

10 best_configuration

11 e

12 name = "get-best-configuration"

13 outs = Param.odict(["best_configuration"], step_name=name)

14

15 def do_run(self, run_ids, configurations, metric):

16 """Implementation of GetBestConfiguration."""

17 metrics = dict()

18 for run_id in run_ids:

19 log.info("Collecting metrics for run: %s", run_id)
20 metrics[run_id] = kfputils.get_kfp_run_metrics(run_id)
21 final_metrics = metrics.copy()
2
23 log.newline()
24 log.info("Collected metrics: \n")
25 for run_id, _metrics in metrics.items():
26 log.info(" Run %s:", run_id)
27 if not _metrics.values():
28 log.info(" No metrics found.")
29 del final_metrics[run_id]
30 for name, value in _metrics.items():
31 log.info(" %S: %s", name, value)
32 log.info("Using metric ’%s’ as target metric.", metric.name)
33

34 # Get best metric, excluding empty metrics dictionaries
35 opt = max if metric._sign == 1 else min # see arrikto/dev#1128
36 best_run_uid, best_metric = opt(final_metrics.items(),

37 key=lambda x: x[1][metric.name])
38 log.info("Best run id: %s", best_run_uid)

39
40 log.info("Patching MLMD Execution and Context custom properties with"
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41 " the best configuration run ID...")

42 custom_prop = {"best_configuration_run":

43 kfputils.format_kfp_run_id_uri(best_run_uid)}
44 mlmd = mlmdutils.get_mlmd_instance()

45 mlmdutils.patch_execution_custom_properties(mlmd.execution.id,
46 custom_prop)

47 log.info("Successfully patched MLMD Execution")

48 mlmdutils.patch_context_custom_properties(mlmd.run_context.id,
49 custom_prop)

50 log.info("Successfully patched MLMD Context")

51

59 best_configuration = configurations[run_ids.index(best_run_uid)]
53 return best_configuration

4.2.6 To Bnjpa RunKatibExperiment

Ye autnv Vv umnoevotnta, d9a mapoucldcoupe TOV PNXAviopo rmou uldormolei 1o Brpa
RunKatibExperiment. To Brjpa auto naipvet tnv d1apop@eon 510XETEVONG 1€ TO PEYAAUTEPO
OKOp HETPIKIG A0 TO MPOnyoupevo Prjpa, kat dnuioupyel €va meipapa (2.4.4) dote va
BeAtiwoel iepattépm v H10XETEVON AUTH.

Auto kat to endpevo Bripa (MonitorKatibExperiment) eKteAoUvial povo 0TV NEPINTKOT)
nou o Xpriotng £xel opiosl éva avukeipevo tuner (katib.ExperimentSpec object) wg
apApeIpo €1008ou otnyv cuvdptnon run_automl (section 4.1). Av dev £€xel niepaoctel KAroa
apAapeTpog e100dou tuner otnv ouvaptnorn run_automl, tote 10 GetBestConfiguration (sub-
section 4.2.5) eivat 1o tedeutaio Bripa tou Evopynotpwetr) AutoML. [Tapakdte rmapouociadouyie

TOV 0p1op0 KAAONG KAl TI§ Kupleg pebodoug tou Pripatog:
Listing 4.13: O opiopdg KAdong Kat ot Kupteg pédodot tou Pripatog RunKatibExperiment

1 class RunKatibExperiment(Step):

2 """Run a Katib experiment.

S

4 Ins:

5 tuner (katib.VlbetalExperimentSpec): Experiment spec
6 best_configuration (ConfigSpace.Configuration):

7 metric (autosklearn.metric): An (Auto)SKLearn metric
8 kale_dataset_id (int): The MLMD artifact ID

9

10 Outs:

11 katib_experiment_name (str): Katib experiment name
12 e

13 name = "run-katib-experiment"

14 outs = Param.odict(["katib_experiment_name"], step_name=name)
15 actions = ["KatibExperiment"]

16

17 def _get_hyperparams(self, configuration):

18 return {

19 hp_name: configuration[hp_name]
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57
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59
60
61
62
63
64
65
66
67

def

def

def

def

for hp_name in configuration.keys()
if (any(map(lambda alg_type: hp_name.startswith(alg_type),
["classifier", "regressor"]))

and not hp_name.endswith("__choice__"))}

_generate_hyperparam_conf(self, key, value, conf_space):
conf_space = copy.deepcopy(conf_space)
hp = conf_space.get_hyperparameter(key)
if hasattr(hp, "upper") or hasattr(hp, "choices"):
hp.default_value = value
return hp

return None

_get_hyperparams_confs(self, configuration):
configuration = copy.deepcopy(configuration)
hyperparams_conf = []
for key, value in self._get_hyperparams(configuration).items():
hp = self._generate_hyperparam_conf(
key, value, configuration.configuration_space)
if hp:
hyperparams_conf.append(hp)

return hyperparams_conf

_get_param(self, conf):
from kubeflow import katib
if hasattr(conf, "choices"):
return katib.VlbetalParameterSpec(
feasible_space=katib.VlbetalFeasibleSpace(
list=list(conf.choices)),
name=self._conf_name(conf),
parameter_type="categorical")
else: # for now assume just float ranges
return katib.VlbetalParameterSpec(
feasible_space=katib.VlbetalFeasibleSpace(
max=str(float(conf.upper)),
min=str(float(conf.lower)),
# heuristic just for test purposes
step=str((float(conf.upper) - float(conf.lower)) / 10)),
name=self._conf_name(conf),

parameter_type="double")

do_run(self, tuner, best_configuration, metric, kale_dataset_id):
"""Implementation of RunKatibExperiment."""

from kubeflow import katib

from kale.types import Param

from kale.processors import PythonProcessor

from kale import marshal, PipelineConfig, Compiler

from kale.ml.pipelines import sklearn_train_predict
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68

69 hyperparam_confs = self._get_hyperparams_confs(best_configuration)
70

71 # Marshal the configuration, used by the train-predict pipeline
72 marshal.save(best_configuration, "configuration")

73

74 # Configure the HP tuning settings

75 tuner.algorithm = katib.VlbetalAlgorithmSpec(algorithm_name="grid")
76 tuner.objective = katib.VlbetalObjectiveSpec(

77 objective_metric_name=metric.name,

78 type=tuner.objective.type or "maximize"

79 tuner.parameters = [self._get_param(conf) for conf in hyperparam_confs]
80

81 volumes = rokutils.interactive_snapshot_and_get_volumes()

82 log.info("Creating parametrized pipeline...")

83 pipeline_config = PipelineConfig(

84 pipeline_name="katib-trial-sklearn-configuration",

85 experiment_name=kfputils.get_experiment_from_run_id(

86 kfputils.detect run_uuid()).name,

87 marshal_path=self.marshal_path,

88 volumes=volumes,

89 katib_metadata=tuner,

90 katib_run=True)

91 processor = PythonProcessor(

92 sklearn_train_predict.sklearn_train_predict, pipeline_config)
93 pipeline = processor.run()

94

95 for conf in hyperparam_confs:

96 pipeline.default_pipeline_parameters|

97 self._conf_name(conf)] = Param(name=self._conf_name(conf),
98 param_type="str")

99
100 def _patch_step_cli(step: BaseStep):
101 del step.ins["masked_inputs"]

102 for conf in hyperparam_confs:

103 name = ".msk.%s" % self._conf_name(conf)
104 step.ins[name] = Param(name=name)
105 _patch_step_cli(pipeline.get_step("run-sklearn-transformer"))
106 _patch_step_cli(pipeline.get_step("train-sklearn-estimator"))

107
108 log.info("Running Katib experiment...")
109 experiment = Compiler(pipeline).compile_and_run()
110 log.info(experiment)

111

112 self._patch_experiment_uri(experiment["metadata"]["name"],
113 experiment["metadata"]["namespace"])
114 return experiment["metadata"]["name"
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4.2.7 To Brijpa MonitorKatibExperiment

AuTo eivatl 1o tedeutaio Prjpa tou Evopynotpwty AutoML kat o okomog tou eivat va

niapakoAoubel 1o nieipapa Katib mou 6npiovpynoe 10 iponyoupevo Prpa.

Listing 4.14: The class definition and do_run method of the MonitorKatibExperiment step

—

class MonitorKatibExperiment(Step):

"""Wait for a Katib experiment to complete.

Ins:

katib_experiment_name (str): Name of the Katib experiment to monitor.

name = "monitor-katib-experiment"

def do_run(self, katib_experiment_name: str):

S © 00 N O U s~ W N

—

"""Implementation of MonitorKatibExperiment."""

—
—

from kale.common import katibutils

—
N

katibutils.wait_for_hptuning_experiment(katib_experiment_name)

—
w

'Onwg eivat gavepd nmaparnave, 1 pédodog do_run tou MonitorKatibExperiment ouot-
aotkda mieptpével to mieipapa Katib va tedeiwoet tnv ektédeon tou. To kAvel autd KAA@Vv-
1tag Vv Bonbnukrn ocuvdpinon wait_for_hptuning_experiment ano to dopootoixeio com-
mon. katibutils tou Kale. ITapakdte @aivetal o KoS1Kag tng ouvaptnong:

Listing 4.15: H Bondnukn cuvdpwnon wait_for_hptuning_experiment tou Sopoototxeiou

kale.common. katibutils

1 def wait_for_hptuning_experiment(experiment_name: str):

2 """Wait for an HP Tuning experiment to succeed.

3

4 Args:

5 experiment_name (str): Name of the HP Tuning experiment.
6

7 Returns:

8 tuple(str, str, str): Status, Condition reason, Condition message.
10 def sleep_with_progress(total, interval, msg):

11 for i in range(O, total // interval):

12 log.info("%s %d...", msg, total - i % interval)

13 time.sleep(interval)

14

15 while True:

16 log.newline(2)

17 log.info("Watching for HP Tuning experiment: ’'%s’",

18 experiment_name)

19 sleep_with_progress(30, 5, "Checking status in")

20

21 experiment = get_experiment(experiment_name, podutils.get_namespace())
22 status = get_experiment_status(experiment["status"])
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23 log.info("Experiment status: %s", status)
24 if status[O] not in EXPERIMENT_FINAL_STATES:
25 continue

26 return status

4.3 Ot Poég Alapoppwong

e autn Vv evotnta, 9a ePIypAYPOoUE TV APXITEKTOVIKY) TV Pomv Atapdpdpwong. Ipokettat
yla droxetevoetg tig ornoieg dnpoupyet o Evopxnotpetrig AutoML katd v Sidpkeia tou Br)-
patog RunMetalearningConfigurations, €101 @ote va ekriaidevoet povieda rmapdaiinda. Kade
Por) Autapopgwong ot éva nieipapa AutoML vldoroiet pia arno 1g dSapoppooelg SioxEteuong

ou napdyet 1o auto-sklearn.

AuTég 01 810XETEVOEIS OUOIACTIKA Arotedouvial ano tpia Prjpata, kat kade Brpa avii-
OT01Xel 08 éva OUYKEKPIPEVO THNHPA HPlag pong epyaociag pnxavikigg padnong. IHapakdaie
napatifetat pa epiAnyn g Aettoupyliag tou kade Prjpatog:

1. run-sklearn-transformer: Auto 10 Brjpa UAOIOIEL TOV TTPO-EMESEPYAOTY] TIOU TIEPT-
ypaget pa Siapdppeon Soxeteuong. O OKOIMOG TOU eival va ernetepyaotei 1o GUVOAO
debopévav 10660 (T0600 T0 BUVOAO ekTtaibeuong 600 KAl 1o GUVOAO §€taong) Kat va 1o
(PEPEL O 111a KATAoTaoT 1ou 9a ermtpePetl oto POVIEAO va ekmatdeutel kat va e§etaobet

N anodoorn 10U MAV® O€ AUTO T0 0UVOAO Sedopevav.

2. train-sklearn-estimator: Auto 10 Brjpa oUClIAOTIKA UAOTIOLEL TV APXITEKTOVIKY] TOU
Hovtédou rou reptypdget pia Stapdppmor dioxétevong. O oKOmog Tou ivatl va rapaget
éva eknabeUPEVO POVIEAD XPTOTHOIOIMVIAG TO EMESEPYACHEVO GUVOAO Hedopévav ex-

naideuong 1mou rnapdyet 1o ponyoupevo Prpa.

3. infer-sklearn-predictor: Autd 10 Brjpa XPnoluorolel to eneiepyacpévo ouvoro be-
dopévev exknaidesuong tou Prjpatog run-sklearn-transformer yia va eléydet v ano-
6001 tou povtédou mou rtapax9nke oto Prjpa train-sklearn-estimator ypnoipormnoicov-
1aG TNV OUVAPTN O HETPIKEG TTOU 0 XPrjotng rapeixe. ‘'Otav ta oKop PETPIKIG ATt autd
10 Brjpa €xouv tedika napayBei, oAokAnpn n Pory Alapopdp®ong 0AOKANP@VEL TNV K-
téAeon Q.

IMapakdt® rapouctadoupe éva napadstypa piag Porig Alapoppwmong mou £€xe1 OAOKANP®-

oel TV Asttoupyia g, onwg @aivetal oty dienagn xprot tou KFP.



Chapter 4

¢ @ sklearn-configuration-3-loals-i7jac

Graph Run output Config

. Simplify Graph

create-volume-1 Q
run-sklearn- Q
transformer

l

train-sklearn- Q

estimator

infer-sklearn- Q
predictor

Figure 4.2: INapdberyua ofokAnpwuévng Porg Ataudpewong otnu dieraen xpenotn tov KFP

'Ong avapépape os oty unoevotnta 4.2.3, 1 ouvaptnor) 610XETEVOTG TTIOU X P OO0 -
tat oav paketa yia g Poég Atapdppwong etvat ) sklearn_train_predict() arnio to dopootoiyeio
kkale.ml.pipelines. Xtnv enOPEVH UMOEVOTNTA TAPAOETOUE KAl AvVAAUOUE AUTHV TV OUVAPTNOY)

dloxetevong.

4.3.1 H Zuvaptnon Awoxéteuvong sklearn_train_predict

H ocuvdptnon sklearn_train_predict eivai pia ouvaptnon 8ioxétevong Python, ypappévn
otV yA®ooa ouykekpipévou topéa tou Kale (2.5.4), n oroia ouclactikd meptypddet v
dopur) g Porg Atapdppwong mou 1o dnpioupyet 1o Bripa RunMetalLearningConfigurations
(4.2.3). Eg@oocov eivatl ypappévrn oe yAoooa €181kou okorou tou Kale, yxpnoipomnoiei av-
Tkeipeva Step (2.5.2) tou Kale yia va avanapaotrost ripata otnv Sioxetevon. [Hapakdate

@aivetal o KOHIKAG TG OUVAPTNONG:

Listing 4.16: H ouvaptnon 6ioxétevong sklearn_train_predict

1 def sklearn_train_predict(kale_dataset_id="-1", kale_config_id="-1"):

2 """Train and validate a SKLearn model from an AutoML configuration."""
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(x_processed,

W

x_test_processed,

(@)

kale_dataset_id_local,

6 transformer_pipeline) = RunSKLearnTransformer()(

7 ml_assets_marshal_path("configuration.dillpkl"),
8 ml_assets_marshal_path("dataset.dillpkl"),

9 kale_dataset_id,

(0]

kale_config_id,

11 {3

12 )

13 model, kale_model_id = TrainSKLearnEstimator()(

14 ml_assets_marshal_path("configuration.dillpkl"),

15 X_processed,

16 ml_assets_marshal_path("dataset.dillpkl"),

17 kale_dataset_id_local,

18 {3

19 )

20 InferSKLearnPredictor()(model,

21 x_processed,

22 x_test_processed,

23 ml_assets_marshal_path("metric.joblib"),
24 ml_assets_marshal_path("dataset.dillpkl"),
25 ml_assets_marshal_path("task.dillpkl"),
26 kale_model_id,

27 kale_dataset_id_local)

'Onwg @atvetatl arod Tov IIponyouevo Kodika, 1 dioxéteuon pag Porg Alapop@nong rou
neplypdget 11 ouvaptnor sklearn_train_predict, anoteAeital ano 1pia frjpata:

1. RunSKLearnTransformer

2. TrainSKLearnEstimator

3. InferSKLearnPredictor

Kdade éva amd auta eivat éva Pripa Kale mou uvlomoiel éva CUYKEKPIIEVO TUNPA NG
droxetevong pag Porg Alapodpowong. Ztig akoloubeg uroevotnteg, da ekBeooupe v Aet-

TOUPYIKOTNTA KaBevog and autd ta Prpata.

4.3.2 To Bipa RunSKLearnTransformer

Ye autr) Vv unoevotnta, da ekBécoupe kat da e§nyrnooupe Tov Pnxaviopo mou UAorotel
10 Brpa RunSKLearnTransformer. ®a meptypdyoupe neg auto 1o Prjpa d1aBddel og eioodo
Ha dapoppwon 610xEteuong Kat UAOTTOLEl TO Brjid TOU IPO-£Iegepyaotr) mou MEPLyPAPEL 1)
dapdpopwon auvty). Ilapaxkdre, ekOEtoupe Tov 0plopod KAAONG Kat Ti§ Kupleg pebddoug tou
pripatog:
Listing 4.17: O opiopog kKAdong Kat ot kupieg pEdodot tou Pripatog RunSKLearnTransformer

1 class RunSKLearnTransformer(PatchMaskedInputsMixin, Step):

2 """Run a SKLearn transformer over a dataset.
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Ins:
configuration
dataset
kale_dataset_id

kale_config_id

Outs:
X_processed
x_test_processed
kale_dataset_id_local

transformer_pipeline

MLMD Inputs:
kale.Configuration

kale.Dataset

MLMD Outputs:

kale.Transformer

name = "run-sklearn-transformer"

outs = Param.odict(["x_processed", "x_test_processed"
"kale_dataset_id_local", "transformer_pipeline"],

step_name=name)

def _submit_dataset_artifact(self, dataset):
from kale.settings import settings

from kale.marshal.utils import strip_marshal_path

dataset_artifact = dataset.as_artifact()
rok_version = self.vars.get("autosnapshot_start")
if not dataset.artifact_uri and rok_version
dataset.artifact_uri = rokutils.get_uri_in_version(
rok_version, strip_marshal_path(settings.INS["dataset"]))
dataset_artifact = dataset.submit_artifact()

return dataset_artifact

def _link_input_artifacts(self, kale_dataset_id, kale_config_id):
mlmd = mlmdutils.get_mlmd_instance()
if kale_config_id > O:
mlmd.link_artifact_as_input(kale_config_id)
if kale_dataset_id > O:

mlmd.link_artifact_as_input(kale_dataset_id)

def _link_output_artifacts(self):

from kale.common.artifacts import Transformer

mlmd = mlmdutils.get_mlmd_instance()
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51 self.vars["transformer_artifact"] = Transformer(

52 self.name, self.vars["preprocessor"]).submit_artifact()

53 mlmd.link_artifact_as_output(self.vars["transformer_artifact"].id)
54

55) def do_run(self, configuration, dataset, kale_dataset_id, kale_config_id,
56 masked_inputs):

57 """Implementation of RunSKLearnTransformer."""

58 import json

55 import sklearn

60 from kale.ml import utils

61

62 kale_dataset_id = int(kale_dataset_id)

63 kale_config_id = int(kale_config_id)

64 if kale_dataset_id <= 0:

65 kale_dataset_id = self._submit_dataset_artifact(dataset).id

66 self._link_input_artifacts(kale_dataset_id, kale_config_id)

67

68 configuration = utils.patch_configuration(configuration,

69 json.loads(masked_inputs),
70 coerce=True)

71 steps = utils.get_sklearn_steps_list(configuration)

72 self.vars["preprocessor"] = sklearn.pipeline.Pipeline(steps[:-1])

73 x_processed = self.vars["preprocessor"].fit_transform(dataset.features,
74 dataset.targets)
75 x_test_processed = self.vars["preprocessor"].transform(

76 dataset.features_test)

77

78 self._link_output_artifacts()

79 return (x_processed, x_test_processed, kale_dataset_id,

80 self.vars["preprocessor"])

'Onwg Kat oty nepimoon tev Pnpdiov t1ou Evopxnotpot) AutoML, n pédodog do_run()
€ival o KUP10g KROB1KAG TTOU TPEXEL OTO E0MTEPIKO ToU Prjpatog. Enopévag, ag ekdéocoupe pa

nepiANYn g Aoy1Krg rmou vldomotei autr) 1 pédodog. H pédodog do_run:

1. Opigetl ta Artifacts Dataset kait AutoMLConfiguration ©g £1066oug autou tou
Brpatog. O opilopdg autog vdoroteital pe xprnon g pedodou _link_input_artifacts
T0U Brjpatog.

2. Awafadet tnv Srapopopwon S1oxiteuong nou déxetal wg £10080. Av n tpéxouca
Por) Alapopowong eivat pépog evog nietpapatog Katib, (dnpioupynuévn amno to prpa
RunKatibExperiment tou Evopxnotpwtr] AutoML) tote avavedvoupe v S1apoppeorn
dloxetevong, mou £xel SnpoupynOel arno 1o auto-sklearn, pe T1g TEG TTOU TIPOTEIVEL
1o Katib. Zinv nepimoon nou 1 tpéxovca Por) Atapopgpwong £xet dnpioupynOet and
10 Bripa RunMetaLearningConfigurations, kpatdpe v diapopdpoon S10XETeuons wg
€xel. YAormouoape autrv v anogpaon otnv ouvdaptnon patch_configuration tou do-

pootoixeiou kale.ml. utils:

Listing 4.18: H ouvapinon patch_configuration tou dopootoixeiou kale.ml. utils
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1 def patch_configuration(configuration: Configuration,

2 overrides: Dict[str, Any],

3 coerce=False):

4 """Patch a configuration.

5)

6 Args:

7 configuration: A suggested configuration extracted by auto-sklearn.
8 overrides (dict): Override configuration values by providing them with
9 keys matching the last token in the original Configuration keys.
10 Provide an empty dictionary to make this function a no-op.

11 coerce (bool): Convert the override value to the destination type.
12

13 Returns:

14 Configuration: Patched configuration.

15 e

16 log.info("Patching base configuration...")

17 log.info("Base %s", configuration)

18

19 if not overrides:
20 log.info("No input parameters found to patch the base"
21 " configuration.")
22 return configuration
23
24 log.info("Using the following configs to patch the base"
25 " configuration: %s", overrides)
26 patched_config = copy.deepcopy(configuration)

27 for name, override_value in overrides.items():

28 for key, conf_value in patched_config.get_dictionary().items():

29 if key.split(":")[-1] == name:

30 if coerce:

31 override_value = type(conf_value)(override_value)

32 patched_config[key] = override_value

33 log.info("Patched %s", patched_config)

34 return patched_config

35

3. Metatpénet v Stapdppoon Sroxiteuong oc pia tafivopnpévn Aiota pe BR-
pata. Ta tov okomo autd vdorowoape v ouvaptnon get sklearn steps_list tou

dopocotoyeiou kale.ml.utils:

Listing 4.19: The get_sklearn_steps_list function of the kale.ml. utils module

1 def get_sklearn_steps_list(config: Configuration):

2 """Return a list of steps for sklearn Pipeline.

log.info("Getting SKLearn steps list...")

w

if config.get("classifier:__choice__"):

p = SimpleClassificationPipeline(config)

() NNNG) BN

elif config.get("regressor:__choice__"):
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p = SimpleRegressionPipeline(config)
8 else:
raise ValueError("No model found in input configuration")

10 return p.steps

4. A@aipei 1o teAsutaio Bripa MOV AVTIOTOLXEL OTO POVTIEAO KAl KPATAEL THV UI-
6Aouny Aiota.

5. Anpioupyei éva avukeipevo sklearn.pipeline Pipeline object pe tnv Aiota nou
TOpa neplExel povo Pripata npo-enciepyaociag.

6. Encgepyaletal to ouvodo cdopivev kavoviag xpnon tov pedodov transform

xat fit_transform (2.1.1) tou avukepévou Pipeline tou sklearn.

7. Anpoupyei £éva Transformer Artifact (4.4.1.3) kat 10 opilel wg £§080 ToU Prjpatog
XPNoponowviag tnyv ouvaptnon _link_output_artifacts.
8. Emiotpépet to enefepyaopévo ouvodo Sedopivav yia to enopevo Bripa tng Pong

Awapop@nong.

4.3.3 To Brpa TrainSKLearnEstimator

e autv Vv unoevotnta, da ekBéooupe kat 9a e§nyroouiie 1ov pnxaviopo rou vAorotet
10 Bypa TrainSKLearnEstimator. Tevikd, n n€Yodog do_run tou Brjpatog akodoubel v i61a
AoyiKY] P& v do_run 1ou nponyoupevou Prjpatog. ®a reptypdyoupe nog to Pnpa Train-
SKLearnEstimator &taBadel tnv Siapopdpmor) §10XETeuong Iou 8EXETal WG £10060, KATAOKeUALEL
1O POVTEAO IOV IEPLYPAPEL 1] H1aP0p PO Kat Uotepa eKITAISeVEL TO POVIEAO TTAVE OTO Ites-
EPYAOEVO OoUVOAO Hedopévav exkmaibeuong mou dnuiovupynoe 10 mponyoupevo Prpa. Ag

Soupe tov 0p1opo kKAAong Kat tov kwdika tng pebodou do_run:

Listing 4.20: O optop6g kAdaong kat ot faoikég péedodot tou Brjpatog TrainSKLearnEstimator

1 class TrainSKLearnEstimator(PatchMaskedInputsMixin, Step):

2 """Train a SKLearn estimator from an AutoML configuration.
S

4 Ins:

5 configuration:

6 X_processed:

7 dataset:

8 kale_dataset_id_local:

9

10 Outs:

11 model: Trained model

12 kale_model_id: MLMD artifact ID of the trained model
13

14 MLMD Inputs:

15 kale.Configuration

16

17 MLMD Outputs:

18 kale.Model

19 R
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20 name = "train-sklearn-estimator"

21 outs = Param.odict(["model", "kale_model_id"], step_name=name)

22

23 def _link_input_artifact(self, kale_dataset_id):

24 mlmd = mlmdutils.get_mlmd_instance()

25 mlmd.link_artifact_as_input(kale_dataset_id)

26

27 def _link_output_artifacts(self, model):

28 from kale.common.artifacts import Model

29

30 mlmd = mlmdutils.get_mlmd_instance()

31 self.vars["kale_model_artifact"] = Model(

32 model, context_name=self.name).submit_artifact()

33 mlmd.link_artifact_as_output(self.vars["kale_model_artifact"].id)
34

B) def do_run(self, configuration, x_processed, dataset,

36 kale_dataset_id_local, masked_inputs):

37 """Implementation of TrainSKLearnEstimator."""

38 import json

39 from kale.ml import utils

40

41 self._link_input_artifact(kale_dataset_id_local)

42

43 configuration = utils.patch_configuration(configuration,

44 json.loads(masked_inputs),
45 coerce=True)

46 self.vars["model"] = utils.get_sklearn_steps_list(configuration)[-1][1]
47

48 # NOTE: The ‘model’ variable is important, because we use this very
49 # same marshalled model to also start KFServing servers, which expects
50 # to find ‘model.joblib‘ files.

51 self.vars["model"].fit(x_processed, dataset.targets)

52

53 self._link_output_artifacts(self.vars["model"])

54 return self.vars["model"], self.vars["kale_model_artifact"].id

4.3.4 To Bnpa InferSKLearnPredictor

Ye aut) v uno-evotnta da ekBEooupie kat 9a mePLypAYWOoULE TOV PIXAVIOHO ITOU UAOTITotel
10 Pnua InferSKLearnPredictor. Zuvonuikd, n pédodog do_run tou Pripatog autou SiaBadet
10 eRA1deUpEVo POVIEADO TIOU HExetal @G €i00do aro to mponyoupevo Pripa, Kat votepa
€AEYXEL TO POVIEAO TIAVR OTO ereepyacpiévo ouvolo Sedopévav e§€taong mou dnpioupynoe

10 Pripa RunSKLearnTransformer. Ag 6ei§oupe tov oplopo kAdong kat tig kupteg peboddoug
10U Pripartog:

Listing 4.21: O opilopdg kKAdong Kat ot Kupteg pédodot tou Pripatog InferSKLearnPredictor

1 class InferSKLearnPredictor(Step):



4.3 Ot Pogg Alapopemong

"""Run predictions on a trained model.

Ins:
model
X_test_processed
metric
dataset
task
kale_model_id

kale_dataset_id_local

MLMD Inputs:
kale.Model

kale.Dataset

MLMD Outputs:
kale.TensorboardLogs
name = "infer-sklearn-predictor"

has_metrics = True

def _link_input_artifacts(self, kale_dataset_id, kale_model_id):
mlmd = mlmdutils.get_mlmd_instance()
mlmd.link_artifact_as_input(kale_dataset_id)

mlmd.link_artifact_as_input(kale_model_id)

def _update_model_artifact(self, kale_model_id, metric_name, metric_value):
mlmd = mlmdutils.get_mlmd_instance()
model = mlmdutils.get_artifact_by_id(kale_model_id)
model_metrics = json.loads(model.properties["metrics"].string_value)

model_metrics.update({metric_name: metric_value})

model_name = model.properties["name"].string_value
class_name = model_name.split("/")[-1]

new_name = "%s/%s" % (mlmd.name or "", class_name)

mlmdutils.patch_artifact_properties(kale_model_id,
"name": new_name,

"metrics": model_metrics})
def _produce_report(self, task, dataset, model):
from kale.ml import visualizations
from tensorboardX import SummaryWriter

log.info(’Logging report to Tensorboard...’)

viz = visualizations.SklearnVisualizer(task=task, dataset=dataset,

model=model.choice.estimator,
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def

def

is_fitted=True)
report = viz.plot_report()
writer = SummaryWriter(log_dir="1logs/experiment")
for name, figure in report.items():
writer.add_figure(name, figure)
log.info("Successfully logged report to Tensorboard")
self.vars["tb_logs_dir"] = os.path.realpath("logs")

_log_tb_logs_artifact(self):

from kale.common.artifacts import TensorboardLogs

rok_version = self.vars.get("autosnapshot_end")
uri = self.vars["tb_logs_dir"]
if os.path.exists(uri) and rok_version:
uri = rokutils.get_uri_in_version(rok_version,
self.vars["tb_logs_dir"])
tb_logs = TensorboardLogs(name=self.name)
tb_logs.artifact_uri =uri

tb_logs_artifact = tb_logs.submit_artifact()

mlmd = mlmdutils.get_mlmd_instance()

mlmd.link_artifact_as_output(tb_logs_artifact.id)

do_run(self, model, x_processed, x_test_processed, metric, dataset,
task, kale_model_id, kale_dataset_id_local):

"""Implementation of InferSKLearnPredictor."""

import autosklearn.metrics as metrics

from kale.sdk.logging import log_metric

from kale.ml.utils import extract_task_type

self._link_input_artifacts(kale_dataset_id_local, kale_model_id)

predictions = model.predict(x_test processed))

task_type = extract_task_type(dataset.targets_test, task)

# ‘‘calculate_score’’ returns negative values if "lower is better" for
# the given metric. For this reason, we will get the absolute number
# of the result.
metric_value = abs(metrics.calculate_score(dataset.targets_test,
predictions, task_type,
metric))

’

log.info("Metric ’%s’: %s", metric.name, metric_value)

log_metric(metric.name, metric_value)

self._update_model_artifact(kale_model_id, metric.name, metric_value)
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4.4 H Tevealoyia MLMD xkat n IIapakoloud9non Katdotaong

tov IIetpapatov AutoML tou Kale

Katd v 6idpketa tng avarrtugng g diepyaociag AutoML tou Kale, 9éAape va Snpioupyr)-
oOUPE Pla arnd-AaKpn-oe-akpn yeveadoyia v nepapdtev AutoML. O teAdkdg otoX0g ftav
va EMIPEYOULLE OTOV XP1)0Tr, TTOU KAAEL TV ouvaptnon run_automl, va BAenet pia oAOKAnpen

niepiAnyn tou dnuoupynuévou nepapatog AutoML. H nmepiAnyn autr) nepikAeiet:
¢ TV Kkatdotaon tou Evopxnotpoty AutoML
¢ TNV Katdotaoyn tOv Poov Atapéppwong

¢ Tnv Kataotaon tou neipapatog Katib ouv nepimtoon mou napéxetatl éva avukei-

pevo e1006dou tuner otnv ouvaptnon run_automl

Eixape g 0t0x0 va Pmmopoupe va €X0UlE MOITTeia OA®V T@V IAPATIAVE®, A0 [11d KANor
ouvaptnong run_automl mou tng rapexetat o ID tng dioxétevong tou Evopxnotpetr Au-
toML.

Anpoupyoviag pua yeveadoyia oto MLMD, katagépapie va mapakoAoubrjooupie tnv
Katdotaorn oAdkAnpou tou nelpapatog AutoML, Eexivoviag ard to ID tou Evopynotpot)
AutoML.

4.4.1 Artifacts tou Kale

Ye autfv v evotnua Ya edetacoupe toug Srapopetikoug turoug aro Artifacts mou
dnpoupyet 1o Kale wote va dwatnprioet pia yeveadoyia MLMD yia 0An v Siapkela evog
nielpapatog AutoML.

INa va pnopoupe va unoBAaAAoupe KAl va avave®voupe d1apopetikav e16ov MLMD Ar-
tifacts, dnuoupyroape 1o dopootoixeio kale.common.artifacts 1o oroio meplEXEl OP1IOPOUG
KAdoewVv yia 6Aa ta Artifacts mou 9a xpeiactoupe. @a ekBEocoupe autég T KAAOEIS OTIG

arkO0AouBeg UTTOEVOTITEG.

4.4.1.1 H Baowkn KAdaon MLMDArtifact

Autn eival n Baoikn KAdon yua avukeipeva mou uriofdaAdoviatl oty Baon tou MLMD.
‘AAAeg KAAOELG TTOU avtiototXouv o Artifacts tou MLMD kat 1oV OToi®Vv Ta aVIIKETEVA TIPETTEL

va urtoBAnSouv oto MLMD, mipéret va KAnpovopuouv arod autr) TV KAAoT Katl TIPETEL va:

1. éxouv yvepiopata artifact_type_name kau artifact_property_types

2. uldormnolouv Tig akoAoudeg 1810tntTeg: artifact_properties rau artifact_custom_-
properties
3. éxouv €va yvapiopa artifact_uri, mou 9a £xet Tipn Kata tnv Siaprela Tou Xpo-

VOuU eKTEAEONG

4. vdomolouv tnv pédodo submit_artifact
Listing 4.22: H Baowr) kAacn MLMDArtifact mou xpnowponoteitat yia v urtofoAn Artifacts
oto MLMD
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class MLMDArtifact(abc.ABC):

"""A base class for objects submittable in MLMD,

Other classes that correspond to MLMD Artifacts and that expect their instances to be

submitted in MLMD should subclass this class.

Example:

>>> class MyClass(MLMDArtifact):

artifact_type_name = "kale.MyClass"
artifact_property_types = {"propl": metadata_store_pb2.STRING,
"prop2": metadata_store_pb2.INT}

@property
def artifact_properties(self):
propl = metadata_store_pb2.Value(
string_value=self.get_propl())
prop2 = metadata_store_pb2.Value(
int_value=self.compute_prop2())

return {"propl": propl, "prop2": prop2}

@property
def artifact_custom_properties(self):
custom_prop = metadata_store_pb2.Value(
string_value="custom_value")

return {"custom_prop": custom_prop}

>>> instance = MyClass()
>>> instance.artifact uri = "gs://bucket/path/to/blob"

>>> artifact = instance.submit_artifact()

For more information on available property types, see
https://github.com/google/ml-metadata/blob/v0.29.0/ml_metadata/proto/metadata_store.
proto#L74-181

Attributes:
artifact_type_name (str): The name of the ArtifactType
artifact_property_types (dict): The mapping of property names and their
MLMD types
artifact_uri (str): The URI of the Artifact

artifact_type_name: str = "kale.Artifact"
artifact_property_types: Dict = None

artifact_uri: str = None

@property
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@abc.abstractmethod
def artifact_properties(self) -> Dict[str, metadata_store_pb2.value]:
"""Get the properties of the Artifact."""

pass

@property
def artifact_custom_properties(self) -> Dict[str,
metadata_store_pb2.Value]:
"""Get the custom properties of the Artifact."""

return {}

def as_artifact(self) -> metadata_store_pb2.Artifact:

"""Get the Artifact instance corresponding to this object.

Compose the Artifact instance based on all the information

held/computed by the object itself.

Returns:
metadata_store_pb2.Artifact: The generated Artifact

from ml_metadata.proto.metadata_store_pb2 import Artifact

log.info("Creating ArtifactType '%s’...", self.artifact_type_name)
artifact_type = mlmdutils.get or_create_ artifact_type(
type_name=self.artifact_type_name,
properties=self.artifact_property_types)
log.info("ArtifactType ’%s’ has ID %d", self.artifact_type_name,
artifact_type.id)

custom_properties = self.artifact_custom_properties.copy()
if hasattr(self, "_mlmd_list_index"):
custom_properties["list_index"] = metadata_store_pb2.Value(

int_value=self._mlmd_list_index)

return Artifact(uri=self.artifact_uri or "",
type_id=artifact_type.id,
properties=self.artifact_properties,

custom_properties=custom_properties)

def submit_artifact(self) -> metadata_store_pb2.Artifact:
"""Suybmit self to ML Metadata.

Returns:

metadata_store_pb2.Artifact: The submitted Artifact

artifact = self.as_artifact()

log.info("Creating ’'%s’ Artifact...", self.artifact_type_name)
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95 artifact.id = mlmdutils.put_artifact(artifact)

96 log.info("Successfully created ’%s’ Artifact with ID %d",

97 self.artifact_type_name, artifact.id)

98 return artifact

99

100 def assign_list_index(self, list_index: int):

101 """Assign the artifact to a list of artifacts of the same type.

102

103 In a MLMD context, if some artifacts of type X is part of a list, then
104 all the artifacts of the same type belonging to the same context must
105 be part of the same of list (i.e. must have called

106 ‘‘assign_list_index‘")

107

108 Args:

109 list_index (int): The position of the artifact in the list

110 e

111 self._mlmd_list_index = list_index

4.4.1.2 To Artifact AutoMLConfiguration

'Evag ano toug otdxoug pag, oXETKA pe ty yeveadoyia MLMD tou nielpapatog AutoML,
fTav va £€XoUe v SuvatdtnIa va avaKtoUpe MANPOPOPIES OXETIKESG HIE TIG TIPOTEIVOLIEVES O1-
apopdaoelg Hoxereuong mou rapayet to auto-sklearn. ITio avadutikd, 9édape va priopoupe
va AapBavoupe autrv v mAnpogopia xpnotpornowwviag arid to ID tou Evopxnotpetr] Au-
toML.

I'a va 1o vdorowrjooulie auto, aropaaciocapie 61l 6tav 1o Prpa get-metalearning-configuration
tou Evopyxnotpetr) ekteAeital, npérnet va dnuoupyet AutoMLConfiguration Artifacts (sub-
section 4.2.2). Auto 10 Brjpa erniong opilel autd ta Artifacts wg e§660ug tou. Autd cupbBaivet
unoBdAAoviag MLMD Events (2.6) rou opidouv o1l ta AutoMLConfiguration Artifacts sivat
£€o601 tou Execution rou avuotoxel oto Pripa get-metalearning-configuration.

Autd ta AutoMLConfiguration Artifacts £€xouv pia kUpta 1816tta ou ovopddetat model -
data. Ipw n péSodog do_run tou Prjpatog GetMetalLearningConfigurations unio8aAAet éva
AutoMLConfiguration Artifact oto MLMD, "yepiel" auvt)v v domta (4.2.2.4) pe éva

A€k mou mepiExet:

1. To évopa TG APXITEKTOVIKNG TOU HOVTIEAOU TNG avtiotolxng Stapdppwong 61o-

Xéteuong.
2. Ta ovopata Kat Tig TIPEG TOV NAPARETPRV TOU POVIEAOU.
O axkolouBog KOd1KAG MEPIEXEL TOV OPIOPO NG KAAOTG, Ta yveplopata Kat 11§ pebodoug
tou AutoMLConfiguration:

Listing 4.23: H xAdon AutoMLConfiguration mou xpnowornoteitat yla dnpiovpyia Kat ur-

080Ar) Artifacts rou avtiotoixouv o SrapopPpwoelg S10xEteuong

1 class AutoMLConfiguration(MLMDArtifact):
2 """An AutoML configuration Artifact."""

3 artifact_type_name = "kale.AutoMLConfiguration"
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4 artifact_property_types = {"model data": metadata_store_pb2.STRING}
5)
6 def __init__(self, config_summary: Dict, run_id: str, estimator_name: str):
7 self.config_summary = config_summary
8 self.run_id = run_id
9 self.estimator_name = estimator_name
10
11 @property
12 def artifact_properties(self) -> Dict[str, metadata_store_pb2.value]:
13 """Get kale.AutoMLConfiguration Artifact properties."""
14 model_data = metadata_store_pb2.Value(
15 string_value=json.dumps(self.config_summary))
16 return {"model_data": model_data}
17
18 @property
19 def artifact_custom_properties(self):
20 """Get kale.AutoMLConfiguration Artifact custom properties."""
21 run_id_prop = metadata_store_pb2.Value(string_value=self.run_id)
22 name_prop = metadata_store_pb2.Value(string_value=self.estimator_name)
23 return {"run_id": run_id_prop,
24 "name": name_prop}

4.4.1.3 ‘AAAa Artifacts

To Kale emtiong dnuioupyel kat avavegpvel éva mAr9og and adAla MLMD Artifacts, kade
€éva aro ta oroia avuotolxel og pla ouykekplpevn "oviotnta' g Siepyaoiag AutoML tou
Kale. E@doov 6ev Sa eotidooupe Kupimwg oe autd oe authv v SimAepartikin epyaocia, Sa

ek9¢ooupe ouviopa autd ta Artifacts kat tov okono toug, otnv akoAoudn Alota:

e Dataset: 'Eva Artifact yia mapaxkoAou9non tng katdotaong tou cuvolou Sedopevev
HNXavikng padnong.
e Model: 'Eva Artifact yia amo9rkeuon tou eKmatdeupévou POVIEAOU TTOU MApAyETAl

Katd 10 Brjpa train-sklearn-estimator (4.3.3) pag Porg Alapoppaong.

e Transformer: 'Eva Artifact yia amoSrkeuon tou pre-processor mou napdayestat Katd

10 Brpa run-sklearn-transformer (4.3.2) pag Porjg Alapépgaong.

4.4.2 To Avuxkeipevo AutoMLExperiment

Auto 10 avuikeipevo eival 1o KUplo gpyaldeio yla v rapakoAoudnon tng Katdotaong
Kat mg £&EA8NG tou netpapatog AutoML. Asbopévou tou ID tou Evopxnotpetr) AutoML, éva
avukeipevo AutoMLExperiment @£pvel KAl ATEIKOVI{EL OAeg TIG TTANPOPOPIEG TIOU ERPPATOUV
Vv Katdaotaon g dtadikaciag AutoML.

[Mapakdie® napabitoupe TOV KOGIKA TOU TIEPIEXEL TOV OP1O0 KAAoNg Kat tnv pédodo-

KATAOKEUAOTH) ToU avulkelpévou AutoMLExperiment:

Listing 4.24: H xAdon AutoMLExperiment

1 class AutoMLExperiment():
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"""A status tracker for the AutoML process."""
def __init__(self, run_id: str):
self.automl_orchestrator_run_id = run_id
try:
kfputils.get_run(run_id)
except ApiException as e:
if e.status == 404:

raise ValueError("Invalid run ID: ’%s’. The run ID you"
" provided does not correspond to a KFP run."
% run_id)

raise RuntimeError("Failed to retrieve KFP run with ID ’'%s’: %s"

% (run_id, str(e)))

self.mlmd_client = mlmdutils.get_client()
self.context_type_name = "KfpRun"
self.context_name = mlmdutils.get_context_name_from_run_id(

self.automl_orchestrator_run_id)
self.context = None
self.automl_configuration_artifacts =[]

self.automl_configuration_run_ids =[]

self._update_all_info()

H pé9odog-kataokeuaotrg g kKAdong AutoMLExperiment apX1KOmolel éva avikeipevo

e povo to ID tou Evopyxnotpwtn AutoML g cicobo. INapakdte @aiverat n Aiota pe ta

yvopiopata evog avukeipévou AutoMLExperiment:

automl orchestrator run_id (str)

context_type_name (str)

context name (str)

mlmd_client (ml_metadata.MetadataStore)

context (ml_metadata.proto.metadata_store_pb2.Context)
automl_configuration_artifacts (list)

automl_configuration_run_ids (list)

IMa va mAnpo@opr|oel TOV XP1)oTr OXETIKA HE TNV KAtaotaor Tou nelpapatog AutoML, éva

avuikeipevo AutoMLExperiment rapéxel 6Uo Paoikég pedodoug dieragpng:

1.

summary: Evnuepovel tov Xprjotn oXetkaA 1€ tv Katdotaon tou Evopxnotpetr) Au-

toML kat tov Poov Alapoppnong, Kat yia ta oKop HEIPIKNG Kade piag aro tg Poég

Aapoppaong.

. list_configurations: Evnuepovel tov xprjotn oxetkd pe v apXlteKTIOVIKL] TOU HOV-

TEAOU KAl TV TTAPAPETPROV TG KAde S1apopprong 510xET1euong rmou mpoteivet 1o auto-

sklearn.
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[Mapaxkdt®, 9a 6kooupe pia Imo Aemiopepn] ekova v SUo autev pedodov dienmagng.
AM\d mipv 10 KAvoupe autd, Sa ekBEéooupe v Asttoupyikotnta piag moAuv xprnowng pebo-

bou, ou ovopadetal _update_all_info:

Listing 4.25: H Bondnukn pédodog _update_all_info tng kAaong AutoMLExperiment

2 def _update_all_info(self):
3 self.context = None
4 self.automl_configuration_artifacts =[]
5 self.automl_configuration_run_ids =[]
6
7 self.context = self.mlmd_client.get_context_by_type_and_name(
8 type_name=self.context_type_name, context_name=self.context_name)
9
10 if not self.context:
11 return
12
13 if "configuration_runs" in self.context.custom_properties:
14 config_run_ids_str = self.context.custom_properties|
15 "configuration_runs"].string_value
16 self.automl_configuration_run_ids = json.loads(config_run_ids_str)
17
18 self.automl_configuration_artifacts = (
19 mlmdutils.get_artifacts_by context and_type(
20 context_id=self.context.id,
21 type_name=AutoMLConfiguration.artifact_type_name,
22 sorted=True))

Autr) 1 1€9060g pEpvel OAEG TIG TANPOPOPIES TTOU £ivatl OXETIKEG Pe v Siepyaoia AutoML.
Autd Bondd owv cuvoxn avapeoa oe 0AeV TV £18®V TG TANPOEPOPIEG TIOU A@OPOUV TNV
diepyaoia. [To avaduuka, avtr) n pédodog avaktd:

e to MLMD Context tou Evopxnotpwti) AutoML

e ta AutoMLConfiguration Artifacts

¢ ta IDs twv Poov Atapéppnong

4.4.2.1 H M:Sodbog list_configurations

Autr| n pédodog Slenagng ekYETel MANPOPOPIEG OXETIKES 1IE TIG APYITEKTOVIKEG HOVIEADV
TV TMPOTEIVOPEVRV H1apopProe®V S10XETeUoNg. AUTO TO Kata@Eépvel Kaiwviag v peédodo
_update_all_info rou nieptypayape vopitepa, £tot ®ote va ouddeget 0Aa ta AutoMLConfigura-
tion Artifacts (4.4.1.2) mou dnuoupyr9nkav katd 1o Bripa get-metalearning-configurations
4.2.2).

Ag 6oupe tov kd1ka g peBodou list_configurations:
Listing 4.26: H pédobog list_configurations

1 def list_configurations(self):

2 """Show information about the suggested model configurations."""
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self._update_all_infol()
if not self.automl_configuration_artifacts:
print("There are no configurations yet...\n")

return

0 N O O s~ W

ml.utils.print_suggested models(self.automl_configuration_ artifacts)

'Oneg propoupe va doupe ano tov Kodika 1mou ekdeoape napanave, 1 list_configura-
tions Tunwvel 0Aeg TS TIANPOPOPIEG TIOU £ival OXETIKEG HE TA POVIEAA TV S1ap0pPOoE®V
dloxeteuong xpnotponowwviag v Bonbnuiki ouvaptnon print_suggested_models tou 6o-
pootoixeiou ml utils:

Listing 4.27: H Pondnuxkn ouvdptnon print_suggested_models and 1o Sopootoixeio
kkale.ml. utils

—

def print_suggested_models(artifacts: List[Artifact]):

2 “""Print suggested models given an MLMD artifacts list."""
3 for idx, artifact in enumerate(artifacts, start=1):
4 print("Configuration", idx)
5 model_dict = json.loads(artifact.properties["model_data"].string_value)
6
7 if "name" not in model_dict:
8 raise RuntimeError("AutoMLConfiguration Artifact for"
9 " Configuration%d doesn’t provide a name for"
10 " the estimator." % idx)
11 print("Estimator:", model_dict["name"])
12
13 if "parameters" not in model_dict:
14 raise RuntimeError("AutoMLConfiguration Artifact for"
115 " Configuration%d doesn’t provide any"
16 " parameters." % idx)
17 print("Parameters:")
18
19 for param in model_dict["parameters"]:
20 print(" %s: %s" % (param, model_dict["parameters"][param]))
21 print("\n")

H axoAoudn sikova eival éva apadetypa tou niwg 1 pédodog list_configurations turnovet
0A&g TIG TIANPOPOPIEG TTOU £ival OXETIKEG € TA POVIEAA T®V dlapopproewv dlox€teuong otav

Vv Kadoupe oto KeAl evog Jupyter Notebook.

4.4.2.2 H MéS0dog summary

H 1pédodog summary eivatl n kupla pédodog diermapng tng kKAdong AutoMLExperiment
ou bivel tv duvatotnta otov Xpr oty va tapakoAoudroet tv Kataotaon tou Evopynotpotr)
AutoML kat 1@v Podv Alapoppnong, Kadmg £miong Kal 1oV OKOp HEIPIKNG rmou kade Por
AMapopenong rapdyet.

[TpOKEWIEVOU VA AVAKINOEL AUTEG TG TANPOopopieg, 1 pEdodog summary xpeiadetat va

avaxktoet ta ID tov §ioxetevoemv rmou ouppetexouv otnv diepyacia AutoML tou Kale. 'Exet
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1nén anoktjoet 1o ID tou Evopynotpwtr) AutoML (xapaktnpiouko automl _orchestrator_run_-

id). Enopéveg, ya va avaktrjoet ta IDs tov Poov Alapopowong, n pédodog summary kalet

[18]: automl experiment.list configurations()

Configuration 1

Estimator: lda

Parameters:
shrinkage: manual
tol: ©.8829112721339713465
shrinkage_factor: ©.117786317087605758

Configuration 2
Estimator: libswvm swvc
Parameters:
C: B68.68833575985336
gamma: 8.83985868757955671
kernel: rbf
max_iter: -1
shrinking: False
tol: ©.82846559747114773

Configuration 3
Estimator: lda
Parameters:
shrinkage: None
tol: ©.89578561577875573

Configuration 4
Estimator: libswm_swc
Farameters:
C: 13.284@7738989093%
gamma: B8.9060908541898536
kernel: poly
max_iter: -1
shrinking: False
tol: ©.86323853917286591

Figure 4.3: INapaberyua g e€6dou e uedodou list_configurations

Vv Bondnukr pédodo _update_all_info tng kAdong AutoMLExperiment.

—

S © ® N O O b~ W N

—
N o~

Listing 4.28: H pé¢9060g dienapng summary ng kAaong AutoMLExperiment

def summary(self):
"""Show a summary of the AutoML process."""
# Retrieve the current status of the AutoML Orchestrator.
try:
status = kfputils.get_run(
self.automl_orchestrator_run_id).run.status
except ApiException as e:
if e.status == 404:
raise ValueError("Invalid run ID: '%s’. The run ID you"
" provided does not correspond to a KFP run."
% self.automl_orchestrator_run_id)

raise RuntimeError("Failed to retrieve KFP run with ID ’%s’: %s"
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13
14
15
16
17
18
19
20
21
29
23
24
25
26

% (self.automl_orchestrator_run_id, str(e)))
if not status:
print("The AutoML orchestrator has not started yet...")
return

print("AutoML orchestrator status: %s\n" % status)

self._update_all_info()
if not self.automl_configuration_artifacts:
print("There are no configurations yet...\n")

return

self._print_configuration_run_status_counts()
if self.automl_configuration_run_ids:

self._print_summary_table()

'Onwg eivatl @avepd aro 10 apAndave Koppdtt kodika, n pédodog summary TUnovet,

OE1P1aKA, TE00EP1S S1APOPETIKOUG TUTIOUG TTANPOPOPiag

. Tnv xatdaotaon tou Evopxnotpwty AutoML
. 'Eva petpnty] tov Podv Alapop@aong mou £€X0UV §EKLVI|OEL TV EKTEAECT TOUG

. 'Evav niivaka HTML nou petpast tov apidpo tav Poov Alapép@norng rnou £Xouv

KAmola OUYRERPLPEVY Katdotaorn. [a v vdornoinon autoy, n pédodog summary
Xpnotporotet pia adAn pédodo ng xkAdaong AutoMLExperiment, 1 oroia ovopdadetat

called _print_configuration_run_status_counts:

Listing 4.29: H pé90bog _print_configuration_run_status_counts tng kAdong AutoMLExper-

iment

1 def _print_configuration_run_status_counts(self):
2 """Print the status of each Configuration Run."""
S # Initially, print the number of started runs,
4 # out of all the suggested Configurations.
B num_of_configs = len(self.automl_configuration_artifacts)
6 num_of_config_runs = len(self.automl_configuration_run_ids)
7
8 print("%d/%d Configuration runs have started.\n"
9 % (num_of_config_runs, num_of_configs))
10
11 # Then, print a table that shows how many runs
12 # are currently "Running", "Failed", "Succeeded" etc...
13 status_counts = {"Running": O}
14 for status in kfputils.KFP_RUN_FINAL_STATES:
15 status_counts[status] = 0
16
17 for run_id in self.automl_configuration_run_ids:
18 try:
19 status = kfputils.get_run(run_id).run.status
20 except ApiException as e:
21 if e.status == 404:
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22 raise ValueError("Invalid run ID: ’'%s’."
23 " The run ID you"

24 " provided does not"

25 " correspond to a KFP"
26 * run." % run_id)

27 raise RuntimeError("Failed to retrieve KFP run"
28 " with ID "%s’:"

29 " %s" % (run_id, str(e)))

30

31 if status not in status_counts:

32 status_counts[status] = 0O

33 status_counts[status] += 1

34

35 headers = ["Status", "Count"]

36

37 if utils.is_ipython():

38 # If we are running in a Jupyter Notebook we display
39 # the table in HTML format.

40 from IPython.core.display import display, HTML
41 table = tabulate.tabulate(

42 tabular_data=list(status_counts.items()),

43 headers=headers,

44 tablefmt="html")

45 display(HTML(table))

46 else:

47 table = tabulate.tabulate(

48 tabular_data=list(status_counts.items()),

49 headers=headers)

50 print(table)

51 print("\n")

Aut) 1 p€9060g apyikda turevel tov apidpo v Powv Atapidppoong rmou €Xouv SeKivr)-
OE1 TNV EKTEAEOT) TOUG, ATIO OAEG TIG TIPOTEIVOPEVEG Slapoppwoelg Sloxeteuong. Yotepa,
TUTIOVEL €vav TIivaka 1ou deiyvel mooeg aro autég tg Poég Alapodppwong £xouv pia
OUYKeKPEVH Katdotaor, onwg ya napdadeiypa: Running, Failed 1) Succeeded.
'Onwg kat n run_automl() (4.1), autt) n pédodog eivatl priaypévn emiong yla va extelet-
tat péoa oe éva Jupyter Notebook, oe riepiBaddov evog Jupyter Server tou Kubeflow
(2.4.2). Av auto oupBaivet, 16te 0 Trivaxkag tunewvetal oe poper) HTML, xprotponotov-
1ag 1o Sopootoxeio IPython.core.display [32]. AAM®G, TUMIOVETAL OE POPEPL] ATTAOU

KePEVOU, Xpnopornoieviag to maketo tabulate [33] tng Python.

. 'Evav nivara oUvoyng nou nepléXel TV KATACTACH KAl Ta OKOP HETPLKAG KGde
puag Porng Awapdpgaong. Ia va to ulonoijoel autd, 1 SWnmMary XProtpornotet
AaAAn pua pédobo tng kKAdong AutoMLExperiment, rou ovopddetal _print_summary._-
table. To axkoloudo koppdtt kOdka Oeiyxvel Tov KOdKA g Pondnukhg pedodou

_print_summary_table:

Listing 4.30: H pédSobog _print_summary_table tng kAdong AutoMLExperiment
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1 def _print_summary_table(self):

2 """Print a summary table for the configuration runs."""

3 tabular_data =[]

4

5 # This will be the header of the metrics column. When the first
6 # (metric_name, score) pair is received for a configuration run,
7 # the header will be changed to "Metric (<metric_name>)".

8 metric_header = "Metric"

9

10 for i, run_id in enumerate(self.automl_configuration_run_ids):

11 # Get the status of the configuration run that has started.
12 try:

13 status = kfputils.get_run(run_id).run.status

14 except ApiException as e:

15 if e.status == 404:

16 raise ValueError("Invalid run ID: ’%s’."

17 " The run ID you"

18 " provided does not"

19 " correspond to a KFP"
20 " run." % run_id)
21 raise RuntimeError("Failed to retrieve KFP run"
22 " with ID ’%s’:"
23 " %s" % (run_id, str(e)))
24 metric ="-"
25
26 # Get the MLMD Context of the configuration run, if exists.
27 context_name = mlmdutils.get_context_name_from_run_id(run_id)
28 context = self.mlmd_client.get_context_by_type_and_name(
29 type_name=mlmdutils.RUN_CONTEXT_TYPE_NAME,
30 context_name=context_name)
31
32 if not context:
38 tabular_data.append([i + 1, run_id, status, metric])
34 continue
35
36 # The Model’s ArtifactType may not exist yet and be created
37 # during this AutoML experiment.
38 try:
39 artifacts =\
40 mlmdutils.get_artifacts_by_context_and_type(
41 context_id=context.id,
42 type_name=Model.artifact_type_name)
43 except NotFoundError:
44 artifacts =[]
45
46 if not artifacts:
47 tabular_data.append([i + 1, run_id, status, metric])
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48
49
50
Bl
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94

continue

metric_dict = json.loads(
artifacts[O].properties["metrics"].string_value)
if not metric_dict:
tabular_data.append([i + 1, run_id, status, metric])

continue

metric_name = list(metric_dict.keys())[O]
metric = metric_dict[metric_name]

tabular_data.append([i + 1, run_id, status, metric])

# Change the header of the Metric column to also include the
# name of the metric.

metric_header = "Metric (%s)" % metric_name

headers = ["#", "KFP Run", "Status", metric_header]

client = kfputils._get_kfp_client()

# If we are running in a Jupyter Notebook we can turn
# the displayed Run IDs into clickable links.
if utils.is_ipython():

from IPython.core.display import display, HTML

# Get the table in HTML format.

table = tabulate.tabulate(tabular_data=tabular_data,
headers=headers
tablefmt="html")

# Replace each configuration run ID string with HTML code that
# links to the KFP UI.
for run_id in self.automl_configuration_run_ids

link = ("%s/#/runs/details/%s" %

(client._get_url_prefix(), run_id))

html = ('<a href="%s" target="_blank">%s</a>’
% (link, run_id))

table = table.replace(run_id, html)

display(HTML(table))
else:
# Get the table in regular format.
table = tabulate.tabulate(tabular_data=tabular_data,
headers=headers)
print(table)
print("\n")
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Autr) n pé9odog Tuniwvet évav mivaka mou detyvel tov apBpodeikn, 1o ID, v katdo-
TA01 KAl T0 OKOP PETPIKAG Yia kKa9e Por) Atapdppwong. Opoiwg pe v nepintoon g
_print_configuration_run_status_counts(), av n _print_summary_table() exteAeital oe
Jupyter Notebook, péoa oe iepiBadAov Jupyter Server tou Kubeflow, tote o mivakag
tnovetat oe poper) HTML, ypnowornowwviag to dopootorxeio IPython.core.display
[32].

H ewkdva 4.4 eivatl éva napdadetypa tou neg 1 PESo60g summary TUnoVel Ti§ KATAOTAOELg
tou Evopynotpwtr) AutoML kat tov Poov Atapdpeeong, 0niog €miong ta 0KOp HEIPIKNG TTOU

ka9e Por) Atapoppwong napayet.

automl_experiment.summary()

AutoML orchestrator status: Running

4/4 Configuration runs have started.

Status Count

Running 2
Succeeded 2
Skipped 0
Failed 0
Errar 0
# KFP Run Status Metric (accuracy)
1 9232db8b-a9d9-49d7-858a-efae9f05ccf4  Succeeded 0.9955555555555555

2 0119dd00-68c1-424d-able-Tbebdf7bbc19 Succeeded 0.9911111111111112
3 A4cfOf27f-dB8b9-4541-999f-183a82cafd27 Running -

4  0Obb6coded-772c-45¢2-9d30-8ebebl7ciech Running =

Figure 4.4: Ilapabsryua kAnong mg uedodov summary uéoa oe éva keili Jupyter Notebook

Auto mou eivatl emiong onuaviiko OXETIKA P Vv eKTéAeon g pedodou summary péoa
oe éva Jupyter Notebook, sivat to yeyovog ot ka9e ID Por|g Alapoppnong ival cuveeaiog
otnv oeAida g dienagng xpnotrn tou KFP nou avtiotowket otnv Por| Auapopewong avty. H
ewkova 4.5 deiyvel tnv oediba g dertagng xpnotn tou KFP mou epgavifetal otav kavoupe

KAIKK nave oto ripwto ID tou napadeiypatog tng eikovag 4.4.
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F
‘f.‘ Kubeflow ¥ kubeflow-user (ownen) ¥
-

Experiments » kale-automl-awikv!

¢ @ sklearn-configuration-1-p1slk-6mb16

Graph Run output Config

B simplify Graph

create-volume-1 ]
run-sklearn- (]
transformer
“-—-—..____\
train-sklearn- V]
estimator
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infer-sklearn- 0

predictor

(O Runtime execution graph. Only steps that are currently running or have already completed are shown

Figure 4.5: H oefliba g bienaeng xerjom tou KFP mou avtiotoyetl oc pia Pory Aiapopewong
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A§lo0Aoynon

e autd 10 kepalato, 9a a§loloyrjooupe v anddoon tou pnxaviopou pag kat da tov ouy-
Kpilvoupe pe v 1mo npoodatrn £kdoon tou auto-sklearn (autr ) ouypr n 0.12.7), mou
givat ) tedevtaia AéEn g texvodoyiag oto nedio twv BBA10ONKkav nelpapdtov AutoML. ITo
OUYKEKPIIEVA, HETPHOAPE TV €Mi600T TOU PNXaviopou pag kat tou auto-sklearn oe évav
ap1Bpd oAU yveotwv oet dedopévav pnxavikyg pddnong. AoKipdoape to Pnxaviopo pag
oe Oet 6eBoPéveV TIOU XPNOoTIoIolouUvIal yia epyaocieg 16co maAwvdpounong, 000 Kat tag-
wOHNong, Kat ta oroia nokidAAouv oe pgyebog.

IMa wmv adloAdynon Ttou pnxaviopou pag, oUYKPOnKape pe 10 pnxaviopo tou auto-
sklearn t600 pe 600 KAl XWPIiG TO PNXAVIOHO KATACKEUNG EVOHEVOV POVIEAGYV ITOU
nieptdapBavetat oto auto-sklearn. Ta melpdparta e KATAOKEUT EVOIEVAOV LOVIEA@V, avdaloyd
e 1o ot Sedopévav, teivouv va Xpetadovial reploootePOo XPOVo yia va rapdfouv éva arnodotiko
1eMKO poviédo amnd 1o péoo rneipapa Kale-AutoML, to oroio katd tnv afloddynon pag
O)pKeoe mePirnou tplavia Aermtd KAtd PECO OPO.

Meivape euxaptotnpévol Sarmotovoviag Ot 0 PNYaviopog pag arnodidet e§alpetikd KaAd
yia 6Aa ta oet 6e60EVRV TTIOU XPTOTHOIIO|CALE, KAl OE KAMOLEG MEPLITTMOOELS O UNXAVIO-
POg pag sivat kaAutepog and to auto-sklearn rat pe Kat XWPig TNV KATACGKEUL EV-

WPEVAOV POVIEAWV EVEPYOITOUEVT).

5.1 EpyalAeia, MedodoAoyia rat IIepipaiAov

Extedéoape ta nelpaparda pag oe éva rieplB8aiAov Jupyter Lab piag eykatdotaong MiniKF
(2.4.5), oe éva povo kopPo oto Google Cloud Platform [34]. ITio ouykekpipéva, o KopBog
frav eorAdiopévog pe pia CPU 16 ruprjvev (Intel Xeon 2.3 GHz - Broadwell) padi pe 60
GB RAM. O Jupyter Server (2.4.2) ToU XprOtHOTIOW|OAE YA TV EKTEAEOT] TOV TEPAPATOV
pag nipoodptnoe 4 rtuprjveg g CPU padi pe GB RAM kat 4GB arnobnkeutikou Xopou ya
TO X®OPO €pyaociag, Ta OIoia CUPIEPAVALE OTL I)TAV ETMTAPKT).

H ocovuita a§iodoynoris pag arotedeitat aro 5 ermuPAendpeva oet 6edopévav padnong ta
orota ekYetoupe otov mivaxka 5.1.

Kade éva ano ta Kale-AutoML nielpapatd pag ekteAéo0nKe Xp1o1l0IoidvIag ) OuvapTtor)
pag run_automl (4.1) tou API, kat xprnowporoinoe mévie drapopdpmocig droxéteuong
(number_of _configurations=>5) eve To oAU 890 SrapopPpwoelg droxéteuong pnopovoav

va ekteAeotouv ntapdAAnAa (max_parallel configurations=2). Ilapopola, to nieipapa Katib
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Sévopa Epyacia Mnxavikiig Mdenong  Avaloyia Eknaideuong/Aokipig

MNIST (35) TagIvOUNOoN NOAANAWY KAACEWV 80/20
CIFAR-10 (36) TagivéUNoN MOAANAWY KAACEWV 80/20
GERMAN CREDIT DATA (37) Suadikn Ta§ivéunon 75/25
WINE QUALITY (38) naAivdpdunon 75/25
DIABETES (39) naAivdpdunon 75/25

Table 5.1: Ta oet debopévav mou ypnouonomdnkav yia tv allofoynon tov AutoML unyavio-
uou pag

TTOU UAOTIO1ET TO KOPPATL BEATIOTOTIONIN0NG UTTEPTIapapEéTpaV g diepyaoiag pag Kale-AutoML
EKTEAEOE MEVIE SORIPEG £ved To MOAU &Uo Soxipég Katib propovoav va extedeotouv
napdaAAnla.

Ia ta aviiotoiya mepapata auto-sklearn, ypnowporowjoape ta avukeipeva APl Au-
toSklearnClassifier kat AutoSklearnRegressor tou auto-sklearn. Ot Siapoppooeig napapErpav

€10060U 10U TIapeiyapie 0e AUTA ta aviikeipeva tapabétoviat otov rivaka 5.2.

napdperpog auto-sklearn auto-sklearn + evwpévo poviéAo
fime_left_for_this_task (sec) 2000 3000
per_run_time_limit (sec) 360 360
initial_configurations_via_metalearning 5 5

ensemble_size 0 5
ensemble_nbest 0 5
max_models_on_disc 50 50

seed 1 1

memory_limit (MB) 3072 3072

Table 5.2: Ot mapauetpor e10060v yia ta avtikeiucva AutoSklearnClassifier kair AutoSklearn-
Regressor mou ypnowonoujoaye ota nepauata uag Ue to auto-sklearn

5.2 AnoteAéopata

[Mapouoiadoupe g petpnoelg pag otov mivaka 5.3. Extedéoapie 0Aa ta melpapata ogipt-

aKdA Kat 0x1 apdAAnla oote va anoguyoupe Tuxov urnepBoAikn xpron g CPU 1 ing RAM.

fer Acdopévav Merpnnkd auto-sklearn  auto-sklearn + evapévo poviého  Kale-AutoML
MNIST akpiBela 0.885 0.942 0.95
CIFAR-10 akpiBeia 0.25 031 0.25
GERMAN CREDIT DATA akpiBela 0.776 0.78 0.78
WINE QUALITY UECO TETPAYWVICHEVO CPANIA 0.506 0.478 0.457
DIABETES UECO TETPAYWVICUEVO CPANUA 42,962 42539 42,902

Table 5.3: Ta anoteAéouara puetpkng yia oAa ta nepauara.

Meivape ikavomounpévot BAEoviag 0Tt OTig IIEPUTTHOELS TV ot dedopévav MNIST, GER-
MAN CREDIT DATA xat WINE QUALITY n Siepyaocia pag Kale-AutoML Ba®poloyeitat
efiocou 1] Kat uywpnAdtepa and to pnxaviopo tou auto-sklearn. Amodiboupe auvt 1
BeAtiwon otV evoePAT®OoT ToU Pnxaviopou pag pe to Katib, 1o ornoio exteAet feAtiotonoinon

UTEPIIAPAPETP®OV 010 101 ekmaldeupévo PoviEAo pag e v uynldodtepn PadbpoAoynon.



5.2 AnoteAéopata

Xwpig v evoopateon tou Katib, o pnxaviopog pag €xet ta id1a anoteAéopata pe to auto-
sklearn X®pig Vv TEXVIKI] KATAOKEULG EVOIEVROV HOVIEA®V.

[Tapatnpoupe o011, yia Vv NePintaon tou ot dedopévav CIFAR-10, o pnxaviopog KataoKeEUNG
EVOPEVOV POVIEA@V Tou auto-sklearn emidsikviel onpavukn PeAtioon otug Pabpoloyieg
SoKIIWV 0g OUYKPLOT TO00 1€ TOV KAVOVIKO Pnxaviopo petapadnong tou auto-sklearn oco
Kat pe tov pnxaviopd pag. To CIFAR-10 eival 1o peyaAutepo oet dedopévav otn oouvita
pag, Kat auto obrynoe oty anotuyia Iplev arno 1g nEVie S1apopPpooelg eKTeAeong oto Au-
toML meipapad pag. O Aoyog yia v amotuyia 1niav 0tt 0 KA@VOIOUEVOS AoyiKog S10K0g
Xwpou epyaociag rou npocaptnoe 1o Kale oe k&9e Pripa avtev tewv Poov Atapopdpwnong Sev
HTav eNapKAg yia va arobnKeUoe T0 MPOETeSeEPYATHEVO 0T Hebo11€vav TTou apdyxdnke ano

Karmota ano ta Brpata run-sklearn-transformer (4.3.2).
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Zupnepacpatika LxoAwa

To tagidt pag éprace oto téAog tou. Le autd 1o KedpaAalo, Ja enavadlatunmooupe 11§ CUVELD-

(POPEG Pag KAt 9a cUVoYPiooUHE TL TIPOCPEPEL 0 PnXaviopog pag. Tédog, 9a kAeiocoupe autn

Sumlepatikn epyacia ava@eépoviag Tt PEAAOVIIKO £PYO0 UIMOPEL va Yivel @ote va eprmAoutiotel

0 PNXAVIoRog Pag Kat va @TAcel 0T0 0UVOAO T®V dUVATOTTOV TOU.

6.1

Mua Avakre@aldaicoon tou Mnyaviopou pag

Yxedraocape, vdorotrjoape kat a§lodoyrjoape tov pnxaviopo AutoML tou Kale. Ag mapouota-

OOUPE Pla aVAKEPAAAI®OT] TOU TL IIPOCPEPEL Y1a AKOMA Hla QOopd:

Exxwvel mepapata AutoML oto Kubeflow e pia povo kAnon ouvaptnong tou APL

Erutpénet otoug Xpr)oteg va rmapakoloudouv v KATAoTtaon ToU MEPAPRATOg Kal TOV
HEIPIKOV ATTOTEAEOPAT®V TIOU TIAPAYEL HEO® £VOG ATTAOU aviikelEvou tou APL

AToroiel v katavepnuévn @uon tou KuPBepvrtn Kat 1o pnxaviopo evopXrotpeong
dloxetevoewv Tou Kale yia va kataveipetl ta Tpfjpiata tou mepdapatog rnov uropouv va

rtapaAAndoroinSouv.

Xpnowornotel 10 pnxaviopo petapadnong tou auto-sklearn oote va "warmstart”
diepyaoia kat 1o pnxaviopo BeAtiotonoinong vrnepriapapétpev tou Katib yia va rpooap-

pooet pe akpifela to rmo arnodoTiKo POVIEAO.

AZioroiet 1o pnxaviopo anodoong exkbooswv oe Hedopéva tou Kale yia va kavetr kade
éva eRABeUPEVO OVIEAO EUKOAA AvATTAPASIHO KAl IPOoBActio akopa Kat Petd 1o

EPAg 0AOU TOU TEIPANATOS.
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6.2 MeAdovuiko Epyo

Mrniopoupe teA1kd va KAsiooupe autn v epyacia pe TG peAAoviikeég Kateubuvoelg Epe-

uvag Tou pnxaviopou pag. Xxediddoupe va tig akoAoubrjocoupe evepyd KATA TOUG ETOPEVOUG

HIVeS 1) Xpovia.

e Emnéxtaon tou avukepévou pag API AutoMLExperiment (4.4.2) yia va rapakoAoudet
ertiong v katdotaon tou Katib Experiment. I1pog to napdv napaxkoAoudel povo v

Katdotaorn 1@V Evopynotpot) AutoML kat tov Poov Alapopeoong.

o Evoopdtoon 1ou pnxaviopou KATAoKEUNG EVOREVOV POVIEA®V Tou auto-sklearn otov

Kale-AutoML prxaviopo pag yid ty napayeyn akopd 10XUpOTEP®V TEAIK®V F1OVIEA®V.

e Enéxtaon tng kAaong Dataset (4.1.1) wote va riepidapfavet éva oet a§loddynong padi
e ta oet eknaidsuong kat Sokrg rmou 1dn mePEXeL.

e Tlapoyr otoug xprnoteg g duvatotntag va replopifouv to Xpovo ektédeong Kade Porg
Alapopepnong peowm tou run_automl API tou Kale, oniwg akpiBog oty mepintoon tou

auto-sklearn API.
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Introduction

In this first chapter, we outline the scope of our work. We provide a brief overview of
the task at hand and we illustrate the gap that there is to fill. Then, we go over the
existing approaches, highlighting their offerings and their drawbacks. Moving on, we give
a high-level overview of the mechanism we built. Finally, we present the structure of this

thesis.

7.1 Problem Statement

Launching a machine learning product generally requires large amounts of data and a
sufficient theoretical and practical knowledge of machine-learning techniques and model
architectures that can be applied for different tasks. For this reason, creating and de-
ploying machine learning models that work well is a hard task.

At its core, every data scientist needs to solve these fundamental problems of deciding
which machine learning algorithm to use on a given dataset, whether and how to pre-
process its features, and what values to chose for its hyper-parameters. Finding a good
solution for these problems requires both time and computational resources, since one
has to experiment with a number of feature-preprocessing techniques, model architec-
tures and hyper-parameter values in order to find a combination that works sufficiently
well. This is the problem of AutoML, that is: finding a model that produces accurate test
set predictions for a new dataset within a fixed timeline and computational budget.

A number of AutoML frameworks, that automate the process of Combined Algorithm
Selection and Hyper-parameter tuning (CASH), provide satisfactory solutions to this prob-
lem. Among them, the auto-sklearn [1] Python library which we used for the implemen-
tation of our mechanism and which we will expose analytically in chapter 9. However,
there is a main limitation in these frameworks and that is the fact that they have been
built on top of centralized machine learning libraries (e.g. auto-sklearn has been built on
top of scikit-learn [2]) that are designed to work on a single machine and thus the steps
of an AutoML process that can be parallelized end up running sequentially in the host
machine. Therefore, such frameworks are not easily scalable.

On the other hand, cloud-native machine learning platforms, such as Kubeflow [3]
which will be the main focus of thesis thesis, offer orchestration and scalability for

machine learning workloads but lack in AutoML tools that leverage meta-learning
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techniques to produce satisfactory models.

As it can be deducted from above, there is a gap between AutoML frameworks and
cloud native platforms that prevents data-scientists from leveraging the advantages of
both worlds.

7.2 Motivation

In the case of some problems, writing a program that tackles the problem in a sat-
isfactory level can prove to be a difficult task for humans. The problem analysis and
solution may render impractical or even impossible. In such cases, machine learning is
probably the way to go. Machine learning models can be "fed" with large amounts of data,
recognize patterns in them and efficiently solve the task at hand.

Data scientists face the difficult task of bringing data in a good state and then finding a
machine learning model configuration that is suitable for solving the given problem.
On top of that, they have to perform all of the above in a timely and cost-effective manner
and be able to produce models that are accurate, easily scalable and deployable.

Data scientists are our target audience in this work. Our main goal is to make the

lives a lot easier by providing a solution to the aforementioned problems.

7.3 Summary of Existing Solutions

In this section, we briefly present the most notable existing solutions in the field of
AutoML.

7.3.1 Katib

Katib [4] is Kubeflow’s tool for hyper-parameter optimization. The main idea be-
hind it is to define the training procedure inside a container and run this logic multiple
times, changing the hyper-parameters of the containerized model each time, via the in-
put arguments of the container entry-point command, until reaching a satisfying set of
hyper-parameter values.

Katib supports a number of search algorithms which it uses to find sets of hyper-
parameters that satisfy the requirements that the user sets regarding the model’s final
performance. Some of these algorithms are: Grid Search and Bayesian Optimization.
In addition, Katib supports ENAS and DARTS neural architecture search algorithms for
finding neural network architectures that are bound to work well for a given task. For a
more detailed overview of all the different search algorithms that Katib offers, refer to the
corresponding section in Katib’s official documentation [5].

One basic shortcoming of Katib is the fact that the user must choose the model
architecture/type and provide the implementation of the model for which Katib will search
the hyper-parameter space to find a high-scoring hyper-parameter set. Choosing the
correct model for a specific dataset is already a hard task on its own. In addition.
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hyper-parameter optimization is bound to be ineffective, if the model architecture is not

suitable for the given dataset and task.

7.3.2 Auto-sklearn

Auto-sklearn [1] is a Python library for automated machine learning (AutoML) that
frees a machine learning user from model architecture selection and hyper-parameter
tuning. It leverages recent advantages in Bayesian optimization, meta-learning [6] and
ensemble construction and it manages to completely replace any scikit-learn ([2]) estima-
tor, for supervised machine learning tasks.For the purpose of this thesis, we leveraged
auto-sklearn’s meta-learning database and mechanism to create a distributed AutoML

process on Kubeflow.

AutoML
system

Bayesian optimizer

X meta- data pre- feature - build .
Xiest: L} learning processor preprocessor ensemble Yiest
ML framework

Figure 7.1: Auto-sklearn in one image

The main shortcoming of auto-sklearn is the fact that, although it starts a number of
independent training jobs for different model configurations to find the best-scoring one
for a given dataset, it has been built on top of scikit-learn which is a centralized machine
learning library and is designed to run only on a single machine.

In this thesis, we transfer auto-sklearn’s process to Kubernetes [7], leveraging its
distributed nature, so that we train ML models as parallel pipeline jobs. For a more

thorough understanding of auto-sklearn’s meta-learning mechanism, refer to chapter 9.

7.3.3 AutoGluon

AutoGluon [8] is another Python library that is famous for AutoML tasks. It is essen-
tially an open-source AutoML framework that (similarly to auto-sklearn) requires only a
few lines of Python code to train highly accurate machine learning models on an unpro-
cessed dataset. It mainly focuses on structured data, such as text, image, and tabular
data and it performs advanced data processing, deep learning, and multi-layer model

ensembling to maximize its results.

7.4 Overview of Our Approach

As we explained above, there is a gap between AutoML toolkits, such as auto-sklearn,
and cloud native platforms, such as Kubeflow, that prevents combining the advantages
of both worlds.

Kubeflow [3] is a great platform for orchestrating complex workflows on top of Ku-

bernetes. Its self-service nature makes it extremely appealing for data scientists, at it
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provides an easy access to advanced distributed jobs orchestration, re-usability of com-
ponents, Jupyter Notebooks [9], Pipelines [10], rich Uls and more.

In our work, we extended Kale [11], a pipeline orchestration toolkit for Kubeflow, to use
auto-sklearn’s meta-learning mechanism in order to produce fully-trained, supervised-
learning models that are bound to work well for a given dataset, all this while leveraging
Kubeflow’s components and Kubernetes’ distributed nature.

The following numbered list of steps describes the mechanism behind the AutoML
process that we built for Kale, from the user’s perspective:

1. The user provides a dataset and the type of the machine learning task (classifi-

cation or regression) as input to Kale’s run_automl() API function.

2. With a single function call, the whole process starts and Kale creates a KubeFlow

pipeline to orchestrate the whole process.

3. The run_automl API function returns a Python object to the user to track the
status of the entire AutoML process.

4. Using auto-sklearn’s meta-learning kernel, the orchestrator pipeline computes
a list of meta-learning model configurations that are bound to perform well for
the input dataset. These configurations fully describe entire machine learning
pipelines (e.g. data preprocessors and model architecture).

5. For each machine learning configuration, the orchestrator pipeline spins up a
new pipeline.

6. These new pipelines are executed in parallel, preprocessing the dataset, training

the model that the corresponding configuration suggests, and producing test scores

while the orchestrator monitors them.

7. Once they are all finished, the orchestrator gathers their scores and selects the

model from the pipeline with the best score.

8. The orchestrator creates a Katib experiment to further optimize the best-

scoring model.

9. Kale saves the trained and optimized model and takes a fully reproducible
snapshot (8.5.8) of the volume that contains it so that the user can access it

later on and easily reproduce it.

This thesis mainly focuses on steps 3 to 7 of the Kale-AutoML process. Neverthe-
less, we will provide a sufficient analysis of the functionality of the rest of the mechanism

as well.

7.5 Thesis Structure

The rest of the document is organized as follows:

e In chapter 8 we provide the theoretical background that is necessary for the reader

to understand our work.

e In chapter 9 we expose our understanding and knowledge of auto-sklearn’s meta-

learning mechanism.
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o In chapter 10 we analyze the design and the implementation of our mechanism.
¢ In chapter 11 we evaluate our work.

e In chapter 12 we provide a summary of our contributions as well as possible future

work directions.
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Background

In this chapter we provide the theoretical background necessary for understanding the

core practical ideas of the rest of the thesis.

8.1 Scikit-learn

Scikit-learn (also known as sklearn) [2] is an open-source machine learning library
for Python [12]. It features various classification, regression and clustering algorithms
including support vector machines, random forests, gradient boosting, k-means and DB-
SCAN, and is designed to interoperate with the Python numerical and scientific libraries
NumPy [13] and SciPy [14].

8.1.1 Pipelines

A machine learning pipeline is essentially the product of chaining together a sequence
of steps that are involved in the training of a machine learning model. It can be used to

automate a machine learning workflow. The pipeline can involve tasks such as:

1. pre-processing
2. feature selection

3. classification/regression

Additionally, more complex applications may need to fit in other necessary steps within
this pipeline.

Scikit-learn’s pipeline module offers a Pipeline [15] class object that chains together
scikit-learn transformer and estimator steps into a single ML pipeline. Its main API
method, fit_transform, sequentially calls the fit_transform methods of all the steps that
exist in the pipeline.

Scikit-learn uses the term "transformers" to refer to objects that implement data/fea-
ture preprocessing in scikit-learn, and offer a fit_transform method that probably cleans,
reduces, expands or, in general, processes an input dataset. On the other hand, scikit-
learn uses the term "estimators" to refer to ML models that can be trained on an input
dataset, via a fit method, and are able to produce predictions on new unseen data, via a

predict method.
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In the case of a Pipeline that only consists of transformers, the fit_transform method of
the Pipeline actually calls the fit_transform of the first transformer, then feeds its output
to the next transformer and so on.

In the general case though, a Pipeline consists of transformers and an estimator as
a last step. In that case, the fit_transform method of the Pipeline object calls the fit_-
transform methods of the transformer steps sequentially, and then trains the estimator

on the transformed data by calling the fit method of the estimator step.

8.2 OS-Level Virtualization and Containers

8.2.1 Overview

Operating-system-level virtualization is an operating system feature in which kernel
services allow multiple user-space instances to co-exist as if one is isolated from the
others. There is an interesting type of OS-level virtualization instances that are fast,
lightweight and easy to use. These instances are called: containers.

Containers look like real, self-standing machines from the point of view of processes
that run inside them. They can essentially run in parallel, while sharing the host’s OS.
This means that each container uses the OS’s system call interface and does not need
to be subjected to emulation or to run in a virtual machine. This makes containers very
lightweight, since they require less overhead in order to be launched, as opposed to full
virtualization technologies. From a high-level point of view, this is what differentiates
them from virtual machines.

Containers offer a logical packaging mechanism in which applications can be ab-
stracted from the environment in which they actually run. This decoupling allows container-
based applications to be deployed easily and consistently, regardless of whether the target
environment is a private data center, the public cloud, or even a developer’s personal lap-

top.

8.2.2 Building Blocks of Containers

From an engineering team’s point of view, a container is a standard unit of software
delivery that facilitates software production and deployment. In order to get a firmer
grasp of their capabilities and limitations, we must examine the mechanisms that work

as building blocks for containers behind-the-scenes, and enable us to reap their benefits.

8.2.2.1 cgroups

Control groups (cgroups) essentially are a mechanism to organize processes hierarchi-
cally and distribute system resources along the hierarchy in a controlled and configurable
manner ([16]).

Using cgroups, the administrator of the system can assign a set of limits to the re-

source usage of a collection of processes which are bound by the same criteria. The
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organization of the groups can be hierarchical, in the sense that every group inherits its
configuration from its parent.

The Linux kernel exposes a variety of controllers (subsystems) through the cgroup
interface that are used to limit the resource usage of these groups. As an example, the

memory controller limits memory usage and cpuacct accounts CPU usage.

8.2.2.2 Namespaces

Namespaces are Linux kernel feature that enables the partitioning of the kernel re-
sources in a way that different sets of processes have access to different sets of resources.
Some examples of these resources are process IDs, file names and files related to network

access.

8.2.3 Containers are not VMs

While both containers and virtual machines essentially are virtualization implemen-
tations, they differ significantly.

One major characteristic of VMs is that they run a completely separate guest OS and
emulate its hardware devices, meaning that essentially they virtualize the hardware stack.
For example, different VMs, that run on the same host OS, have their own, separate image
on disk. VMs also provide strict security and isolation between workloads.

Containers, on the other hand, share the underlying OS. Instead of virtualizing the
hardware stack, they virtualize at the operating system level, with multiple containers
running on top of the OS kernel directly. This means that containers are far more
lightweight. They share the OS kernel, start much faster, and use a fraction of the
memory of the machine, compared to booting an entire OS, as in the case of virtual
machines.

Containers are bundled only with a minimal set of necessary dependencies (libraries,
misc files) and container images usually are (this depends on the containerized applica-

tion) orders of magnitude smaller than VM images.

8.2.4 Docker

Docker is a set of platform-as-a-service products that use operating-system-level vir-
tualization to deliver software in packages. These packages are essentially containers, or
more specifically: container images, the meaning of which will be explained right below.
Docker uses the building blocks mentioned above to create an interface that makes it
easier to manipulate and parameterize containers, as well as the applications that run

inside them.

8.2.4.1 Images

Containers, as a technology, emerged to cover the need for reusability and repro-
ducibility of software applications. For that to happen, software engineering teams needed

a way to freeze the state of containers, so that they can later ship these frozen containers
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to users that will run the containerized applications. This frozen version of a container is
called a container image, and it’s a concept first introduced by Docker.

A container image essentially is a static representation that determines the execution
of a container. This means that it contains information about both the structure of the
containerized filesystem and which processes will run inside the container. In a few
words, a container image is an immutable file which essentially describes a snapshot of
the container.

The image’s file system is created by stacking up a list of read-only layers, by using a
union filesystem. Then, when a container is instantiated from this image, a thin writable
layer is added on top of the read-only ones. This layer is also called the “container layer”.
All changes made to the running container, such as writing new files, modifying existing

files and deleting files, are written on this thin writable container layer.

8.2.4.2 Registries

Since images are essentially container specification files, they can be versioned, up-
loaded and shared to users. These central places where images would be uploaded and
hosted are called registries. Specifically Docker has implemented its own registry: Dock-
erHub ([17]). Registries, conceptually, work very similarly to GitHub repositories, with
the only exception that they work specifically for images, not just any type of code. Users
can upload their images, version them and even have different branches for their images,
just like GitHub.

8.3 Kubernetes

Containers provide a way for applications to run inside isolated, immutable and re-
producible environments. Launching a container virtually what every developer does on
a regular basis. The logistical problem arises when the number of applications (and
users) grows significantly. In that case, managing a significant number of physical nodes
that run user containers, executing health checks on them and ensuring that containers
recover from failure is no trivial task.

Kubernetes [7] satisfies this need, in addition to providing ways to scale apps dy-
namically and ways for different containers to communicate with each other and share
underlying storage. It is a managing platform for containerized workloads, and is ubiqui-

tous in today’s cloud computing landscape.

8.3.1 Overview

The main philosophy behind Kubernetes is that you can declaratively define the de-
sired state for the system, and the system will be constantly monitoring itself and strive to
achieve this state. The state is expressed as a set of YAML [18] objects that are persisted

in a distributed, high-availability key-value store, called etcd [19].
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8.3.2 Controllers and Objects

Kubernetes contains a number of abstractions that represent the state of the system.
These abstractions are represented by objects in the Kubernetes API. A Kubernetes object
is a “record of intent”. Once the user creates an object, the Kubernetes system will

constantly work to ensure that object exists and has the desired status.

Every object in Kubernetes will have some of the following fields:

e Kind: The kind of the object. Objects can be, for example, of kind: Pod, Deployment,

Service and others.
e apiVersion: Specifies the version of the object.

e Metadata: Data that helps to uniquely identify the object, including a name string,

ID and optional namespace.

e Spec and Status: Every Kubernetes object includes two nested object fields that
govern the object’s configuration: the spec and the status. The spec, which the
user provides, describes the desired state and the status describes the actual
state of the Object. At any given time, the Kubernetes Control Plane actively

manages an object’s actual state to match the desired state that the user specified.

8.3.3 Storage
8.3.3.1 Volumes

A Pod that uses volumes specifies in its spec which volumes it intends to use, as well
as the path that these volumes will be mounted in the containers’ file-systems. Processes
that run inside a container "see" a file-system composed from their Docker image and
their mounted volumes. The Docker image is at the root of the file-system hierarchy, and

any volumes are mounted at the specified paths within the image.

8.3.3.2 PersistentVolumes and PersistentVolumeClaims

Kubernetes provides the PersistentVolume subsystem via its API to users in order
to abstract the details of how storage is provided from how it is consumed. For this it
provides the PersistentVolume and PersistentVolumeClaim API Objects.

A PersistentVolume is an entity that represents a piece of storage in the cluster that
has been provisioned, either statically from a user or dynamically. It is a resource in the
cluster just like a node is a cluster resource.

A PersistentVolumeClaim is a request from a user to consume storage. Just like a
Pod requests to consume a Node resource, a PersistentVolumeClaim requests to consume

PersistentVolume resource.
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8.4 Kubeflow

8.4.1 Overview

Kubeflow [3] is a machine learning toolkit for Kubernetes that aims at simplifying scal-

ing and deploying ML models to production, by leveraging the advantages of Kubernetes.

Kubeflow started as an open sourcing of the way Google ran TensorFlow [20] internally,
based on a pipeline called TensorFlow Extended [21]. It began as just a simpler way to
run TensorFlow jobs on Kubernetes, but has since expanded to be a multi-architecture,

multi-cloud framework for running end-to-end machine learning workflows.

Kubeflow is a set of CustomResourceDefinitions and Web Applications for manipulating
these as well as the Central Dashboard which links them all together to provide a cohesive
experience. This includes the Jupyter Notebooks and Pipelines components which we will
expose in the next sub-sections. The user is expected to interact with Kubeflow via these
Uls.

In the following sub-sections, we will demonstrate Kubeflow’s core components.

8.4.2 Jupyter Notebooks

This components is responsible for allowing the user to deploy and manipulate Jupyter
Notebooks in their Kubeflow cluster. To achieve this, it provides a user friendly Ul that

enables the user to handle the life-cycle of Notebook CustomResources.

8.4.3 Pipelines

Kubeflow Pipelines (KFP) [10] is a platform for building and deploying portable, scal-
able machine learning workflows based on Docker containers and is one of the Kubeflow
core components. It’s automatically deployed during Kubeflow deployment. The Kubeflow
Pipelines platform consists of a user interface (UI) for managing and tracking experiments,
jobs, and runs, along with an engine for scheduling multi-step ML workflows. It also
comes with an SDK for defining and manipulating pipelines and components. Besides

that, there are notebooks for interacting with the system using the SDK.
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Figure 8.1: The runtime execution graph of a pipeline in the KFP Ul

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

each time.

8.4.3.1 Argo

Argo [22] is a workflow engine. It is an extension to the Kubernetes cluster that
makes the execution of workflows possible. The user submits a YAML definition of a
workflow (Workflow CustomResourceDefinition) and then Argo is responsible for initiating
tasks in proper order and waiting for them to complete. It also provides a Command Line
Interface (CLI) tool as well as a basic User Interface (UI) for the virtual representation of
the workflows.

Kubeflow Pipelines uses Argo as their workflow engine. The Software Development
Kit (SDK) compiles the user’s source code into an Argo Workflow CustomResourceDefini-

tion which then must be applied to the cluster.
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8.4.4 Katib

Katib [4] is Kubeflow’s component for hyperparameter optimization of models. The
main idea behind Katib is to define the training procedure inside a container and run this
logic multiple times in order to reach a satisfying set of hyperparameters. This is achieved
by creating an Experiment CustomResource and by requiring the code to be containerized

in a specific way.

<« Experiment details @ DELETE

validation accuracy train accuracy r num layers Qpuimizer
n B X i a3

00251 5

0.8 08 0.03T S

OVERVIEW TRIALS DETAILS YAML

Name random-example

Status @ Experi

Best trial random-example-a62f342e
Best trial's params I:223969e2  num-layers:4  optimizer: sgd

Best trial performance i y:0.9779 y:0.99392

User defined goal Validation-accuracy > 0.99
Running trials 0
Failed trials 0

Succeeded trials 12

Figure 8.2: Example graph from the Katib Ul, showing the level of validation and train
accuracy for various combinations of hyperparameter values

The containerized code will need to be able to run standalone. This means that
the created container will need to be able to both access the data and train the model.
The input in the code will be the hyper-parameter values, either in the args field or as

environment variables, and will output in a result metric.

The containers structured in this manner can be run multiple times, even in parallel,
with different hyper-parameter values as inputs, in search of a set of them that will
accomplish a specified performance quota. There are also multiple searching strategies
for navigating through the hyper-parameters space such as: Cross-Validation, Random

search, Bayesian optimization to name a few.

The results from each run are also stored in a central database that is persisted
with the use of PersistentVolumes. This is all orchestrated from the Experiment Custom-
Resource Controller that is responsible for deploying Kubernetes Jobs for training the
model, keeping track of the performance of each run, applying the searching algorithm

and finally deciding when to stop the optimization process.
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8.4.5 MiniKF

MiniKF [23] is a single-node instance of Kubeflow, that can be deployed locally or in
the cloud. It combines Kubeflow with the Rok Data Management platform which we will

describe in the next sub-section.

8.4.5.1 Rok

Rok [24] is a data management and storage platform that allows users to snapshot,
version, package, distribute, and clone their full environment along with its data. It is
natively integrated with Kubernetes as one of its supported platforms.

It is important to note that in our work for a distributed AutoML process in Kubernetes,
we leverage Rok’s functionality to take volume snapshots at each step of the process,

making the intermediate and final results of our experiments fully reproducible.

8.5 Kale and the Kale-SDK

8.5.1 Overview

Kale ([11]) stands for "KubeFlow Automated pipeLines Engine" and it is a project
that aims at simplifying the Data Science experience of deploying KubeFlow Pipelines
workflows. By extending the Jupyter Ul, it allows users to deploy Jupyter Notebooks, that
are running locally or in the cloud, to KubeFlow Pipelines. This can happen by annotating
code cells and clicking a deployment button in the extended Jupyter UI. Kale is responsible
for converting the user’s annotated Notebook to a working KubeFlow Pipeline, as well as

taking care of the data-passing between steps and managing the KubeFlow Pipeline’s

1Kale

Figure 8.3: The Kale Logo

life-cycle.

Apart from the Jupyter Ul extension that we described above, Kale also provides a
software development kit, which we will refer to as the Kale SDK from this point and on.
The Kale SDK allows users to write Python, function-based code and convert it to fully
reproducible KubeFlow pipelines without making any change to the original source code.
For the purpose of this thesis, we extended the Kale SDK to be able to create AutoML
experiments on KubeFlow. Let us now provide an insight on some of the basic concepts
of the Kale-SDK that are essential to the understanding of our work.

For a short and thorough overview of Kale’s history and basic features refer to the
excellent blog post from Kale’s original author, Stefano Fioravanzo [25]. You can also refer
to the official documentation of the Kale-SDK [26]
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8.5.2 The Step Class

The Step class lives under Kale’s step module, and it enables users to declare Python
functions as Kale steps. A Kale step essentially is a callable object that wraps a user-
defined function with Kale’s marshaling logic (8.5.7).

Users can instantiate a Step object by using the @step decorator which can be im-
ported from Kale’s sdk module. When wrapped around a Python function, the @step dec-
orator returns a Step object that has its do_run attribute overridden by the user-defined

Python function. The following code snippet shows such an example.

Listing 8.1: Example of step function decorated with the @step decorator

1 @step(name="my_step")
2 def step_1(in_1, in_2):

3 # implement the step’s business logic here

Another way to define a Kale step is through sub-classing the Step class and by

implementing a do_run method. Here is a code example.

Listing 8.2: Example of Kale step that sub-classes the Step class

1 class ExampleStep(Step):
2 name = "example-step"

def do_run(self, paraml, param2):

w

4 # implement the step’s business logic here

For the purpose of this thesis, we defined a number of custom steps using the sub-
classing technique that we described above.
Input parameters are detected automatically by parsing the step’s do_run function-

attribute.

8.5.3 The Pipeline Class

The Pipeline class lives under Kale’s pipeline module and is used to define a Kale
pipeline, its steps and all their dependencies. It extends networkx’s DiGraph class ([27])
for directed graphs with self-loops to exploit its underlying graph-related algorithms but
also provides helper functions to work with Kale Step objects instead of standard networkx
"nodes". This makes it simpler to access the steps of the pipeline and their attributes.

A Kale Pipeline object can be converted into a KubeFlow pipeline using the Kale Com-
piler class (8.5.6).

Users of the Kale-SDK are not expected to use Pipeline objects directly. Instead, the
api module of the Kale-SDK provides a @pipeline decorator that enables users to easily

declare a Kale Pipeline by "wrapping" the decorator around a pipeline function.

Listing 8.3: Example of pipeline function decorated with the @pipeline decorator

1 @pipeline(name="my_pipeline", experiment="test")
2 def pipeline(paraml="dont"):

3 resl = step_1(param)
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4 if param == "do":

res2 = step_2(resi)

8.5.4 Kale’s Domain Specific Language

Kale-SDK’s domain specific language is meant to provide a Python-like API to define
a pipeline. From this point and on, we will use the acronym: "DSL", to refer to the term:
"domain specific language".

The whole essence of Kale’s DSL is to allow writing Python functions that describe
the architecture of a pipeline and that, without a @pipeline decorator, can be run as-is,
locally. The only operation required to turn it into a Pipeline object should be applying
the @pipeline decorator.

The DSL currently allows the following Python statements:

1. Function calls with input parameters that are either pipeline parameters or other

function call outputs. These function calls correspond to steps of the pipeline.

Listing 8.4: Example of step with input parameter that is a pipeline parameter

1 def dsl(param="Hello"):
step_1(param)
step_2()

2. Assignments from (step) function calls. The assigned values are the step outputs.

Multiple outputs can be retrieved with tuple assignments.

Listing 8.5: Example of step with input parameter that is another step’s output

1 def dsl(param="Hello"):
2 my_out = step_1(param)
step_2(my_out)

3. If-statements with boolean conditions. These conditions must have just one com-

parison between pipeline parameters and constant values.

Listing 8.6: Example of steps inside if-statements

1 def dsl(paraml="no", param2="no"):

2 resl = step_1(param)

S if param == "yes":

4 res2 = step_2(resl)
5 if param2 == "yes":
6 step_3(res2)

8.5.5 The PythonProcessor Class

The PythonProcessor is an API class that lives under Kale’s processors module and its
purpose is to validate a Python function, written in Kale’s DSL and convert it into a Pipeline

object. The constructor of the PythonProcessor mainly needs two input arguments:
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e pipeline_function (Callable): A pipeline function, written in Kale DSL (8.5.4). This
function essentially describes the entire architecture of the pipeline, that is the flow

of data from the first to the last step of the pipeline.

e config (pipeline.PipelineConfig): This is a configuration object, that lives un-
der Kale’s pipeline module used to store pipeline metadata, such as the name of
the pipeline, the name of the KubeFlow pipeline experiment, a description for the

pipeline and other such metadata.

The validation of the input pipeline function occurs during the initialization of the
PythonProcessor object, whereas the run method of the object is responsible for con-

verting the input pipeline function into a Pipeline object (8.5.3).

8.5.6 The Compiler Class

The Compiler internal class, converts a Kale Pipeline object into a KFP Pipeline. When
one uses Kale to run a @pipeline decorated function, Kale first creates a Pipeline object,
via the PythonProcessor that we described in sub-section 8.5.5, and then uses a Compiler
object to convert it to a KFP pipeline.

The process of converting a Kale Pipeline object to a KubeFlow pipeline is implemented

by Compiler’s compile_and_run method, which:

1. Compiles the Pipeline object to a Worlkflow YAML.

2. Creates a KubeFlow pipeline by uploading the Workflow on KFP.

8.5.7 Kale’s Data-Passing Mechanism

In order to pass data between steps, Kale automatically provisions a new PersistentVol-
ume or uses an existing workspace volume that gets attached to each step container of a
pipeline.

Kale injects code at the end of the execution of a step’s do_run function to marshal
the output objects of the step into this shared PersistentVolumeClaim during execution.
Similarly, it injects code at the start of the execution of a step, in order to unmarshal the
output objects of previous steps and give them as inputs to the current step.

For this purpose, Kale uses its marshal module, and more specifically the save and

load methods of the module that are used to marshal and unmarshal data respectively.

8.5.8 Kale’s Data Versioning and Snapshots

In the case that Kale runs in a Notebook Server inside a MiniKF instance (8.4.5), it
uses the Rok client (8.4.5.1) to:

1. Identify existing workspace/data volumes in the Notebook Server, snapshot them
and mount them into the pipeline steps. In this way the workspace of the user
(that may contain data-files or installed dependencies) is preserved in the running

pipeline.
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Snapshot volumes at the end of the pipeline run, providing a convenient way to
retrieve marshalled objects that were produced during the pipeline’s execution, such

as fully-trained model objects or processed data.

Snapshot volumes at the beginning of each step run, providing a convenient way to

recover the state of data before a potential step failure.

Machine Learning Meta-Data

Machine Learning Meta-Data (MLMD) [28] is a NoSQL database where we record and

retrieve metadata associated with ML workflows and experiments. From this point on-

wards, we will refer to the Machine Learning Meta-Data store as "MLMD".

MLMD defines entities, that can be stored and retrieved to/from the database. In our

work, we associate each one of these entities with a specific concept of a ML workflow or

experiment. The main entities that we use throughout our work are:

Contexts: A Context is an entity that’s meant to encapsulate a group of other

entities that all define a "context". We map these entities to KFP Runs.

Executions: An Execution corresponds to something that executes/runs. An Exe-

cution can be part of one (or more) Contexts. We map these entities to KFP steps.

Artifacts: An Artifact is something that gets consumed or produced by an Execution.
Additionally, it can be part of one (or more) Contexts. In our work we produce

Artifacts that correspond to a number of different ML-related entities.
Attributions: An Attribution declares that an Artifact is part of a Context entity.

Associations: An Association declares that an Execution is part of a Context entity.

Events: An Event declares that an Artifact is an input or an output of an Execution

entity.

Refer to TensorFlow’s MLMD user-guides [29] for detailed explanation of the concepts

behind these entities.
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Our Study of Auto-sklearn’s Meta-Learning Mech-

anism

9.1 Overview

The auto-sklearn ([1]) package is an automated machine learning toolkit that frees a
machine learning user from algorithm selection and hyper-parameter tuning. By leverag-
ing recent advantages in Bayesian optimization, meta-learning and ensemble construc-
tion, it manages to completely replace any scikit-learn ([2]) estimator, for supervised ma-
chine learning tasks.

For the purpose of this thesis, we isolated and used auto-sklearn’s meta-learning
mechanism. So, in the following sections, we will provide a summary of our study on how
the mechanism works and a detailed description for the individual parts that make up
the mechanism.

Below, we will expose a numbered list of steps that describes this meta-learning mech-

anism. Essentially, auto-sklearn:

1. extracts a set of meta-feature values from an input dataset.

2. compares this meta-feature vector with a number of other meta-feature vec-
tors that are stored in its meta-learning database and it finds the most similar
one. Essentially, each of these other meta-feature vectors corresponds to a specific
dataset, so in other words auto-sklearn finds the most similar dataset that exists in

its meta-learning database.

3. suggests a set of machine learning pipeline configurations that scored highly on
the most similar dataset. auto-sklearn keeps these configurations in its meta-base
as well, along with their respective metric scores for each dataset. These suggested

configurations are bound to work well on the input dataset.

9.2 Machine Learning Pipeline Configurations

9.2.1 Overview

A machine learning pipeline configuration is essentially a detailed description of an

entire machine learning pipeline. The auto-sklearn package comes with a database (meta-

127



N

Chapter 9

base) that contains a plethora of such configurations. We will describe this meta-learning

database in a following section.

auto-sklearn’s goal is to suggest configurations that are bound to score highly for a
given machine learning dataset and task. The snippet below shows an example meta-

learning configuration for a classification task:

Listing 9.1: A meta-learning configuration for classification

balancing:strategy, Value: 'weighting’

classifier:__choice__, Value: '"libsvm_svc’

classifier:libsvm_svc:C, Value: 6384.641073379224

classifier:libsvm_svc:coef0, Value: -0.1592835134753816

classifier:libsvm_svc:degree, Value: 2

classifier:libsvm_svc:gamma, Value: 0.6866143858851854

classifier:libsvm_svc:kernel, Value: 'poly’

classifier:libsvm_svc:max_iter, Constant: -1

classifier:libsvm_svc:shrinking, Value: 'False’

classifier:libsvm_svc:tol, Value: 2.6500330000385803e-05

data_preprocessing:categorical_transformer:categorical_encoding:__choice__, Value: 'no_encoding’

data_preprocessing:categorical_transformer:category_coalescence:__choice__, Value: ’
no_coalescense’

data_preprocessing:numerical_transformer:imputation:strategy, Value: 'median’

data_preprocessing:numerical_transformer:rescaling:__choice__, Value: 'normalize’

feature_preprocessor:__choice__, Value: "no_preprocessing’

Similarly, the following snippet shows a real meta-learning configuration that could

be used for a regression task:

Listing 9.2: A meta-learning configuration for regression

data_preprocessing:categorical_transformer:categorical_encoding:__choice__, Value: 'no_encoding’
data_preprocessing:categorical_transformer:category_coalescence:__choice__, Value: ’
no_coalescense’
data_preprocessing:numerical_transformer:imputation:strategy, Value: 'most_frequent’
data_preprocessing:numerical_transformer:rescaling:__choice__, Value: 'robust_scaler’
data_preprocessing:numerical_transformer:rescaling:robust_scaler:q_max, Value:
0.8280417820125114
data_preprocessing:numerical_transformer:rescaling:robust_scaler:q_min, Value:
0.0781634653874277
feature_preprocessor:__choice__, Value: 'kitchen_sinks’
feature_preprocessor:kitchen_sinks:gamma, Value: 8.438432240830361e-05
feature_preprocessor:kitchen_sinks:n_components, Value: 2984
regressor:__choice__, Value: 'ard_regression’
regressor:ard_regression:alpha_1, Value: 0.00044036509169446026
regressor:ard_regression:alpha_2, Value: 4.039147500668822¢e-10
regressor:ard_regression:fit_intercept, Constant: 'True’
regressor:ard_regression:lambda_1, Value: 8.922721154590444¢e-05
regressor:ard_regression:lambda_2, Value: 3.0105431227198885e-05
regressor:ard_regression:n_iter, Constant: 300
regressor:ard_regression:threshold_lambda, Value: 1899.168836704701
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regressor:ard_regression:tol, Value: 0.011611373742389547

As it can be seen from above, a configuration is a dictionary-like object that defines
a preprocessing step and an estimator step for a machine learning pipeline. In a
following chapter, we will see how we turn these descriptions into actual sklearn objects

that actually implement preprocessors and estimators.

9.2.2 The Configuration Space

The configuration space essentially consists of all the pipeline configurations that are
valid for a given ML task. For example, for the case of a classification task, the configu-
ration space will contain pipeline configurations that only have classifiers as estimators.
Similarly, for the case of a regression task, the configuration space will contain pipeline
configurations that only have regressors.

However, the type of the given ML task is not the only criterion that affects the struc-
ture of the configuration space. More specifically, the structure of the configuration space

is affected by three parameters:

1. The type of the ML task.
2. Whether the input dataset is sparse or not.

3. Whether the input dataset contains missing values or not.

In a following subsection, we will refer to the XYDataManager class, which helps us
calculate all of the parameters mentioned above. The configuration space is one of the
first things that auto-sklearn’s meta-learning mechanism calculates, before producing the

suggested pipeline configurations.

9.2.2.1 The get_configuration_space API Function

The auto-sklearn package exposes the get_configuration_space API function which
produces a configuration space object for a given ML task. Here’s the signature of the

get_configuration_space API function:

e Input Arguments:

- info: A dictionary that contains the information that is necessary to compute
the configuration space. This dictionary must contain:

* task: An integer that corresponds to the type of the ML task.
* is_sparse: A bool value that describes whether the input dataset is sparse

or not.
+* has_missing: A bool value that describes whether there are missing or

infinite values in the dataset.
- include_estimators: A list with the names of the estimators to be used, ex-

clusively. This defaults to None, so all estimators are included, by default.

- exclude_estimators: A list with the names of the estimators to be excluded.

This defaults to None, so no estimator is excluded.
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— include_preprocessors: A list with the names of the preprocessors to be used,

exclusively. This defaults to None, so all preprocessors are included, by default.

— exclude_preprocessors: A list with the names of the preprocessors to be ex-
cluded. This defaults to None, so no preprocessor is excluded, by default.
e Return Value:

— The configuration space object

In a following section, we will talk about the XYDataManager, a class object provided

by auto-sklearn, that calculates the info dictionary for us.

9.2.3 The Meta-Data Directory

auto-sklearn’s meta-data directory is an actual directory inside the auto-sklearn pack-
age where all of auto-sklearn’s meta-knowledge is stored. This meta-knowledge is orga-
nized in alignment with the ASlib format ([30]). This means that meta-data are categorized

in sub-directories, depending on three factors:
1. The metric function

2. The type of the task

3. The sparsity of the dataset

So, to give an example, if we imagine a dense dataset for a multiclass classification
task, with accuracy as metric, then this would fall under the accuracy_multiclass.classification_-
dense sub-directory of auto-sklearn’s meta-data directory.

Similarly, for the case of a sparse dataset in a regression task, with mean absolute

error as metric, the sub-directory is: mean_absolute_error_regression_dense

9.2.4 The XYDataManager Class

The XYDataManager class provided by auto-sklearn extracts and stores information
that is necessary in order to produce suggested configurations for a given ML task. Here
are the input arguments of the XYDataManager constructor:

e X: An array containing the samples of the training dataset.

e y: An array containing the targets of the training dataset.

e X test: An array containing the samples of the testing dataset.

e y_test: An array containing the targets of the testing dataset.

e task: An integer that corresponds to the type of the ML task. For the purpose of
the Kale-AutoML process, this integer will be either 1, 2 or 4 which corresponds to

regression, binary classification and multiclass classification accordingly.

o feat_types: A list of strings that describe the type of each feature. The list has
length equal to the number of features in the dataset. Each element of the list can

either be "categorical” or "numerical”!.
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e dataset_name: The name of the dataset.

The following code snippet shows the code of the XYDataManager constructor func-

tion:
Listing 9.3: The XYDataManager constructor function
1 class XYDataManager(AbstractDataManager):
2
S def __init__(
4 self,
B X: np.ndarray,
6 y: np.ndarray,
7 X_test: Optional[np.ndarray],
8 y_test: Optional[np.ndarray],
9 task: int,
10 feat_type: List[str],
11 dataset_name: str
12 ):
13 super(XYDataManager, self).__init__(dataset_name)
14
15 self.info[’task’] = task
16 if sparse.issparse(X):
17 self.info[’is_sparse’] =1
18 self.info[’has_missing’] = np.all(np.isfinite(X.data))
19 else:
20 self.info[’is_sparse’] =0
21 self.info[ has_missing’] = np.all(np.isfinite(X))
22
23 label_num = {
24 REGRESSION: 1,
25 BINARY_CLASSIFICATION: 2,
26 MULTIOUTPUT_REGRESSION: y.shape[-1],
27 MULTICLASS_CLASSIFICATION: len(np.unique(y)),
28 MULTILABEL_CLASSIFICATION: y.shape[-1]
29 }
30
31 self.info[’label_num’] = label_num[task]
32
33 self.data[’X_train’] = X
34 self.data[’'Y_train’] =y
35 if X_test is not None:
36 self.data[’X_test’] = X_test
37 if y_test is not None:
38 self.data[’'Y_test’] = y_test

The value of a categorical feature states that a sample belongs to a certain category. These type of features

have a finite number of candidate values. Numerical features, on the other hand, express quantitative
characteristics of a sample. An example of a categorical feature is a person’s country of birth, while a
numerical feature is the height of the person.
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40 if feat_type is not None:

41 for feat in feat_type:

42 allowed_types = ['numerical’, 'categorical’]

43 if feat.lower() not in allowed_types:

44 raise ValueError("Entry ’'%s’ in feat_type not in %s" %
45 (feat.lower(), str(allowed_types)))

46

47 self.feat_type = feat_type

48

49 # TODO: try to guess task type!

50

Bl if len(y.shape) > 2:

52 raise ValueError(’y must not have more than two dimensions, ’
58 "but has %d.’ % len(y.shape))

54

55 if X.shapelO] != y.shape[O]:

56 raise ValueError(’X and y must have the same number of '

57 ‘datapoints, but have %d and %d.’ % (X.shape[O],
58 y.shape[0]))
59 if self.feat_type is None:

60 self.feat_type = ['Numerical’] * X.shape[1]

61 if X.shape[l] != len(self.feat_type):

62 raise ValueError(’'X and feat_type must have the same number of columns, '
63 "but are %d and %d.’ %

64 (X.shape[1], len(self.feat_type)))

During its instantiation, a XYDataManager object extracts information that is neces-
sary for the meta-learning process and it stores it in its info class attribute. This attribute

is essentially a Python dictionary that contains the following fields:

e task: An integer that corresponds to the type of the ML task.

e is_sparse: A bool value that describes whether the input dataset is sparse or not.
To decide on this, XYDataManager uses the issparse function ([31]) from scipy’s

([14]) sparse module.

e has_missing: A bool value that describes whether there are missing or infinite

values in the dataset.

All of the fields that we described above are essential to finding:

1. the correct meta-data directory for a ML task. In a following section, we will
describe how auto-sklearn divides its meta-base into directories and how it finds

the correct meta-data directory for a given ML task.

2. the configuration space in which auto-sklearn will search for candidate meta-
learning configurations. We will describe how auto-sklearn finds the configuration

space for a given experiment in a following section.
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9.2.5 The SimpleRegressionPipeline and SimpleClassificationPipeline Classes

These two classes implement the classification task. They implement a pipeline, which
includes pre-processing steps and one estimator step in the end.

An object of these classes gets instantiated by passing a meta-learning configuration
object (9.2) to the constructor of the corresponding class. After that, one can call the:

1. fit method of the object to fit the pipeline on training dataset.

2. predict method of the object to make predictions on a testing dataset.

9.3 Meta-Features

9.3.1 Overview

In this section, we will describe the basic concepts of the meta-feature extraction
mechanism that auto-sklearn ([1]) uses under the hood. This is one of the basic parts of
the meta-learning kernel that we used for our distributed AutoML process.

Auto-sklearn divides the set of meta-features that it can calculate into two main cate-

gories:

1. Simple Meta-Features: These meta-features are computationally cheap, and they

do not require any transformations on the dataset in order to be calculated.

2. 1HotEncoded Meta-Features: These meta-features are more computationally ex-
pensive, and they are calculated using the 1HotEncoded feature matrix of the

dataset.

We will analyze these two main categories of meta-features in the following sub-sections.

9.3.2 Simple Meta-Features

These meta-features are extracted directly from the input Dataset, without any prior
transformations or preprocessing, so they are computationally cheap, in general. Here’s
the full list of the simple meta-features that auto-sklearn can calculate:

e Number of instances

e Logarithmic number of instances

e Number of classes

e Number of features

e Logarithmic number of features

e Number of features with missing values

e Whether values are missing or not

e Number of instances with missing Values

e Percentage of instances with missing values

e Number of features with missing values

e Percentage of features with missing values
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e Number of missing values

e Percentage of missing values

e Number of numeric features

e Number of categorical features

e Ratio of numerical to categorical features
e Ratio of categorical to numerical features
e Ratio of features to instances

e Logarithmic ratio of features to instances
e Ratio of instances to features

e Logarithmic ratio of instances to features
e Number of occurrences of each class

e Minimum class probability

e Maximum class probability

e Mean value of class probability

e Standard deviation of class probability

e Numbers of symbols?

e Minimum number of symbols

e Maximum number of symbols

e Standard deviation of numbers of symbols
e Sum of numbers of symbols

e Class entropy

9.3.3 1HotEncoded Meta-Features

In order to extract these meta-features, the input Dataset undergoes a transformation.
More specifically, a 1HotEncoded feature matrix is created. These meta-features are
actually extracted out of that 1HotEncoded feature matrix, not out of the input Dataset
itself. In general, the calculation of these features is computationally expensive, since
these features are more data-science oriented than the simple meta-features that we listed
above. Here’s a full list of the 1HotEncoded meta-features that auto-sklearn can calculate:

e Skewnesses

e Minimum skewness

e Maximum skewness

e Mean skewness

e Standard deviation of skewness

o Kurtosises

e Minimum kurtosis
2The term "symbol” expresses a value that a categorical feature can have.
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e Maximum kurtosis
e Mean kurtosis

e Standard deviation of kurtosis

Now that we have expanded our knowledge on the types of meta-features that auto-
sklearn supports, we are ready to explore how one can use auto-sklearn to actually cal-

culate these meta-features from a given input dataset.

9.3.4 API Functions for Meta-Feature Extraction

To calculate the meta-features that belong in the two categories that we analyzed

above, auto-sklearn provides two main API functions:
1. calculate_all metafeatures with labels
2. calculate_all metafeatures_encoded_labels
Both of these functions take the same parameters as inputs. Let’s see these parame-
ters in detail:
e X: The samples of the training dataset.
e y: The targets of the training dataset.

e categorical: Alist of Boolean values that has a length equal to the number of features
in each sample. If an element in the list is True, then the corresponding feature is

considered a categorical feature. Otherwise, it’s a numerical feature.
e dataset_name: The name of the dataset.
e dont_calculate: A set of meta-features that should not be calculated for that specific

input dataset and ML task.

The dont_calculate parameter that we mentioned above is primarily used to exclude
meta-features for the case of regression tasks. More specifically, since regression tasks

don’t have classes as targets, the following meta-features must be excluded:

e Number of classes

e Number of occurrences of each class

e Minimum class probability

e Maximum class probability

e Mean value of class probability

e Standard deviation of class probability

e Class entropy

Both of these functions return a DatasetMetafeatures object from auto-sklearn’s met-
alearning. metafeatures module. This object essentially holds a dictionary of the calculated

meta-features in its metafeature_values attribute.
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9.3.5 The MetaBase Class

The MetaBase class object is a container for dataset meta-data (meta-feature values),
pipeline configurations and experiment results. It is essentially a wrapper around auto-
sklearn’s meta-knowledge, that is stored in the meta-data directory that we described
previously.

In a MetaBase object, auto-sklearn stores the meta-features of a dataset, as well as
the validation results of various pipeline configurations for that specific ML task.

To construct a MetaBase object, we need to provide:
e a configuration space

e a meta-data directory

In addition, after we initialize a MetaBase object we can add a dataset entry using the

add_dataset method. This method requires:

e the name of the dataset

e a DatasetMetafeatures object that contains the meta-feature values for the cor-

responding dataset

Adding an input dataset in the MetaBase object is essential to calculating the sug-
gested configurations for that dataset using the suggest_via_metalearning function, which

we’ll analyze in a following section.

9.4 The suggest via metalearning API Function

The suggest_via_metalearning function of the autosklearn. metalearning.mismbo mod-
ule is one of the most important API functions in auto-sklearn’s meta-learning mecha-
nism, since it is the one that actually produces the suggested pipeline configurations for

an input dataset and ML task. Let’s take a closer look into the signature of the function:

e Input Arguments:

- meta_base: A MetaBase object instantiated with the correct meta-data direc-
tory and the configuration space in which suggest_via_metalearning will search

for the suggested configurations.
— dataset_name: The name of the dataset that the suggested configurations

will be used for. The dataset must be added in the MetaBase object. This
can be done with the MetaBase.add_dataset method that we demonstrated in

sub-section subsection 9.3.5.
— metric: The metric function.
- task: An integer that corresponds to the type of the ML task.
— sparse: A bool that describes whether the input dataset is sparse or not.
- num_initial_configurations: The number of suggested configurations to pro-

duce.

e Return Value:

— configurations: A list of the suggested configurations.
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In a following chapter, we will describe how Kale’s ML back-end uses the suggest_-
via_metalearning to produce the suggested configurations that will later be turned into

actual KFP pipelines.

9.5 Utility Functions and Classes

9.5.1 The InputValidator Class

The InputValidator provided by the autosklearn.data.validation module is a utility
class that can be used to make sure the input dataset complies with auto-sklearn’s re-
quirements. The basic API method of the InputValidator is called validate and its signature
is shown below:

e Input Arguments:

— X: The samples of a dataset.
— y: The targets of a dataset.
- is_classification: A bool value that expresses whether the task that the input

dataset is going to be used for is classification or not.

e Return Values:

— X: The validated samples.
- y: The validated targets.

InputValidator.validate essentially implements two functionalities:

1. It checks that the number of samples matches the number of targets in the dataset.

2. It checks that the dataset consists of numerical data only.

3. Depending on the type of the task, expressed by the is_classification input argument,
it checks that the targets in the dataset can be used for that task (classification or

regression).
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Our Approach

As we explained in a previous chapter, AutoML experiments contain steps that can be

parallelized. In a local machine, once auto-sklearn’s meta-learning mechanism computes

the suggested pipeline configurations, auto-sklearn trains the corresponding machine

learning pipelines locally, as parallel processes, so that the best scoring one is found and

returned to the user. Our goal was to transfer this entire process to Kubernetes, taking

advantage of Kale’s machine-learning pipeline orchestration mechanism, so that we train

ML models as parallel KubeFlow pipelines. We created a mechanism that allows running

AutoML experiments efficiently and in a distributed manner, in Kubernetes.

Let’s outline the steps of the Kale process for AutoML experiments:

1.

The user provides a dataset and the type of the machine learning task (classifi-

cation or regression) as input to the run_automl() Kale-AutoML API function.

. Kale spins up a KubeFlow pipeline to orchestrate the whole process. This

pipeline is called the AutoML Orchestrator and we will be referring to it by that name

for the rest of the chapter.

. Kale returns an AutoMLExperiment object to the user (return value of run -

automl()). This object will essentially be a tool for tracking the status of the entire

AutoML process.

. Using auto-sklearn’s meta-learning kernel, the AutoML Orchestrator computes a

list of suggested pipeline configurations for the user’s input dataset and task.
Each of these configurations essentially describes an entire machine learning

pipeline.

. For each suggested pipeline configuration, the AutoML Orchestrator spins up a

new KubeFlow pipeline. These pipelines are called Configuration Runs and we will
be referring to them by that name for the rest of the chapter. Each one of these Con-
JSiguration Runs implements the ML pipeline that the corresponding configuration

suggests.

. Configuration Runs run in parallel, preprocessing the dataset, training the model,

and producing test scores while the AutoML Orchestrator monitors them.

. Once all Configuration Runs are finished, the AutoML Orchestrator gathers their

scores and selects the best Configuration Run.
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8. The AutoML Orchestrator creates a Katib experiment to further optimize the

trained model of the best scoring Configuration Run.

9. Kale saves the trained and optimized model and takes a fully reproducible Rok
snapshot (8.4.5.1) of the volume that contains it so that the user can access it

later on.

Kale takes snapshots of volumes, not only at the end, but in each step of the
AutoML Orchestrator and the Configuration Runs providing a convenient way to

retrieve marshalled trained models that were produced during the AutoML process.

This thesis mainly focuses on steps 3 to 7 of the Kale-AutoML process. Neverthe-
less, we will provide a sufficient analysis of the functionality of the rest of the mechanism

as well.
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10.1 The run_automl API Function

In this section, we will describe what the Kale API function for AutoML experiments
looks like. Essentially, users will run AutoML experiments in KubeFlow, with just a single
Python function call. This function, as we mentioned above, is called: run_automl and it

is essentially an entry-point to the AutoML mechanism.

Listing 10.1: The run_automl API function for creating AutoML experiments with Kale

1 def run_automl(
2 dataset: Dataset, task: MLTask, metric: Callable,
3 number_of_configurations: int = 5,
4 max_parallel_configurations: int = 3,
5 tuner: Optionallkatib.VlbetalExperimentSpec] = None
6 ) -> AutoMLExperiment:
7 """Runs an AutoML pipeline to find the best model for the input dataset.
8
9 [... Explain how the AutoML process works ...]
10
11 Args:
12 dataset (common.artifacts.Dataset): The input dataset for the ML task
13 task (types.MLTask): One of kale.ml.Task
14 metric (Callable): A callable object with the following call signature
15
16 >>> class my_metric:
17 >>> def __call__(self, target, x_test):
18 >>> return self._compute_my_metric_value(target, x_ test)
19
20 The name of the logged metric will be ‘metric.name‘, if the object
21 has such attribute. Otherwise ‘‘metric.__name__""‘.
22 (Auto)SKLearn metrics are supported, example:
23
24 >>> from autosklearn.metrics import accuracy
25
26 To log a different metric name from the input function name
27 (‘“foo.__name__"“"*), do:
28
29 >>> foo.name = "<custom_name>"
30
31 number_of_configurations (int): The N-best configurations to run
32 (defaults to 5)
33 max_parallel_configurations (int): The maximum number of Configuration
34 Runs to run in parallel (defaults to 3)
35 tuner (katib.VlbetalExperimentSpec): Provide a Katib spec to run HP
36 Tuning over the best performing configuration.
87
38 Cannot set algorithm and parameters. To set objective
39 configuration, don’t set metric name:
40
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41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78

>>> Kkatib.VlbetalExperimentSpec(
>>> objective=katib.VlbetalObjectiveSpec(
>>> goal=0.99,

>>> type="maximize")

Returns: An AutoMLExperiment object to track the state of the experiment.
if tuner:
if tuner.algorithm or tuner.parameters:
raise ValueError("Tuner: Cannot specify ’algorithm’, or"
" ’parameters’, during an AutoML experiment")
if tuner.objective:
if (tuner.objective.objective_metric_name
or tuner.objective.additional_metric_names):

raise ValueError("Cannot specify metric name when running"

" AutoML experiment")

pipeline_name = "automl-orchestrate"
utils.rm_r(ML_ASSETS_DIR)
marshal.set_data_dir(ML_ASSETS_DIR)

variables = ["dataset", "task", "metric", "number_of_configurations",
"max_parallel_configurations"]
if tuner:
variables.append("tuner")
for v in variables:

marshal.save(locals([v], v)

volumes = rokutils.interactive_snapshot_and_get_volumes()
pipeline_config = PipelineConfig(
pipeline_name=pipeline_name,
experiment_name=_auto_ml_experiment_name(),
volumes=volumes)
pipeline = PythonProcessor(automl_orchestrate, pipeline_config).run()
pipeline.input_pipeline_parameters["hp_tune"] = ("true" if tuner
else "false")
run = Compiler(pipeline).compile_and_run()

return AutoMLExperiment(run.id)

Users can import the run_automl() function with a single Python import command:

» from kale.ml import run_automl

Let us give a detailed explanation of the input arguments of run_automl():

dataset: The input dataset for the AutoML Experiment. This must be a Kale Dataset
object that contains the entire machine learning dataset of the user. We will describe

the Kale Dataset class in a following sub-section (10.1.1).

task: The type of the supervised machine learning task. This can be either:
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1. binary classification
2. multi-class classification
3. simple regression

metric: A callable metric function that will be used to evaluate the trained model
produced by each Configuration Run.

number_of_configurations: The number of suggested configurations that the Au-
toML Orchestrator will extract. The AutoML Orchestrator will eventually create a
Configuration Run for each of these configurations.

max_parallel configurations: The maximum number of Configuration Runs that
will run in parallel. Since the resources of a Kubernetes cluster (e.g. its CPU
capacity) are limited, the user must have a say on how much computing power will
be consumed during the most demanding part of the AutoML process: the parallel
execution of the Configuration Runs.

tuner: A Katib experiment specification that will be used for further parameter

optimization of the best performing model.

As we mentioned in the beginning of this chapter, the run_automl() API function re-

turns an AutoMLExperiment object (10.4.2). This object, and essentially its methods,

will enable the user to track the status of the experiment. We will elaborate more on the

status tracking of the experiment in section 10.4, after we have first analyzed the func-
tionality behind the AutoML Orchestrator pipeline (10.2) and the Configuration Runs
(10.3).

Here is a numbered list of steps that describes how run_automl() API function man-

ages to touch off the entire AutoML process:

1.

It uses Kale’s marshaling mechanism to store its input parameters in the Pod’s
volume and then takes a Rok snapshot of the volume so that the steps of the
AutoML Orchestrator and Configuration Runs can mount the cloned volume to find
and load the parameters.

It instantiates a kale.PipelineConfig object with all the basic descriptive infor-
mation (e.g: the name) of the AutoML Orchestrator.

It instantiates a kale.processors.PythonProcessor object (8.5.5) with a Python
function written in Kale DSL code (8.5.4). This Python function is called automl -
orchestrate and it essentially describes the entire ML functionality of the AutoML
Orchestrator. We expose the architecture of the automl_orchestrate function in
sub-section 10.2.1. The PythonProcessor (8.5.5) evaluates this pipeline function

and returns a Pipeline object (8.5.3).

. It compiles the Pipeline object into an Argo Workflow and applies it to Ku-

bernetes. This happens using the kale.Compiler object and its compile_and_run
method (8.5.6).

It returns an AutoMLExperiment object, instantiated with the ID of the newly
created AutoML Orchestrator. This object allows the user to monitor the status
of the AutoML Orchestrator and the Configuration Runs and also to view the metric

scores of the Configuration Runs, when they are available.
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10.1.1 The Dataset Object

In order to simplify the run_automl() function signature, we decided to represent the

user’s input dataset and all its components as one abstract entity. This entity is called a

Kale Dataset, and here are its attributes:

name: The name of the machine learning dataset.

features: The features of the part of the dataset that will be used for training.
targets: The targets of the part of the dataset that will be used for training.
features_test: The features of the part of the dataset that will be used for testing.

targets_test: The targets of the part of the dataset that will be used for testing.

10.2 The AutoML Orchestrator Pipeline

In this section, we will describe the pipeline that creates and monitors the entire

AutoML experiment. This pipeline is called the AutoML Orchestrator, and it essentially

consists of six steps that all run Kale code. Here’s an overview of the mechanism that

each step implements:

1.

get-metalearning-configurations: Using the auto-sklearn kernel, this step ex-
tracts a set of meta-features from the input dataset and produces a list of suggested

meta-learning configurations.

. run-metalearning-configurations: This step takes the configurations generated by

step 1 and starts a new Configuration Run for each one of them. These Configuration
Runs all belong to the same KFP experiment as the AutoML Orchestrator. The
maximum number of Configuration Runs that run in parallel is defined by the

max_parallel_configurations option in run_automl.

. monitor-kfp-runs: This step waits for the Configuration Runs started by step 2 to

complete.

. get-best-configuration: Every Configuration Run outputs a metric score, which

denotes the performance of the corresponding trained model. This step gathers the

metric scores from all Configuration Runs and picks the best performing one.

. run-katib-experiment: This step is optional. If the user does not provide a tuner

object in run_automl, then the AutoML Orchestrator completes at step 4. In this step,
Kale takes the meta-learning configuration that corresponds to the best Configura-
tion Run from step 4, and creates a Katib experiment to perform hyper-parameter
tuning over the model. This optimizes the model by searching the parameter space

of its architecture for parameter values that enable it to perform even better.

. monitor-katib-experiment: This step waits for the Katib experiment created in

step 5 to complete.

Let us show the following image that showcases an example AutoML Orchestrator

pipeline, as shown in the KubeFlow Pipelines UI.
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Figure 10.1: Example AutoML Orchestrator pipeline in the KFP Ul

10.2.1 The automl_orchestrate Pipeline Function

The automl_orchestrate function is a Python function, written in Kale’s domain-specific
language (8.5.4), that essentially describes the structure of the AutoML Orchestrator that
the run_automl API function creates. Since it’s written in Kale DSL, it uses Kale Step
(8.5.2) instances to represent steps in the pipeline. Here is the corresponding code snip-

pet:

Listing 10.2: The automl_orchestrate pipeline function

1 def automl_orchestrate(hp_tune="false"):

2 """Auto ML pipeline."""

3 (configurations,

4 kale_dataset_id) = GetMetalLearningConfigurations()(
5 ml_assets_marshal_path("dataset.dillpkl"”),

o

ml_assets_marshal_path("task.dillpkl"),
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7 ml_assets_marshal_path("metric.joblib"),

8 ml_assets_marshal_path("number_of_configurations.dillpkl"))
9

10 run_ids = RunMetalLearningConfigurations()(

11 configurations,

12 ml_assets_marshal_path("max_parallel_configurations.dillpkl"),
13 kale_dataset_id)

14 run_ids = MonitorKFPRuns()(run_ids)

15 best_configuration = GetBestConfiguration()(

16 run_ids,

17 configurations,

18 ml_assets_marshal_path("metric.joblib"))

19 if hp_tune == "true":

20 katib_experiment_name = RunKatibExperiment()(

21 ml_assets_marshal_path("tuner.dillpkl"),

22 best_configuration,

23 ml_assets_marshal_path("metric.joblib"),

24 kale_dataset_id)

25 MonitorKatibExperiment()(katib_experiment_name)

Note that some of the step inputs in the pipeline function are paths to marshal
objects that correspond to the marshalled input parameters of the run_automl (10.1) API
function. As we see from the previous code snippet, the AutoML Orchestrator pipeline
that the automl_orchestrate describes, consists of six Kale Steps:

1. GetMetaLearningConfigurations
RunMetaLearningConfigurations
MonitorKFPRuns
GetBestConfiguration

RunKatibExperiment

I

MonitorKatibExperiment

Each of these, is a regular Kale step that implements a specific part of the AutoML
Orchestrator pipeline. Followingly, we will expose the functionality of each one of these

steps.

10.2.2 The GetMetaLearningConfigurations Step

In this subsection, we will expose and explain the mechanism that the get-metalearning-
configurations step implements. We will describe how this step uses auto-sklearn’s meta-
learning kernel to generate a list of candidate pipeline configurations that are likely to
perform well for a given ML task. Let’s view the class definition of the get-metalearning-

configurations step and the ML code (do_run method) that gets executed inside the step:

Listing 10.3: The do_run() method of the get-metalearning-configurations step

1 class GetMetalLearningConfigurations(Step):

2 “""Produce ML suggestions from a dataset using AutoSKLearn Metalearning.
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&
4 Ins:
5 dataset (Dataset):
6 task:
7 metric (Callable):
8 number_of_configurations (int)
9
10 Outs:
11 configurations (List[Configuration])
12 kale_dataset_id (int)
13
14 MLMD Inputs:
iS5 kale.Dataset
16
17 MLMD Outputs:
18 kale.AutoMLConfiguration (#‘‘number_of_configurations‘‘)
19 e
20 name = "get-metalearning-configurations"
21 outs = Param.odict(["configurations", "kale_dataset_id"], step_name=name)
2D
23 def do_run(self, dataset, task, metric, number_of_configurations):
24 """Implementations of GetMetalLearningConfigurations."""
25 from kale.ml import metalearning
26
27 dataset_artifact = self._submit_and_link_dataset_artifact(dataset)
28 configurations = metalearning.compute_configs(dataset, task, metric,
29 number_of_configurations)
30 for idx, configuration in enumerate(configurations):
31 self._submit_configuration_artifact(configuration, idx)
S return configurations, dataset_artifact.id

10.2.2.1 The compute_configs Function

The process of computing the configurations is essentially implemented by a single
function of our kale.ml. metalearning module, called: compute_configs. The following list

describes the signature of the function:

e Input Arguments:

— dataset: A Dataset class object that contains the input dataset for the machine

learning task.
- task: A kale.types.MLTask that describes the type of the machine learning

task. Listing 10.4: The kale.types.MLTask Enum
1 class MLTask(enum.Enum):
2 """Enum class for Machine Learning tasks."""
3
4 BINARY_CLASSIFICATION =1
5 MULTICLASS_CLASSIFICATION =2

147
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6 SIMPLE_REGRESSION = 4

— metric: The callable metric function to be used in order to evaluate the trained
estimator.
- number_of_suggestions: The number of suggested pipeline configurations to

be returned.

e Return Value:

- configurations: A list of pipeline configurations (section 9.2).

The procedure of computing the pipeline configurations is a complex one as it requires
a large number of intermediate calculations. Here is a numbered list of steps that

describes the mechanism behind compute_configs:

1. It validates the input dataset provided by the user. This is done by calling the
_validate_dataset function from our kale.ml. metalearning module which:
(@) checks that the number of samples matches the number of targets.

(b) checks that the dataset consists of numerical data only.
(c) calculates a list of strings that describes whether each feature in the dataset

is categorical or numerical.

We will analyze this function’s mechanism in a following section.

2. It calculates an array of metafeatures (section 9.3) by using the calculate_all_-
metafeatures function of our kale.ml.metafeatures module. We will analyze this

function’s mechanism in a following section.

3. It creates a XYDataManager (subsection 9.2.4) object, provided by auto-sklearn,
where it stores the dataset, the type of the ML task and the list of feature types.
Essentially, the constructor of the XYDataManager extracts and stores useful in-
formation about our experiment, such as whether the input dataset is sparse or
not. This information is essential for Kale to calculate the configuration space (sub-
section 9.2.2) which is essential for auto-sklearn to suggest accurate meta-learning

configurations, later on in the process.

4. It finds the metadata directory (subsection 9.2.3) that corresponds to the combina-

tion of:

e the type of the metric
e the type of the ML task
e whether the dataset is sparse or not.

To do this, compute_configs calls find_metadata_dir, a utility function from Kale’s

ml.utils module. We will expose and describe this function in a following section.

5. It finds the configuration space (subsection 9.2.2) in which auto-sklearn will search
for pipeline configurations. For this purpose, compute_configs calls get_configura-

tion_space from the autosklearn.util. pipeline module.

6. It creates a MetaBase object (subsection 9.3.5) which holds auto-sklearn’s entire

meta-learning data-base.
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7. It calculates and returns the list of suggested pipeline configurations (section 9.2).

Here is the code that runs inside compute_configs:

Listing 10.5: The compute_configs function that produces a list of suggested pipeline

configurations

S © ® N O O b~ W N =

—
N o~

def compute_configs(dataset: Dataset,

task: MLTask,
metric: Callable,
number_of_configurations: int) -> List[Configuration]:

"""Use the AutoSKLearn MetalLearning system to produce ML configurations.

The AutoSKLearn Metalearning system is based on prior knowledge on how
certain Machine Learning models perform on a set of known datasets.
AutoSKLearn can use this prior knowledge to suggest some Machine Learning
configurations that are supposed to perform well on a new, previously
unseen, dataset."""

log.info("Getting suggested configurations...")

task = mltask_to_string(task)

validated_dataset, feature_types = _validate_dataset(dataset, task)

task_type = extract_task_type(y=validated_dataset.targets, task=task)

metafeatures = calculate_all_metafeatures(x=validated_dataset.features,
y=validated_dataset.targets,
dataset_name=dataset.name,
task_type=task_type,

feature_types=feature_types)

# XYDataManager does some validation to the dataset and the list of feature

# types. It also finds if the dataset is sparse or not - useful for

# detecting the metadata directory.

datamanager = XYDataManager(X=validated_dataset.features,
y=validated_dataset.targets,
X_test=validated_dataset.features_test,
y_test=validated_dataset.targets_test,
task=task_type,
feat_type=feature_types,
dataset_name=dataset.name)

is_sparse = datamanager.info["is_sparse"]

metadata_directory = find_metadata_dir(task_type, metric, is_sparse)
config_space = get_configuration_space(datamanager.info)

# The MetaBase object is a container for metafeatures, configurations
# and their respective scores.

meta_base = MetaBase(config_space, metadata_directory)
meta_base.add_dataset(dataset.name, metafeatures)

configurations = suggest_via_metalearning(
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44 meta_base=meta_base, dataset name=dataset.name,

45 metric=metric, task=task_type, sparse=is_sparse,

46 num_initial_configurations=number_of_configurations)
47 return configurations

10.2.2.2 The _validate dataset Function

The _validate_dataset function, as its name suggests, validates the input dataset
provided by the user. It belongs in our kale.ml. metalearning module and it essentially uses
the InputValidator (subsection 9.5.1) class from the autosklearn.data.validation module
to validate the input dataset. The _validate_dataset function has the following signature:

e Input Arguments:

— dataset: The input dataset.
— task: The type of the task. This must be a string argument that is either

"classification" or "regression".
e Return Values:

- validated_dataset: The validated dataset.
— feature_types: A list of strings that specifies whether each feature is "categor-

ical" or numerical.

The _validate_dataset function essentially consists of three parts. More specifically it:

1. checks that the number of samples matches the number of targets.
2. checks that the dataset consists of numerical data only.

3. calculates a list of strings that describes whether each feature in the dataset is

categorical or numerical.

Tho following snippet shows the code that runs inside the _validate_dataset function.

Listing 10.6: The _validate_dataset function of the kale.ml. metalearning module

1 def _validate_dataset(dataset: Dataset,
2 task: str = "classification") -> (

Tuple[Dataset, List[str]]):

w

4 """Validate and process the input features and targets.

5

6 Use AutoSKLearn ‘‘InputValidator’‘ to check if the input dataset

7 is valid (e.g: the number of samples matches the number of targets).

8 Also, auto-sklearn does some "polishing" transformations to the dataset.
9

10 During the validation, ‘‘InputValidator’‘ also determines the feature
11 type for all the input features. A feature type can either be "numerical"
12 or "categorical".

13

14 Args:

15 dataset (Dataset): A Dataset class object that contains the input
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16 dataset for the ML task.

17 task (str): The type of the ML task (classification | regression).
18

19 Returns:

20 Dataset, List(str): The validated dataset and a list of feature types
21 for all features (either "numerical" or "categorical").

22 e

23 is_classification = (task == "classification")

24 input_validator = InputValidator()

25 X, y = input_validator.validate(X=dataset.features, y=dataset.targets,
26 is_classification=is_classification)
27 x_test, y_test = input_validator.validate(

28 X=dataset.features_test, y=dataset.targets_test,

29 is_classification=is_classification)

30

31 validated_dataset = copy.deepcopy(dataset)

32 validated_dataset.features = x

33 validated_dataset.targets =y

34 validated_dataset.features_test = x_test

35 validated_dataset.targets_test =y _test

36 return validated_dataset, input_validator.feature_types

10.2.2.3 The find_metadata_dir Function

The find_metadata_dir function, as its name suggests, finds the path to the meta-data
directory that corresponds to a given ML task. The function belongs in our kale.ml.utils
module.

As we described in subsection 9.2.3, auto-sklearn organizes its meta-data directory

with respect to three characteristics of the ML task:
1. The metric function

2. The type of the task
3. The sparsity of the dataset

Subsequently, our find_metadata_dir function has the following signature:

e Input Arguments:

- task_type: A kale.types.MLTask that describes the type of the machine learn-
ing task.
— metric: The metric function that is used to evaluate the results of the experi-

ment.
— is_sparse: A bool value that describes whether the input dataset is sparse or

not.
¢ Return Value:

- metadata_directory: A path to a meta-data directory inside auto-sklearn’s

installation directory.
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Here is a snippet with the code that runs inside find_metadata_dir:

Listing 10.7: The compute_configs function that finds the path to the meta-data directory

that corresponds to a given ML task

def find_metadata_dir(task_type: int, metric: Callable, is_sparse: int):

1

2 """Find the directory where auto-sklearn stores its meta-knowledge.

3

4 Note:

5 The directory structure follows the ’Algorithm Selection Library’

6 (ASLib) format. See https://www.automl.org/automated-algorithm-design/algorithm-
selection/aslib/ # noga: 501

7

Args:

task_type (int): The type of the ML task.

10 metric (callable): The metric that is used for the ML task.
11 is_sparse (int): Whether the dataset is sparse or not.
12
13 Returns:
14 str: path to the auto-sklearn metadata directory.
15
16 Raises:
17 RuntimeError: When the auto-sklearn metadata directory cannot be found.
18 e
19 log.info("Finding metadata dir...")
20 metalearning_directory = os.path.dirname(autosklearn.metalearning.__file__)
21 # The auto-sklearn metadata directory doesn’t provide metadata for
22 # multi-label classification. auto-sklearn reverts to using binary
23 # classification as well, so we copy this behaviour.
24 if task_type == constants.MULTILABEL_CLASSIFICATION:
25 meta_task = constants.BINARY_CLASSIFICATION
26 else:
27 meta_task = task_type
28 metalearning_files_dir = "%s_%s_%s" % (
29 metric, constants.TASK_TYPES_TO_STRING[meta_task],
30 "sparse" if is_sparse else "dense")
31 metadata_directory = os.path.join(
&2 metalearning_directory, "files", metalearning_files_dir)
33 if not os.path.exists(metadata_directory):
34 raise RuntimeError("Metadata directory %s does not exist."
35 % metadata_directory)
36 log.info("Metadata directory: %s", metadata_directory)
37 return metadata_directory

10.2.2.4 The _submit_configuration_artifact Method

In order to sustain a lineage of the entire AutoML experiment, we enforce steps to
create and submit Artifacts to the MLMD database. The _submit_configuration_artifact

method creates an AutoMLConfiguration Artifact (subsubsection 10.4.1.2) out of a given
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pipeline configuration.

Listing 10.8: The _submit_configuration_artifact method of GetMetaLearningConfigura-
tions that creates and submits an AutoMLConfiguration Artifact for a given pipeline con-

figuration

1 def _submit_configuration_artifact(self, configuration, idx):

2 from kale.ml import utils

3 from kale.common.artifacts import AutoMLConfiguration

4

5 mlmd = mlmdutils.get_mlmd_instance()

6 config_summary = utils.get_configuration_summary(configuration)
7 config = AutoMLConfiguration(

8 config_summary=config_summary,

9 run_id=kfputils.format_kfp_run_id_uri(mlmd.run_uuid),
10 estimator_name="Configuration %s: %s"

11 % (idx + 1, config_summary["name"]))

12 config.assign_list_index(idx + 1)

13 config_artifact = config.submit_artifact()

14 mlmd.link_artifact_as_output(config_artifact.id)

As we can see, the AutoMLConfiguration class expects a config_summary input pa-
rameter which describes all the important information about the estimator (classifier, or
regressor) of the pipeline configuration. More specifically, config_summary is expected to

be a dictionary that describes the estimator with the following fields:
e name: The name of the architecture of the estimator.

e parameters: A dictionary of name-value mappings for the hyper-parameters of the

estimator.

To produce the config_summary parameter, this step uses the get_configuration_sum-

mary utility function from Kale’s ml.utils module:

Listing 10.9: The get_configuration_summary utility function that creates a summary

dictionary out of a given pipeline configuration

1 def get_configuration_summary(configuration: Configuration) -> Dict[str, Any]:

2 """Return an opinionated summary of the input configuration.

8

4  The output of this function can be used to pretty-print a configuration,
5 with just the right information, or to upload the configuration to the

6 artifact store.

7

8 Args:

9 configuration: A suggested configuration extracted by auto-sklearn.
10

11 Returns:

12 dict: A dictionary that describes the learner (classifier, or

13 regressor) of the configuration, with the following fields:
14

15 * ‘‘name’‘: The name of the model
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16 x ‘‘parameters’‘: A dictionary of hyperparameters.

17

18 Raises:

19 ValueError: If cannot find a supported learner type. Supported
20 learner types are ‘‘classifier:__choice__‘‘ and

21 ‘‘regressor:__choice__‘‘.

22 "t

23 if configuration.get("classifier:__choice__"):

24 name = _get_classifier_name(configuration)

25 params = _get_params(configuration, "classifier")

26 elif configuration.get("regressor:__choice__"):

27 name = _get_regressor_name(configuration)

28 params = _get_params(configuration, "regressor")

29 else:

30 raise ValueError("Could not find a model in the input configuration.")
31

32 return {"name": name, "parameters": params}

10.2.3 The RunMetaLearningConfigurations Step

In this subsection, we will expose and explain the mechanism that the RunMetalLearn-
ingConfigurations step implements. In summary, this step takes as input the list of
meta-learning configurations that were produced by the previous step, and for each one
of them, it spins up an new Configuration Run which implements the ML pipeline that
the corresponding configuration suggests. Let’s view the ML code that runs inside the

Kale step, starting from its class definition and the do_run method:

Listing 10.10: The class definition and do_run() method of the run-metalearning-

configurations step

1 class RunMetalLearningConfigurations(Step):

2 """Run MetalLearning suggestions as KFP pipelines.

3

4 Ins:

5 configurations (List[Configuration])

6 max_parallel_configurations (int)

7 kale_dataset_id (int)

8

9 Outs:
10 run_ids (List[str])
11 men

12 name = "run-metalearning-configurations"

13 outs = Param.odict(["run_ids"], step_name=name)
14 actions = ["RunKFPPipelines"]
15
16 def do_run(self, configurations, max_parallel_configurations,
17 kale_dataset_id):
18 """Implementation of RunMetalLearningConfigurations."""
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19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66

from time import sleep

from kale import marshal

from kale.common import mimdutils

from kale.ml.utils import ML_ASSETS_DIR

from kale.common.artifacts import AutoMLConfiguration

self.vars["run_ids"] =]
marshal.set_data_dir(ML_ASSETS_DIR)

mlmd = mlmdutils.get_mlmd_instance()
# Get all Artifacts that are attributed to the Context of the AutoML
# Orchestrator. The SKLearnTransformer step of each new Configuration
# Run should link the corresponding AutoMLConfiguration Artifact as its
# input. So, we should pass the corresponding AutoMLConfiguration
# Artifact ID to each Configuration Run.
kale_config_artifacts = mlmdutils.get_artifacts_by_context_and_type(
context_id=mlmd.run_context.id,
type_name=AutoMLConfiguration.artifact_type_name,
sorted=True)
if len(kale_config_artifacts) != len(configurations):
raise RuntimeError("Founds %d MLMD configuration artifacts but"
" %d configuration were provided as input."
% (len(kale_config_artifacts),

len(configurations)))

# Start all configurations with a reconciliation loop to avoid having
# more than max_parallel_configurations running concurrently
while configurations:
if self._running_ids() >= max_parallel_configurations:
log.info("Cannot start a new configuration. Max parallel"
" configurations cap is set to %d. Waiting for a"
" configuration to complete...",
max_parallel_configurations)
sleep(10)

continue

configuration = configurations.pop(0)

index = len(self.vars["run_ids"]) + 1

log.info("Saving configuration n. %d", index)

marshal.save(configuration, "configuration")

automl_config_artifact_id = kale_config_artifacts[index - 1].id
run_id = self._run_pipeline(index, {

"kale_dataset_id": str(kale_dataset_id),

"kale_config_id": str(automl_config_artifact_id)})
self.vars["run_ids"].append(run_id)

self._patch_context(run_id, index)



Chapter 10

68 return self.vars["run_ids"]

As we've explained in sub-section 8.5.2 the do_run method contains the main code
that runs in a Kale step. As a result, the inputs of the method correspond to the inputs
of the Kale step, and the outputs of the method correspond to the outputs of the step.

Therefore, let us give a more detailed explanation of the signature of the method:

e Input Arguments:

— configurations: A list of suggested pipeline configurations. This step will spin
up a new Configuration Run for each one of these configurations. This list
is actually an output from the previous step, which is passed using Kale’s

marshalling mechanism.
— kale_dataset_id: The ID of the Dataset Artifact (10.4.1.3) which corresponds

to the input dataset of the problem. This is also an output from the previous
step and it will be passed to each created Configuration Run. This way, since
the Dataset Artifact represents (in MLMD) the actual input dataset, each Con-
figuration Run will mark it as its input, sustaining a MLMD lineage for the

experiment.
- max_parallel configurations: An integer that expresses the maximum num-

ber of Configuration Runs that will can run in parallel. This is actually on of

the input parameters in the run_automl API function.

e Return Value:

— the list of Configuration Run IDs: The next step will monitor the status of

the Configuration Runs, so it will need their IDs to query the KFP server.

The main functionality of this step is implemented inside the reconciliation while-
loop. This loop ensures that at each particular moment in time, there will be no more
than max_parallel_configurations running. Here is a numbered list of steps that describes

the logic inside the reconciliation loop:

1. Compare the number of running Configuration Runs to the maximum allowed
number of parallel Configuration Runs. If the number of running Configuration
Runs exceeds the maximum allowed number of parallel Configuration Runs, then
sleep for a portion of time before you reenter the reconciliation loop. Otherwise,

move on to the main body of the reconciliation loop.
2. Extract the next configuration from the list of remaining configuration.

3. Save the configuration in a marshal object in the volume of the Notebook Server.
Later on in the process, Kale will take a snapshot of this volume which contains
the configuration object. This cloned volume will be mounted in each pod of the
corresponding Configuration Run. Subsequently, the Run will read and implement
the pipeline described in the configuration.

4. Spin up a new Configuration Run. This is implemented by the _run_pipeline
method of the RunMetaLearningConfigurations class. In a following section, we will

expose the logic of this class.
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5. Add the Configuration Run ID in the list that holds all Configuration Run IDs.
This list is the only output of the RunMetaLearningConfigurations step. It will be
used by the next step (MonitorKFPRuns)to query the KFP server and monitor the

status of each individual Configuration Run.

6. Update the MLMD Context of the Orchestrator with links to the Contexts of the
Configuration Runs. This way, we sustain a MLMD lineage between the AutoML

Orchestrator and the Configuration Runs.

10.2.3.1 The _run pipeline Method

As we described above, when the number of running Configuration Runs is less than
the value of max_parallel_configurations (input parameter in the run_automl API func-
tion), the RunMetaLearningConfigurations step picks a configuration and spins up a new
Configuration Run. The creation of the Configuration Run is implemented by the _run_-
pipeline method of the RunMetaLearningConfigurations class. The following list describes
the signature of the method:

e Input Arguments:

- index: An integer that ranges from 1 to number_of configurations. This
integer is unique for the experiment, and it corresponds to the position of the

configuration in the list of extracted configurations.
- params: A dictionary that contains the following fields:

x kale_dataset_id: The ID of the Kale Dataset Artifact (10.4.1.3).
*x kale_config id: The ID of the AutoMLConfiguration Artifact (subsection

10.4.1.2) which corresponds to the Configuration Run and which describes
the corresponding pipeline configuration. To sustain a MLMD lineage for
the AutoML experiment, we pass the AutoMLConfiguration Artifact ID to
each individual Configuration Run. This way, the Run will be able to link
this Artifact as its input by creating a MLMD Attribution (8.6) that links
the MLMD Context of the Configuration Run with the Artifact. Linking an
AutoMLConfiguration Artifact as input expresses the fact that the pipeline
receives the corresponding configuration as its input from the AutoML

Orchestrator.
These fields are to be added to the pipeline parameters of the newly created
Configuration Run.
e Return Value:

- the run ID of the Configuration Run.
Listing 10.11: The _run_pipeline method of the RunMetaLearningConfigurations step class

1 def _run_pipeline(self, index, params: Dict = {}):

2 from kale.types import Param

w

from kale import PipelineConfig, Compiler
from kale.processors import PythonProcessor

from kale.ml.pipelines import sklearn_train_predict

()G BN

157
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16
17
18
19
20
21
22

24
25
26
27

volumes = rokutils.interactive_snapshot_and_get_volumes()

pipeline_config = PipelineConfig(
pipeline_name="sklearn-configuration-%d" % index,
experiment_name=kfputils.get_experiment_from_run_id(

kfputils.detect_run_uuid()).name,

marshal_path=self.marshal_path,
volumes=volumes)

pipeline_params = {k: Param(type(v).__name__, v)

for k, v in params.items()}

log.newline()

log.info("Creating pipeline for configuration n. %d", index)

processor = PythonProcessor(
sklearn_train_predict.sklearn_train_predict, pipeline_config)

processor.pipeline.default_pipeline_parameters.update(pipeline_params)

pipeline = processor.run()

log.info("Running pipeline for configuration n. %d", index)

run = Compiler(pipeline).compile_and_run()

log.info("Successfully started run %s" % run.id)

log.newline()

return run.id

As we described above, _run_pipeline essentially creates actual KubeFlow Pipelines,

called Configuration Runs. For this purpose this, this method mainly uses Kale’s back-

end (section 8.5). Here is a numbered list of steps that describes the main logic inside

the _run_pipeline method:

1.

It takes a snapshot of the volume that is mounted in the Pod. This volume, will
me mounted to the first step of each Configuration Run, and it contains a marshal

object with the corresponding pipeline configuration.

. It instantiates a kale.PipelineConfig object with all the basic descriptive infor-

mation (such as the name) of the Configuration Run.

. It creates a dictionary with kale_dataset_id and kale_config id Param objects

that will be passed as pipeline parameters to the Configuration Run.

It instantiates a kale.processors.PythonProcessor (8.5.5) with a Python function
written in Kale DSL code (8.5.4). This Python function essentially describes the
entire ML functionality of the Configuration Run, and we will expose it in a following
section. The PythonProcessor evaluates this pipeline function and returns a Pipeline
object (8.5.3).

It compiles the Pipeline object into an Argo Workflow and applies it to Ku-
bernetes. This happens using the kale.Compiler object and its compile_and_run
method (8.5.6).

10.2.4 The MonitorKFPRuns Step

In this subsection, we will expose and explain the mechanism that the MonitorKF-

PRuns step implements. In summary, this step watches the statuses of the Configuration
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Runs that were created by the previous step (run-metalearning-configurations), and when
they are all finished, either successfully or unsuccessfully, this step completes its execu-
tion. Let us view the code that runs inside this Kale step, and more specifically its class

definition and do_run method:

Listing 10.12: The class definition and do_run() method of the monitor-kfp-runs step

1 class MonitorKFPRuns(Step):

2 """Wait for KFP pipelines to complete.
&
4 Ins:
5 run_ids
6
7 Outs:
8 run_ids
9 100
10 name = "monitor-kfp-runs"
11 outs = Param.odict(["run_ids"], step_name=name)
12
13 def do_run(self, run_ids):
14 """Implementation of MonitorKFPRuns."""
15 from time import sleep
16
17 log.info("Monitoring runs: %s", run_ids)
18 statuses = {run_id: "Pending" for run_id in run_ids}
19
20 # Add custom properties linking the MLMD Execution with the runs to
21 # monitor
22 log.info("Patching MLMD Execution custom properties with the"
23 " configuration run IDs...")
24 mlmd = mlmdutils.get_mlmd_instance()
25 custom_props = {"configuration_ run %d" % idx:
26 kfputils.format_kfp_run_id_uri(run_ids[idx])
27 for idx in range(len(run_ids))}
28 mlmdutils.patch_execution_custom_properties(mlmd.execution.id,
29 custom_props)
30 log.info("Successfully patched MLMD Execution")
31
32 while any(map(lambda state: state not in kfputils.KFP_RUN_FINAL_STATES,
33 statuses.values())):
34 log.newline()
35 log.info("Updating pipelines statuses...")
36 for run_id in statuses.keys():
37 if statuses[run_id] not in kfputils.KFP_RUN_FINAL_STATES:
38 statuses[run_id] = kfputils.get_run(run_id).run.status
39 log.info("Run ’%s’: %s", run_id, statuses[run_id])
40 sleep(b)
41
42 log.info("All done!")
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43 return run_ids

As we can see from the code above, the signature of the do_run method of the step is
fairly simple. It receives the list of Configuration Run IDs as input, and it returns it for
the next step to consume. The input list of IDs will be used to query the KFP server for
the statuses of the Configuration Run pipelines. Let us view a numbered list of steps

that describes the mechanism behind MonitorKFPRuns’s do_run method:

1. Update the custom properties of the MLMD Execution with the Configuration
Run IDs to monitor. As we mentioned in (8.6), executions are mapped to pipeline
steps. Therefore, since the MonitorKFPRuns step monitors all the Configuration
Runs of the experiment, we link this step to these Configuration Runs, in order to
sustain an MLMD lineage across our AutoML experiment. For this purpose, we use

Kale’s mlmdutils utility module.

2. Keep a dictionary of the statuses of all Configuration Runs. Initially, the status
of each Configuration Run is set to Pending. Configuration Runs are represented

by their run IDs.

3. Sleep while not all Configuration Runs are in a final state. We consider a
KubeFlow Pipeline to be in a final state when its status is: Succeeded, Skipped,

Failed or Error.

4. When all Configuration Runs are finished, return their run IDs. This list of run
IDs is essentially the only return parameter of the step. The next step of the AutoML
Orchestrator (GetBestConfiguration) will need these run IDs to query the KFP server
for the Configuration Runs and get the metrics they produced.

10.2.5 The GetBestConfiguration Step

In this subsection, we will expose and explain the mechanism that the get-best-
configurations step implements. In summary, this step takes as input the list of Con-
figuration Run IDs, collects the metric scores of the Configuration Runs that succeeded,
finds the Configuration Run with the best score and returns the corresponding configu-

ration object. Let us view the class definition and the do_run method of the step:

Listing 10.13: The class definition and do_run() method of the get-best-configuration step

1 class GetBestConfiguration(Step):

2 """Get the best-performing MetalLearning configuration.
3,

4 Ins:

B run_ids

6 configurations

7 metric

8

9 Outs:

10 best_configuration

11

12 name = "get-best-configuration”
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13 outs = Param.odict(["best_configuration"], step_name=name)

14

115 def do_run(self, run_ids, configurations, metric):

16 """Implementation of GetBestConfiguration."""

17 metrics = dict()

18 for run_id in run_ids:

19 log.info("Collecting metrics for run: %s", run_id)

20 metrics[run_id] = kfputils.get_kfp_run_metrics(run_id)

21 final_metrics = metrics.copy()

22

23 log.newline()

24 log.info("Collected metrics: \n")

25 for run_id, _metrics in metrics.items():

26 log.info(" Run %s:", run_id)

27 if not _metrics.values():

28 log.info(" No metrics found.")

29 del final_metrics[run_id]

30 for name, value in _metrics.items():

31 log.info(" %s: %s", name, value)

32 log.info("Using metric ’%s’ as target metric.", metric.name)
33

34 # Get best metric, excluding empty metrics dictionaries

35 opt = max if metric._sign == 1 else min # see arrikto/dev#1128
36 best_run_uid, best_metric = opt(final_metrics.items(),

37 key=lambda x: x[1][metric.name])
38 log.info("Best run id: %s", best_run_uid)

39

40 log.info("Patching MLMD Execution and Context custom properties with"
41 " the best configuration run ID...")

42 custom_prop = {"best_configuration_run":

43 kfputils.format_kfp_run_id_uri(best_run_uid)}
44 mlmd = mlmdutils.get_mlmd_instance()

45 mlmdutils.patch_execution_custom properties(mlmd.execution.id,
46 custom_prop)

47 log.info("Successfully patched MLMD Execution")

48 mlmdutils.patch_context_custom_properties(mlmd.run_context.id,
49 custom_prop)

50 log.info("Successfully patched MLMD Context")

51

52 best_configuration = configurations[run_ids.index(best_run_uid)]
53 return best_configuration

The process of finding the best scoring configuration is essentially implemented inside
the do_run method. The following list describes the signature of the method:
e Input Arguments:

- run_ids: Alist of the Configuration Run IDs of the experiment. This is actually
the output of the previous, MonitorKFPRuns step. Each of these IDs will be

used to collect the metric score of the corresponding Configuration Run.
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— configurations: A list of the suggested pipeline configurations. This is actually
the output of the GetMetalLearningConfigurations step. The GetBestConfigura-

tion step extracts and returns the best pipeline configuration out of that list.

— metric: The metric that is used to evaluate the results of each Configuration
Run. This is actually the function object that the user provided as input to the

run_automl API function (section 10.1).

e Return Value:

- configuration: The highest scoring configuration in the AutoML process.

Here is a numbered list of steps that describes the mechanism behind GetBestCon-

JSiguration’s do_run method:

1. Collect the metric scores of the Configuration Runs: This happens by iterating
through the list of run IDs and collecting each metric score using the get_kfp_run -

metrics function from Kale’s kfputils module.

2. Find the Configuration Run (and configuration) that scored the highest by
iterating through the run IDs.

3. Update the custom properties of the MLMD Execution and Context with the ID
of the best scoring Configuration Run. As we mentioned in section 8.6, executions
are mapped to pipeline steps. Therefore, since the GetBestConfiguration step finds
the highest scoring Configuration Run, we link this step to that Configuration Run,
so that we sustain a MLMD lineage across our AutoML experiment. For this purpose,

we use Kale’s mlmdautils utility module.

4. Return the configuration that corresponds to the best scoring Configuration

Run.

10.2.6 The RunKatibExperiment Step

In this subsection, we will expose the mechanism that the run-katib-experiment step
implements. In summary, run-katib-experiment takes the highest scoring configuration
from the previous step, and creates a Katib experiment (8.4.4) to further optimize this top-
scoring configuration by finding hyper-parameter values that produce even better results
than the starting configuration.

This and the following step (monitor-katib-experiment) are executed only in the case
that the user has specified a tuner (katib. ExperimentSpec object) input parameter in
the run_automl function call (section 10.1). If no tuner is passed in the run_automl API
function, then the get-best-configuration step (subsection 10.2.5) is the last step of the
AutoML Orchestrator pipeline. One can also conclude this conditional execution of the
run-katib-experiment step by looking at listing 10.2, where these two steps are executed
only if pipeline parameter hp_tune is set to "true”.

Let us view the class definition and the main methods of the step:
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Listing 10.14: The class definition and methods of the run-katib-experiment step

1 class RunKatibExperiment(Step):
2 """Run a Katib experiment.
3
4 Ins:
5 tuner (katib.VlbetalExperimentSpec): Experiment spec
6 best_configuration (ConfigSpace.Configuration):
7 metric (autosklearn.metric): An (Auto)SKLearn metric
8 kale_dataset_id (int): The MLMD artifact ID
9
10 Outs:
11 katib_experiment_name (str): Katib experiment name
12 e
13 name = "run-katib-experiment"
14 outs = Param.odict(["katib_experiment_name"], step_name=name)
15 actions = ["KatibExperiment"]
16
17 def _get_hyperparams(self, configuration):
18 return {
19 hp_name: configuration[hp_name]
20 for hp_name in configuration.keys()
21 if (any(map(lambda alg_type: hp_name.startswith(alg_type),
22 ["classifier", "regressor"]))
23 and not hp_name.endswith("__choice__"))}
24
25 def _generate_hyperparam_conf(self, key, value, conf_space):
26 conf_space = copy.deepcopy(conf_space)
27 hp = conf_space.get_hyperparameter(key)
28 if hasattr(hp, "upper") or hasattr(hp, "choices"):
29 hp.default_value = value
30 return hp
31 return None
32
33 def _get_hyperparams_confs(self, configuration):
34 configuration = copy.deepcopy(configuration)
&5 hyperparams_conf = []
36 for key, value in self._get_hyperparams(configuration).items():
37 hp = self._generate_hyperparam_conf(
38 key, value, configuration.configuration_space)
39 if hp:
40 hyperparams_conf.append(hp)
41 return hyperparams_conf
42
43 def _get_param(self, conf):
44 from kubeflow import katib
45 if hasattr(conf, "choices"):
46 return katib.VlbetalParameterSpec(
47 feasible_space=katib.VlbetalFeasibleSpace(
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48 list=list(conf.choices)),

49 name=self._conf_name(conf),

50 parameter_type="categorical")

51 else: # for now assume just float ranges

52 return katib.VlbetalParameterSpec(

53 feasible_space=katib.VlbetalFeasibleSpace(

54 max=str(float(conf.upper)),

55 min=str(float(conf.lower)),

56 # heuristic just for test purposes

57 step=str((float(conf.upper) - float(conf.lower)) / 10)),
58 name=self._conf_name(conf),

59 parameter_type="double")

60

61 def do_run(self, tuner, best_configuration, metric, kale_dataset_id):
62 """Implementation of RunKatibExperiment."""

63 from kubeflow import katib

64 from kale.types import Param

65 from kale.processors import PythonProcessor

66 from kale import marshal, PipelineConfig, Compiler

67 from kale.ml.pipelines import sklearn_train_predict

68

69 hyperparam_confs = self._get_hyperparams_confs(best_configuration)
70

71 # Marshal the configuration, used by the train-predict pipeline
72 marshal.save(best_configuration, "configuration")

73

74 # Configure the HP tuning settings

75 tuner.algorithm = katib.VlbetalAlgorithmSpec(algorithm_name="grid")
76 tuner.objective = katib.V1lbetalObjectiveSpec(

77 objective_metric_name=metric.name,

78 type=tuner.objective.type or "maximize"

79 tuner.parameters = [self._get_param(conf) for conf in hyperparam_confs]
80

81 volumes = rokutils.interactive_snapshot_and_get_volumes()

82 log.info("Creating parametrized pipeline...")

83 pipeline_config = PipelineConfig(

84 pipeline_name="katib-trial-sklearn-configuration",

85 experiment_name=kfputils.get_experiment_from_run_id(

86 kfputils.detect_run_uuid()).name,

87 marshal_path=self.marshal_path,

88 volumes=volumes,

89 katib_metadata=tuner,

90 katib_run=True)

91 processor = PythonProcessor(

92 sklearn_train_predict.sklearn_train_predict, pipeline_config)
93 pipeline = processor.run()

94

95 for conf in hyperparam_confs:
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96 pipeline.default_pipeline_parameters|
97 self._conf_name(conf)] = Param(name=self._conf_name(conf),
98 param_type="str")
99
100 def _patch_step_cli(step: BaseStep):
101 del step.ins["masked_inputs"]
102 for conf in hyperparam_confs:
103 name = ".msk.%s" % self._conf_name(conf)
104 step.ins[name] = Param(name=name)
105 _patch_step_cli(pipeline.get_step("run-sklearn-transformer"))
106 _patch_step_cli(pipeline.get_step("train-sklearn-estimator"))
107
108 log.info("Running Katib experiment...")
109 experiment = Compiler(pipeline).compile_and_run()
110 log.info(experiment)
111
112 self._patch_experiment_uri(experiment["metadata"]["name"],
113 experiment["metadata”]["namespace"])
114 return experiment["metadata"]["name"

The do_run method of the RunKatibExperiment step class, which contains the ML-

oriented code that gets executed in the step, works as follows:
1. It gets the top-scoring configuration as input from the previous step.

2. Extracts the names of its hyper-parameters and gets their feasible space. This
happens using the _get_hyperparams_confs method.

3. Compiles and runs a Katib experiment using the pipeline specified in the
sklearn_train_predict pipeline function. We analyzed the structure of this pipeline
function in section 10.3.1. Katib, later in the process, will run several such pipelines
with different hyper-parameter values to figure out how the hyper-parameters affect

their scores.

4. Returns the name of the created Katib experiment, so that the next step can

monitor its execution.

10.2.7 The MonitorKatibExperiment Step

This is the last step of the AutoML Orchestrator pipeline and its purpose is to monitor

the Katib experiment that the previous step created.

Listing 10.15: The class definition and do_run method of the run-katib-experiment step

1 class MonitorKatibExperiment(Step):

N

"""Wait for a Katib experiment to complete.

Ins:

katib_experiment_name (str): Name of the Katib experiment to monitor.

name = "monitor-katib-experiment"

N NS BTN
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9 def do_run(self, katib_experiment_name: str):

10 """Implementation of MonitorKatibExperiment."""

11 from kale.common import katibutils

12

13 katibutils.wait_for_hptuning_experiment(katib_experiment_name)

As we can see from above, the do_run method of the MonitorKatibExperiment step
class simply waits for the Katib experiment to finish its execution. It does that by calling
the wait_for_hptuning_experiment utility function from Kale’s common. katibutils module.

Here is the code of this function:

Listing 10.16: The wait_for_hptuning_experiment utility function from the

kale.common. katibutils module

1 def wait_for_hptuning_experiment(experiment_name: str):

2 """Wait for an HP Tuning experiment to succeed.

3

4 Args:

5 experiment_name (str): Name of the HP Tuning experiment.
6

7 Returns:

8 tuple(str, str, str): Status, Condition reason, Condition message.
9 nen

10 def sleep_with_progress(total, interval, msg):

11 for i in range(O, total // interval):

12 log.info("%s %d...", msg, total - i x interval)

13 time.sleep(interval)

14

15 while True:

16 log.newline(2)

17 log.info("Watching for HP Tuning experiment: ’'%s’",

18 experiment_name)

19 sleep_with_progress(30, 5, "Checking status in")
20
21 experiment = get_experiment(experiment_name, podutils.get_namespace())
22 status = get_experiment_status(experiment["status"])
23 log.info("Experiment status: %s", status)
24 if status[O] not in EXPERIMENT_FINAL_STATES:
25 continue
26 return status

10.3 The Configuration Run

In this section, we will describe the architecture of Configuration Runs. These are the
pipelines that the AutoML Orchestrator creates in its RunMetaLearningConfigurations step
(10.2.3) to train models in parallel. Each Configuration Run in an AutoML experiment
implements one of the pipeline configurations that auto-sklearn extracts.

These pipelines essentially consist of three steps, and each step corresponds to a
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specific part of a ML workflow. Here’s an overview of each step:

1. run-sklearn-transformer: This step implements the preprocessor specified in a
pipeline configuration. Its purpose is to process the input dataset (both train and
test set) and bring it to a state that will allow the model to efficiently be trained and
tested on it.

2. train-sklearn-estimator: This step essentially implements the actual model archi-
tecture that a configuration describes. Its purpose is to produce a trained model
using the processed train set from the previous step.

3. infer-sklearn-predictor: This step uses the processed test set from step run-sklearn-
transformer to test the trained model from step train-sklearn-estimator using the
metric function that the user provided in run_automl(). When the metric scores from

this step are finally produced, the entire Configuration Run finishes its execution.

To prove that the architecture we provided above holds, let us show the following
image that showcases an example of a completed Configuration Run, as shown in the
KubeFlow Pipelines UI.

¢ @ sklearn-configuration-3-loals-i7jac

Graph Run output Config

. Simplify Graph

create-volume-1 Q
run-sklearn- Q
transformer

l

train-sklearn- Q

estimator

infer-sklearn- Q
predictor

Figure 10.2: Example of completed Configuration Run in the KFP UI
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As we mentioned in sub-section 10.2.3, the pipeline function that is used as a template
for the Configuration Runs is the sklearn_train_predict function from the kale.ml. pipelines

module. Let us expose and analyze this pipeline function in the following sub-section.

10.3.1 The sklearn_train_predict Pipeline Function

The sklearn_train_predict function is a Python pipeline function, written in Kale’s
domain-specific language (8.5.4), that essentially describes the structure of the Config-
uration Run that is created by the RunMetalLearningConfigurations (10.2.3) step of the
AutoML Orchestrator. Since it’s written in Kale DSL, it uses Kale Step (8.5.2) instances

to represent steps in the pipeline. Here is the corresponding code snippet:

Listing 10.17: The sklearn_train_predict pipeline function

1 def sklearn_train_predict(kale_dataset_id="-1", kale_config_id="-1"):

2 """Train and validate a SKLearn model from an AutoML configuration."""
3 (x_processed,

4 x_test_processed,

B kale_dataset_id_local,

6 transformer_pipeline) = RunSKLearnTransformer()(

7 ml_assets_marshal_path("configuration.dillpkl"),

8 ml_assets_marshal_path("dataset.dillpkl"),

9 kale_dataset_id,

10 kale_config_id,

11 {3

12 )

13 model, kale_model_id = TrainSKLearnEstimator()(

14 ml_assets_marshal_path("configuration.dillpkl"),

15 X_processed,

16 ml_assets_marshal_path("dataset.dillpkl"),

17 kale_dataset_id_local

18 "

19 )

20 InferSKLearnPredictor()(model,

21 Xx_processed,

22 x_test_processed,

23 ml_assets_marshal_path("metric.joblib"),
24 ml_assets_marshal_path("dataset.dillpkl"),
25 ml_assets_marshal_path("task.dillpkl"),
26 kale_model_id,

27 kale_dataset_id_local)

As we see from the previous code snippet, the Configuration Run pipeline that the

sklearn_train_predict describes, consists of three Step classes:

1. RunSKLearnTransformer
2. TrainSKLearnEstimator

3. InferSKLearnPredictor
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Each of these is a regular Kale step that implements a specific part of the Configuration

Run pipeline. Followingly, we will expose the functionality of each one of these steps.

10.3.2 The RunSKLearnTransformer Step

In this subsection, we will expose and explain the mechanism that the run-sklearn-
transformer step implements. We will describe how this step reads an input configuration
and implements the preprocessor step that this configuration describes. Let us view the

class definition and the main methods of the step:

Listing 10.18: The class definition and the main methods of the run-sklearn-transformer

step

1 class RunSKLearnTransformer(PatchMaskedInputsMixin, Step):

2 """Run a SKLearn transformer over a dataset.

3

4 Ins:

5 configuration

6 dataset

7 kale_dataset_id

8 kale_config_id

9

10 Outs:

11 X_processed

12 x_test_processed

13 kale_dataset_id_local

14 transformer_pipeline

15

16 MLMD Inputs:

17 kale.Configuration

18 kale.Dataset

19
20 MLMD Outputs:
21 kale.Transformer
22 e
23 name = "run-sklearn-transformer"
24 outs = Param.odict(["x_processed", "x_test_processed",
25 "kale_dataset_id_local", "transformer_pipeline"],
26 step_name=name)
27
28 def _submit_dataset_artifact(self, dataset):
29 from kale.settings import settings
30 from kale.marshal.utils import strip_marshal_path
31

32 dataset_artifact = dataset.as_artifact()

33 rok_version = self.vars.get("autosnapshot_start")
34 if not dataset.artifact_uri and rok_version

S5 dataset.artifact_uri = rokutils.get_uri_in_version(
36 rok_version, strip_marshal_path(settings.INS["dataset"]))
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37 dataset_artifact = dataset.submit_artifact()

38 return dataset_artifact

39

40 def _link_input_artifacts(self, kale_dataset_id, kale_config_id):

41 mlmd = mlmdutils.get_mlmd_instance()

42 if kale_config_id > O:

43 mlmd.link_artifact_as_input(kale_config_id)

44 if kale_dataset_id > O:

45 mlmd.link_artifact_as_input(kale_dataset_id)

46

47 def _link_output_artifacts(self):

48 from kale.common.artifacts import Transformer

49

50 mlmd = mlmdutils.get_mlmd_instance()

51 self.vars["transformer_artifact"] = Transformer(

52 self.name, self.vars["preprocessor"]).submit_artifact()

53 mlmd.link_artifact_as_output(self.vars["transformer_artifact"].id)
54

55 def do_run(self, configuration, dataset, kale_dataset_id, kale_config_id,
56 masked_inputs):

57 """Implementation of RunSKLearnTransformer."""

58 import json

59 import sklearn

60 from kale.ml import utils

61

62 kale_dataset_id = int(kale_dataset_id)

63 kale_config_id = int(kale_config_id)

64 if kale_dataset_id <= O:

65 kale_dataset_id = self._submit_dataset_artifact(dataset).id
66 self._link_input_artifacts(kale_dataset_id, kale_config_id)

67

68 configuration = utils.patch_configuration(configuration,

69 json.loads(masked_inputs),
70 coerce=True)

71 steps = utils.get_sklearn_steps_list(configuration)

72 self.vars["preprocessor"] = sklearn.pipeline.Pipeline(steps[:-1])
73 x_processed = self.vars["preprocessor"].fit_transform(dataset.features,
74 dataset.targets)
5 x_test_processed = self.vars["preprocessor"].transform(

76 dataset.features_test)

77

78 self._link_output_artifacts()

79 return (x_processed, x_test_processed, kale_dataset_id,

80 self.vars["preprocessor"])

As in the case of the AutoML Orchestrator steps, the do_run() method is the main code
that runs inside the step. Consequently, let us provide an overview on the logic that this

method implements. The do_run method:
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1. Links the Dataset and AutoMLConfiguration Artifacts as inputs of this step.
This step takes as inputs the IDs of the Kale Dataset and AutoMLConfiguration
Artifacts (pipeline parameters), so the linking is implemented via the _link_input_-

artifacts method of the step.

2. Reads the input configuration. If the Configuration Run is part of a Katib experi-
ment (created by the run-katib-experiment step) then we update the input configu-
ration, created by auto-sklearn, with the values that are suggested by Katib. In the
case that the Configuration Run is created by the run-metalearning-configurations
step, we keep the configuration input as is. We implement this decision in the

patch_configuration function of the kale.ml.utils module:

Listing 10.19: The patch_configuration function of the kale.mil.utils module

1 def patch_configuration(configuration: Configuration,

2 overrides: Dict[str, Any],

2 coerce=False):

4 """Patch a configuration.

5

6 Args:

7 configuration: A suggested configuration extracted by auto-sklearn.
8 overrides (dict): Override configuration values by providing them with
9 keys matching the last token in the original Configuration keys.
10 Provide an empty dictionary to make this function a no-op.

11 coerce (bool): Convert the override value to the destination type.
12

13 Returns:

14 Configuration: Patched configuration.

15

16 log.info("Patching base configuration...")

17 log.info("Base %s", configuration)

18

19 if not overrides:
20 log.info("No input parameters found to patch the base"
21 " configuration.")
22 return configuration
23
24 log.info("Using the following configs to patch the base"
25 " configuration: %s", overrides)
26 patched_config = copy.deepcopy(configuration)
27 for name, override_value in overrides.items():
28 for key, conf_value in patched_config.get_dictionary().items():
29 if key.split(":")[-1] == name:
30 if coerce:
31 override_value = type(conf_value)(override_value)
32 patched_config[key] = override_value
33 log.info("Patched %s", patched_config)
34 return patched_config
35
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3.

Transforms the configuration into an ordered list of steps. For this purpose, we

implemented the get_sklearn_steps_list function of the kale.ml.utils module:

Listing 10.20: The get_sklearn_steps_list function of the kale.ml.utils module

1 def get_sklearn_steps_list(config: Configuration):
2 """Return a list of steps for sklearn Pipeline."""

log.info("Getting SKLearn steps list...")

w

4 if config.get("classifier:__choice__"):

5 p = SimpleClassificationPipeline(config)

6 elif config.get("regressor:__choice _"):

7 p = SimpleRegressionPipeline(config)

8 else:

9 raise ValueError("No model found in input configuration")
10 return p.steps

Essentially, this function initializes either a SimpleClassificationPipeline or Sim-
pleRegressionPipeline from the autosklearn.pipeline (9.2.5) module and returns its

steps list-attribute.

. Removes the last step that corresponds to the estimator. Since the list of steps

is ordered, the last step corresponds to the estimator, and all the previous steps are

preprocessing steps.

. Creates an sklearn.pipeline Pipeline object with the list of preprocessing steps.

. Processes the dataset using the transform and fit_transform methods (8.1.1)

of the sklearn Pipeline object.

. Creates a Kale Transformer Artifact (10.4.1.3) and links it as output of the step

using the _link_output_artifacts method.

. Returns the processed dataset for the next step to consume.

10.3.3 The TrainSKLearnEstimator Step

In this subsection, we will expose and explain the mechanism that the train-sklearn-

estimator step implements. In general, the do_run method of this step follows the same

logic

as the do_run of the previous step. We will describe how train-sklearn-estimator

reads the input configuration, creates the model that the configuration describes and

then trains the model on the processed training set that the previous step created. Let us

view the class definition and the main methods of the step:

Listing 10.21: The class definition and the main methods of the train-sklearn-estimator

step

1 class TrainSKLearnEstimator(PatchMaskedInputsMixin, Step):

2
3

4
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24
25
26
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32
33
34
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36
37
38
39
40
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42
43
44
45
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47
48
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50
51
52

configuration:
Xx_processed:
dataset:

kale_dataset_id_local:

Outs:
model: Trained model
kale_model_id: MLMD artifact ID of the trained model

MLMD Inputs:

kale.Configuration

MLMD Outputs:
kale.Model

name = "train-sklearn-estimator"

outs = Param.odict(["model", "kale_model_id"], step_name=name)

def _link_input_artifact(self, kale_dataset_id):
mlmd = mlmdutils.get_mlmd_instance()

mlmd.link_artifact_as_input(kale_dataset_id)

def _link_output_artifacts(self, model):

from kale.common.artifacts import Model

mlmd = mlmdutils.get_mlmd_instance()
self.vars["kale_model_artifact"] = Model(
model, context_name=self.name).submit_artifact()

mlmd.link_artifact_as_output(self.vars["kale_model_artifact"].id)

de

—

do_run(self, configuration, x_processed, dataset,

kale_dataset_id_local, masked_inputs):
"""Implementation of TrainSKLearnEstimator."""
import json

from kale.ml import utils

self._link_input_artifact(kale_dataset_id_local)

configuration = utils.patch_configuration(configuration
json.loads(masked_inputs),
coerce=True)

self.vars["model"] = utils.get_sklearn_steps_list(configuration)[-1][1]

# NOTE: The ‘model‘ variable is important, because we use this very

# same marshalled model to also start KFServing servers, which expects

# to find ‘model.joblib‘ files.

self.vars["model"].fit(x_processed, dataset.targets)
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53 self._link_output_artifacts(self.vars["model"])

54 return self.vars["model"], self.vars["kale_model_artifact"].id

As in the case of the AutoML Orchestrator steps, the do_run() method is the main code
that runs inside the step. Consequently, let us provide an overview on the logic that this

method implements. The do_run method:

1. Links the Kale Dataset Artifact as input of this step. The step takes as inputs
the ID of the Kale Dataset from the previous step (run-sklearn-transformer), and
links it as its input using the _link_input_artifacts method of the class, in order to

sustain a MLMD lineage for the Configuration Run.

2. Reads the input marshalled configuration. If the Configuration Run is part of a
Katib experiment (created by the run-katib-experiment step) then the do_run method
updates the initial input configuration, created by auto-sklearn, with the values
that are suggested by Katib. Otherwise, if the Configuration Run is created by
the run-metalearning-configurations step, we keep the input configuration as is.
This decision is implemented in the patch_configuration function of the kale.ml. utils

module. We exposed this function in listing 10.19.

3. Transforms the configuration into an ordered list of steps. For this purpose,
we implemented the get_sklearn_steps_list function of the kale.ml.utils module. We
exposed this function in listing 10.20. Essentially, get_sklearn_steps_list initial-
izes either a SimpleClassificationPipeline or SimpleRegressionPipeline from the au-

tosklearn.pipeline (9.2.5) module and returns its steps list-attribute.

4. Keeps the last step of the pipeline configuration which corresponds to the
estimator. Since the list of steps is ordered, the last step corresponds to the
estimator, and all the previous steps are preprocessing steps. Later on, we will
create a model object out of this estimator step, which we will train using the

training set.

5. Creates an sklearn.pipeline Pipeline object using the estimator step of the

pipeline configuration.

6. Trains the Pipeline object on the processed training dataset using its fit meth-

ods (8.1.1). The returned object is our trained model.

7. Creates a Kale Model Artifact (10.4.1.3) and links it as output of the step using
the _link_output_artifacts method.

8. Returns the model object for the next step to consume. The next step (infer-
sklearn-predictor) and it will test the returned model using the processed test dataset

that run-sklearn-transformer created.

10.3.4 The InferSKLearnPredictor Step

In this sub-section, we will expose and explain the mechanism that the InferSKLearn-
Predictor step implements. In general, the do_run method of this step reads the input

trained model that was created by the previous step, and then tests the model on the
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processed test set that the RunSKLearnTransformer step created. Let us view the class

definition and the main methods of the step:

Listing 10.22: The class definition and the main methods of the infer-sklearn-predictor

step

—

class InferSKLearnPredictor(Step):

2 """Run predictions on a trained model.

&

4 Ins:

5 model

6 x_test_processed

7 metric

8 dataset

9 task

10 kale_model_id

11 kale_dataset_id_local

12

& MLMD Inputs:

14 kale.Model

It5 kale.Dataset

16

17 MLMD Outputs:

18 kale.TensorboardLogs

19 e
20 name = "infer-sklearn-predictor"
21 has_metrics = True
22
23 def _link_input_artifacts(self, kale_dataset_id, kale_model_id):
24 mlmd = mlmdutils.get_mlmd_instance()
25 mlmd.link_artifact_as_input(kale_dataset_id)
26 mlmd.link_artifact_as_input(kale_model_id)
27

28 def _update_model_artifact(self, kale_model_id, metric_name, metric_value):
29 mlmd = mlmdutils.get_mlmd_instance()

30 model = mlmdutils.get_artifact_by_id(kale_model_id)
31 model_metrics = json.loads(model.properties['metrics"].string_value)
32 model_metrics.update({metric_name: metric_value})
33

34 model_name = model.properties["name"].string_value
35 class_name = model_name.split("/")[-1]

36 new_name = "%s/%s" % (mlmd.name or "", class_name)
37

38 mlmdutils.patch_artifact_properties(kale_model_id,
39 {"name": new_name,
40 "metrics": model_metrics})
41

42 def _produce_report(self, task, dataset, model):

43 from kale.ml import visualizations
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44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91

176

def

def

from tensorboardX import SummaryWriter

log.info(’Logging report to Tensorboard...’)

viz = visualizations.SklearnVisualizer(task=task, dataset=dataset,
model=model.choice.estimator,
is_fitted=True)

report = viz.plot_report()

writer = SummaryWriter(log_dir="1logs/experiment")

for name, figure in report.items():

writer.add_figure(name, figure)
log.info("Successfully logged report to Tensorboard")

self.vars["tb_logs_dir"] = os.path.realpath("logs")

_log_tb_logs_artifact(self):

from kale.common.artifacts import TensorboardLogs

rok_version = self.vars.get("autosnapshot_end")
uri = self.vars["tb_logs_dir"]
if os.path.exists(uri) and rok_version:
uri = rokutils.get_uri_in_version(rok_version,
self.vars["tb_logs_dir"])
tb_logs = TensorboardLogs(name=self.name)
tb_logs.artifact_uri =uri

tb_logs_artifact = tb_logs.submit_artifact()

mlmd = mlmdutils.get_mlmd_instance()

mlmd.link_artifact_as_output(tb_logs_artifact.id)

do_run(self, model, x_processed, x_test_processed, metric, dataset,
task, kale_model_id, kale_dataset_id_local):

"""Implementation of InferSKLearnPredictor."""

import autosklearn.metrics as metrics

from kale.sdk.logging import log_metric

from kale.ml.utils import extract_task_type

self._link_input_artifacts(kale_dataset_id_local, kale_model_id)

predictions = model.predict(x_test_processed))

task_type = extract_task_type(dataset.targets_test, task)

# ‘‘calculate_score’’ returns negative values if "lower is better" for
# the given metric. For this reason, we will get the absolute number
# of the result.
metric_value = abs(metrics.calculate_score(dataset.targets_test,
predictions, task type,
metric))

log.info("Metric ’%s’: %s", metric.name, metric_value)
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92 log_metric(metric.name, metric_value)

94 self._update_model_artifact(kale_model_id, metric.name, metric_value)

As in the case of the AutoML Orchestrator steps, the do_run() method is the main code
that runs inside the step. Consequently, let us provide an overview on the logic that this

method implements. The do_run method:

1. Links the Kale Dataset Artifact and the Kale Model Artifact as inputs of this
step. The step takes as inputs the ID of the Kale Dataset from the previous step
(run-sklearn-transformer), and links it as its input using the _link_input_artifacts
method of the class, in order to sustain a MLMD lineage for the Configuration Run.

The same thing happens for the Kale Model Artifact as well.

2. Produces predictions using the input model object and the input test set. The
model object is an output of the train-sklearn-estimator, whereas the processed test
set is an output of the run-sklearn-transformer. The model is essentially a sklearn
Pipeline object (8.1.1), so we it produces its predictions on a test dataset via its

predict method.

3. Calculates the metric score of the predictions. This happens using the calcu-

late_score function of auto-sklearn’s metrics module.

4. Updates the "metrics” property of the Kale Model Artifact with the metric score
that was calculated. This happens using the _update_model artifact method of the

class.

5. Returns the model object for the next step to consume. The next step (infer-
sklearn-predictor) and it will test the returned model using the processed test dataset

that run-sklearn-transformer created.

10.4 The MLMD Lineage and Status Tracking of Kale-AutoML

Experiments

During the development of our AutoML process with Kale, we wanted to create an
end-to-end lineage of our AutoML experiments. The end goal was to enable the user,
that creates a run_automl function call, to view an entire summary of the created AutoML

experiment. This entails:

e the status of the AutoML Orchestrator

e the status of the Configuration Runs

e the status of the Katib Experiment, if a tuner input is provided

We aimed to be able to track all of the above, from a single run_automl API call provided
with the KFP run ID of the AutoML Orchestrator pipeline.

By creating a MLMD lineage, we managed to track the status of the entire AutoML
experiment, by starting from the run ID of the AutoML Orchestrator.
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10.4.1 Kale Artifacts

In this section, we will explore the different types of Artifacts that Kale creates in order

to create a MLMD lineage throughout the AutoML experiment.
To be able to submit and update different types of MLMD Artifacts, we created the

lcale.common.artifacts module which contains class definitions for all the Artifacts that

we need. We will expose these classes in the following sections.

10.4.1.1 The MLMDArtifact Base Class

This is a base class for objects that submit themselves in MLMD. Other classes that
correspond to MLMD Artifacts and that expect their instances to be submitted in MLMD

should subclass this class and they are expected to:

W N

0 N O O

18
19
20
21
22
23
24

1.
2.

inherit from the MLMDArtifact class

provide artifact_type name and artifact property_types attributes

. implement the following properties: artifact_properties and artifact_custom_-

properties

. provide an artifact_uri attribute, at run-time

. over-write the submit_artifact method

Listing 10.23: The MLMDArtifact base class for submitting Artifacts to MLMD

class MLMDArtifact(abc.ABC):

"""A base class for objects submittable in MLMD,

Other classes that correspond to MLMD Artifacts and that expect their instances to be

submitted in MLMD should subclass this class.
Example:
>>> class MyClass(MLMDArtifact):

artifact_type_name = "kale.MyClass"
artifact_property_types = {"propl": metadata_store_pb2.STRING,
"prop2": metadata_store_pb2.INT}

@property
def artifact_properties(self):
propl = metadata_store_pb2.Value(
string_value=self.get_propl())
prop2 = metadata_store_pb2.Value(
int_value=self.compute_prop2())

return {"propl": propl, "prop2": prop2}

@property
def artifact_custom_properties(self):

custom_prop = metadata_store_pb2.Value(
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string_value="custom_value")

return {"custom_prop": custom_prop}
>>> instance = MyClass()
>>> instance.artifact_uri = "gs://bucket/path/to/blob"

>>> artifact = instance.submit_artifact()

For more information on available property types, see

https://github.com/google/ml-metadata/blob/v0.29.0/ml_metadata/proto/metadata_store.

proto#L74-L81

Attributes:
artifact_type_name (str): The name of the ArtifactType

artifact_property_types (dict): The mapping of property names and their

MLMD types
artifact_uri (str): The URI of the Artifact

artifact_type_name: str = "kale.Artifact"
artifact_property_types: Dict = None

artifact_uri: str = None

@property
@abc.abstractmethod

def artifact_properties(self) -> Dict[str, metadata_store_pb2.value]:

"""Get the properties of the Artifact."""

pass

@property
def artifact_custom_properties(self) -> Dict[str

metadata_store_pb2.Value]:

"""Get the custom properties of the Artifact."""

return {}

def as_artifact(self) -> metadata_store_pb2.Artifact:

"""Get the Artifact instance corresponding to this object.

Compose the Artifact instance based on all the information

held/computed by the object itself.

Returns:
metadata_store_pb2.Artifact: The generated Artifact

from ml_metadata.proto.metadata_store_pb2 import Artifact
log.info("Creating ArtifactType ’
artifact_type = mlmdutils.get_or_create_artifact_type(

type_name=self.artifact_type_name,

%s’...", self.artifact_type_name)
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72 properties=self.artifact_property_types)

73 log.info("ArtifactType ’%s’ has ID %d", self.artifact_type_name,
74 artifact_type.id)

75

76 custom_properties = self.artifact_custom_properties.copy()

77 if hasattr(self, "_mlmd_list_index"):

78 custom_properties["list_index"] = metadata_store_pb2.Value(
79 int_value=self._mlmd_list_index)

80

81 return Artifact(uri=self.artifact_uri or "",

82 type_id=artifact_type.id,

83 properties=self.artifact_properties,

84 custom_properties=custom_properties)

85

86 def submit_artifact(self) -> metadata_store_pb2.Artifact:

87 """Submit self to ML Metadata.

88

89 Returns:

90 metadata_store_pb2.Artifact: The submitted Artifact

91 e

92 artifact = self.as_artifact()

93

94 log.info("Creating '%s’ Artifact...", self.artifact_type_name)
95 artifact.id = mlmdutils.put_artifact(artifact)

96 log.info("Successfully created ’%s’ Artifact with ID %d",

97 self.artifact_type_name, artifact.id)

98 return artifact

99

100 def assign_list_index(self, list_index: int):

101 """Assign the artifact to a list of artifacts of the same type.
102

103 In a MLMD context, if some artifacts of type X is part of a list, then
104 all the artifacts of the same type belonging to the same context must
105 be part of the same of list (i.e. must have called

106 ‘‘assign_list_index‘‘)

107

108 Args:

109 list_index (int): The position of the artifact in the list
110 e

111 self._mlmd_list_index = list_index

10.4.1.2 The AutoMLConfiguration Artifact

One of our goals, regarding the MLMD lineage of the AutoML experiment, was to be able
to retrieve information about the suggested configurations that auto-sklearn provided.
More specifically, we wanted to be able to retrieve this information just by using the run
ID of the AutoML Orchestrator.
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To implement that, we decided that when the get-metalearning-configuration step of
the AutoML Orchestrator is executed, it should create AutoMLConfiguration Artifacts
(subsection 10.2.2). This step also declares these Artifacts as outputs. This happens by
submitting MLMD Events (8.6) that declare that the AutoMLConfiguration Artifacts are
outputs of the Execution that corresponds to the get-metalearning-configuration step.

These AutoMLConfiguration Artifacts have a main property called model _data. Before
the do_run method of the GetMetaLearningConfigurations step submits an AutoMLConfig-
uration Artifact on MLMD, it fills this property (10.2.2.4) with a dictionary that contains:

1. The name of the model architecture of the suggested configuration.

2. The names and values of the parameters of that model.

The following snippet shows the class definition, attributes and methods of the Au-
toMLConfiguration class.
Listing 10.24: The AutoMLConfiguration class for creating and submitting Artifacts that
correspond to pipeline configurations
class AutoMLConfiguration(MLMDArtifact):

1
2 """An AutoML configuration Artifact."""

artifact_type_name = "kale.AutoMLConfiguration"

w

4 artifact_property_types = {"model_data": metadata_store_pb2.STRING}
B
6 def __init__(self, config_summary: Dict, run_id: str, estimator_name: str):
7 self.config_summary = config_summary
8 self.run_id = run_id
9 self.estimator_name = estimator_name
10
11 @property
12 def artifact_properties(self) -> Dict[str, metadata_store_pb2.value]:
13 """Get kale.AutoMLConfiguration Artifact properties."""
14 model_data = metadata_store_pb2.Value(
15 string_value=json.dumps(self.config_summary))
16 return {"model_data": model_data}
17
18 @property
19 def artifact_custom_properties(self):
20 """Get kale.AutoMLConfiguration Artifact custom properties."""
21 run_id_prop = metadata_store_pb2.Value(string_value=self.run_id)
22 name_prop = metadata_store_pb2.Value(string_value=self.estimator_name)
23 return {"run_id": run_id_prop,
24 "name": name_prop}

10.4.1.3 Other Artifacts

Kale also creates and updates a number of other MLMD Artifacts, each one of which
corresponds to a specific "entity" in the Kale-AutoML process that we built. Since they are
not the main focus of the thesis, We will briefly expose these Artifacts and their purpose,

in the following list:
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e Dataset: An Artifact to track the features and targets of the ML dataset.
e Model: An Artifact to log the trained estimator that is produced during the train-
sklearn-estimator step (10.3.3) of a Configuration Run.

e Transformer: An Artifact to log the fitted transformer that is produced during the

run-sklearn-transformer step (10.3.2) of a Configuration Run.

10.4.2 The AutoMLExperiment Object

This object is the main API that is used to track the status and the progress of an
AutoML experiment. Given the run ID of the AutoML Orchestrator, an AutoMLExperiment
object fetches and displays all the information that denotes the state of the AutoML
process.

Let us provide a code snippet with the class definition and the constructor method of

the AutoMLExperiment object:

Listing 10.25: The AutoMLExperiment class

1 class AutoMLExperiment():

2 """A status tracker for the AutoML process."""
3 def __init__(self, run_id: str):
4 self.automl_orchestrator_run_id = run_id
B try:
6 kfputils.get_run(run_id)
7 except ApiException as e:
8 if e.status == 404:
9 raise ValueError("Invalid run ID: ’%s’. The run ID you"
10 " provided does not correspond to a KFP run."
11 % run_id)
12 raise RuntimeError("Failed to retrieve KFP run with ID ’'%s’: %s"
13 % (run_id, str(e)))
14
15 self.mlmd_client = mlmdutils.get_client()
16 self.context_type_name = "KfpRun"
17 self.context_name = mlmdutils.get_context_name_from_run_id(
18 self.automl_orchestrator_run_id)
19
20 self.context = None
21 self.automl_configuration_artifacts =[]
22 self.automl_configuration_run_ids =[]
23
24 self._update_all_info()

The constructor method of the AutoMLExperiment initializes the object with just the
run ID of the AutoML Orchestrator. Here is a list of the attributes of an AutoMLExperi-

ment object:
e automl orchestrator run_id (str): The run ID of the AutoML Orchestrator.

e context_type name (str): The MLMD ContextType name of the KFP run Context
(8.6).
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e context name (str): The name of the MLMD Context of the AutoML Orchestrator.

e mlmd_client (ml_metadata.MetadataStore): The MLMD client object to use for

querying the MLMD database.

e context (ml_metadata.proto.metadata_store_pb2.Context): The Context correspond-

ing to the AutoML Orchestrator.

e automl_configuration_artifacts (list): A list of the AutoMLConfiguration Artifacts

related to this experiment.

e automl_configuration_run_ids (list): A list of the Configuration Run IDs.

To inform the user about the status of the AutoML process, the AutoMLExperiment

object provides two main API methods:

1.

summary: Informs the user about the status of the AutoML Orchestrator and Con-

figurations Runs, and the metric scores of each Configuration Run.

2. list_configurations: Informs the user about the estimator architecture and the

parameters of each configuration suggested by auto-sklearn.

We will provide a more detailed view of these two API methods in the next sub-sections.

But before that, we will expose the functionality of a critical utility method, called _up-
date_all_info:

W N

(@)

18
19
20
21
2

Listing 10.26: The _update_all_info utility method of the AutoMLExperiment class

def _update_all_info(self):
self.context = None
self.automl_configuration_artifacts =[]

self.automl_configuration_run_ids =[]

self.context = self.mlmd_client.get_context_by_ type_and_name(

type_name=self.context_type_name, context_name=self.context_name)

if not self.context:

return

if "configuration_runs" in self.context.custom_properties:
config_run_ids_str = self.context.custom_properties|
"configuration_runs"].string_value

self.automl_configuration_run_ids = json.loads(config_run_ids_str)

self.automl_configuration_artifacts = (
mlmdutils.get_artifacts_by_context_and_type(
context_id=self.context.id,
type_name=AutoMLConfiguration.artifact_type_name,

sorted=True))

This method fetches all tracking information regarding the AutoML process at once.

Doing this strives for consistency among the various information. More specifically, this

method retrieves:
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e the MLMD Context of the Orchestrator
e the AutoMLConfiguration Artifacts

e the Configuration Run IDs

10.4.2.1 The list_configurations Method

This API method shows information about the model architectures of the suggested

configurations. It manages to do that by calling the _update_all info method that we
described earlier, in order to collect all the AutoMLConfiguration Artifacts (10.4.1.2) that

were created by the get-metalearning-configurations step (10.2.2).

Let us view the code of the list_configurations method:

Listing 10.27: The list_configurations method

1 def list_configurations(self):

0 N O O o~ W N

"""Show information about the suggested model configurations."""
self._update_all_info()

if not self.automl_configuration_artifacts:

print("There are no configurations yet...\n")

return

ml.utils.print_suggested_models(self.automl_configuration_artifacts)

As we can see from above, list_configurations prints all the information related to the

models of the pipeline configurations using the print_suggested_models utility function

from Kale’s ml.utils module:

Listing 10.28: The print_suggested_models function from the kale.ml. utils module

N =

S © N O O &~ W
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def print_suggested_models(artifacts: List[Artifact]):
"""Print suggested models given an MLMD artifacts list."""

for idx, artifact in enumerate(artifacts, start=1):

print("Configuration", idx)

model_dict = json.loads(artifact.properties["model _data"].string_value)

if "name" not in model_dict:
raise RuntimeError("AutoMLConfiguration Artifact for"
" Configuration%d doesn’t provide a name for"
" the estimator." % idx)

print("Estimator:", model_dict["name"])

if "parameters" not in model_dict:
raise RuntimeError("AutoMLConfiguration Artifact for"
" Configuration%d doesn’t provide any"
" parameters." % idx)

print("Parameters:")

for param in model_dict["parameters"]:
print(" %S: %s" % (param, model_dict["parameters"][param]))

print("\n")
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The following image is an example of how the list_configurations method outputs all

the information regarding the models of the pipeline configurations when ran in a Jupyter

Notebook cell.

[1e]:

automl experiment.list configurations()

Configuration 1
Estimator: lda
Parameters:
shrinkage: manual
tol: ©.8829112721335713465
shrinkage factor: ©.117786317876085758

Configuration 2
Estimator: libswm_svc
Parameters:
C: 68.6@833575585336
gamma: B.83985068757955671
kernel: rbf
max_iter: -1
shrinking: False
tol: ©.82846559747114773

Configuration 3

Estimator: lda

Parameters:
shrinkage:
tol:

None
8.89578561577875573

Configuration 4
Estimator: libswm swvc
Parameters:
C: 13.2848773898%90939
gamma: ©.9060908541898536
kernel: poly
max_iter: -1
shrinking: False
tol: ©.86323853917206591

Figure 10.3: Example output of list_configurations method

10.4.2.2 The summary Method

The summary method is the main API method of the AutoMLExperiment object that

enables the user to track the statuses of the AutoML Orchestrator and the Configuration

Runs, as well as the metric scores that each Configuration Run produces.

To retrieve these information about the AutoML Orchestrator and the Configuration

Runs, the summary method needs to retrieve their IDs. It already has acquired the Run

ID of the AutoML Orchestrator (automl_orchestrator_run_id attribute). So, to retrieve the

Configuration Run IDs, summary calls the _update_all_info utility method of the AutoML-

Experiment class.

Listing 10.29: The summary API method of the AutoMLExperiment class
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1 def summary(self):

2 """Show a summary of the AutoML process."""

& # Retrieve the current status of the AutoML Orchestrator.

4 try:

5 status = kfputils.get_run(

6 self.automl_orchestrator_run_id).run.status

7 except ApiException as e:

8 if e.status == 404:

9 raise ValueError("Invalid run ID: ’%s’. The run ID you"
10 " provided does not correspond to a KFP run."
11 % self.automl_orchestrator_run_id)

12 raise RuntimeError("Failed to retrieve KFP run with ID ’%s’: %s"
13 % (self.automl_orchestrator_run_id, str(e)))
14 if not status:

15 print("The AutoML orchestrator has not started yet...")

16 return

17 print("AutoML orchestrator status: %s\n" % status)

18

19 self._update_all_info()

20 if not self.automl_configuration_artifacts:

21 print("There are no configurations yet...\n")

22 return

23

24 self._print_configuration_run_status_counts()

25 if self.automl_configuration_run_ids:

26 self._print_summary_table()

As it can be seen from the code snippet above, the summary method prints, serially,

four different types of information:

1. The status of the AutoML Orchestrator. If the AutoML Orchestrator has not
started yet, the method prints: "The AutoML Orchestrator has not started yet...” and
exits its execution. Otherwise, it prints the status of the Orchestrator and continues

with the items below.
2. A counter for the Configuration Runs that have started.

3. A HTML table that counts the number of Configuration Runs that have a spe-
cific status. To implement this, summary uses another method of the AutoMLEx-
periment class, called _print_configuration_run_status_counts. The following snippet

shows the code of the _print_configuration_run_status_counts utility method:

Listing 10.30: The _print_configuration_run_status_counts method of the AutoMLExperi-

ment class
1 def _print_configuration_run_status_counts(self):
2 """Print the status of each Configuration Run."""
& # Initially, print the number of started runs,
4 # out of all the suggested Configurations.
5 num_of_configs = len(self.automl_configuration_artifacts)
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num_of_config_runs = len(self.automl_configuration_run_ids)

print("%d/%d Configuration runs have started.\n"

9% (num_of_config_runs, num_of_configs))

# Then, print a table that shows how many runs

# are currently "Running", "Failed", "Succeeded" etc...
status_counts = {"Running": O}

for status in kfputils.KFP_RUN_FINAL_STATES:

status_counts[status] = 0O

for run_id in self.automl_configuration_run_ids:
try:
status = kfputils.get_run(run_id).run.status
except ApiException as e:
if e.status == 404:

’ T

[
%S .

raise ValueError("Invalid run ID:
" The run ID you"

provided does not"
" correspond to a KFP"
" run." % run_id)
raise RuntimeError("Failed to retrieve KFP run"
" with ID ’"S%s’:"

" %s" % (run_id, str(e)))

if status not in status_counts:
status_counts[status] = 0

status_counts[status] += 1

headers = ["Status", "Count"]

if utils.is_ipython():
# If we are running in a Jupyter Notebook we display
# the table in HTML format.
from IPython.core.display import display, HTML
table = tabulate.tabulate(
tabular_data=list(status_counts.items()),
headers=headers,
tablefmt="html")
display(HTML(table))
else:
table = tabulate.tabulate(
tabular_data=list(status_counts.items()),
headers=headers)
print(table)
print("\n")

This method initially prints the number of started Configuration Runs out of all the
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suggested pipeline configurations. Then, it prints a table that shows how many
runs have a particular status, such as: Running, Failed or Succeeded. As in
the case of the run_automl API function (10.1), this method is also meant to be
executed inside a Jupyter Notebook, in KubeFlow’s Jupyter Server environment
(8.4.2). If that happens, then the table is pretty-printed in HTML format, using the
IPython.core.display module [32]. Otherwise, it’s printed in plain text format, using
the tabulate Python package [33].

4. A summary table that outputs the status and metric score of each Configura-
tion Run. To implement this, summary uses another method of the AutoMLExper-
iment class, called _print_summary_table. The following snippet shows the code of

the _print_summary_table utility method:

Listing 10.31: The _print_summary_table method of the AutoMLExperiment class

—

def _print_summary_table(self):

2 """Print a summary table for the configuration runs."""

3 tabular_data =[]

4

5 # This will be the header of the metrics column. When the first
6 # (metric_name, score) pair is received for a configuration run,
7 # the header will be changed to "Metric (<metric_name>)".

8 metric_header = "Metric"

9

10 for i, run_id in enumerate(self.automl_configuration_run_ids):

11 # Get the status of the configuration run that has started.
12 try:

13 status = kfputils.get_run(run_id).run.status

14 except ApiException as e:

15 if e.status == 404:

16 raise ValueError("Invalid run ID: ’'%s’."

17 " The run ID you"

18 " provided does not"

19 " correspond to a KFP"

20 " run." % run_id)

21 raise RuntimeError("Failed to retrieve KFP run"

22 " with ID ’%s’:"

23 " %s" % (run_id, str(e)))

24 metric ="-"

25

26 # Get the MLMD Context of the configuration run, if exists.
27 context_name = mlmdutils.get_context_name_from_run_id(run_id)
28 context = self.mlmd_client.get_context_by_type_and_name(

29 type_name=mlmdutils.RUN_CONTEXT_TYPE_NAME,

30 context_name=context_name)

31

32 if not context:

33 tabular_data.append([i + 1, run_id, status, metric])

34 continue
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# The Model’s ArtifactType may not exist yet and be created

# during this AutoML experiment.

try:

artifacts =\

mlmdutils.get_artifacts_by_context_and_type(
context_id=context.id,
type_name=Model.artifact_type_name)

except NotFoundError:

artifacts =]

if not artifacts:
tabular_data.append([i + 1, run_id, status, metric])

continue

metric_dict = json.loads(
artifacts[O].properties["metrics"].string_value)
if not metric_dict:
tabular_data.append([i + 1, run_id, status, metric])

continue

metric_name = list(metric_dict.keys())[O]
metric = metric_dict[metric_name]

tabular_data.append([i + 1, run_id, status, metric])

# Change the header of the Metric column to also include the
# name of the metric.

metric_header = "Metric (%s)" % metric_name

headers = ["#", "KFP Run", "Status", metric_header]

client = kfputils._get_kfp_client()

# If we are running in a Jupyter Notebook we can turn
# the displayed Run IDs into clickable links.
if utils.is_ipython():

from IPython.core.display import display, HTML

# Get the table in HTML format.

table = tabulate.tabulate(tabular_data=tabular_data,
headers=headers,
tablefmt="html")

# Replace each configuration run ID string with HTML code that
# links to the KFP UI.
for run_id in self.automl_configuration_run_ids:
link = ("%s/#/runs/details/%s" %
(client._get_url_prefix(), run_id))
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83 html = ('<a href="%s" target="_blank">%s</a>’
84 9% (link, run_id))

85

86 table = table.replace(run_id, html)

87

88 display(HTML(table))

89 else:

90 # Get the table in regular format.

91 table = tabulate.tabulate(tabular_data=tabular_data,
92 headers=headers)

93 print(table)

94 print("\n")

This method prints a summary table that shows the index, the run ID, the status
and the metric score for each Configuration Run. Similarly with the case of _-
print_configuration_run_status_counts, if _print_summary_table is executed inside
a Jupyter Notebook, in KubeFlow’s Jupyter Server environment, then the table is

pretty-printed in HTML format, using the IPython.core.display module [32].

Figure 10.4 is an example of how the summary method outputs the statuses of the
AutoML Orchestrator and the Configuration Runs, as well as the metric scores that each
Configuration Run produce.

What is also important about running the summary method inside a Jupyter Notebook,
is the fact that each Configuration Run ID is a clickable link to the KFP UI page of the
corresponding Configuration Run. Figure 10.5 shows the KFP Ul page that pops up when

clicking on the first Configuration Run of the previous example.
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automl_experiment.summary()

AutoML orchestrator status: Running

4/4 Configuration runs have started.

Status Count

Running 2
Succeeded 2
Skipped 0
Failed 0
Error 0

# KFP Run Status Metric (accuracy)

1 9232db8b-a9d9-49d7-858a-efae9f05ccf4  Succeeded 0.9955555555555555
2 0119dd00-68c1-424d-able-Thebdf7bbc1? Succeeded 0.9911111111111112
3 4cfof27f-d8b9-4541-999f-183a82caf327 Running -

4  0Obb6cdded-772c-45c2-9d30-8ebebl7ciech Running -

Figure 10.4: Example output of summary method when executed in a Jupyter Notebook
cell
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Figure 10.5: The KFP UI page for a Configuration Run
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Evaluation

In this chapter, we will evaluate our mechanism’s performance and compare it against
auto-sklearn’s latest version (currently 0.12.7), which is the state of the art in the field
of AutoML experiment libraries. More specifically, we measured the performance of our
mechanism and of auto-sklearn on a number of well-known machine learning datasets.
We tested our mechanism on datasets that are used both for regression and classification
tasks, and vary in size.

For the evaluation of our mechanism, we compared ourselves against auto-sklearn’s
mechanism both with and without the ensemble construction mechanism that auto-
sklearn comes with. Experiments with ensemble construction, depending on the dataset,
tend to need more time to produce a well-performing end model than the average Kale-
AutoML experiment, which during our evaluations lasted about thirty minutes on average.

We were pleased to see that our mechanism performs exceptionally well for all datasets
that we used, and in some cases our mechanism beats auto-sklearn both with and

without ensemble-model construction enabled.

11.1 Tools, Methodology and Environment

We conducted our experiments in a Jupyter Lab environment of a MiniKF (8.4.5)
installation, on a single node in Google Cloud Platform [34]. More specifically, the node
came with a 16-core CPU (Intel Xeon 2.3 GHz - Broadwell) along with 60 GB of RAM. The
Jupyter Server (8.4.2) that we used for running our experiments mounted 4 cores of the
CPU along with 4 GB of RAM and 4GB of workspace volume, which we concluded were
sufficient.

Our evaluation suite comprises 5 supervised learning datasets that we expose in
table 11.1.

Each of our Kale-AutoML experiments was executed using our run_automl (10.1) API
function, and it used five pipeline configurations (number_of configurations=5) while
at most two Configuration Runs could run in parallel (max_parallel _configurations=2).
Similarly, the Katib experiment that implements the hyper-parameter optimization part
of our Kale-AutoML process ran five trials while at most two Katib trials could run in
parallel.

For the corresponding auto-sklearn experiments, we used auto-sklearn’s AutoSklearn-
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name Machine Learning Task  Train/Test Ratio
MNIST (35) multi-class classification 80/20
CIFAR-10 (36) multi-class classification 80/20
GERMAN CREDIT DATA (37) binary classification 75/25
WINE QUALITY (38) regression 75/25
DIABETES (39) regression 75/25

Table 11.1: The datasets that were used to evaluate our AutoML mechanism

Classifier and AutoSklearnRegressor API objects. The input parameter configurations that

we provided to these objects are listed in table 11.2.

parameter auto-sklearn auto-sklearn + ensemble
time_left_for_this_task (sec) 2000 3000
per_run_time_limit (sec) 360 360
initial_configurations_via_metalearning 5 5
ensemble_size 0 5
ensemble_nbest 0 5
max_models_on_disc 50 50

seed 1 1
memory_limit (MB) 3072 3072

Table 11.2: The input parameters for AutoSklearnClassifier and AutoSklearnRegressor in
our auto-sklearn experiments

11.2 Results

We show our measurements in table 11.3. We ran all the experiments sequentially
and not in parallel in order to avoid any overuse of the CPU or the RAM. The underlined

scores are the best ones out of the three experiment set-ups.

Dataset Metric auto-sklearn auto-sklearn + ensemble Kale-AutoML
MNIST accuracy 0.885 0.942 0.95
CIFAR-10 accuracy 0.25 031 0.25
GERMAN CREDIT DATA accuracy 0.776 0.78 0.78
WINE QUALITY mean squared error 0.506 0.478 0.457
DIABETES mean squared error 42.962 42.539 42.902

Table 11.3: Metric score measurements for all experiments.

We were pleased to see that in the cases of datasets MNIST, GERMAN CREDIT DATA
and WINE QUALITY our Kale-AutoML process scores equally high or even higher
than auto-sklearn’s mechanism. We attribute this improvement to the integration of
our mechanism with Katib, which performs hyper-parameter optimization on our already
trained highest-scoring model. Without the Katib integration, our mechanism has the

same results as auto-sklearn without the ensemble construction technique.



11.2 Results

We notice that, for the case of the CIFAR-10 dataset, auto-sklearn’s ensemble con-
struction mechanism demonstrates a significant improvement in test scores in compari-
son with both the standard auto-sklearn meta-learning mechanism and our mechanism.
CIFAR-10 is the largest dataset in our suite, and this led to three out of five configu-
ration runs in our AutoML experiment failing. The reason for the failure was that the
cloned workspace volume that Kale mounted in each step of these Configuration Runs
was not sufficient to marshal the pre-processed dataset that was produced by some of the

run-sklearn-transformer steps (10.3.2).
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Concluding Remarks

Our journey has finally reached its end. In this chapter, we will restate our contribu-

tions and summarize what our mechanism offers. Finally, we will close this thesis by

mentioning future work that can be done to enrich our mechanism and bring it to its full

potential.

12.1 A Recap of our Mechanism

We have designed, implemented and evaluated Kale’s AutoML mechanism. Let us

provide a recap of what it offers, once more:

It starts AutoML experiments on Kubeflow with just a single API function call.

It enable users to track the status of the experiment and the metric scores that it

produces through a simple API object.

It leverages Kubernetes’ distributed nature and Kale’s pipeline orchestration mech-

anism to distribute the parts of the experiment that can be parallelized.

It uses auto-sklearn’s meta-learning mechanism to "warmstart" the process and
Katib’s hyper-parameter optimization mechanism to fine-tune the best performing

model.

It leverages Kale’s data-versioning mechanism to make every single trained model

easily reproducible and accessible even after the whole experiment is over.
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12.2 Future Work

We can finally wrap this thesis up with the future research directions of our mecha-

nism. We plan on pursuing these actively over the next months or years.

e Extend our AutoMLExperiment (10.4.2) API object to track the status of the Katib
Experiment as well. Currently it only tracks the status of the AutoML Orchestrator

and the Configuration Runs.

e Integrate auto-sklearn’s ensemble construction mechanism to our Kale-AutoML

mechanism to produce even stronger end-models.

e Extend the Dataset (10.1.1) class to include an evaluation set along with the train

and test sets that it already includes.

e Enable users to limit the running time of each Configuration Run through Kale’s

run_automl API, just like the case of the auto-sklearn API.
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