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Me emupOhaln mavtdg SLXaOUATOS.

ArnayopedeTton 1 avTiypapr, anoUhxeuon xou Slovour| TG topoloog epyaciog, €& oAoxAHpou
1) TUWAUATOS QUTAG, Yia EUToEX6 oxomd. Emrtpéneton 1 avatinwor, anodrixeuon xal dloavour
YL OXOTO U] XEEOOOKOTUNO, EXTUOEUTIXAC 1) EQELVITIXAC PUONE, UTO TNV TpolnddeoT va
OVOUPERETOL 1) TNYT) TEOEAEUCTC o VoL Blatneeitan To mopdy urvupa. Epwthuata mou apopoiv

TN Xenomn TNS EPYUCLAS VLo XEPOOOKOTIXO OXOTO TEETEL VoL AmeV I iVOVTAL TEOS TOV CUYYRPEA.






Euyapiotieg

Me v 0hOXAPWOT TWV TEOTTUYIIXWY OTOLdWY Ko, Va HUEAL Vo EUYUPIETACE ELBIXE
xdmoloug avlp®noug, ol onolot LTHeay xadoploTxol Yol TNV TOPELX LOU UTE ToL YEOVLAL.

Apyixd Yo ideha var uyoploThow Tov emBAETKY xodnynth wou x. Muydhn Balieyidvvn.
O ». Ballpytdvvng eivon xadnyntic oTo Tavemothuio Ecole Polytechnique oto [apiot, xou
HOU EBWOE TNV EuXLEl VO EXTOVACE TNV SLTAWUATIXY Hou epyaoio oTo gpyacTthplo Tou. H
EUTLOTOCOVY] TOU Xl Ol GUUBOUVAES Tou O xoNuepVO eNinedo, Toug TeEheuTAlOUC UNVES, YTov
xadoploTixég Yyl Ty Slexnepaiwon tng mapovoog epyacioc. AlcUdvouon Wiitepa TUYEROS
xadde Eexbvynoo T gpeuvnTIXd pou Bruata und TV xardodrynon Tou.

Y ouvéyela, Yo Hleha va evyaplothow Tov xadnynt pou Fedpylo Xtdupov, o onolo
utheée 0 eMPBAETWY xod Ny NTHC amd TNy Thevpd Tou Edvixold Metadfiou Iloauteyvelou. Méow
TV Yodnudtmy Tou e elofyaye otov Topga tne Teyvntric Nonuooivng, xou ou €8waoe 1oy upd
YeUENLOL OTE VoL TEUYUATOTIOAGE TNV ToHpoUCH €pYIsta.

Enlong, Yo fdeha va euyapotiow tov x. T'ewpyio Xidha, o onolog unhple blaitepa
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Oa fdeha oaxdun, Vo eLYAPIETHCW OAOLS TOUS PIAOUS UOU Yial AUTY Tal UTEROY A POLTNTIXG
Yeovio tou nepdooue wall. Kuplwe, ouwe, Yo fleha vo eLyaploTHGL TNV OLXOYEVELL OV, TOUC
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HeptAngm

H avalitnon apyttextovinic vevpwvixold dixtiou (Neural Architecture Search) éyet o-
TOXTHCEL UEYIAT TPOCOY T TEOCHUTA, xodhS TeooTadel Vo AUTOUATOTONCEL TNV EVPECT] TNG
QEYLTEXTOVIXNG TOU VELPWVIXOU BIxTOOU Yol SLdpopa TeoBAAUaTA. 26TOCO, 1) AVITUEAGC TUCT)
e apytteExToVXAC elvor uior olvieTn dtadacta. Ot untdpyouceg UEV0BOL AVTITPOGWTEVOUY
TNV AEYLTEXTOVIXT) TOU VEUR®VIXOU BixTO0U €lte w¢ Wwa axorouvdio and cuuolocelpés, 1 omola
0ev GUNAAUPBAVEL TIC BOUXES WOLOTNTES TNG AEYITEXTOVIXAC, EITE YENOWOTOLOUY Evay YEdQUoL
Oote vo xadoploouy TIC GUVOECEIC UETOEY TWV ETUTEDMY, GE GUVOUNOUO UE TIIVOXES OVE-NOT
AWOWOTOINONS, Ol OTtoloL AVATARLE TOVY TNV AtTovpYio Tou exteAelton oe xdie eninedo. e au-
TH TN SITAWUATIXY, TEOTEVOUNE EVay EVOAAACGOUEVO OUTOUATO XWOLXOTOMNTY) Yiol YEAUPT LT
(Graph Variational Autoencoder), mtou xwdixonotel Tic apyLtextovixés oe évay havidvovto
yoeo (latent space), ypnowOTOIOVTUC TUXVES AVOTOEAUO TEOELS TVEXGY Yio TIC AEtToupYieg
x&le emmédou tne apyrtextovixrc (operation embeddings). Me autév tov 1pbT0, UunopoluE
VoL GUAAGPBoVUE TIC CUCYETIOELS UETAED TOV BLAPOPETIXWY AELTOURYLOV TILO UTOTEAECUOTIXG, XAl
¢ € TO0UTOV TO YOVTENO pag Todyel pe axpifBeta Evay ouard AavidvovTa Ymeo, YoeToYed-
POVTOC APYLTEXTOVIXES TUEOUOLWY ETUOOCEWY XOVTA TNV Wt 6Ty dAAN. H mpoypatomoinon
BeAtiotomoinong oe évay 1660 ouard havidvovia yweo, elvor TOA) amOTEAEGUATIXNY Yio TO
TeoBANUa Tng avalATnong aeyttexTovixc veuptxol dixtbou. H npocéyyion pag agloloyhin-
XE UE TOMNNATAL TELOGUOTA, T ATOTEAECUATA TWV OTOIWY €0eEay TOAUTIIN TAEOVEXTHUOTA
e pedodou yog o OYECT) UE GAAEG UTAEYOVTES TEYVIXES TOU GTOYEVOLY GTY) dnuloupyia

OEYLTEXTOVIXWY VEUROVIXODY OXTU®Y VYNNG anddoong.

Agleic KAewod

unyevixry wdinon, Bodid pdinom, avalAtnon oeyltexTovixic VELPWYIXOL BXTOoU, YEo-
QAUATO, YEVETIXG LOVTEAQ, QUTOUNTOL EVOANACCOUEVOL XwdixoTonTéS, unebliovy) BeATioTono-

tnom.



Abstract

Neural Architecture Search (NAS) has gained increased attention recently, as a class
of approaches that automates the architecture engineering. However, the representation
of a neural architecture is no trivial. Existing methods either represent neural network
architectures as a sequence of strings that do not capture the structural properties of
the architectures, or they use a graph based representation along with one-hot vectors to
indicate the connections between the layers and the operation performed in every layer
respectively. In this thesis, we propose a graph variational autoencoder, that encodes
network architectures in a latent space, using operation embeddings. We can capture the
relations between the different operations more effectively, and therefore our model can
accurately produce a smooth latent space, by mapping similar performance architectures
close to each other. Performing optimization in such a smooth latent space, is very efficient
for the neural network architecture search task. The introduced approach has been evalu-
ated over series of experiments and demonstrates valuable advantages over other existing

techniques targeting the generation of high performing neural network architectures.

Keywords

machine learning,deep learning, neural architecture search, graphs, graph generative

models, variational autoencoders, operation embeddings, bayesian optimization
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Extetopevn Ileplindn ota
EAANvVIxd

Eioaywyn

Kivnteo

Ta tehevtador YpoVIoL UTGOYEL Lol EXTETOHUEVY) BLOUNYOVIXT XL EQEUVNTIXY| OpUCTNELOTY-
Ta oTov Touén NG Bordidg pdinong xou GUVETKS Exel OnuoLEYNUEL Wior CUVEY TS ovayXT Yia
ONO o XOUNDTEPES APYLTEXTOVIXES VELPWVIXWY OxTOwY. T'tar outd amouteiton and tov unya-
VX0, Vo BOOEL WIALTERT EUPAOT) OTNV XATACKELY] TNG oEYITEXTOVIXAC. Anhadr, oto mhrdog
TWV VELPWVWY Tou UTdeyYouv ot xdlde eninedo, oTic oLUVBEDEIC PETALY TV EMTEdWY, OTNV
Aertovpylo xdie emmédou, xadng xar TNy ouvdpetnor evepyonoinong. ‘Ouwe dheg autéc ol
QEYLTEXTOVXEG ETUAOYES, EMBAAAOVTOL amd TOV AVIpWTO, GUVETKS AVATOPEUX T TA LOVTEAX
neploptlovton amd TIC YVOOELS Tou xde unyavixoL. Enlong, 1 Swdixacio Tng xataoxeuhc Tne
QEYLTEXTOVIXNG ElVOlL 0PXETA YPOoVOoPBopa, XL 00MYel TOAES opég o AdiT. Téhog, dev €you-
ue axoun Yeyehmuévn Yewplo yior To Tol YopaxTNEoTixd efval auTd TOU 00N YOUV OE XUAES
OPYLTEXTOVLXES.

H outépatn avalhmon apyrtextovxrc (Neural Architecture Search) éyel anoxtiioet pe-
YOAT TROCOY T TEOCPATA, WG ULal XATTYOpld TEOCEY YIGEWY TOU AUTOUATOTOLEL TNV E0PECT TNG
QEYLTEXTOVIXNAG, TEOXELEVOL VoL TIOPAYEL XoAUTEROL ovTéR Yia didpopous Topelc [135, 96]. H
avall ATNOM TNS OEYLTEXTOVIXNS TOU VELPWVIXOU BXTOOL UTopel var Slaturwiel wg éva TpoBinua
Beltiotomolnong oe €vav YMEOU ELGOB0U TwV dEYLTEXTOVIXWY. Ouclac Txd (dyvouue o op-
YLTEXTOVIXY| OO EVaLY YO ELGOO0U, 1) OOl UEYIGTOTOIEL TNV AmOB0CY) GE EVOL GUYXEXQLIEVO
TeOPBANua TN emhoyhc poc. Auth i aval¥tnon etvan Wktepa amantnTn? Adyw 600 cuyxe-
xeWévov wiothtey. Katupyhy, o yoeog cioédou elvar unidv dlaotdoewy, e cuvidwe o
Sroxprth 1 un euxheldetor doun, dnwe éva ypdgnua [128] ¥ wa oxoloudio [134]. H dueon
oVl ATNOT UG OEYITEXTOVIXHAC O QUTOV TOV YWEO EVOL OVITOTEAECUTIXY| DEBOPEVNE TNG EX-

Yetnrc adénong tou ydeou avalhtnong, xadde o apriudc TwV EMTESWY 1) TWV AELTOURYLWOY



auEdvetan [77]. Emmiéov, n aviixewevixy cuvdpetnon tou 9éloupe vo BEATIO TOTOLAGOUYE,
ONAadT| 1) AmOBOCT TNG APYLTEXTOVIXAC, Elvor BUoX0AO va exTiuniel, xadne amonteiton TEMTA 1

EXTIUOEVONG TNG APYLTEXTOVIXTC, 1 oTolal el LYNAG *OCTOC.

Yupoin

Ye autiv ™ Ammiopotin Epyacio, Tooxeyévou vo avTIHETOTICOVUE TIC TURUTAVE TRO-
x\foele, ypnowonololue texvixéc Bedtiotonoinong oe Aavddvovta yopeo (latent space opti-
mization) [36, 77, 75]. Xuyxexpwéva, YenowlonoloUue €voy EVUANAGOOUEVO QUTOUUTO Xw-
OLXOTIOLNTY| TPOXEWEVOU VoL AVTIGTOLYOOUUE TIC OQYLTEXTOVIXEC GE €VOV GUVEYY XAl OUUAO
havidvovTa yopo. XTn cuvéyela, extelolue pnebliavn Bedtiotomoinon otov Aavidvovta
YO Yiot Vol BpolUe TNV XOADTERT AEYLTEXTOVIXT.

H xwdwornolnon tng apyttextovixig etvar xplown yia Ty enthuon tou npoPBAfuatog. Ex-
UETUAAEVOUAGTE TNV YRUPNUATIXT DOUT) TNG AEYLITEXTOVIXAC X TNV AVUTUELO TOUUE WS EVOL O
XUXAXO xaTeEUDUVOUEVO Ypdprua. Xenoyomotolue VEvpwvixd dixtua yio yeaphuoto (Graph
Neural Networks), :bote vor xwdixonoticouye xdde apyttexTovixy. AVomoploTHvTaS Ty dp-
YLTEXTOVIXY| G €VOL XATEVDUVOUEVO OXUXAXO YRAPTUL, EXUETOUAAEVOUACTE TIC DOUXES TAT-
cogopieg tng. Ot dopxég Thnpogoplec, dnAadr ol cUVBETELC TV eMTEDRY PeTadd Toug, uall
UE TIC AELTOLEYWXEC TANPOGORlES, dNnAadY| ue TNV Aettoupyio xdlde emmnédou, opiCouv TNy op-
YLTEXTOVIXY].  LUVETMS, YLOL VO XATUOXEVACOUUE EVAC OUOAO AavidvovTa ypo, dnhadr ol
OEYLTEXTOVIXEC TIOL €)Y OLY TUEOUOLN ATOB0GT) VoL AVTLO TOLY [LOVTAL GE XOVTIVES UVATAPAO TACELG
ooV AovavovToL Y(OPO, TEETEL VoL EXPETOUAAEUTOUUE %ot TIC AelToupYixés mAnpogopieg. I
aUTO TOV AOYO, TPOTEIVOUUE TIC TUXVES OVOTUPAO TAOELS TVEXWY Yiot TNV Aettoupyio xdie emi-
nédou (operation embeddings). Omndte, avtl vo avanapiotolue xdVe Aettoupyia ue one-hot
%xwOWoTonoN, uadalvouue Ue aUTOUUTO TEOTO ULXETG OLIC TATIXOTNTOG TUXVOUS THVOXES, Xl
EXUETAAAELOUC TE TIC CUOYETIOEIC UETAED TwV Aettoupyladv. T'a mapdderyua, éva ouveNXTIXG
eninedo (convolutional layer) pe diaotdoeic tupriva 5x5 , efvat TO XOVTE ooy AELTOURYIXOTNTA
UE €Vo GUVENXTIXO ETUTEDO UE BLACTAOELS TUEHVA 3X3 , TOEd UE EVal ENIMESO Y WEIXTG UTOOELY-
wotodndiog (pooling layer).

Ta evprjuortd pog Setyvouv 0Tl 1) TEOTACY| UAC YL TTUXVES VARG TEOELS TWV AELTOURYL-
&V, 00NYel oTNY OpABOTOMON TOV XUAVTERKY UPYLTEXTOVIX®Y, TORAYOVTS ETOL EVOV OUUAO

AvIEVOVTAL Y WR0, WPEADVTIC TNV €VPECT) TNS XUADTERNS APYITEXTOVIXAC.

Ocswpntixo YnoBadpo

Badid Nevpwvixd Aixtua yia Fpaprjuata (Graph Neural Networks)

Ou apyttextovinés Pohdc udidnone, 6mwe o cuvelxTnd veupwvixd dixtua (Convolutional
Neural Networks) ¥ to avadpopixd vevpwvixd dixtua (Reccurent Neural Networks), eivon e-

CoupeTind yprowa otav encéepydlovian Euxheldiec douéc Bedouévmv, OmmS Yol Topddery o



eovee. Ilpoxewévou ouwe va emelepyacToly Bedopéva Tou €Y0UV TNV LoRQPT YRUPNUATLY,
wLor amAr) pédodog elvon vor avormopos Tordel To Ypdpnuo UE TOV Voo YELTVINOTC TOU XL VoL YeT)-
owomoinel o Tivoxag we elcodo 6To veupwvixd dixtuo. To mEOBANua e aUTAY TNV TEOCEY-
yiom, elvon 6TL Tot XAAGOLXE VEURIXA BIXTUN TORYOLY BlapoRETIXEC EEOB0US Yol BLUPOPETIXES
petadéoelc Twv xouBwyv otov mivaxa yertvioong. ‘Oupwg dhot autol ol mivaxeg, avTinpocn-
mebouv To (Blo yedpnua. Enouévee, elvar anapaitnto vo Slacpahicouye OTL 1 dEyLTEXTOVIXN
pog etvan aueTdBANTY o aUTEC TIC YeToEoELS, Onhadn OTL enelepydleton Ye Tov (Blo TedTo Ta
OULOLOUOPYA YRUPTLATL.

H Booix| xhdon opyltextovindy mou yenoluonoteitol dote vo enelepyaoTel Gedouéva e
™V op@n yeapnudtwy ovopdleton Graph Neural Networks (GNN) [99]. O otdyoc tou GNN
elvow var pdrder o avamapdotaon by, € R yio xdile x6uBo u tou ypophuatog, xotayedpovTtag
TIC Yertovixéc mhnpogople xdie xouPBou. T éva mpoBinua tagvéunone twv xoufwy, autég
Ol VOTORAC TATELS BivovTol we €l0080 G €vary TAEVOUNTY TOU TaEdYEL TNV TEMXY| ETéTa Xdde
xouPou. Edv Uélouye vor avTIUETWTICOUUE EVal TEOBANUO TAEVOUNCTC YRUPNUATOVY, UTOROVUE
VO GUYXEVTPOOOUPE OAES TIC OVOTUPAUO TACELS TV XOUPWY, TEOXEWEVOU VoL AIBOVUE TNV ova-
TOEAC TAOT) TOL YRUPAUATOS A X0, GTN) GUVEYELX, VA TI TPOPOBOTHOOUUE GE EVay TAEVOUNTY
OOTE Vo ToRdEEL TNV ETIXETO TOL Ypapruatog. o va pdiel autée Tig avamapastdoeic, To GNN
yenotpomotel uror Stadixaoio, n onolo ovoudZetan neural message passing [34], oto onolo xdde
A(OUPOC AVTOANAOCEL UNVOUOTA PUE TOUG YEITOVES TOU, (OOTE VO OYNUATIOEL TNV AVITApdoTooT

TOVL.

I'evetixd Movtéra yia I'pagruata (Deep Graph Generative Models)

X1V meonyoluevn uToevoTnTd, Bellaue TOC UTopolUE Vo PdJOUUE oVITUEUC TACEL Y-
PRUdTLV, TEOXEWEVOL VoL xEvoule TeoBhéels yior Toug xéuPouc (TpdPinua talvéunone xou-
Bwv), v tig axuéc (tedPinua npdBredne cuvdéouou) A yio oAOXANEo To Yedpnua (TedBAnUa
ToEWVOUNONG YRUPALATOS). XE QUTAY TNV UTOEVOTNTO, TUPEYOUUE TEYVIXES YLo €Vl TOEOUOLO
TEOBANUA, autd TN dnuiovpyiag VEwY Ypapnudtwy. O otdyog elvouva eEdyouue YpapridoTa
TIOL €Y 0LV GUYXEXPWEVES IBLOTNTES 1| TOL BNULOUEYOUVTAL Ao Uiot CUYXEXPWEVT) xartavour. [
Topdderypa, unopel vor Yéloupe vo Snutovpyooupe wopLo UE cLYXEXPWEVES WtoTNTeS [125] 7
var O1ovpyooUUE Ypaghuota oxnvey ond exdves [123]. Me tn Badid pdidnon, eqapudlovye
TEYVIXEC WOTE VoL UAUOUUE €VaL YEVETIXO HOVTEAD YRAUPNUATWY, UE BAOT Tal YROUPTLATI ELGOOOU
xou VoL Toedryoupe véo ypapriuata pe topdpoteg wiotnteg. Talvopolue autée Tig TeyVIxég Ue
Bdon 6Vo WLoTNTES:

1. AvarnapdoTtaon Tou yeapAuatos. Trdoyouv Teeic Bacxol TOTOL avomopdoTa-
ong Tou ypaphuatog: Pactopévol oe cuuSolooelpés, Baotouévol oe mivaxeg yeltviaong,
xau Pactopévol oe ypapnuatixég dopéc. O mpooeyyioe mou PBoacilovtar o cupBolo-
OEPEC AVTITPOCWTEVOLY EVal YRApNua w¢ axohoudio cupBohloceipwy. To Topddelyua,
o ypaphpota woplnwy umopolv vo avanapoctadoly pe ) yeoppatixy SMILES [113,
21]. O pédodol autol yenotpomotoly avadpouixd veupmvixd dixtuo AGYw TOU TAEOVE-

XTALATOC TOUG OTNY avamapdotaoT arlniovyloc cuyforoceipwy. H dAAn xotnyopia



AVTITPOOWTEVEL TO YRApNUa pe Tov hvoxo yettvioong [101, 126]. Autéc ot uédodol
TEENEL Vo AopfBdvouy uddhn 6Tl uTdEYoUY BLIPOEETIXO! TIVOXES TOU AVTITPOCKTEVOLY
To (80 ypdgnua, AOYw petdieong Twv xouPwy. Emouévwe, elvon anapoltntn 1 yerion
OLVOPTACEWY oUETIBANTWY oTic petadéoels [84]. O mpooeyyioe Bdoet ypopnudtwmy,
ol omoleg TedPBNay ueydhn tpocoy | To TeEAsuTaio Ypovia, yenowonoolyv Graph Neural
Networks mpoxetuévou var Tapdyouy THY avVamapedo TUoT) TwV XOUSBmVY Xal TOU YEupUo-
T0¢. Aeitoupyoly ancudelag 6Ty Bour| ToU YEAPHUATOS, ATOTUTIMVOVTAS ATOTEAEGUO-

TXd Tic oyéoels YeTol Twv xouPov. [129, 127, 67].

2. To yevetixo nAaioto. O o dnuoglielc Ty VIXEC Elval OL AUTOUATOL EVUANUCTOUEVOL
xwdixomontéc (Variational Autoencoders (VAE)), ta auvtonahvdpopolueva poviéha

xou ToL YEVETIXS avTorywviotixd dixtua (Fevepatie Adepooptoh Netwopxc).

Avalhtnon Apyrtextovixic Nevpwvixod Awxtbou (Neural Architec-
ture Search)

‘Ohec o apyitextovinég Badide pdinong, amd o GUVEAXTIXG XAl AVODROULXA VEUROVIXS
OlxTua, EWC TOL VEUPMVIXG BIXTUA YIaL YROPHUTA, ATOUTOVY EXTETUUEVT) TPOGOY T OTNV OYEdiooT
touc. H Braduaoia xataoxeuic e XAtdAANANG apylTexTovixng eivan e€oupeTixd ypovoPBopa
() OG 0 EPEUVNTHC-UNYAVIXOC TIRETEL VOL OYEOLAGEL TNV AEYLTEXTOVIXT] YEtpoxivnTa, Ue Bdon tTnv
eumelplar Tou €xel 0TOV TOUEN. AVOTOPELXT OL ETAOYEC TWV APYITEXTOVIX®DY TEpLopilovTo
am6 tov avipdnivo Tapdyovta. {2¢ ex TOUTOU, To TEAEUTALN YEOVIL, UTHEYEL Uiot AUEAVOUEVT|
TEOCOY 1) GTNY AUTOUATOTOMOT TNG AEYLTEXTOVIXTS apyltexTovxrc. To medlo autd ovoudleton
Neural Architecture Search, éyet anodeilel v xavdTNTE Vo XaTaoXELALEL APYITEXTOVIXES
TOU ETTLYYEVOLVY xopugaia anoteléopata, ot ddgpopa TeoBhfAuata [135, 136, 96, 90, 33], ue
ehdylotn avdpomivr TopéuBoon. Xe auTAV TNV EVOTNTA, TUPEYOUUE ULol CUVTOUY ETLCXOTNOT)

TOU TOUEX.

Xopog AvalAtnong (Search Space)

O yopoc avalrtnong xadopllel 10 GOVORO OAWY TV ARYITEXTOVIXMDY VEURKOVIXGDY SXTOWY
oL UmopoLY va avamapac Tadoly. Tlpoxewévou va oplotel pio opyttextovinn, teénel va xado-
etoTolv B0 WoTNTES: 1) Aettoupyio mou oyetileton Ye xdde xOuPo 1| eninedo xo oL GUVIECELS
petagd toug. Xto Nyfua 2.17, mapotiVevton mapadelypota ywenv avalitnone. To péyedog
Tou yoeou avalnitnong, moilel xoadoploTind POAO OTNV EXPEUCTIXOTNTA TOU YOVTEAOU, OAAG
emnpedlel xou To UTOAOYIoTIXG x6oToC Tou cucthuatoc [116]. Enopévec, npénet vo undpyet
évog ouUPBIPBaouog HETAEY TOL aELILOY TEV BLAPOPETIXMY UPYLITEXTOVIX®Y TOU VEAOUUE VO AV TL-
TEOCWTEVGOUNE XAl TOU X60TouG Tou Vo €yel 0 ahyopriudg pog. Kodog to Badid vevpwvixd
olxtua €youv ocuvAtwS EXATOVTAdES eimeda, 0 dELIUOC TWV BLUPORETIXWY ETAOYOY aLEdve-
Tan exdetd. o Ty avTiwetonion autol Tou TpolAfuatos, cuvilwe emBdilouue oplouévoug
TEPLOPLOMOUE 0T Bour| xou T AetTovpyla Twv emmédwy, neplopilovtag €tol To péyedog Tou

X@eou avalATNong.
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Ay bprdpoc Avalhtnone (Search Algorithm)

‘Eyouv yenowomoindel mtohhol dlagpopetixol alydpriuol Behtictonoinong yio Ty ebpeom
NS XANOTEPNC APYLTEXTOVIXAC OTOV YWpo avalATnone, onwe 1 tuyoia avalitnon [64], n evi-
oy vt pdidnon [135], unebliavr Behotonoinon [49], eZehtixéc pédodot [89] xau uédodol mou
Baoilovtar o xhion xod6dou (evypadievt deocevt) [72]. H emhoyn tne pedddou Pertiotono-
inong emnpedletan oe peydho Bodud and tov yweo avalhtnong, xadne oplouévol alydpriuot
AmOUTOOY GUYXEXQULEVOL YORoXTNEIOTIXG amd Tov Yweo avalhtnong. o mopddelypa, yior vo

eqopuoctoly gradient descent teyvixée, o ywpoc avalitnong neénet va elvor GUVEYTC.

Extiunon Andédoong Performance Evaluation

Kéle otpatnymy) avalitnong, otoyelel va Bpel YLl dpyLITEXTOVIXY| TOU UEYLOTOTOLEL Lol
HETEWN anddoaoTg, OTwe 1) axpelfBeia oTo ohvoho emixbpwaorng. 201600, TEY and TNV exTiunom
QUTAC TNG AMOBOOTG, 1) UEYLTEXTOVIXY) TEENEL VoL EXTIUOEUTEL € €val GET OEbOoUEVWY. Adyw
TOU YEYOVOTOG OTL €Vag XOWOG YOpog avalhTnone mepléyel évay ToAD Ueydio oprdud op-
YLTEXTOVIX®Y, 1) Olodxociar eXTOBEVONC OAWY TV UEYLTEXTOVIXGY ExEL Eva 1Blktepa LPNAO
UTOAOYIOTIXO x60ToC. Ltov Iivaxa 2.1, aneixoviletat T0 UTOAOYIOTIXO XOGTOC TOMWY UE-
Y600V avalATNoNg dEYITEXTOVIXAC VELEWVIXOU dXTUOU 6To cUvoho Bedopévwy CIFAR-10.
Axoun xou yur évo uixed clvoro dedouévwy 6mwg to CIFAR-10, 1 Swdwascio avalhtnong
unopel va Sopxéoel exatovtddeg GPU-nuépec. Ta va yivelr mo anotehecpotixd| 1 oavolhtn-
o1 TNC AEYLTEXTOVIXTG, €lvol amapaitnTo Vo EEMEPACTEL TO CUYXEXQPUEVO EUTOBL0, ONAadY| 1|
OLadaotar EXTUBEUCTC TWV AEYLTEXTOVIXGY. Emouéveng, ol mpdopateg npoondiele 6Tov To-
péa TEOCTOOUY VOl UELGOLY TO XOGTOG TNG EXTUOEUCTC 1) VoL EXTYACOUY TNV AmOB0CT] UG
OEYLTEXTOVIXNG Ywelc Vo TNV extoudeloouy Thpws. Mo clvoldn autdyv twv Tpooeyyioewy
napouctdleton otov Ilivaxa 2.2, Autéc ol teyvixég éxavay TNy avalHTNnon VEVRPLXNC JEYLTEXTO-
VIXAC TPOCPBACIUT OE TEPLOGOTEPOUG EQELVNTES, XM TO UTOAOYLOTIXO xOGTOG €yl Uelwiel

Spoatixd, yweic va ennpedleton 1 anédoon twv pedddwy [87].

MeYodoAoyia

Auth n evotna meptéyel TV xOpla UUBOAY TN ST uag. Apyxd, ToEEYOUUE Lo
Aentouept] PBAOYRUPIXT) ETIOXOTNCT] TUEOUOLWY EPYOCLWV. TN CUVEYELNL TEOYWEGUE TNV

OLUTUTWOT) TOU TEOBANUUTOC X0 ENELTAL AVOADOUUE TO HOVTENO TIOU avamTOEOE.

Yuvaprc BiBhoypapia

O eVOANAGGOUEVOL AUTOUATOL XWOIXOTOLNTES Yia YRAUPHLaT €YoV BElEel TOAAS UTOCY OUE-
VoL amoteAéopata 6To TEOBANUO TNS avalATNONG OEYLTEXTOVIXNS VELRp®VLXOL Bixthou. H mhn-
oléotepn epyooia ue Ty dxn pog, ebvar omd toug Zhang et al. [129], ot onoiot ypnowonotody

€vay EVOANAGOOUEVO ouTOpaTto Xxwdoromnth (D-VAE) mpoxeyévou va xataoxeudoouy évay
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hovidvovTa yopo xal 6T GLVEYELR, e@apuolouy unebliovh BedtioTonolnon oe auTtéV ToV
ywpo. H Bacuxn dwpopd elvan otL eyeic yenoiponoolue operation embeddings dote va o-
VOTOEAO THOOVUUE TIC AELTOURYiEC OTal EMINMEDO TN OPYLTEXTOVIXNG, EVE® AUTOL YENOULOTOI0Y
Tivoxeg pe xwdixomoinon one-hot. 'Etol 8ev unopolv va xataypeddouy Tic oyéoelg yetald twv
AELTOURYLOVY X TEAXS TORAYOUY Evay AyOTEQO OpaAd havidvovTa Yweo.

Ou Li et al. [63] npdtewvay enione évay evahhaooduevo autouato xwdixonomnt (NGAE)
TEOXEWEVOL Vo EQapudcouy uedodouc Bedtiotomoinong otov cuveyt Aavddvovta yweo. To
HovTého Toug déyetan 3 El0O80LC: TNV apYtTEXTOVIXY, TNV anddooh e (m.y. axplBeto ot
VOUNoMg o€ éval GUYXEXELIEVO GUVONO BEBOUEVMV) XL TNV UTOAOYIC TiXY) TOALTAOXOTNTA TNG
opyttextovixic (T.y. to mAdoc twv unohoyoumy). Mall ye tov evahhaooduevo autdpoto
xWOWOTONTA, exToudeLOLY amd xowvol xou Evay predictor tTng anddoorng xau €vay predictor tng
TOAUTAOXOTNTOG TNG AEYLTEXTOVIXNG. ‘Ouwg AoY® NG XPNOT ETIXETOV ATO EVOL CUYXEXQUEVO
GUYOAO BEBOUEVWY, O AaVIAVWY YOEOS TOUG OV Umopel v eQupuooTel Yo BeATioTomolno
o€ dhha cUVOAa Bedouévwy. Xenolponololy eniong mivoxes Ue xwdxonolnon one-hot yio tnv
AVOTOEAC TAGT] TG AEITOURYLOC TWV ETTEDMV.

Ot Luo et al. [77] npétewvay ty uédodo tou ovopdleton Neural Architecture Optimiza-
tion (NAO). Madaivouy amd %x0vo0 €voy auTOUATO XOIXOTONTH UETAUED TMV OEYLTEXTOVIXWY
xau eniong évav predictor mou MEOPAENEL TNV AmOBOOT ULAG VEYLTEXTOVIXNG OE €val BEBOUEVO
GUVOAO BEGOUEV®Y, OO T1) GUVEYT TNG AVATUQRAC TAOT, GTOV AvUEVOVTOL YOPo. 2T1 CUVEYELY,
yenowonowoLy gradient descent yia 0 fehtiotonoinon tng anddoong tou predictor wote va
Beouv xANOTEPES UPYLTEXTOVXES GTOV GUVEYT XWPO. TTdoYOLY UEPLXES ONUAVTIXES OLaPOPES
ue tnv mpocéyylon uac. Ilpoxewévou va avTimpoomnedouy TNV aEYITEXTOVIXT| YENOWOTOLO-
OV cuuPolocelpés, eve elelc YENOILOTOOVUE Wlal EVOL oXUXAIXO XATELIUVOUEVO YRAPNHUAL, TO
omofo exueToaAAeVETAL TIg SOUXES TTANEOYORIES TNG apyLtexTovixrc. Emmhéov, yenoiwonooiv
EMOTTEVOUEVT] UAUNOT) Yol VoL EXTOLOEUCOUY TO LOVTEAO TOUG VTl Yol U] EMOTTEVOUEVY OTWG
euelc. Ondte mEEmel var eEXTUBEVCOLY TEMTA Ko Vo 0ELONOYICOUY TOMAES ORYLTEXTOVIXES KO

VoL YENOWOTOLCOUY ouTd T amoTehéopato oty eniBAedr Tng exmaldeuong Tou Hovtélou.

AwatOnwon IpofAYuatog

‘Eotw X 0 ywpoc €10600u, 0 0Tolog AMOTEAEITE A0 YEOPHUATO TA OTOLNL AVAUTAELGTOVY
OPYLTEXTOVIXES VELPWVIXWDY OXTL®Y, xat €0Tw f @ X — R 1 aviixeweviny cuvdptnon, n otola
olvel g €€000 TNV andboom TN APYLTEXTOVIXAC OE €Val GUYXEXPWEVO GUVOLO Bedopévwy D.
O mpdtog 6ToyY0¢ elvon va Beetel Evag xwdixomointic ¢ : X — Z, o onolog avtioTotyel ot éva
hovdavovta onuelo z;, xdie onuelo z; € X, xaddg xau évag amoxwdxoromntic p : Z — X,
o omolog avTioToLyEl onuela and Tov yweo Z miow otov yweo X. O deltepoc otdyog eivon
va Peedel éva havidvovta aviixelevixd yoviého h @ Z — R, dote va mpooeyyioel tny
avuxelevxt ouvdptnon f oty é€o080 tou p, €tol hote va toylel f(p(z)) = h(z),Vz € Z.
H ¢Zodoc tou ovotiuatogc npénet va eivan 0 Ypdpoc T = P(2s01) € X, €101 OOTE 250 =

argmax, h(z)
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Graph Variational Autoencoder with Operation Embeddings

Y€ qUTAY TNY UTOEVHTNTA, TUPOVGLALOUUE TOV TROTEWVOUEVO HOG EVUAAICGOUEVO AUTOUTO
xwdwonowntr (Graph Variational Autoencoder), yi 1o mpéBinua tne avalhmone apyLte-
ATOVIXAC VELEWVIXOD SxTUoL. Axoloudolue TNy TuTxy Btadxaocta exdinong evog EVaAlo-
o6ueEVOL auTéUaTou xwdxotownt [51]. Apywd Oéhoupe vo pddoupe éva mdavotind yeveTind
HOVTELO pp (2 |2) xaddg xan Uior tpoceyYlo Ty oniothor xatavour| ¢ (2|x). Avagepduacte 610
YEVETIXO UOVTENO WC amokwOlkomonTHs %ol otny omlota xatavour| wg kwoikoromtn. To

oUC TN EXTOUOEVETAL UEYIC TOTOLWVTAS TNV TOCGOTNTAL

L(9,0;x) = E,g,(212) log po(z]2)] — K Llgg(z|x)|Ip(2)], (1)

, 1 onolor ovopdletan evidence lower bound (ELBO). Ynuewdveton 6Tt 1 exnoddeuor tou
povtéhou yivetow e un emBAenOUEVn udinon, xodme OeV YENOYLOTOOVUE XATOL ETIXETA O-
TOB0CNG TWV OPYLTEXTOVIXMY. LUVETOC, 0 AVUIAVOVTAS YWEOC TOU XUTAUGKEVALOVUE UTopel

va yenotoroiniel yia Ty enthuoT dapopwy TEoBANUdToY.

Avanoapdctacy Ewcbédou

Kde apyitextoviny| veupwvixol dixtiou avTimpocnwelel Evay UTOAOYLoUO, 0 omolog EQop-
poletan og €va 0o ELCOBOU YENOHIOTOLOVTOS OploUEVeS Aettoupyiec. Enopévwe, povieho-
TOLOVUE X&0e opyItTEXTOVIXY 0C €var LTOAOYIOTIXG Ypdpnua (computational graph), pe toug
A(OUPoUC Vo AVTIOTOLYOUY OTIC AEITOURYIEC ot TIC XUTEVVUVOUEVES OXUES VO AVTLTPOCWTE-
DouV TN oY) ToU GHUNTOS PETAE) TwV AettoupYLdy. To UTOAOYIETIXG YEAPTUL Elvol aXUXALXO,
TEOXEWEVOU Vo LUPBOALEL Evay Tenepaouévo aptiud Aettoupylov. ‘Eyovtoc otny elcodo yia
oEytTEXTOVIXY, Xataoxevdloupe To avtiotoryo axuxAixd yedgnua G = (V, E). Kdde xépfoc
u € V ouoyetileton Ue par ETHETA Yy, TOU aVTIOTOLYEL 0N AetTovpyio Tou xouPBou u. Topotn-
ehoTe OTL 00O (BlEC UPYITEXTOVIXES UE DLopopETXd BdpT avTIoTOoL 00V GTOV (B0 UTOAOYIGUO,
xadw¢ dev poviehomololue Ta Bdern péoa oTo YeApNUa. XTO YEAPNUA TEOCUETOVUE ENioNG
Evary apy o xOUPo ywelc TpoxdToyous, Tou ovoudleton xOUBog ELGOB0L xo Evay TEAXO xOuo

Ywelc dladdyoug, mou ovoudletar xoufog e€6d0u.

ITivaxeg Aewtovpyidv (Operation Embeddings)

Mo apyitextoviny| veupwvixol dixtiou umopel vo Yewpnlel wg €va eTepoyevég Ypdpra
AOY 0 TWV BLUPORETIXMY ETIXETGY TOL €Y0LV oL xoufol Tou. Kde SlapopeTtinn etinéta avtinpo-
OWTEVEL XAl YLol DLaPORETIXT AelTovpYia. Xe TEOoNYOUUEVES TOPOUOLES ERYATIES, Ol AEtToupyieg
TopoUOLEloVToL PE XwdXoToMoT Tvdxmy one-hot [129]. ‘Ouwc 1 xwdixonoinor one-hot dev
AofBdver uTdPN TS ONUACLOAOYIXES ONUACIES TWV BlapopETIXWY AetToupyLov. o Tapdderyua,
évo. ouvehxtixd eninedo (convolutional layer) Swuoctdoewy muphva 5 X 5 elvan teptoodtepo
OUOLO UE €VOL CUVENXTIXO ETUTEDO Lo TAoEWY U Vel 3 X 3 Topd PE €val ETUTESO UTOOELY-
potohndiog (pooling). Autd ogeileton oto yeyovde 6Tt xdde mivoxog uior Aettovpyiog etvou
Lot 0p oY OVIaL OVITORAG TUCT, OE PLlol BLACTAOT Xl OAEC Ol AetToupYieg loaméyouy, xadwg dev

UTIBPYEL CUYXEXELUEVT BLATOET.
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14 OVTEVTC

Koadoe o otdyog pog elvon vo udoupe €vay opahd hAavidvovta Yweo e GyEon Ue TNy o-
TOB00T XAUE AEYITEXTOVIXAC, EIVOL ATOROLTITO VoL YOETOYEAUPHCOUUE TUPOUOLES ORYLTEXTOVIXES
NV pio xovTd oty GAAT. AloncUnTixd, TUEOUOLES JPYITEXTOVIXEC €YOLY TOEOUOLA DOUY| YEo-
PAUATOC o ETOTG TOPOUOIES AEtToupYieg oToug xouPoug Toug. Emopévwe, mpoxeiévou va
xatarypedoupe TV odoldTNTA UETOEY TV AEIToLRYLOY, odldloupe Ty one-hot avamopdota-
on mou €youv. Eumveuouévol and tnv emtuyion v Tuxvoy mvexeov Y Tic héZee (word
embeddings) [80], npoteivoupe Tuxvols Tivaxes uixpc SLo TATIXOTNTOS YLol TS AELTOLpYieS
operation embeddings. Ta operation embeddings eivon muxvol mivaxeg younivc didcTacng,
TOU UTOEOLY VO GUAAGBOLY TOUS GUCYETIONOUC PETAEY TwV Acttoupyldy. Mia ontixoroinon
TETOWWY TWVAXWY @aivetow oTo oyfua 3.3. o vo extoudedoouye autolg Toug TVaxes, Toug
AVTIHETOTICOVYE WS TUPAUETEOUE TOU AUTOUATOU XWOIXOTOLNTH X TI BEATIC TOTOLOVUUE UE TNV
teyvxr gradient descent, pall pe T uTOhoLTES TUPAUETEOVS TOUG GUGTAHUNTOS. Avahbouue

Ta 0T amd TN Yerion Twv operation embeddings mopoxdte:

e To onuavtixdtepo TASOVEXTNUA Efvar OTL £YOUVUE TORUATNEYOEL EVOY TO OUAAG Aovidvo-
VT Y00, and TIC TEooEYYIoES Ue xwdixonolnan one-hot, mdoavodg Adyw Tou yeyovotog
OTL TO JOVTENO paC pordalvel TS OYECELS XOL TIC OUOLOTNTES UETAED TWV AELTOLEYLOY. Au-
) N opakdétnTa (smoothness) unopel va ennpedoet oe peydho Badud tn Bertiotonoinon
GOV AavIEvoVTa Y W0, xoMG OL AEYLTEXTOVIXES TUPOUOLIG ATOB0CTS TEVOLUY Va EVTO-
miCovTon 1 pLot XOVTE GTNY GAAY), UE amoTEAECU 1) BEATIOTOTOINGCT GE EVary TETOLO OUONG

YWEO Vo efval EUXOAOTERT).

o Emmiéov, €youpe Wwia UElOT 0TV XATAVIAWONG TNS UVAUNS TOU YENOLWOTOoLEl TO Uo-
vIELo. Av Yewphooupe o¢ n Tov apldud TV SLUPORETIXMY AEITOVRYLWY, TOTE OE Wid
one-hot xwdwonolnon, arouteiton €vag mhvoxag Ue n oTolyelo, YL VoL AVTITROCWTEVEL
ot GUYXEXELEVT AetToupyio. XNV TeoTevouevn wag xwdxonolinor (operation embed-
dings), anoutolue pévo d orotyela yLor vor avTiTpoomTEVCOLYE Yol Aettoupyior xépfou,
onou d eivon 1 Sidotoor twv embeddings , ye d < n. H ddotaon twv embeddings
elvon uixpdTeEEn amd TN BLACTACT TV BlvUoUATKY one-hot, xadg ol dixol pag Tivaxeg
elvor muxvol, oe avtideon ue ta Slaviopata one-hot, MOTE var UTopolV Vo XwOLXOTOLVY

TAnpogoplec oe Aiyotepa bits.

e Enlong, mopatneriooye yio EMTEYLVOT OTN GUYXAICT] TOU QUTOUATOU XWOXOTOMNTY) Xt
v exmaldeuct) tou. To yoviého Euade vo avaxoataoxeudlel Ue axplBeta Tar yeapruoTta
€10600V, o€ MY OTEREC ETOYEC exmaldevong. AtoucInuixd, yodaivovtag Tic oyéoelg uetodd
TWV AELTOURYLOY, TO HOVTENO pag padalvel autéc TIg EmmALoV TANPogopleg, oL onoleg
anouctdlouvy OTaY TO YOVTENO EXTOUOEVETAL PE Wia xwdixomoinor one-hot. Enouévwc,
umopel vou cLYXAIVEL 6 AyOTEREG EMOYES xan YE peEYahUTER axpifeta. ‘Ol awtd T
CUUTERAOUATA, Tal ETLBEBOULDVOUUE XAl UE TIELRGUOTA, ToL OTOla TOEOUGLALOVTOL OE ETOUEVT

EVOTNTAL.



Kwduxorowmthg (Encoder)

To mpwto pépog Tou PYovtélou pag elivon o xwoixormoithc encoder. O x0plog 6TOYOC
TOU xWOWOTONTA efvar vor Wdel Yot avTLoToly Mo TOU YRAPHUATOS TNG APYLITEXTOVIXAC OF €Val
omnuelo oe Evay cuvey ) AavdvovTa YMeo, ETOL HOTE TUEOUOLYL YRUPHATO VO YUETOYEAUPOUVTOL
T0 éval xovTd 670 dAho. H Sladixacio xwdonoinong puropel va cuvoiotel ota axdrovda 500

Bruorto

o 'Eva veupovind dixtuo yia ypaghuoto (Graph Neural Network), to onolo ypnotponotet
TO AGUYYEOVO YL UETAB0ONE UNVUUETOY oL TpoTelveTon and Toug Znovy x.4. [129],

OnovpYEl war Sloxplt| avomaedotaon hg Tou yeapruatog G.

e Avo veupwvixd dixtua tpéatiag tpopodotnorne (Feedforward Neural Networks) how-
Bdvouv w¢ €lcodo T BloxElT) avamopedoTaon hg TS AEYLTEXTOVIXNC XU TOEEYOUV TO

wéco bpo u xon Tr daxhuavon o2 tne xotavouhc gs(z|G).

To vevpwvixd dixTuO Yiot YRoUPAUATA, AVTIIAAIGOEL TANPOPORIEC UETOEY TwY XOUL®VY oxo-
AouddvTog TNy Tomohoyixy| SIITaLT TOU YRUPHUATOS, TPOXEWEVOU TEMXY Vo TapdyeL Yia xde
A(OUPOo U Uiar XUPT AVITUEACTACT] hy. TN CUVEYELDL, YENOWOTOWOUUE TNV XEUPT| XUTACTAOT
ha,, TOU TEAXOU XOUPOL WS TNV AVATAUEACTAGT) OAOXANEOL Tou Ypuphuatoc hg. o vor on-
HLOUPYHOOUUE QUTES TIC OVOTOEOO TACELS, YENOLOTOWUUE TNV axdlouidn dadactia. TTpwtov,
yioe %80 xOUPO U CUYXEVTPWVOUUE To UNVOHATO oltd TOUG TROXATOY0US YELTOVES Tou, Ypenol-

pomoL)vTaG o cuvdptnon cuvddpotone (aggregation function)A,
hi" = A({Concat(hy, ) : (v — u)}) (2)

, OTou T, elvor To operation embedding tou x6ufou v. AclTEpoV, EVNUERHVOUUE TNV
avomoedoTtaon xdde xoufou u, Ue PACT TO ELCEPYOUEVO GUYXEVIPOTIXG UAVUUOL OTO TOUC
yeltovég Tou xau To operation embedding x,, Tou xoufou U, YENCLOTOLOVTOS Ul GUYVAETNOT
evnuepwong U,

hu = U, 2,). (3)

Koaddde o otdyoc pog eivan va xdvouue Bertiotonolnon 6to Aavidvovta hpo, 0 XOOXOToINTHS
HOG TIEETEL Vo AvTIO TOLYEL DLAPORETINES UPYLTEXTOVIXES GE DLAPORETINESG AVATUQUC TACES hg.
I var to emtdyel autod, 1 cuvdpetnon cuvddpolong A xau 1 cuvdptnon evnuépwone U meémel
va efvon [129]. Eniong, Déhouye 0 xwdixonoimntic pog va ivat auetdBANTOC 0TIC HETUIECELS TwY
A(OUPwY, €TOL WOTE TAL LOOUOPPIXE. YRUPTUATI, TOU OVTLTPOCWREVOUY TNV (Lol 0RYLTEXTOVIXY),
VoL YapToYpapoLyTon oty (Bla avanapdotacy. o va to emitdyouye autd, 1 cuVAETNOT CU-
védpotone mpénet vo ebvor auetdBAnTn otic petadéoeg [129]. T vor povtehonotiooupe autég
Tic 800 cuvapThoels, Yenotponoolue Badid vevpwvixd dixtua [41]. Axoloudolue v pedo-
dohoyio and to Zhang et al. [129] xou ypnowonowolue éva mepippaypévo dpotopa (gated

sum) w¢ oLVpTNoT cuvdlpolong:

Rt = Z g(Concat(hy, x,)) © m(Concat(hy, xy)). (4)

u—v
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Auté to mepippaypévo dipoioua txavomotel TiC mapoamdve Wiotntes [121]. Q¢ cuvdptnon
EVNUEPWONE, Ypnotponoolue éva gated reccurent unit (GRU) yio va xatorypdouye Tic e-

CopTRoEIC PETOEY TwVY ETUTESWY:

hy = GRU (2, i) (5)

Anoxwdixonowntrc (Decoder)

O anoxwdonomntrg pag dnuiovpyel yoophuota and Ti¢ AavidvoUoES aVaTopoc TUCELS UE
automahvOpopoluevo (autoregressive) tpdmo xou axoloulel Tic (Blec TEYVIXES UE TOV XL
xomounTy. Apyxd, YENOOTOLUUE EVa VEURPOVIXO BIXTUO EUTROCIIG TEOPODOTNOTNG, TROXEL-
HEVOL VO AVTIOTOLY{COUUE T1) GUVEYY| AVATUPAOCTAOT) 2 GTNY UEYLXO XEUPT UVAUTURAGC TUGT) TOU
yYeagpruatoc hg. XTn cuvéyela, yenowonowlue éva gated reccurent unit, mpoxewwévou va
EVNUEPWOOUUE TIG XPUPES XATAC TACELS X0l VoL ONULOURYOOUUE BLadoyxd Toug xOUBoug xou TIg

axpée. To Bhpata tne Snuoupyioc Tou i xéuBou cuvolilovior ota axdhouda Bruaro:

1. Troloyiopdg Tne xatavoune Asttovpyiag xouBou: Tpogodotolue v a-
vamoedo oot hy, ;, Tou TEAeuTafou XOUPou u;—1 , o€ €va VEUEXO dixTuo eumEdcdiag
TEOYODBOTNONE TOL axoloLVeital amd war cuvdpeTnoT softmax |, yio va mpocbdioptotel 1

mavotnto xdde Aettoupyiog yio Tov xoufo.

2. Anuovpyia xéuBou: Emiéyouue tny Aettovpyio e tny uPnhotepn miovdtnta xou
OnutovpyoUue €vay xoufo e authv v Acttoupyia. Edv 1 Aettoupyia elvon o timog
AENG, OTOHATIUE TNV ATOXWOIXOTOINGCT), GUVOEOLUE TOUC xOUoug Ywelg Biddoyoug 6To
u; %o €EAYOUPE TO XATEUTUVOUEVO YRdgnua, odlwe cuvey(louue T dnuovpyla Twy

1OUL V.

3. Evnuépwon xatdotaong xouBou u;: Evnuepdvouue Ty xpugy| xatdotacn Tou
véou x6uPou mou dnuoueyhdne clugova ue Ty oyéon hy, = GRU (zy,, ki), 6mou
.y, elvor To operation embedding e Aerrovpylog Tou xéuPou xa To hL etvan o
CUYXEVTEWTIXO U VUUOL OO TOUG TROXATOYOUS TOU, OTw¢ Teplyeddoue otn dodixacio

pAONIbLehidolhplozple

4. Anuproveyio axuadv: Metd tn dnuovpyia Tou x0uBou u;, TEETEL Vo ATOPAUGICOUUE
ToloL amd Toug xououg mou €youv 1on onuoupyndel Yo cuvdedoly ye Tov Véo xoufo.
Enopévoc, yio xdde Lebyog xouov (uj,ui),j < i, TpoQOBOTOVUE TIC OVUTURUOTIOELS
TV XOUBOV Ny, Iy, 08 €va veupd dixtuo eunpdoiiog T1popodsTNoNE oL oxoloudeito
ond o softmax cuvdptnon, dote vo utohoyicouue v mdavoTnTa ™G axuic (uj, ;).
Edv n miavotnra ebvar peyohitepn and 0,5, 1Ot TpOooUETOUPE QUTAY TN GUVOEST) Xou

EVNUERWVOUUE TNV XPUPT XATACTACT, TOU XOUBOU U; YENOWOTOLOVTIS TO TeiTo Brua.

Awadixacio Exnaidevong

Bektiotonololue éro 1o clotnue yenotonoidvas xhion xatdBoaone (gradient descent).

O otdyoc tng exmaidevong ebvar 1 peyiotomoinom tng cuvdpetnong ELBO 3.1. I va utoho-
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yioouue tov TE®TO 6p0 NG CUVAPTNONE, BNAASY TO XOGTOG AVUXVTOOXEVRC (reconstruction
loss), yenowonowlue v teyvixy teacher forcing [46]. Axoloudmvtoac TV TomoloyxY di-
dragn tou yeapruatog xa adpollouue TNV apvnTixy Aoyaprduixh miovopdvela Twy xOufPwv
xou TV axov. Metd tic mpofiédeic oe xdie Briuc, Tic avTixahoToOUE UE TIC TROYUATIXES
TWES TV xOUPLY Xt TwV oxu®y. Enouévne, To wovtého xdvel TpoBrEeic YenotuomoumyTag

TO 6WOTH LOTOPIXO.

Mnebliavry BeAtiotonoinon

MeTd TV exmaldeucT) TOU AUTOUATOU HWOXOTONTH, VEAOUUE VoL ONULOVRYICOUUE OOYLTE-
xToVXég LPNATC amddoong péow unebliavic BeATioTonoinong otov havidvovta Yweo. X1éyog
HOC HTOY VOL XAUTAOXEVACOUUE EVAY OUOAG AavIEvovTa ytpo o oyéon Ue TNy axpifela, Tpoxel-
HEVOU Vo XAVOUUE TN BEATIOTOTOINGT, EUXONOTERY), XD OL APYLTEXTOVIXES UE TIC XONDTEPES
EMOOCELS YOPTOYPAPOVVTOL 1) Uial XovTd Ty dhAn. H diadcacia Bektiotonoinong neprypdpe-
o g e€NC:

e Opiloupe wa yxaovalavr Swdxocior [102] doTe Vo OVTENOTOACOUUE TNV TROLYUATIXN

AVTIXEEVIXT) oLVEETNOY f, SNAAOY TNV amOBOOT TNE VEYLTEXTOVIXNC.

e Axohouddvtog T npocéyyion tou [59], optllouye To xpLThELo avapevouevng Beltinmong
(EI) ¢ ouvdptnon andéxtnone (acquisition function). Emiéyoupe tnv enduevn op-
YLTEXTOVIXT WG AUTHY Tou €yel TNV LdMAoTepn avauevouevn Behtiwon oe ayéon Ue To
TEEYOV PEYLOTO.

El(z) = E(maz(f(2) — f(27),0)), (6)

/ —+ /. Z A —+ 7 7 2 ’, +
émou f(27) ebvon o Tpéyov uéyioTo xou 2T elvan To onucio étol Gote, 2T = argmax, . f(2;)

e Evnuepdvoupe ta povtéha pog, Ye Baom tny anoddoot) Twy EMAEYUEVLY OQYITEXTOVIXMY

xou ouvey(Coupe Ti¢ emavakiierc.

o Téhog, EMAEYOUUE TIC UPYLTEXTOVIXES UE TNV XOADTEQRT AmOBOOT).

IMetpdpota

XNy evodTnTol AU TAEOLCLALOUUE Tol TELRSUATA TIOL TROYUUTOTIOCOUE Xl GUYXEIVOUUE

TOL AMOTEAEGHATO TOU HOVTENOL [ag, UE Topouotes epyaoiec. T var éyouue o dixoun olyxelon

ue dMec mpooeyyioelc, oxohoudolue To TEepapaTixd oyfua Ty [59, 129] xou exteholue ta
oxohoudo TEWAUOTAL

¢ Baouxég ixavotnTeg Tou autopatov xwdixorowmnth: paypatonoobue do-

YWES Yior Vo a€LOAOYHOOUUE TIS IXAVOTNTES AvoIxodounong xat dnulovpyiog VEwv ypo-

PNUATOV TOU AUTOUATOU EVOANACGOUEVOU XOOLXOTONTY.
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o ITpoyvwoTtixy) anddooy AavOdvouocag avanapdotaong: Eletdlovye v
ovoTNToL Vo TeoBAEDoLUE TNV amdBOCT) TN JPYLTEXTOVIXAC, OO TNV OVOTOEAGTAON

TN oToV AavidvovTa ¥weo.

e An6d00m TV dNULOLEYOVUEVLY apylteExTOVIX®Y: Eletdlouye Ty anddo-
ON TOV APYITEXTOVIX®OVY Tou dnutovpyinxay and v unebliov| Bektiotonoinon otov

havidvovTa Y weo.

e Ontixonoinoy Aavidvovia yweou: Ontixonowolue tov Aavidvovta yheo o
TEELS OLUOTUCELS TTROXEWEVOL VoL BOUUE XUTd TOCO TUPOUOLIS ATOBOCTS UQYLITEXTOVIXEG,

€youv avtiotolyniel oe XOVTIVES oVOTOEACTAOELS.

Yuyxplvoude To LOVTENO UOC UE TIC Topoxdte TEVTE Bacixéc TopOUOLES EpYasieg Tpocap-
Hoouévee o xateuduvoueva oxuxxd yeaghuoto: D-VAE [129], NGAE [63], S-VAE [11],
GraphRNN [126] xou GCN %1201 7cepiocunepiolov]. Adyw TEPLOpoUEVWY UTONOYL-
CTXOY TOPWY, YENOUOTOLOUUE TA OVUPEQOUEVO ATOTEAEGUATO Yiot VT Tol Bactxd LOVTEAX

ond v BBhoypapio [129, 63], xor TpéyoupE T TELRAUATA LOVO Lol TO LOVTENO UOC.

YOvoho Acdouévemv

To oOvoho dedoyévwy exnaidevong anoteheiton and 19.020 aEylTEXTOVIXES VELPWVIXWY
SixtOwy and to hoylouxd ENAS [87]. Kdle apyitextovinr| éxel 6 xouPoug (enineda) extode
am6 Tov x6pPo €06dou xar Tov xouPo e€odou. Kde xoufoc oyetileton ye wia Aettoupyia.
Trdpyouv €€ Sladéoiueg Aettoupyieg: 3 X 3 xau 5 x 5 convolution, 3 x 3 x5 x 5 depthwise
separable convolution, 3 x 3 max pooling xou 3 x 3 average pooling. Xprnowonololue o
90 % tou cuvOhou dedopévewy we dedopéva exnaidevong xat to udhoimo 10 % uoévo yio wéto-
roYNoT. AOYw TV TEPLOPLOUEVKY UTOAOYIC TIXGMY TOPWY UoC, AELOAOYOVUE TNV amod0oT xdie
QEYLTEXTOVIXAC YPNOWOTOWMVTOS TNy TeY VXY weight sharing [87] mou anotekel mpooéyyion
e meayuotixhc anddoong, oto CIFAR-10 [54]. Qc¢ pelovuxy epyaoia, 9éhoupe vo doxi-
UAOOUUE TO LOVTERO HOC YPNOWOTOLOVTOS To oUvoho dedouévev NAS-Bench-101 [124] rou
TepLEyEL 423 YINADES LOVAOIXES EXTIUOEUUEVES ORYLTEXTOVIXES PE TNV amddoon toug oto Cl-
FAR10. "Eva dAlo chvolo dedouévwy mou unopet va yenowonownei etvon to NAS-BENCH-
201 [25] 1o omoio amotehel enéxtaon tou NAS-Bench-101 xou mepiéyel opyttextovinée mou
€youv extoudeutel oto CIFAR10, CIFAR100 [55] xou oto Imagenet [57].

Baouxég ixavOTNTES TOU AVTOUATOU XWILXOTOLNTY

H uxavotntar vor avoxataoxeudoouy Ue oxp{Belor o 5eBoPEVa ELGOBOL %ol VoL ONULOVEY ICOUY
VEA LOVAOLXS BELYUATA, ATOTEAOUY ONUAVTIXES LOLOTNTES YOl TO HOVTEAN AUTOUATOU XWOLXOTOL-

Nty Enopévae, yio vor a€lohoyHoOUUE AUTES TIC LOLOTNTES, YENOWOTOWUUE TI¢ e€MC UETEXES:
o AxpiBeia (Accuracy). Metpd 10 T0G0GTO TWV TERELN AVAXTNUEVODY YRAPTUATLY.

e Eyxvupoétnta (Validity). Metpd 10 T10600T6 TV €YXUPWY OOYLTEXTOVIXMY VEURW-

/. /.
VXDV OXTOWV.
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e Movadixotnta (Uniqueness). Aciyvel v avoloyio twv Lovadixmy yeopnudtemy

amO TaL EYXUEAL YEAUPTLOTAL.

e Kauwvotopia (Novelty). Metpd v avahoyia v vEwy yeapnudtmy ond o €yxupo

Yeaprjuota Tou dev LTHEEAY TOTE 0TO GOVOAO EXTALBELOTC.

[opoustalovye ta anoteréopata otov Iivaxa 4.1. To povtého pog Eemepvd tor dAAL o€
bhec Tic xatnyoplec. H axpifeta tne avaxataoxevic pag eivor xovtd oto 100%, emopévee ot
OVOTORACTACELS amO TOV AavidvovTa Yweo YapToyeapolvTo Pe oxpiBela oTig apyixée Toug
douéc. To D-VAE éyel uxpodtepn oxpeifeio avoixodéunong, emeidr) n one-hot avomopdotoon
Toug OeV xaTayEdpeL pe axpifela Ti¢ TAnpogoplec Aettoupylog.

Yra Swrypdupota 4.1, 4.2 xou 4.3, mapouctdloude TNV 0OYXALOT TV LOVTEADY XoTd TNV
owdpxeta g exnaidevong. Ioapatneodue 6Tl 1 AMMAELN AVAXATACKEUTIS TOU AUTOUATOU HWOL-
XOTIOWNTY YOG UTOREL Vou GUYXAIVEL 68 oD AyoTepeg emoyés. AlucInTnd, To HOVTELD Hag
Yenowonowwvtac to. operation embeddings, podaiver emmAéov mAnpogoplec xotayedpovTaC
TIc oyéoelg YeTadh Twv Acttoupyiwy. Autég ol oyéoelc Oev unopolv va alomointoly 6To
povtého D-VAE, 1o onolo ypnowwonolel one-hot mivoxeg yio TNV avomopdotaon eV AELToUp-
yiwv. Enoyévee, To ovtého uag unopel vo cUyxAIVEL 68 AYOTERPES ETOYES XU UE UEYUADTERT)

oxplBeLo.

ITpoyvwotixy anddoor AavIAvVoLoUE AVATARACTACNG

Ye autd o melpaya, e€eTdlouUE TOCO AVTITPOCWTEVTIXEC EIVAL OL OVITUPUC TACEL, GTOV
AovlavovTa Y RO, Yol TNV aOd00T) TNG UEYLTEXTOVIXTC TOL VELEo dixTou. Edv uropolue
vo tpofiédoupe ye oxplBela TNV amddoo, and TIC AVATIRC TYCELS TOU AavUEvovTog YWeou,
TOTE UNopolUE eTiong vor avoxahOpouue e0XORA TIC XUNDTEQES UPYITEXTOVIXES OO TOV Adv-
Yavovta yopo. Xenotwonoolue 800 uetpwég alohdynong, to Root Mean Square Error
(RMSE) petod) tov mpoPAEPeny xou TokV TEAYHATIXOV ETOOCEWMY Xl TOU GUVTEAEGTY GU-
oyétiong Pearson. O ouvteheothc ouoyétione Pearson petpd ) ypouuiny cuoyétion petol
TV TEOBAEPEWY %ot TV TEAYHATIXGY EMBOcEwY. Enopévewe, éva povtého yia va €Yl Xohég
TEOYVWOTIXEC IXxavoTNTES, Var Teémel v €yet éva uixpd RMSE xou évor upnhé Pearson’s r
Actyvoupe o anoteréopata otov Iivaxa 4.2. To npotevouevo poviého pog Eemepvd TOUC
GANOUC QUTOUOTOUS XWOIXOTOINTES, ot 0TS 000 PeTEXéC. Autd Oelyvel 6Tt o Aavidvovta

XWEOC Hog €lvor o XU TEAANAOG Yior avallTNom WG oeYLTEXTOVIXAC VYNNG ambddoorng.

AT6800M TWV BNULOVEYOVUEVLY AEYLTEXTOVIXWY

Ye auto to elpopa, Tpaypatonotovue unebliavy) BEATIC TOTOINGT TROXEWEVOL Vo OTUtove-
YHOOUPE aPYITEXTOVIXES UPMATC amddoong and tov Aavddvovta yweo. Autéd eivar 1o xUplo
xivnteo e BlatelPhc pog. AmeixoviCoUUE TS XOPUPILES 5 R YITEXTOVIXES TTIOL atvoXah DU Xoy
a6 xdde poviého ota dorypdupata 4.4 4.5 xan 4.6. To povtého pag dnutodeYNoe dEYLTEXTO-
Vi€ uhmAoTeERNE anddoong and o utdrointa povteha. H xalbtepn apyitextoviny yog emtuy-

Ydver ambddoon {on pe 95,33 %, eved n udnhdtepn anédoon tou D-VAE Arav 94,80 % xau 7
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udmiotepn axplBeta tou S-VAE Ytay puévo 92,79%. Onwe xou oe nponyoldueva nelpduata, ou-
16 delyvel 6TL 1 uéYodog Twyv operation embeddings, Bondd to povtélo va xatooxevdoet Evay
hoevddvovTa Y oeo Tou eival TOA) amOTEAECUATIXOC YL TNV ovalHTNOT) ATOBOTIXWDY OPYLTEXTO-
VIXOV VEUPWVIXGOY OXTOwY. Emmiéov, OAeg oL x0pupaleg apyITEXTOVIXES UAC, ETITUYYEVOUY
oxpifela udmioteen and 95%, amodetxviovtog 6Tt T0 HoVTENO Uag podaiver byl LOVO Wi XA

OEYLTEXTOVIXY), OANGL Lo XATAVOUT) ORYLTEXTOVIXWY LPMAYC anddoong.

Ontuxonoinoy tou Aaviddvoviog yweou

Ye autd 1o melpoyo ameixovi{oude Tov havidvovia yweo pag oe Vo BloTACES Yenol-
Homotwvtag Ty eV pelwone tne dauotatixdtnrog t-SNE [78]. Iopousidlovyue ta amo-
tehéopota oto daypdupata 4.8, 4.9. Ilopatnpolye, 6Tt axdun xou and tnyv 1007 emoyn to
HOVTENO UOG UTOREL VOl CUYXEVTEWOEL UE ox@IBELa TIC APYLTEXTOVIXES LPNANC anddoong oE xo-
VTVES oVOmopao TAoelS. AUTy elval 1) THO ONUAVTIXT WBLOTNTO GTNV EPUPUOYT| g, XaddS EVag
opahOg hovidvewy yoeog etvar amopoaltnTog Yo TN BEATIOTOTOINGCT TWV oEYLTEXTOVIXGY. AVTi-
Vé€twe, otov havidvovta yoeo tou D-VAE n yetdfoaon tng axpelBelac dev etvar oparr). Autod
UTOONAMVEL 6TL 1) YEYodog Twv operation embeddings Bondder otn dwdixacio avtioTolynong

TOEOUOLWY AELTOLEYLWY Woll Xou €Tl X0 GTNY AVTLOTOLY O TUPOUOLWY JEYLTEXTOVIXGY Uall.

EriAoyocg

Y UUTERACUAT

Ye aut) TN SimAwUATIX epYacia, TEOTEVOUE EVOY EVOANICGOUEVO AUTOUIUTO XWOXOTOLN-
™ v ypaghuoto (Graph Variational Autoencoder) nou avtiotouyel Tnv apyttextovixy evog
VEUPOVIXOU BIXTUOU GE €Vay GUVEYT| %o OPOAG AovidvovTa Y(po. LTn CUVEYEL, EQPUpUOca-
ue unebliavn Bektiotonoinon otov AavidvovTta Ymeo, TEOXEWEVOU Vo BooUUE dPYLTEXTOVIXES
v amodoone. T'ar Vo avamapas TACOUUE TNV OPYLTEXTOVIXY EVOS VEURWVIXOU SXTLOU,
0&LOTOLOUUE T1) YRUPNUATIXT) BOUT| TNG, XL TNV AVTITPOOWTEVOUUE WS VA XATEVHUVOUEVO O-
HUXAXO YEAPNUAL, UE TIC UXUES VO OVTIOTOLYOUY TNV PON TwV BEBOUEVKV XaL TOUS xOufoug
oTic Aettoupyieg Tov emmédwy. H xbpia ouvelogopd pag etvar 6Tt yeNOLIOTOCOUE TUXVES O-
VOapolo TAOELS Tvaxwy (operation embeddings) avti yia one-hot xwdwonoinon tpoxeyévou
VO AVOTTOEAC THOOUKE TIC AELTOLRYIEC TwV emnédwy. Enouévng, to povtého yag etvor oe 9éon
Vo pddel Toug CUOYETIOMOUS UETAZ) TV AELTOURYLDYV, Xal TEAXA Vo TOPdYEL Evay To O-
HOAG AovIAvOVTOL YWEO, YOETOYRUPOVTIS TUPOUOIES ARYITEXTOVIXEC OE XOVTIVA OTUEld OTOV
havidavovta yopeo. Ta mewpduotd yag delyvouv TNV amoTEAECUATIXOTNTA TwV operation em-
beddings oe mohhamiolc Toyels, xadog Bondody otny avalftnon xahdTepne oEyLTEXTOVIXNS
a6 Tov AoviEvovToL Y Weo, Xl ETIONG HELWVOUY TO YPOVO EXTULBEUCTC TOU LOVTEAOU Xou TNV

HATOAVIAWOT| UVAUTC.
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MeAhovtixég Ilpoextdoeig

Auth n epyaocio umopel va enextodel oe Bidpopeg pehhovtixée xatevdivoeic. Ilpdto an
‘ONat, pumopel vor uEAETNU00Y OL BOUXES OLOTNTES TNG UPYLITEXTOVIXY|C EVOC VEURMVLXOU BIXTUOU
Tou emnpedlouy TNV TEAXN Tne anddoor. Me tnv npocéyyior| yog, dev Peloxouye amid tnv
HANVTERT) AEYLITEXTOVIXT|, AAAG UaJAiVOUUE Lol XUTOVOUT| AEYLTEXTOVIXOY UPNATC amddooTg, xa
€T0L UTOPOUUE VoL DIEQEUVACOUUE TAL YUPAUXTNELO TIXE TWV YRAUPNUATLY AUTMY TOV ARYLTEXTOVL-
xwv. Ta tpéyovta euphuatd pog detyvouv 6TL 1 GUVOEST) TwV ETULTEdWY TOL dLxTVOoU, Efvar Evag
eCapeTind onuavTixdc deixtne e anddoorc tou [117]. Autd épyeton oe avtieon e Todléc
TpooeYYloelC otov Touéa Tou neural architecture search, ou onolec €youv mpoxadoplouévo
o0VBEoT) ETTEDWY, o1 EGTIELOUY TNV €0PECT] TWV AELTOURYLWY Xdie eminédou. EAnilouue va
eUTVEOCOLUE TEQLOTOTERN £0Y 0L Tl OTIO(0L EGTIALOUY OTNY YRUPTUATIXT OXOTILA TWY VEUROVIXDY
OxTOWY, OoTE Vo fondoovue TNy ETEENYNUATIXOTNTA, TO OYESLCUO, TNV avalATNOT XL TNV
ONULOLEY Lol XUAVTEQMV ORYLTEXTOVIXMY VEVRWVIX®DY OIXTOWV.

Mo dAAn evdlapépouca epeuvnTiny Wéa etvan 1) yerior Twv operation embeddings dyt udvo
yioo TNV cOMNYN TV oyéoeny YETAg) TOV AELTOURYLOY, GAAG xaL TNV dnuovpyio eVIEAMS
VEWV Aettovpylwy. Enopévee, avtl va yiveton n avalrtnon oe éva mpoxooptopévo cUVolo
AertoupYlny, umopel va yenowonomnldel évac avtioTpoPog UETACYNUATIONOC amd TOV YOO
TWV AELTOURYLOV WOTE Vo dnutovpy ol véeg Aettovpyieg. Emiong, uia mo amhy| mpocéyyion
Teog auThY TNV xatedduvor ebvar 1 Onutovpyia TG apyLTEXTOVIXYC TPOCVETOVTAC DLadoy XS
Yeapnuotixd potiBo avtl yio yepovwuévous xoufous, Yewpdvtag €Tol autd ta poTBo we Véu

UTAOX AELTOLEYLOV.
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Chapter 1

Introduction

1.1 Motivation

Deep learning has been in the middle of a research outburst the last years and the
constant need for even improving architectures requires extensive architecture engineering.
The engineer must make several choices about the architecture of the neural network.
Among others, he must decide the number of neurons in every layer, the connections
between the layers, the operation of every layer, and the activation function. However, all
these architectural options are enforced by the human, therefore the model is limited by
the human knowledge. Moreover, this procedure is time consuming and usually leads to
errors and bugs. Finally, we do not have a grounded theory about the characteristics that
lead to high performing architectures.

Neural Architecture Search (NAS) has gained increased attention recently, as a class
of approaches that automate the architecture engineering, in order to produce state-of-
the-art models for numerous tasks [135, 96]. Neural architecture search can be formulated
as an optimization problem over an input space of architectures. This problem is highly
challenging due to two specific properties. First of all, the input space is high-dimensional
with usually a discrete or non-Euclidean structure like a graph [128] or a sequence [134].
Directly searching an architecture within this space is inefficient given the exponential
growth of the search space, as the number of layers or operations increases [77]. Secondly,
the objective function which we want to optimize (i.e. the performance of the architecture),

is expensive to evaluate, as the cost of a neural network training is high.

1.2 Approach and Contribution

In this Diploma Thesis, in order to tackle the above challenges, we employ latent space
optimization techniques [36, 77, 75]. Specifically, we use a graph variational autoencoder in
order to map architectures into a continuous and smooth latent space. Then, we perform
bayesian optimization in the learned latent space in order to find the best architecture.

The representation of the neural network architecture is crucial for the solution. We

22
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capitalize on the graph structure of the architecture, and represent it as a directed acyclic
graph. We use graph neural networks [129, 128] to obtain the representation of the archi-
tecture. By modelling an architecture as a directed acyclic graph with operation labels on
nodes, we can simulate the forward and the backward propagation that occurs in neural
networks, and take advantage of its structural information. The structural information
(i.e. the connections between the layers) along with the operation information (i.e. the
operation that every layer perform) define the architecture. But in order to produce a
smooth latent space, similar architectures should be mapped together, and the operation
information must also be exploited. To address this problem, we propose operation em-
beddings. Instead of specifying every operation with one-hot vector encoding, we learn
low-dimensional embeddings, in order to take advantage of the correlations between the
operations. For instance, a convolutional 5x5 layer is more similar to convolutional 3x3
layer rather than to a pooling layer.

Our findings suggest that the operation embeddings approach encourages the mapping
of similar performance architectures to the same regions in the latent space. This makes
the latent space smooth with respect to accuracy, which benefits our neural architecture

search task.

1.3 Thesis Structure

In Chapter 2 we provide the theoretical background of our work. Specifically, we first
introduce the basic concepts of machine learning and then focus on the deep learning
techniques, that are most relevant to our work. We also explain the basic concepts of both
graph representation learning and neural architecture search.

In Chapter 3 we present the main contribution of our thesis. We first provide a section
of related work and then proceed to the problem definition. In the rest chapter, we analyze
our graph variational autoencoder model for neural architecture search.

In Chapter 4 we present our experiments and compare the results with other baseline
papers.

In Chapter 5 we conclude our thesis, providing a summary of our work, and some

future research ideas.



Chapter 2

Theoretical Background

In this chapter, we provide the basic information that is necessary for the reader to
understand the contribution of the thesis. We start by presenting the foundations of
machine learning, and the most famous deep learning architectures. After, we analyze
how deep learning can be used for graph data. In the last section we explore the core

aspects of neural architecture search.

2.1 Introduction to Machine Learning

Machine learning is an area of applied statistics that studies algorithms which computer
systems can use, in order to estimate functions from data, without explicit instructions.
These learning algorithms, can be classified as supervised or unsupervised, based on
the kind of data we use.

Supervised learning algorithms use data points that each one contains features
and is associated with a label. That means that every sample is tagged with the answer
that we are trying to predict. So for example, labeled image data set with animals would
tell the model which images are dogs,cats,etc. Given a specific training set, a supervised
learning algorithm try to learn the function that maps the features of the input to the
label. In math notation, we denote the input features as z* and the label as ' . A data
set D contains many data points , so D = {(2%,y%);i = 1,...,n} . Also , we denote X the
input space , and Y the output space. Our goal is to learn a function f : X — Y using
the dataset D in order to f(x) correctly determine the label y of x. Based on the possible
values of output space, the supervised learning problems can be grouped into classification

and regression problems.

e Classification problems have categorical output values. Examples of classification
problems are email spam detection [44], image classification [57] and DNA sequence

classification [83].

e Regression problems have output values that are real numbers. Examples of re-
gression problems are house price prediction [86] and prediction of wind energy

production [98].

24
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Unsupervised learning algorithms use data points without an explicit target asso-
ciated with them. The machine learning algorithm attempt to identify interesting struc-
tural properties and extract useful features of the data. Two of the most important

unsupervised techniques are clustering and autoencoders.
e Clustering algorithms try to discover clusters of similar samples.

e Autoencoders try to learn a representation of the data inputs, usually by per-
forming dimensionality reduction using neural networks. We will explore in depth

autoencoders in the next sections , as they are an important aspect of our thesis.

Labelled Dataset

{} Training Data

Learning Algorithm

New Data (x') ——_=>>|  Hypothesis

SUPERVISED LEARNING

Figure 2.1: Supervised learning pipeline. Source [3]

2.2 The Deep Learning Era

Nowadays, deep learning has achieved major breakthroughs in many fields, including
computer vision [38, 56, 91], natural language processing [24, 5, 13] and molecular opti-
mization [133, 27, 30]. These achievements became possible mainly due to the following

reasons:

e High availability of massive data sets.
e Increased performance of computer processors, and especially GPUs.

e More complex and deeper neural network architectures.

But before deep learning dominates the field, there was a major drawback in the classical
approaches that were used. The feature representations from the input , had to be man-
ually extracted , based on the task. For example, in a computer vision task, the engineer
had to manually use specific algorithms that extracts edges,corners,blobs,etc. from images
[15]. This unfortunately put up barriers to anyone want to pursue machine learning, as it
requires a lot of domain knowledge. In contrast, artificial neural networks have automated
the feature extraction procedure. They are composed from many neurons, that are con-

nected to each other, inspired by the functionality of the brain, and can construct features
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from raw input. Now, it is not a prerequisite to be an expert in the domain of the problem,
in order to use machine learning techniques. Deep learning brought a fundamental change,
and enabled more and more people to get involved in the area. In this section we describe

common deep learning architectures.

2.2.1 Feed Forward Neural Networks (FFNN)

hidden hidden

output

O

Figure 2.2: Illustration of a FFNN with 2 hidden layers

Feed Forward neural networks or multilayer perceptrons (MLPs) are the most typical
example of deep learning models. These networks form a computational graph that is
acyclic , so the input flows in one direction, from the input nodes to the output nodes. In
order to approximate some function f* with FENN |, we have n functions f, f@ . ™)
that are connected such that our prediction f is given by f(z) = f™ (f=D(.(fW(z))...)).
In this setting, f() is called the input layer , f(™ is called the output layer , and the in-
termediate functions are called hidden layers. By altering these chain structures, we can
construct different architecture blocks, such as recurrent neural networks, presented later.

As shown in Figure 2.2, every layer consists of many neurons, that compute the
weighted sum of their inputs, and usually followed by a non-linear activation function,
such as ReLU [82]. The goal of the model’s training procedure is to learn these weights,
also called trainable parameters, such that f(x) be as close as possible with the labels
y = f*(x) of every data point x. This learning process demands the computation of the
gradients of many functions and is usually computationally expensive. The algorithm to
compute these gradients is called back-propagation [95]. Given a dataset that contains
many training examples, it is specified how the output layer must act for every example;
it should produce a value close to y. But the behavior of the other layers is not specified.
The neural network should decide by each own how to use these layers in order to approx-
imate as best as possible the f*. That’s why we often call these hidden layers , as feature
extractors. The difference with other machine learning algorithms , is that the neural
network learn these features with the hidden layers, instead of manually engineer them.
But even in the FFNN | the human effort is not limited. We must design the architecture

of the network, including the number of hidden layers and the number of neurons in each
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layer.

FFNNs have demonstrated good experimental performance in many tasks, but they
also have theoretical guarantees. The universal approximation theorem [41] states that
every continuous function from one finite-dimensional space to another, can be approxi-
mated arbitrarily closely by a FFNN with at least one hidden layer. Here, an important
question may be arise. Given such a continuous function that we want to approximate,
are we sure that we will learn it with our training algorithm? The answer is no. Even if
the FFNN is able to represent this function, it is not guaranteed, that the optimization
algorithm will find the values of the weights, that correspond to the global optimum. Also,
our learning algorithm may chose a wrong function due to over fitting [16] in the training
set. This is a common situation in deep learning , where our model does not generalize
in examples that have not seen in training. To sum up, there is no universal procedure
that given some training examples will generalize to samples that are not presented in the

training set.

2.2.2 Convolutional Neural Networks (CNN)

fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution | K—M
(5 X 5) kernel Max-Pooling (5 X 5) kernel Max-Pooling (with
valid padding 2x2) valid padding (2x2)

\.dropout)

INPUT n1channels n1 channels n2 channels n2 channels

(28x28x 1) (24x24xn1) (12x12xn1) (8x8xn2) (4x4xn2)

b X
~ outpuT

0

n3 units

Figure 2.3: Illustration of a CNN. Source [1]

Convolutional neural networks (CNNs) [60] are a specific class of deep neural networks,
that is specialized for processing data that have a grid topology, such as images. These
networks are considered as one of the greatest biological inspirations in artificial intelli-
gence, as their key design concepts are borrowed from neuroscience, and especially from
the organization of the human visual cortex. Individual neurons in the brain fire due to
a stimuli, only in a specific region of the visual field. These regions overlap, to cover the
entire visual scene. A convolution network layer is designed to capture this property, by

applying convolution! operations on the input image with many low dimensional filters.

!'Given two functions f,w, the convolution on f,w is defined as (f * w)(t) = [*_ f(z)g(t — x) dz. The
first argument is often referred to as the input, the second argument as the kernel and the output as the

feature map.
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Motivation

Before we analyze the core functionality of the CNN; it is important to understand the
intuition behind them and the drawbacks of the Feed Forward Neural Networks.

In general, a neural network receives an input and transform it through hidden layers.
In the FFNN, every hidden layer is composed by a set of neurons where is neuron is
fully connected to all neurons in the previous layer. As there is no sharing connections,
this number cannot scale very well. For example, assume that we have an image of size
100 % 100 % 3 (100 wide, 100 high, 3 color channels). Then the first hidden layer has
m * 100 * 100 * 3 = m * 30000 parameters, where m is the number of neurons in the first
hidden layer. It is obvious that if we have multiple layers, that setting cannot scale. This
full connectivity leads to very high computational cost and also makes our system prone
to overfitting.

In order to reduce the number of parameters, CNN take advantage of the fact that
the input consists of images. Their specific topology has 2 interesting properties that we

exploit by using convolution operations.

1. Neighbors pixels are related to each other. Making a random permutation on
the pixels of an image will corrupt the data point. So we want to process together
groups of pixels that are close to each other. We put a bias in our architecture, in
order to exploit this relation, by applying convolution operations and making the
kernel smaller than the input. For example, when processing an image with thousand
of pixels, we can detect small features with kernels that are applied only on tens of

neighbor pixels.

2. In most cases, we want to ignore positional shifts and translations of
the target in the image. For example, we want to recognize a dog, whether it
appears in the top half or the bottom half of the image. To achieve this translation
invariance property, we share the trainable weights along the image and use max
pooling layers. By sharing the weights, we can identify the same features along the
image, and the max pooling layer takes the output from the convolution layer and
reduce its resolution. It does so by keeping only the max value of a grid, so the

information about the exact location is discarded.

o L > B
E1|| —>| e g

Conv Filter of Ouput of Conv Output of Max
size:(4.4) layer Pooling layer

Input image of ketter "

Convolutional Layer
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Figure 2.4: CNN filter trained to detect the letter ’C’. Source [108]

As we see in Figure 2.4, the max pooling layer gives the same output for the two

images. The CNN is invariant to the shift in the image.

Types of Layers

The most important aspects of a CNN architecture are the convolutional and the
pooling layers.

The weights of a convolution layer are a set of filters with small width and height,
that traverse the image. Most typical sizes of filters are 3x3 and 5x5. Every filter is con-
volved across the two dimensions of the image (width,height) and outputs a 2-dimensional
feature map. By stacking these features maps of every filter we produce the final 3-
dimensional feature map. These learned features have usually hierarchical structure. The
first convolutional layer capture low-level characteristics of the image, and as we go deeper
in the layers, we capture more high-level task specific features. This compositionality can
be observed as the features transform, for example, from raw pixels, to edges, to shapes
and finally to objects.

Pooling layers are usually placed between following convolutional layers. The role of
pooling layer is to reduce the spatial size of the features, in order to limit the weights of
the network. As mentioned before, with pooling layers we can extract features that are
position invariant, a very useful property. The most well used pooling layers use the max
or the average function in order to perform dimensionality reduction, called max pooling
and avg pooling respectively. In Figure 2.5 we saw how a max and an average pooling
layer operates.

As we have seen, a convolution neural network is a complex structure with many
hyperparameters. The engineer must take several choices, regarding the architecture of
the network, such as the dimensions of the filters, the function used in the pooling layers

and many more that are not covered in this section.
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Figure 2.5: Two types of pooling. Source [2]

2.2.3 Recurrent Neural Networks (RNN)
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Figure 2.6: An unrolled recurrent neural network. Source [110]
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Recurrent neural networks (RNNs) is a specific class of neural networks, that is spe-
cialized for processing data that have a temporal relation, such as text. These networks
have internal memory state in order to process variable length sequence data. In contrast
with feed forward neural networks, that process all the inputs independent of each other,
in RNNs the inputs are related to each other. These networks have internal loops , and
use a recurrent function in order to produce the output from the input sequence. In every
step t, the output oy is a function of the input x; and the previous state s;_1 . Specifically,

in math notation we have:
st=a1(Wh-xy+Wa-s1+b1) (2.1)

oy = ag(Ws - s¢ + ba) (2.2)
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where a; and ag are some activation functions, W7 , Wy , W3 are the weight matrices,
and bl , by are the bias vectors. As we mentioned, RNN can process sequence data with
arbitrary length. But as the size goes bigger, it is difficult to maintain the information
from the earliest steps [9], due to the vanishing gradient problem [39]. Some gradients
shrink when they propagate many steps in the past, so the trainable weights are not
changing their values, and eventually this part of the network does not learn anything
useful. Usually this occurs in the first layers of the network, so in long sequences, RNN
may forget the first part of the input. In order to face this problem, many approaches has
been proposed, with Long Short Term Memory [40] and Gated Recurrent Unit [17, 18] be

the most famous.

Long Short Term Memory

Figure 2.7: LSTM cell. Source [109]

This special class of RNN, can face the vanishing gradient problem, and eventually it
is able to learn long term dependencies [104, 32, 43]. The key concept of LSTMs is the
cell state, denoted as ¢;. In math notation we have the following equations that describe
the LSTM network:

Je=0Wy [z, he1] 4 by) (2.3)
it = o(W; - [, he1] + by) (2.4)
Cy = tanh(We - [hg—1, 2¢) + be) (2.5)
Co=fi-Co1+i-Cy (2.6)

or = (W, - [, he—1] + bo) (2.7)
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ht = O¢ * tanh(C’t) (28)
These equations are explained below:

e Equation 2.3: First of all, we must decide which information should be discarded
from the cell state(as it has limited memory), based on the current input and the
previous state. The output is a real number in range [0,1]. As close the output is

to 1, the more information we will keep. We call this gate as forget gate.

e Equation 2.4: In the next step, we must decide which values we will update, same

as with the conventional RNN. We call this gate as input gate.

e Equation 2.5: Next, we must create the new information that will be added to the

state.

e Equation 2.6: We update the current state, based on the new information and the

discarded information from equation 2.3

e Equations 2.7, 2.8: Finally, we update the hidden state and the output of the network

Gated Recurrent Unit

Figure 2.8: GRU cell. Source [92]

A variation of the LSTM network, is the Gated Recurrent Unit, which has fewer
parameters but achieves competitive performance in several tasks [18, 130, 81]. It combines

the forget and the input gates into one gate, called update gate. It also merge the hidden
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state and the cell state, producing a simplified model. The following equations describe
the GRU:
Zt = O'(WZ . [htfl, xt]) (29

re = o(W, - [hi—1, z¢]) (2.10
hi = tanh(W - [ry * hy_1,24)) (2.11
hy = (1 —z) % hy_1+ 2% hy (2.12
These equations are explained below:

e Equation 2.9: Same as in the LSTM network, we must decide which information
should be passed from the previous steps. We now refer to this gate now as update

gate.

e Equation 2.10: We must also decide, how much of the past information must be

discarded. We refer to this gate as reset gate.

e Equation 2.11, 2.12: Finally, we update the hidden state , based on the update gate

and the reset gate.

2.3 Graph Representation Learning

Graphs are fundamental mathematical structures which describe relations between
objects. They play an important role in many fields, and they have numerous applications.
For instance, in medicine, drug discovery relies on multiple types of interactions between
proteins, that can be modeled by graphs. In computer vision, 3D objects are represented as
graphs. As a consequence, more and more graph-structured data are being produced and
are available to the community [62, 85]. For this reason, there is an increasing attention
in applying deep learning techniques on graphs. Before we analyze how neural networks

can handle these type of data, it is necessary to give some formal definitions on graphs.

2.3.1 Graph Basics

A graph G = (V, E) is comprised of a set of nodes V' and a set of edges E. An edge
e € E is associated with two distinct nodes u,v € V', and we denote it as e = (u,v). The
most famous way to represent a graph is through an adjacency matrix 4 € RIVIXIVI. To
construct this matrix, we correspond every node index to a particular row and column and
then for every edge (u,v) € E , we assign Afu,v] = 1. We assign 0 to the rest values. In
some graphs, the edges have weights, so we assign the value of the weight in the adjacency
matrix. If the edges have no direction, i.e.,(u,v) € E <= (v,u) € E, then the graph is
called undirected.

A very important class of graphs are the heterogeneous graphs. In this setting, we
have different types of nodes. For instance, in a recommendation system we might want
to diverse the users and the movies. To represent this graph, we construct an adjacency
tensor A € RIVIXIEIXIV] where R is the set of node types.
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Computational Graphs

A computation graph is a directed graph where each node correspond to variable or
mathematical operation. Following the edges of the graph, variables flow through and
they are given as input to the operations. With these graphs, we can represent functions
as complex as we want, and visualize them. An example of this type of graph is presented
on Figure 2.9. Nodes z,y, 2z correspond to variables, and nodes +,* correspond to the

operations.

Figure 2.9: A computation graph that represent the function f(z,y,z) = (z + y) * z.
Source [22]

2.3.2 Machine Learning on Graphs

Plenty of machine learning applications require a graph representation of the data [47,
4], but the tasks differ from problem to problem. Below we present the most important
of them.

e Node Classification: It is probably the most famous task on graph data. Given
a graph G = (V, E) and labels on a set of nodes Vjqin, € V, our goal is to predict
the labels of the rest nodes. Examples of node classification problems are finding
malicious accounts on social networks [74] and classifying a paper given a citation
graph [93]. Essentially, we assume relations between the nodes, in order to find the
missing labels. These relations can exploit homophily [79], which states that nodes
have high probability to share characteristics with their neighbors. Another concept
is structural equivalence [97], which is the the tendency of nodes that have similar

neighborhoods structures, to share similar labels.

e Link Prediction: Link prediction or relation prediction is the problem of predicting
the missing interactions between the nodes. Given a graph G = (V, E) and a set
of edges Eirqin € F, our goal is to predict the missing edges F \ Eirqin. Examples
of link prediction include predicting co-authorship links in a citation graph [68] and

predicting protein-protein interactions in biological processes [10]. The task can also
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have temporal orientation, where, we want to predict how the edges of the graph will
change in the next time step [26]. Both node classification and link prediction use a
supervised signal in order to predict the missing information, so they considered as

supervised problems.

¢ Community Detection: Community detection is a variation of the unsupervised
clustering problem. Given an input graph G = (V, E), we want to find communities
of clusters of nodes, with many edges between the clusters [31, 112]. Real world
application of community detection range from social networks [100] to biological

networks [48] and citation networks [94]

e Graph Classification: It is associated with the node classification problem, but
instead of making predictions about individual nodes, we make predictions over
entire graphs. Therefore, our input contains multiple graphs with their labels. Note
that the label now is associated with the entire graph. Common applications involve
predicting properties of molecular graphs [19] or predicting the accuracy of a neural

network architecture [76].

All of these tasks pose a difficulty, as the most learning algorithms operate on vectors,
due to the Euclidean underlying structure of most signals, like images. It is a great
challenge to apply these methods on non-Euclidean data like graphs. To address this
problem, explicitly techniques are used, that can operate on graphs. Their central goal is
to comprise the structure and the features of the graph into vectors. Before we proceed

to the models used in deep learning on graphs, we mention some classical methods.

Traditional Approaches

Traditional approaches in order to obtain information from graphs, use the standard
pipeline that was dominated prior to the rise of deep learning. In start, we extract some
handcrafted features based on the graph statistics [69] or by using kernel functions [111].
Then we feed these features as input to a machine learning classifier in order to make the
final prediction. These methods have the same drawbacks that we mentioned in Section
2.2. They require high domain expertise, they are time-consuming and their performance

is not as good as their deep learning counterparts.
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2.3.3 Graph Neural Networks (GNN)

Why traditional deep neural network architectures do not work in graph data?
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1fo110
index 8 2 l(:ll[] -4
311101
4(0010
index 4
Same graph Different adjacency
topology matrices

U, Permutation P U, Permutation P )

index 2 V[1234]

index 4 o010l for1o0] [ooo1 1(0111]
_ 0100[ |1010[|0100| 7, 2[1001

Index 1 ooot1| 1101 [1000| =" 4= 311000

1000 0010 0010 41100

index 3 Anew

Figure 2.10: Same graph represented with different adjacency matrices. Source [12]

Deep learning architectures like convolutional neural networks or recurrent neural net-
works, presented in Section 2.2, are extremely useful when dealing with Euclidean data
structures, like images. In order to deal with graph data, a simple method is to represent
the graph with it’s adjacency matrix and use it as the input to a feed forward neural
network. The problem with this approach, is that feed forward neural network produce
different outputs for different node orderings in the adjacency matrix. But permutations
of the adjacency matrix, represent the same graph. Therefore, it is necessary to ensure

that our architecture is permutation invariant.

Neural Message Passing
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Figure 2.11: Illustration of how a single node aggregates messages from its neighbors.
Source [37]

The basic architecture currently used in graph domain, is called Graph Neural Network

[99]. The goal of GNN is to learn a representation h, € R® for every node u in graph,
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that capture the neighborhood information. The representation h, of every node w can
be used in order to produce the label of the node u for a node classification task. If we
want to apply GNN in a graph classification task, we can aggregate all the representations
of the nodes, in order to obtain the representation of the graph hq, and then feed it to
a classifier. To learn these representations, GNN uses a general framework, called neural
message passing [34], in which every node exchanges messages with its neighbors. In start,
every node u is initialized with a random state h,. In every iteration, we update the state
of the node, based on its previous state and the representations of its neighbors. In math

notation, we have the following equations:
mrtt = AGGREGATE(RF Vv € N(u)) (2.13)

hETY = UPDATE(hE, mEt1), (2.14)

u

where N (u) is the neighborhood of node u, AGGREGATE and UPDATE are differentiable

k+1
o1l is the aggregated message

functions, usually approximated by neural networks [41], m.
from the neighbors in k + 1 iteration and h¥*! is the representation of the node u in k + 1
iteration. The AGGREGATE function should be permutation invariant, as we mentioned
before. For the graph classification setting, we need an extra step, where we obtain the
graph representation by aggregating the representations of the nodes. This step is usually

called readout step. It is presented in the following equation:
hg = READOUT (hE vu e V), (2.15)

where READOUT is a readout function, and K refers to the final iteration.

2.4 Deep Generative Models of Graphs

In the previous section, we showed how can we learn representations of graphs, in order
to make predictions about the nodes (node classification task) , about the edges (link pre-
diction task) or about the whole graph ( graph classification task). In this section, we will
provide techniques for a related problem, that of graph generation. In this task, we want
to output graphs that have specific properties, or generated from a specific distribution.
For instance, we may want to generate molecules with high drug-likeness [125] or generate
scene graphs from images [123]. With deep learning, we are able to learn a generative
model of graphs, based on our input training graphs, and output graphs with similar

properties as the training set. We classify these techniques based on two properties:

1. The representation of the graph. There are three main types: token-based,
adjacency-matrix based, and graph-based. Token-based approaches represent a
graph as a sequence of strings. For example, molecule graphs can be represented
with SMILES grammar [113, 21]. These methods use RNNs due to their advantage

in sequence representation. Adjacency-matrix approaches represent the graph with
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its adjacency-matrix [101, 126]. These methods must take into account that per-
muted adjacency matrices, represent the same graph. Therefore, it is necessary to
use permutation invariant functions[84]. Graph-based approaches, which attracted
much attention in the last years, use Graph Neural Networks in order to produce
the representation of the nodes and the graph. They operate directly on the graph
structure, reducing the dependencies on the node ordering and efficiently capturing
the edges relations. [129, 127, 67].

2. The generative framework. The most popular techniques are variational autoen-
coders (VAEs), autoregressive models and generative adversarial networks (GANS).

We provide a short review for each of them, applied on graph domain.

2.4.1 Autoencoders

encode node

decode neiﬂhborhood '

"
{embedding)

NEEN

Figure 2.12: Overview of a graph autoencoder . The encoder maps a node to an embedding.
The decoder then use the embedding to reconstruct the neighborhood of the node. Source
[37]

Before we analyze how VAEs work, we provide some general information about au-
toencoders on graph data. Autoencoders learn compact representations of data, by using
an optimization process with an encoder and a decoder. The encoder model maps each
sample into a low dimensionality embedding. Then, the decoder model, try to reconstruct
the sample, given the embedding as input. These encoder and decoder functions, are usu-
ally approximated by neural networks. In order to train this model, the standard pipeline
I(DEC(ENC(u)),u), between the

input sample and the decoded sample. In general, the dimensions of the embedding space,

is to minimize the reconstruction loss L = > .
are lower than the dimensions of the input. Therefore, the system learns to maintain only
the important information, and discard the rest. So if autoencoders learn these represen-
tations, why do not use them for our graph generation problem? Is it possible to just
take samples from the learned space, and decode them into new data? To answer these
questions, it is helpful to look at Figure 2.13. The learned space of an autoencoder, which
is optimized only with the reconstruction loss, is usually discontinuous and does not allow

easy interpolation. This leads to high overfitting on the training set. As a result, some
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points of the latent space will give meaningless content once decoded. To address this

problem, variational autoencoders have been proposed [51].
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Figure 2.13: Visualization of the the learned space of an autoencoder trained on MNIST
dataset, optimized only with reconstruction loss. The learned space is discontinuous with
distinct clusters. Source [45]

2.4.2 Variational Autoencoders (VAEs)
g=(AX) 9+(21G)

E

Z=jpg+oge
e~ N(0,1)

Figure 2.14: Nlustration of a graph VAE model. Source [37]
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Variational autoencoders (VAEs) are powerful models, that use variational inference
in order to generate new data [53]. The main difference with traditional autoencoders, is

that their learned space has two important properties:

e Continuity so that nearby points in the embedding space, produce related decoded

points.
e Completeness so that every decoded point is meaningful.

To achieve this, the encoder outputs the mean and the standard deviation of a normal dis-
tribution, instead of a single vector, and introduce a new loss function. In math notation,

VAE for graphs has the following components:

e A stochastic encoder ¢4, that takes a graph G as input. It defines a Gaussian
distribution g4 (Z|G) over latent representations Z ~ N(uy(G),04(G)). The mean

and the covariance of this distribution, are produced from neural networks.

e A stochastic decoder py. Its input is the representation Z, and outputs the
probability distribution of the data p(z|Z). The decoder is also parameterized by a

neural network.

Also, we assume a prior Gaussian distribution p(Z) over the latent representations. In
order to train the model, with a training set of graphs Dyyein = G1, .., G, we minimize

the loss function:

L= > Eyue)lpe(GilZ)] — KL(gs(Z1G)|Ip(2), (2.16)

Gi€Dtrain
We call this loss function as evidence likelihood lower bound (ELBO). The first term of the
loss function is the reconstruction loss. This term encourages the decoder to reconstruct
the graph from the embedding space, such that the decoded and the input graph be similar.
The second term is the Kullback—Leibler divergence [58] between the prior distribution
p(Z) and the encoder’s distribution gp(Z|G). It acts as a regularizer, in order to keep the

encoders representations as close as possible to the normal distribution.
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2.4.3 Autoregressive models

Graph G

Generation process S™
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Figure 2.15: Illustration of a graph generation, using an autoregressive model. Source [61]

Autoregressive models assume relations between the edges and the nodes, and process
them one by one, such that the probability of every edge and every node is conditioned
on the previous edges and nodes. We treat the generation problem sequentially, therefore
we usually use a recurrent network that capture the graph state in every step, in order to
encode the graph representation [127, 66]. In training, in order to maximize the likelihood
of the training data, we employ the teacher forcing strategy [46], i.e., we force the recurrent
network to generate the truth values of nodes and edges at each step. After training, in
order to generate new graphs, we can use an RNN to sequentially generate the graph,
starting from an initial hidden state hg from the learned space Z. Autoregressive models
have shown promising results when combining with a VAE pipeline, or with graph neural
networks [129]

2.5 Neural Architecture Search (NAS)

architecture

Search Space | —— | Performance
- ' - Search Strategy Estimation
A I Strategy

performance
estimate of A

Figure 2.16: An illustration of Neural Architecture Search pipeline. An architecture A is
selected from a search space A, using a specific search strategy. The performance of the

architecture is estimated, and the search strategy receive the performance signal. Source

[29]



42 Chapter 2. Theoretical Background

All the deep learning architectures presented in the previous sections (2.2, 2.3, 2.4),
from convolutional and recurrent neural networks, to graph neural networks and generative
models, require an extensive architecture engineering. This procedure is extremely time-
consuming as the researcher must design the architecture manually, based on his domain
expertise and experience. Inevitably, a human bias is introduced, and the architecture
choices are limited from the research knowledge. Therefore, in the last years, there has
been an increasing attention to automating architecture engineering. The field called
Neural Architecture Search, has proven its ability to construct architectures that achieve
state of the art results, in various tasks, with little human intervention [135, 136, 96,
90, 33]. In this section, we follow the categorization of [29], and analyze the three basic
components of Neural Architecture Search: search space, search strategy and performance

evaluation.

2.5.1 Search Space Design
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Figure 2.17: Examples of different search spaces

The search space defines the set of all neural network architectures that can be repre-
sented. In order to define an architecture, two properties must be specified: the operation
associated with every node or layer, and the connections between them. In Figure 2.17,
examples of search spaces are illustrated. The size of the search space, plays a crucial role
on the model’s expressiveness but has an influence on the computational cost too [116].
Therefore, there is an important trade-off between the number of different architectures

that we want to represent, and the running cost of our algorithm. As deep neural networks
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usually have hundreds of layers, the number of different choices grows exponentially. To
deal with this problem, we usually enforce some constraints both on the structure and the

operations of layers, limiting the size of the search space.

Cell-Based Search Space
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Figure 2.18: The NASNet search space design the architecture as a repeated stack of cells.
Source [136]

Inspired by human engineered architectures, that contains repeated motifs [107, 42],
some neural architecture search approaches instead of searching the whole architecture,
they search for a motif or cell [136, 70, 132]. Once they found it, this cell is stacked
multiple times to form a larger architecture. For instance, [136] try to learn two types of

cells:
e A normal cell, which the input and the output have the same dimensions
e A reduction cell, which the output has the half width and height from the input.
This method has multiple advantages:

1. The size of the search space is reduced, as the cell is much smaller than the whole
architecture [136].
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2. These cell-based architectures are easily transferable to other tasks by simply stack
more cells. For instance, a cell discovered on CIFAR-10 [54] can be transferred to

ImageNet [23] and achieve great performance [136].

To sum up, the search space is one of the key points of neural architecture search, so
it must be carefully designed. The human heuristics introduced in it, can lead to bet-
ter performance [136], but may also limit the opportunities to discover new architecture
principles [119, 88].

2.5.2 Optimization methods

Many different optimization algorithms has been used in order to find the best ar-
chitecture in the search space, such as random search [64], reinforcement learning [135],
Bayesian optimization [49], evolutionary methods [89] and gradient-based methods [72].
The selection of the optimization method is highly influenced from the search space, as
some algorithms require specific settings. For instance, in order to apply gradient-based
methods, the search space must be continuous. In the following paragraphs, we review

the most important optimization methods.

Reinforcement Learning (RL)

Sample architecture A with
probability p

Trains a child network
The controller (RNN) with architecture 4 to
get reward R

Compute gradient of p and scale
it by R to update the controller

Figure 2.19: An illustration of NAS pipeline using reinforcement learning. Source [134]

One of the most famous optimization techniques for neural architecture search is rein-
forcement learning-based [7, 135, 131]. A reinforcement learning based controller propose
child model architectures for evaluation, from the search space. An architecture is mod-
eled as a configuration string, and the controller is usually a recurrent neural network,
that outputs a variable-length sequence of tokens in order to specify the network archi-
tecture. After the sampling of the architecture, we train and evaluate its performance.
This performance is the reward that our controller receives. Because the reward signal is

non-differentiable, we use a policy gradient method and update the controller. In math
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notation, we want to maximize the expected reward

J(0c) = Ep(ay.1:600)[R)> (2.17)

where aq.7 are the actions of the controller, T is the total number of tokens,f. are the
parameters of the controller and R is the reward. Using REINFORCE rule [115] as the

policy gradient method, we obtain the gradient of the expected reward as

T
Vo (0c) = Ep(aypi00)[ Vo, 1og Plaglar—1.1;00)R]. (2.18)
t=1

Evolutionary Methods

Parent Selection
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Figure 2.20: An illustration of NAS pipeline using evolutionary methods. Source [29]

Evolutionary algorithms evolve a population of architectures in order to find an op-
timal network [89, 90, 103]. In every evolution step, using a parent selection method,
some architectures are sampled from the population and become parents. They generate
offsprings by applying mutations to it. These mutations can alter the structure of the
network, such as adding or removing a layer, or alter the operations of the network, such
as change a convolutional layer to a max pooling layer. After training the offsprings, their
fitness (e.g., the performance on the test set) is evaluated and the most promising are
added to the population pool. There are many parent selection methods in neural archi-
tecture search, such as tournament selection [35, 90, 73], multi-objective Pareto method
using an inverse density [28], or simply removing the worst or the oldest model in the

population [89, 90].
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Gradient-Based Methods

Figure 2.21: An illustration of a continuous optimization pipeline in NAS. (a) Operations
on the edges are initially unknown. (b) Continuous relaxation of the search space by
placing a mixture of the operations on every edge. (c) Joint optimization of the mixing
probabilities and the network weights by solving a bilevel optimization problem. (d)

Selecting the final discrete architecture from the learned mixing probabilities. Source [71]

All the previous methods operate on a discrete search space, therefore a gradient-based
optimization is not applicable. To overcome this difficulty, a continuous relaxation of the
search space has been proposed [72]. Instead of executing a single operation in every layer,
a linear combination of all the operations is introduced. In math notation, for a discrete
search space, the output of each node can be computed as z; = EKJ- 0(i,5) (x;), where oli:d)
is the operation that apply the node j to the output of the node 7. In contrast, in the
continuous space, the categorical choice of each operation is transformed into a softmax
over all possible operations:

(2
o) =D exp(o”) o(x) (2.19)

020 26e0 eXp(agiJ))

, where the operation weights are parameterized by the vector a(®/). The goal is to learn
these vectors for all pair of nodes. Then, the discrete architecture is obtained by replacing
each mixed operation o(; jy, with the most likely operation olid) = argmawoeoag’j ) There-
fore the element a((j’j ) can be seen as the probability of the operation o applied from node
j given as input the output of node i. The learned parameters a7 are jointly trained
along with the weights of the architecture. Formally, the neural architecture task in this
setting can be described as a bilevel optimization problem [20]. Given a train Dyyq;, and
a validation set D,4, the goal is to find an architecture a* that minimizes the valida-

tion loss Lyq(w*, a*), where the weights w* are optimized by minimizing the training loss
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w* = argming Liyqin(w, a*). The architecture a is the upper-level variable and the weights
w are the lower-level variable.

mgn Lyg(w*(a),a) (2.20)

s.t w*(a) = argming Liyqin(w, a) (2.21)

Bayesian Optimization

Neural architecture search can be formulated as a black box optimization problem,
with an expensive objective function f (i.e. the performance of the architecture), as it
requires training the architecture before evaluating it. Bayesian optimization is a common
choice in this setting [29, 50], as it constructs a surrogate model for modeling the objective
function f and define its prior. After some evaluations of f, it used Bayes rule to obtain the
posterior of the objective function f. In the next step, it uses an acquisition function a(z),
which is a function of the posterior, to decide the next sample point z; = argmax_ «a(x)
that maximizes the acquisition function. The main limitation is that typical bayesian
optimization methods are effective only on a low-dimensional continuous space as they
are based on Gaussian processes, so it is difficult to apply them directly on the discrete
architecture search space [29]. To face this problem, some approaches used kernel functions

for architecture search spaces [50, 106].

2.5.3 Performance Evaluation

Table 2.1: Classification error and computational cost of many NAS methods in CIFAR-10.
Source [116]

Reference Error(%) | Params(Millions) | GPU Days Search Method

Baker et al. [7] 6.92 11.18 100 Reinforcement Learning
Zoph and Le [135] 3.65 37.4 22400 Reinforcement Learning

Cai et al. [14] 4.23 23.4 10 Reinforcement Learning
Zoph et al. [136] 3.41 3.3 2000 Reinforcement Learning

Real et al. [89] 5.4 5.4 2600 Evolution

Liu et al. [73] 3.75 15.7 300 Evolution

Real et al. [90] 3.35 3.2 3150 Evolution

Every search strategy in neural architecture search, aims to find an architecture that

maximizes a performance metric, such as accuracy on validation set. However, before
estimate this performance, the architecture must be trained on a training set. Due to the
fact that a common search space contains a very big number of architectures, the training
In Table 2.1, the

computational cost of many neural architecture search methods in CIFAR-10 is illustrated.

procedure of each of them, has an intractable computational cost.
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Even for a small dataset like CIFAR-10, the search procedure can take hundreds of GPU-

days. In order to make neural architecture search more efficient, it is necessary to overcome

its bottleneck: the training procedure of the architectures. Therefore, recent efforts try to

reduce the cost of training or to estimate the performance of an architecture without fully

training it. A summary of these approaches are presented in Table 2.2.

Table 2.2: Overview of methods for reducing the cost of performance estimation in NAS.

Source [29]

Speed-up Method

Description

Reference

Lower fidelity estimates

Training time reduced by
training for fewer epochs,
on subset of data, downscaled

models, downscaled data.

Li et al. [65], Zoph et al. [136],
Real et al. [90], Runge et al.
[96]

Learning Curve Extrapolation

Training time reduced as per-
formance can be extrapolated
after just a few epochs of

training

Swersky, Snoek, and Adams
[105], Baker et al. [6]

Weight Inheritance Network
Morphisms

Instead of training models
from scratch, they are warm-
started by inheriting weights

of, e.g., a parent model.

. Real et al. [89], Elsken, Met-
zen, and Hutter [28]

One-Shot
Sharing

Models-Weight

Only the

needs

one-shot model
to be trained; its
weights are then shared across
that

are just subgraphs of the one-

different architectures

shot model

Pham et al. [87], Bender et al.
[8], Liu, Simonyan, and Yang
[72], Xie et al. [120]

The above techniques made neural architecture search accessible to more researches, as

the computational cost has dramatically reduced, without compromising the performance

[87).



Chapter 3

Generating Neural Network
Architectures with Graph

Variational Autoencoder

This chapter contains the main contribution of our thesis. First, we provide a detailed

related work section. Then we proceed with the problem definition and our methodology.

3.1 Related Work

3.1.1 Graph Variational Autoencoders for Neural Architecture Search

Graph variational autoencoders have shown promising results in neural architecture
search. The closest work to ours is by Zhang et al. [129], who uses a graph variational
autoencoder (D-VAE) in order to construct a latent space, and then apply bayesian opti-
mization on it, just like our method. The key difference is that we use operation embed-
dings to represent operations on layers, instead of one-hot vectors, so we can capture the

relations between the operations, and eventually produce a smoother latent space.

|
L Il
| ‘."F\l"
M/:}"— Update the hidden
|

state of this node

Figure 3.1: An illustration of the encoding procedure of a neural architecture of the DVAE.
Source [129]
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generation node node hidden state manner current node the next node

Figure 3.2: An illustration of the process of node’s generation of DVAE. Source [129]

Li et al. [63] also proposed a variational autoencoder (NGAE) in order to apply gradi-
ent optimization methods in a continuous latent space. Their input consists of three parts:
the architecture, its performance (e.g. classification accuracy on a specific dataset) and
its computational complexity (e.g. the amount of computations). Along with the autoen-
coder, they jointly train a performance predictor and a complexity predictor. Due to the
use of labels from a specific dataset, their latent space cannot be applied for optimization
in other datasets. They also use one-hot vectors for the operation representation.

Yan et al. [122] proposed a Variational Graph Isomorphism Autoencoder in order
to obtain unsupervised representations of neural network architectures. They leveraged
Graph Isomorphism Networks [121] in order to encode the graph architectures into the
latent space. However, in order to represent the operation of every node, they used one-hot

vectors.

3.1.2 Gradient-Based Optimization

Luo et al. [77] proposed an approach called Neural Architecture Optimization (NAO).
They jointly learn an autoencoder between networks and also a performance predictor
that predicts the performance of an architecture on a given dataset, from its continuous
representation. Then, they use gradient descent in order to optimize the performance
predictor and find better architectures in the continuous space. There are some important
differences with our approach. In order to represent the architecture they use strings,
instead we use a directed acyclic graph representation, which exploit the structural infor-
mation of the architecture. Moreover, they use supervised learning instead of unsupervised
learning, so they need to train first and evaluate many architectures, and use these results

to supervise the training of the model.

3.1.3 Bayesian Optimization

Kandasamy et al. [50] proposed a Bayesian optimization approch for neural architec-
ture search. They define a kernel that computes the similarities between architectures
by solving an optimal transport problem. Then, they develop a bayesian optimization

framework for optimizing functions on neural network architectures, using an evolution-
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ary algorithm to optimize the acquisition function. This work is related to ours in terms
of the Bayesian optimization approach. However, the usage of a kernel adds extra com-
plexity to the system, instead of our end-to-end approach with a variational autoencoder.
In addition, they search directly in the discrete space, extrapolating near existing archi-
tectures, and do not use a more global search method. On the contrary, we perform
bayesian optimization in the entire continuous learned latent space, enabling more global

optimization.

3.2 Problem Setup

Let X be an input space of graphs that represent neural network architectures, and let
f : X — R be an objective function, that represents the performance of a neural network
architecture in a specific dataset D. The first task is to learn an encoder ¢ : X — Z, that
find a corresponding latent point z; for every data graph x; and a decoder p : Z — X,
that maps from Z to X. The second task is to learn a latent objective model h: Z — R
in order to approximate f at the output of p, i.e. such that f(p(z)) ~ h(z),Vz € Z. The
output of the system must be the graph x5, = p(2s01) € X such that zs, = argmax, h(z).

3.3 Graph Variational Autoencoder with Operation Em-
beddings

In this section, we introduce our proposed graph variational autoencoder model for
neural architecture search. We follow the typical learning procedure of a varational au-
toencoder [51]. We want to learn a probabilistic generative model py(z|z) as well as an
approximated posterior distribution g, (2|x). We refer to the probabilistic generative model
as the decoder, and to the approximated posterior distribution as the encoder. The system

is trained through maximizing the evidence lower bound:

L(¢,0;2) = E.gy (2lz) [log po(z|2)] — K Llgy(z|2)l[p(2)], (3.1)

where p(z) is the prior that follows a normal distribution. Note that the training of the
autoencoder is unsupervised, as we do not use any accuracy signal of the architectures.
Therefore, our learned latent space can be used for searching architectures for different
tasks.

3.3.1 Input Representation

Every neural network architecture represents a computation, that is applied to an input
signal using some operations. Therefore, we model every architecture as a computational
graph, with nodes correspond to operations, and directed edges represent the signal flow
among the operations. The computational graph is acyclic, in order to have a finite number

of performed operations. Given as input an architecture, we construct the corresponding
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acyclic graph G = (V, E). Each node u € V is associated with a label y,, that corresponds
to the operation of node u, such as 5x5 convolution or 2x2 max pooling. Notice that two
same architectures with different weights correspond to the same computation. We also
add a starting node without any predecessors, called the input node, and an ending node

without any successors, called the output node.

3.3.2 Operation Embeddings

X
max pooling

12 N 3

r - ) average pooling . 3x3 cdnvolution
L
1

2 o
5x5 convolution

Figure 3.3: An illustration of three dimensional operation embeddings.

A neural network architecture can be seen as a heterogeneous graph due to the different
node labels. Each node label represents a different operation. In the previous approaches
for neural architecture search, the operations are represented with one-hot encoding [129].
One-hot encoding does not take into account the semantic meanings of different operations.
For instance, a 5 x 5 convolutional layer is more similar to a 3 x 3 convolutional layer
rather than to a max pooling layer. This is due to the fact that each vectorization is an
orthogonal representation in another dimension and all the operations are equal distance
apart, as there is no specific ordering.

As our goal is to learn a smooth latent space with respect to accuracy, it is neces-
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sary to map similar architectures close to each other. Intuitively, similar architectures
have similar graph structure and also similar operations on their nodes. Therefore, in
order to capture the similarity between the operations, we change their one-hot vector
representation. Inspired from the success of word embeddings [80], we propose operation
embeddings. Operation embeddings are low dimensional dense vectors, that can capture
the correlations between the operations. We visualize three dimensional operation embed-
dings in Figure 3.3. In order to learn these embeddings, we treat them as parameters of
the autoencoder, and optimize them with gradient descent, along with the other weights.

We analyze the benefits of using operation embeddings below:

e Most importantly, we have observed a smoother latent space, than with the one-hot
vector approaches, probably due to the fact that the model learns the relations and
the similarities between the operations. Such smoothness can greatly influence the
optimization in the latent space, since similar-performance architectures tend to lo-
cate close to each other, and modeling a smoothly-changing performance estimation
function is easier. We present more details on the chapter 4, where we analyze our

experiments.

e Moreover, we have a reduction in the memory consumption. Let n be the number
of different operations, then in one-hot encoding, we require a vector with n ele-
ments to represent a node operation. In operation embeddings encoding, we only
require d elements to represent a node operation, with d be the dimensionality of
the embeddings and d < n. The dimensionality of the embeddings is smaller than
the dimensionality of the one-hot vectors, as the embeddings are dense, unlike the

one-hot vectors, so they can encode information in less bits.

e Finally, we observed a speed up in the convergence of the autoencoder. The model
learned to accurately reconstruct the graph input data, in less training epochs. In-
tuitively, by capturing the relations between the operations, the model learns this
extra information, that it is absence when the model is trained with the one hot-
vector approach. Therefore, it can converge in less epochs, and more accurately. We

also explore this aspect on the chapter 4.

3.3.3 Encoder

The first component of our model is the encoder. The main goal of the encoder is to
learn a mapping that embeds the whole architecture graph as a point in a low-dimensional
continuous vector space, such that similar computational graphs are mapped close to each

other. The encoding procedure can be summarized in the following two steps:

e A graph neural network, that uses the asynchronous message passing scheme pro-

posed by Zhang et al. [129], obtain a discrete representation hg of the graph.
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e Two feedforward neural networks take as input the discrete representation hg of
the architecture, and produce the mean p and the variance o2 of the posterior

approximation gy (2|G).

Our graph neural network exchanges information between the nodes following the
topological order, in order to produce for every node u a hidden state vector h,. Then, we
use the hidden state vector h,, of the ending node as the whole graph representation hg.
To generate these representations, we use a two-step procedure. Firstly, for every node u
we aggregate the messages from its predecessors neighbors, using an aggregation function
A,

hi" = A({Concat(hy, ) : (v — u)}) (3.2)

, where x,, is the operation embedding of node v. Secondly, we update the representa-
tion of every node u, based on the incoming aggregated message from its neighbors and

the operation embedding x, of node wu,
hy = UK, ). (3.3)

As our goal is to perform optimization in the continuous learned space, our encoder must
map different architectures to different representations hg. To achieve this, the aggregation
function A and the update function U must be injective [129]. Also, we want our encoder to
be invariant to node permutations, such that isomorphic graphs, that represent the same
architecture, be mapped in the same representation. To achieve this, our aggregation
function must be permutation invariant [129]. To model these two functions, we use deep
neural networks [41]. We follow the settings from Zhang et al. [129] and use a gated sum

as an aggregation function:

hin = Z g(Concat(hy, xy)) © m(Concat(hy, xy)). (3.4)
uU—v
This gated sum satisfies the above properties [121]. As an update function, we use a gated

recurrent unit (GRU) in order to capture the temporal dependencies:

hy = GRU (2, i) (3.5)

3.3.4 Decoder

Our decoder generates graphs from the latent representations in an autoregressive
manner, and follows the same techniques as the encoder. In start, we use a feed forward
neural network, in order to map the continuous representation z to the initial graph hidden
representation hg. Then, we use a gated recurrent unit, in order to update the hidden
states, and sequentially generate the nodes and the edges. The steps of the generation of

i*" node can be summarized in the following bullets:

1. Compute node’s type distribution: We feed the representation h,, , of the last
generated node u;_1, into a feed forward neural network followed by a softmax to

determine the probability of every node type.
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2. Generate node: We pick the type with the highest probability, and generate a
node with this type. If the sampled type is the ending type, we stop the decoding,
we connect the nodes without successors to u; and output the DAG, else we continue

the generation.

3. Update state of node u;: We update the hidden state of the new generated node
by hy, = GRU (zy,, hfZ), where x,,, is the operation embedding of the node type and
hﬂj is the aggregated message from the predecessors, as we described in the encoding

process.

4. Generate edges: After the generation of the node u;, we must decide which of
the already generated nodes will be connected to the new node. Therefore, for
every pair of nodes (uj,u;),j < i, we feed the representations of the nodes hy,, hy,
into a feed forward neural network followed by a softmax in order to compute the
edge probability of (uj,u;). If the probability is higher than 0.5, then we add this

connection, and update the hidden state of node u; using the third step.

3.3.5 Training Procedure

We optimize the whole system in an end-to-end manner using gradient descent. The
objective of the training is to maximize the evidence lower bound 3.1. In order to measure
the first term in the loss function (i.e. reconstruction loss) we use teacher forcing [46].
We follow the topological order of the graph, and sum the negative log likelihood of each
generated node and edge. After the predictions at each step, we replace them with their

ground truth. Therefore, the model makes predictions given the correct histories.

3.4 Optimization in the Learned Latent Space

After the training of the autoencoder, we want to generate high-performance architec-
tures through Bayesian optimization in the learned latent space. Our goal was to construct
a smooth latent space with respect to accuracy, in order to make the optimization easier, as
the best performing architectures would be mapped close to each other. The optimization

procedure it is described as follows:

e We define a sparse gaussian process [102] as the surrogate model for modeling the

true objective function f.

e Following the approach of [59] , we define the expected improvement (EI) criterion
as an acquisition function. We choose the next query architecture as the one which

has the highest expected improvement over the current maximum.

EI(z) = E(maz(f(z) — f(27),0)), (3.6)
+

where f(z1) is the current maximum, and z" is the location such that, z

argmaxzi €21:¢ f(zl)
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o We update our models, based on the performance of the selected architectures and

continue the iterations.

e Finally, we pick the best-performing architectures.



Chapter 4
Expirements

In this chapter we present our experiments. In order to have a fair comparison with
other approaches, we follow the experimental scheme of [59, 129], and perform the following
tasks:

¢ Basic abilities of Graph Variational Autoencoder models: We perform tests
to evaluate the reconstructive and generative abilities of a graph variational autoen-

coder model.

e Predictive performance of latent representation: We test how representative
the latent space embeddings are, regarding the performance of the neural network

architecture.

e Best performing architectures obtained from the latent space: We test the
accuracy of the best performing architectures obtained through bayesian optimiza-

tion.

e Latent space visualization: We visualize the latent space in two dimensions in

order to evaluate its smoothness with respect to accuracy.

We compare our autoencoder model with five baselines adapted for directed acyclic graphs:
D-VAE [129], NGAE [63], S-VAE [11], GraphRNN [126], and GCN [52]. Due to limited
computational resources, we use the reported results from [129, 63], that contain these
baselines. Therefore, we have only run our model for 300 epochs, and borrow the other

results from D-VAE paper.

4.1 Baselines
In this section we provide a summary of every baseline model.

4.1.1 D-VAE

As described in the related work section 3.1, it is the most closely related work to ours.

The main difference is that they use one-hot vectors to represent the operations on nodes.

o7
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Therefore, D-VAE cannot capture the semantic meaning and the relations between the
operations. As a result, the relations and the similarity between the architectures are not

fully exploited, thus producing less smooth latent spaces.

4.1.2 NGAE

NGAE as described in the related work section, is a variational autoencoder along with
a performance predictor and a complexity predictor. The three components are jointly
train, with supervised labels of the accuracy and the complexity of every architecture in
a specific dataset. In contrast with our approach, their supervised latent space cannot be

extended to other datasets.

4.1.3 S-VAE

The S-VAE baseline represents a directed acyclic graph as a sequence of node strings.
Each node is represented as the one-hot encoding of its operation type concatenated with
a binary vector indicating which previous nodes have directed edges to it. S-VAE used an

RNN-based variational autoencoder, and was applied in sequence generation problems.

4.1.4 GraphRNN

GraphRNN generates graphs sequentially, by generating parts of the adjacency matrix
using a GRU. GraphRNN is a generative model which does not have an encoder, thus
cannot perform optimization in the latent space. In the reported results, we combine the S-
VAE’s encoder with the GraphRNN in order to perform the optimization task. GraphRNN
treats the architecture as sequence of strings, and it is not permutation invariant, as an

architecture can have multiple string representations.

4.1.5 GCN

The graph convolutional network (GCN) is a graph neural network that performs a
simultaneous message passing scheme. The nodes receive messages from their neighbors
and update their own hidden states simultaneously instead of following the topological
order of the graph. Due to the simultaneous message passage scheme they use, they can
not efficiently represent the computation on the graph, and only focus on the local node

features.

4.2 Dataset

Our training dataset consists of 19.020 neural architectures from the ENAS software
[87]. Each architecture has 6 nodes(layers) except the input node and the output node.
Fach node is associated with an operation. There are six available operations: 3 x 3

and 5 X 5 convolutions, 3 x 3 and 5 X 5 depthwise separable convolutions, 3 x 3 max
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pooling, and 3 x 3 average pooling. We use the 90% of the dataset as training data, and
the remaining 10% only for evaluation. Due to our limited computational resources, we
evaluate each neural architecture’s weight-sharing accuracy [87] which is an approximation
of the true accuracy, on CIFAR-10 [54]. As future work, we want to test our model
using the NAS-Bench-101 dataset [124] which contains 423k unique trained convolutional
architectures with their accuracy on CIFAR10. Another dataset that can be used is NAS-
BENCH-201 [25] which is an extension to NAS-Bench-101 and contains architectures that
are trained on CIFAR10, CIFAR100 [55] and Imagenet [57].

4.3 Basic abilities of Graph Variational Autoencoders
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Figure 4.1: The training loss during the training process. The red function corresponds

to D-VAE, and the green function to our model.
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Figure 4.2: The reconstruction loss during the training process. The red function corre-

sponds to D-VAE, and the green function to our model.
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Figure 4.3: The KL divergence during the training process. The red function corresponds

to D-VAE, and the green function to our model.
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Table 4.1: Reconstruction accuracy, prior validity, uniqueness and novelty (%)

Models Accuracy | Validity | Uniqueness | Novelty
Ours 99.99 100.00 39.15 100.00
D-VAE 99.96 100.00 37.26 100.00
NGAE 99.99 100 38.56 100
S-VAE 99.98 100.00 37.03 99.99
GraphRNN 99.85 99.84 29.77 100.00
GCN 98.70 99.53 34.00 100

The ability to reconstruct accurately the input data, and generate new unique samples,

are prerequisites for the variational autoencoder models. Therefore, in order to evaluate

these properties, we measure the following:

e Accuracy. Measures the rate of perfectly recovered graphs.

e Validity. Measures the proportion of valid neural network architectures generated

from the prior distribution.

e Uniqueness. Shows the proportion of unique graphs from valid graphs.

e Novelty. Measures the proportion of novel graphs from valid graphs that are never

seen in the training set.

We show the results in Table 4.1. Our model outperforms the others in all the categories.

Our reconstruction accuracy is perfect, therefore the embeddings are accurately mapped

to their original structures after latent space optimization. D-VAE has smaller reconstruc-

tion accuracy, because their one-hot vector representation fails to capture the operation

information accurately.

We also visualize the training loss, the reconstruction loss and the KL divergence

during the training of both D-VAE, and our proposed model, in Figures 4.1, 4.2 and 4.3.

‘We observe two common characteristics in both models:

e The reconstruction loss has a high influence on the training loss, and it is the dom-

inant term. This is natural, as the main objective of the autoencoder is to learn to

reconstruct the input data.

e In the first epochs, the encoder is quite simple, therefore the posterior approximation

¢s[(2]x) is close to the prior p(z). Consequently the KL divergence is small. As the

training procedure continues, the encoder becomes more complex, and the posterior

approximation gets away from the prior.

As a result the KL divergence grows.

However the reconstruction loss decreases, because the encoder can more accurately

reconstruct the input data, due to its complexity.
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Despite these common properties, we observe that the reconstruction loss of our autoen-
coder can converge in far less epochs. Intuitively, our model by using operation embed-
dings, learns extra information by capturing the relations between the operations. These
relations can not be exploited in the D-VAE model, which it uses one hot-vectors for the
representation of the operations. Therefore, our model can converge in less epochs, and

more accurately.

4.4 Predictive performance of encoded latent embeddings

Table 4.2: Predictive performance of encoded latent embeddings (%)

Models RMSE Pearson’s r
Ours 0.371+£0.003 | 0.92540.001
D-VAE 0.384+0.002 0.920+0.001
S-VAE 0.4784+0.002 0.87340.001
GraphRNN | 0.726+0.002 0.669+0.001
GCN 0.48540.006 0.870+0.001

In this experiment, we test how representative the latent space embeddings are, for
the performance of the neural network architecture. Therefore we test the unsupervised
representation learning ability of the autoencoders. If we can accurately predict the per-
formance, from the latent space embeddings, then we can also easily discover the best
architectures from the latent space. We follow the procedure of [129], and train a sparse
Gaussian process with 500 inducing points on the latent space embeddings of the training
data, in order to predict the accuracy of unseen test architectures. We use two evaluation
metrics, the Root Mean Square Error (RMSE) between the gaussian process predictions
and the true performances, and the Pearson correlation coefficient (Pearson’s r). Pearson
correlation coefficient measures the linear correlation between the predictions and the true
performances. Therefore, a model in order to have good predictive abilities, should have
a small RMSE and a high Pearson’s » We show the results in Table 4.2. Our proposed
model outperforms the other autoencoders, in both metrics. This indicates that our latent

space is more suitable for searching a high performance neural architecture.
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(a) Acc: 95.33 (b) Acc: 95.17 (c) Acc: 95.11 (d) Acc: 95.10 (e) Acc: 94.94

Figure 4.4: Ilustration of the top 5 performing architectures found by our proposed

model, and their test accuracies.

(a) Acc: 94.80  (b) Acc: 94. 1 94. (d) 1 94. (e) Acc: 94.63

Figure 4.5: Ilustration of the top 5 performing architectures found by D-VAE, and their

test accuracies.



64 Chapter 4. Expirements

4.5 Best performing architectures obtained from bayesian

optimization

Figure 4.6: Illustration of the top 5 performing architectures found by S-VAE, and their

test accuracies.

In this experiment, we perform Bayesian optimization in order to generate high per-
formance architectures. This is the main motivation of our Thesis, and therefore the most
important expirement. Due to our limited computational resources, we used the weight
sharing accuracy of the architectures [87], and then we selected the top 5 architectures,
fully train them on CIFAR-10 and evaluate their performance.

We visualize the top 5 architectures discovered by each model in Figures 4.4 to 4.6.
Our model generated higher performing neural architectures than D-VAE and S-VAE.
Our best model achieves accuracy equal to 95.33, while D-VAE’s highest accuracy was
94.80% and S-VAE’s highest accuracy was only 92.79%. As in previous experiments, this
indicates that our operation embeddings method, helps the model to construct a latent
space that is very efficient for searching neural network architectures. Moreover, all our top
4 architectures, achieve accuracy higher than 95% , thus our model learns a distribution

of high performing architectures, and not a single one.
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4.6 Latent Space Visualization

4.6 Latent Space Visualization
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Figure 4.7: Circle interpolation starting from a point and returning to itself. Upper: Our

Model. Mid: D-VAE. Lower: S-VAE
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Figure 4.8: 2-D Visualization of the latent space learned by our model during training
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Figure 4.9: 2-D Visualization of the latent space learned by D-VAE during training

First we visualize decoded architectures

In this experiment, we perform two tasks.

from embedding points along a great circle in the latent space [129, 114]. We start from a

randomly point zgqe- in the circle and we evenly pick 35 points while returning to zsiqre-
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Then we decode these latent points into the neural network architectures and visualize
them. From this task we want to examine how smooth the latent space is, and if close by
embeddings in the latent space, correspond to similar decoded architectures. In Figure
4.7 we present the decoded architectures. All three models have smooth transitions across
the circle. In our model the architectures change smoothly and embrace not only similar
connections but also similar operations.

In the second task, we visualize our latent space in two dimensions using t-SNE [7§],
along with the weight sharing accuracy of every encoded architecture. We present the
results in Figures 4.8 and 4.9. As we can see, even from the epoch 100 our model can
accurately cluster together the high performing architectures. This is the most important
property in our application, as a smooth latent space is effective for optimizing the archi-
tectures. In contrast, in the D-VAE’s latent space the transition of accuracy is non-smooth.
This indicates that our operation embeddings method helps the process of mapping similar
operations together and thus mapping similar performance architectures together. We also
observe that the embeddings of both models span the whole latent space. This indicates
that the autoencoders can injectively encode architectures in the latent space. In contrast,
when the autoencoders are not trained (Figures 4.8(a) and 4.9(a)), the embeddings are
discontinuous in the latent space. Therefore, multiple architectures are mapped to the

same embedding, which makes the continuous optimization techniques not feasible.



Chapter 5

Conclusion

5.1 Summary

In this thesis, we proposed a graph variational autoencoder that maps neural network
architectures into a continuous and smooth latent space. Then we applied bayesian op-
timization in the learned latent space, in order to find high-performing architectures. In
order to represent a neural network architecture, we capitalize on the graph structure of
the architecture, and represent it as a directed acyclic graph, with edges correspond to
data flow, and nodes to operations of the layers. Our main contribution is that we use
operation embeddings instead of one-hot vectors in order to represent the operations
of the layers. Therefore our model is able to learn the correlations between the operations,
and eventually produce a smoother latent space, by mapping similar performing architec-
tures to similar latent space embeddings. Our experiments demonstrate the effectiveness
of operation embeddings in multiple concepts, as our model not only generate better per-
forming architectures from the latent space, but also reduces the training time and the

memory consumption.

5.2 Future Work

This thesis can be extended to many interesting future extensions. First of all, one
direction is to study the structural properties that affects the performance of a neural
network architecture. As with our approach we obtain a distribution of high-performing
neural networks instead of a specific one, we can investigate the graph characteristics of
these architectures. Our current findings suggest that the macro space, i.e. the wiring of
the network, is an extremely important indicator of its performance [117]. This is contrary
to the most neural network architectures approaches, that have a predefined macro space,
and highly focus on the micro space. We hope to inspire more works in the field of Neural
Networks from a Network Science perceptive, in order to help the explainability, design,
search and generation of neural network architectures.

An another interesting research idea is to use operation embeddings and not only cap-
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ture the relations between the operations, but generate completely new operation blocks.
Therefore instead of searching in a predefined set of operations like convolution and max
pooling, we can use an inverse transformation from the operation embedding space, and
generate new operations. Also, a more straightforward approach in this direction is to
generate the architecture by sequentially adding network motifs instead of single nodes,

and consider these motifs as new operation blocks.
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