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ITepiindm

Ta yevwntxnd povtéha €youy emdel€el onuovtiny Tedodo ot dNpLovpYio PEXMO TIXWY EXOVWY XoL YETCULOTOLOUY-
Tol 6AO %ol TEPLECHTERO OE Wil oAl EQopPOYOY. 26TEC0, 1) EPUNVEL XaL 1) XUTAVONOT| AUTOV TWV LOVTIEAWY
napapével puo tedxAnon. H epyooto aut mpaypatedeton 800 xUptor GEUATA YL TNV OVTLUETOTICT TOU TEOBAAUATOS
VTV,

To npoto Yéua emxevTpdVETAL 0TOV OYEdLAoUS Wa Yedddou yia TNV avaxdhugn epunvedoluwy xatevdivoewy
otov Aavddvovta ywpeo tou Glow. To Glow eivon éva yevwnuxd povtélo poric To omofo Slodétel Evay LPMAL
AMOCUCYETIOUEVO AavidvovTa YMpo, 0 OTolog XWBXOTOLEl TO GNUACLONOYLXA YUPUXTNRLOTIXA LIS EXOVIS OE
aveldptntéc havddvouoes petofintéc. H Biotnta tou auty, o GUVBLUOUS PE TO OTL 1] APYLTEXTOVIXY| TOU ElvoL
avTLoTEEPIUY, To xahoTolV €val TOAD YeRoo HOVTELD Yiot TNV TEoToToinoy ewdvey Péow g Aavddvouscog
avonapdotaonc toug. H pédodoc mou mpotelvoupe, emtpénel v elpeot) Aavdavoucky xateLdOVeE®MY TTou
AVTLOTOLYOVUY OE €VO ONUACLONOYIXS YOopoXTNeloTxd TN ewmdvag, pe Bdorn plo xewevin neplypopr] Tou To
neprypdpet. H xadodrynon tng uedddou and guowr) Yhdooa tne divel yeyolitepn evehi&la oe oyéon ue dAheg
emPBhendyevee N un emPrendpeves pedddoug e€epetivnong Tou AavldvovTog Yhpou UE TIC OTOES GUYXPIVOUUE Ta
AMOTEAEGUATA HAC.

Me agopuny TV PEYEAN Gvodo TeV HOVTEAWY cUVIETTE EOVAS and XEPEVO Xl TNV ATOTEAECUOTIXOTNTA TWV
povTéAwy dldyvone otov Touéa awtd, mpotelvoupe eniong, pio wédodo yio TNV cuotnuatxy] aglohdynon Tou
Stable Diffusion. Ilio cuyxexpéva, cuvlétotouye exoVeS amd €va GUVOAO LEpUPY XS CUVBEBEUEVLY EVVOLEY
tou WordNet, xau e€etdloupe oe mold Badud n tepopylo TwV EVVOLOY ATOTUTMOVETOL OTIC XAUTAVOUES ELXOVEV
mou cuviéoaue. Me tov 1pémO aUTd TMocoTIXOTOLOVUE TNV BuvatdTnTa Tou Stable Diffusion vo diagpopomolel
HETAED OTEVE CUVOEBEUEVMV EVVOLY, XoL 0VLY VEDOUUE TUYOV TROXUTUARPELS TOU UTHPYOUY UTER CUYXEXPLUEVELV
EVVOLOV.

AgZeig-xhedid —  Xivieon Ewdvoc ano Kelpevo, Aavidvev Xodpoc, Xelpiopde Eudvov, Ievvnuxd Mov-
téha Poric, Movtéha Audyvone






Abstract

Generative models have shown remarkable progress in generating realistic images and are being increasingly
used in a variety of applications. However, interpreting and understanding these models remains a challenge.
Two main topics have been addressed in this thesis to tackle this problem.

The first topic focuses on Glow, a flow-based generative model with exact latent-variable inference and log-
likelihood. The key advantages of Glow are its invertibility and the ability to perform easy image manipulation
through its latent space. This thesis proposes a novel framework for interpretable latent direction discovery
in the latent space of Glow, by leveraging the text-guided image generation and manipulation capabilities
of StyleCLIP. The framework is compared with existing state-of-the-art supervised and unsupervised latent
direction discovery methods.

Secondly, motivated by the rapid growth of text-guided image generation and the effectiveness of diffusion
models such as Stable Diffusion, this thesis proposes a systematic method to evaluate Stable Diffusion’s
ability to model and generate images from closely related concepts using WordNet. This study enables the
detection of potential biases towards different areas of the distribution modelled by the generative model.

Overall, this thesis aims to provide a better understanding of generative models by proposing novel frame-
works and evaluation methodologies for their interpretability and effectiveness. These contributions can have
important implications for improving the applicability and reliability of generative models in various fields.

Keywords — Text-Guided Image Generation, Latent Space, Image Manipulation, Flow-based Generative
Models, Diffusion Models






Euyaplotieg

Oa fdeha vo euyaplotiow tov emPBAénovta xadnynth pou, x. I'idpyo Xtdpou yia v suxaupla Tou you €dwaoe
VoL exovion TNy dimhwpatixy auth oto Epyaoctrpio Teyvntic Nonpoolvng xou Yvotnudtwy Mdadnone. Eniong,
Yo lehor vor eLYAPLOTAGEL TOV X. LLOAA Yo TNV TedaPacy oe UToAoYLoTIX0VE TOPOUS xot TNV Bordela Tou You
TPOCEQEQE.

Evyaplot wiaitepa xon tnv Mopla Avunepoiou yiot Tny TOAOTIUN GUVELG(QORE TNE o TNV Xt 0By 1o TOU Hou
napelye xodohn Ty Bidpxeia exndvnone auThS NG BlTALUOTXC epyaoiag.

Me agopur] TV 0AoxApwoT Twv oTouddy Uou, Yo fideha enlong va euYdplOTACK TNV OXOYEVELL UOU, XaL
TEWTOTKE TOUG YOVElC Hou, Yl TNV unoothpEn xat v mtioty pou €xouv deilel oe péva. Téhog, Ya ek va
ELYAPLOTACL TOUS PIAOUC, GUUPOLTNTES oL Y1), UE TOUC OTOOG UOLRAOTNXA TA (POLTNTIXG WOV YPOVLIL.

Apototédne Kobtene, Mdégtiog 2023
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Chapter 1

Extetopevn Iepiindn oto EAAN VX

1.1 Oewentixd YTroBadeo

H teyvnt vonuoolvr €xel pépel ETAVACTUOT, GTOV TEOTO UE TOV onolo aAANAemdeolUE Ue TNV TEYVOAOYid Xou
€xEL ONUELDOOEL aELOONUEITY TPO0DBO GE BIAPORES EPUPUOYES, 0TS 1) eneepyacio YUOXAC YADOCOAS, 1) dpaoT
UTOAOYLO TV o 1) pountotixr. Metald autdv Twv e@opuoy®y, 1 dnpovpyia emdvey elva évag tayéws e&eMo-
GOUEVOC EPELYNTIXOC TOUENS IOV €YEL ONUELCEL ONUAVTIXY TEdodo Ta TeAeuTaia Ypovio. H mapaywyr exdvwv
avapepeTon oTr dadixacio dNULoVEYIG PEAMOTIXWY EXOVWY ATO TO UNBEY 1} TPOTIOTOINONG UPLO TAUEVWY EXOVWY
e TN xpnon okyoplduwy teyvntic vonuooivne. H ypron e texvntrc vonuooivne ot dnutovpyia eixdvey €yel
odNYNoEL GTNY aAVATTUET LOYVEWY ERYUAEDY YIot XUAALTEYVES, OYEDLAGTESC XOU HIVIUATOYQRUPLOTES TOU OTULOVE-
yoUv Ue euxola ontéc exdves LPniic mowdtntoc. Emmiéov, ou teyvinée autée éyxouv Beel eqopuoyéc oe
didpopouc Topelc, dnwe N T, N Guyaywyio xou ta mouyvidia. o mapddetypa, oL LTpixés ElXGVES TOU Tapd-
YOVTOL YE TEXVNTH Yonuoouvn uropoly va Bonlcouy toug ylateols va dlayvecouy ue axplBela tig aodéveleg,
EVE Ol EIXOVEC TIOU TORAYOVTaL UE TEYVNTY VONUooUvn oTig Plounyavies mowyvididv xou Yuyorywylas uropody va
TEOCPEEOUY Lol TLO XaINAWTIXY eUmelpla 0TOUC YpNoTEC.

Ou e€eMlelc oty MopaywYT) EXXOVWY €Youv OBNYNOEL OTNY aVATTUEY TOAAGY €EENYUEVOY UOVTEAWY, OTWC
o Avayevwntind Avtaywviotixd Aixtua (Generative Adversarial Networks 4 GANs) [1], o Evohacodyevol
Avtoxwduwonomtee (Variational Autoencoders ¥ VAESs) [2] xou tot povtéda didyvone (Diffusion Models ¥y DMs)
[3]. Autd tor govtéda umopolv va mopdyouv exdves udmiAc mowdtntog Tou elvon oyeddy duodidxplteg amd TiC
TEAYUOTIXEG eixdveg. EmmAéov, umopolv vo exmoudeutoly e €va UEYAAO OUVORO BEBOUEVLV EXOVKV Yid Vo
pddouv xon vor wundoly to VYOG EVEC GUYXEXPUEVOL XAAALTEY VY, enoyic 1 eldoug. TIo npdogata, N eupdvion
povtélwv dnuoupyiog emdvwy pe ) Bordeio xewwévou enétpede tn dnuiovpyio xan eneepyooio emdvwy omd
TEPLYRPAUPES PUOIXAC YAWOOoUS, TapéyovTag éva To dloanodnTind xal meoottd Péco yia T drnuioupyla OmTIXoL
nepieyopévou [4, 5, 6, 7].

H xoatavénon tou 1pomou ue Tov onolo To YEVWNTIXE LOVTEAA ovamopLoTOUY SLopopeTinés évvoleg elvan {oTnhc
onpaotag yio didpopoug Aoyouc. Ilokhol tiOmoOL yevwnuix®dy poviéhwy podolvouv vo avarnoplotoly cbvieteg
OTTIXEC EVVOLEC YENOWOTOLOVTAG Evay havidvovTa Yoo Yaunine dldotaong, 6mou xdde SldoTaon aviioTolyel
ot £val DLOPOPETIXG YAPUXTNRLOTIXG TNE EXOVAS. AvalbovTtag Tov haviddvovTa Ymeo, UTOpOVUE VO ATOXTACOUUE
YVOOELS OYETIXA UE TOV TPOTO UE TOV OTOLO TO HOVTEAD AVATAPLOTE SLOPORETIXES EVVOLES XOlL VAL Y PTIOULOTIOLCOUUE
QUTH TN YVOON YO VoL YELPLOTOUUE 1| Vo BNULOVEYTICOUUE EXOVES HE CLUYXEXPUIEVA YapaxTneloTixd. Mropolue
enioNg Vo ATOXTACOUPE YVAOEL CYETIXE UE TOUC TEPLOPLOUOUS Xoll Tig TWIAUVES TPOXATUNAPELS TWV YEVYNTIXOVY
povtéhwy. T tapddetypa, éva ovtého Tou €yel exnoudeutel oe évo cUYXEXPWEVO GUVONO dedopévmy unopel vo
uNY YeVIXeDETAL Xohd oE VEA BEBOUEVAL 1) EVVOLEC TTOU BEV AVTITPOCWREVOVTAL XA oTo dedouéva exnaldevong.
Q¢ ex TolTOU, elvon onuavTnd va avakOOUUE TNV amb6B00Y) TOU UOVTENOU GE BLPOPETIXES EPUOUOYES XOL VOl
a&loloyolye to duvatd xou adUvata onueior Tov, Mote va Tpoodlopicovye mol umopel va ypetdleton Behtioon.
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Chapter 1. Extetapévn Iepiindmn ota EXAnvixd

1.1.1 E&eupedvnon Aavidvoviog Xwpeou

O haviddvev yopoc (latent space) twv yevwnuixdv dixtiny elvan wor Yepehaddng évvolo e Badide pdidnong
TOU €YEL ONUAVTIXEG ETUTTAOOELS YL TOV YELPLOUO Xou TN oLVdeon exdvwy. O havildvev ydpeog avagépetor oTov
vdPnAvic ddotaong yweo havidvouoas YeTafBANTAS ToU Ypnotonotel éva yevwnuxd dixtuo yia var avtiotolyioet
Omo WLoL TEONYOUUEVT, XAUTOVOUT] GE pial Xatavour| dedopévwy evdiapépovtos. Autéc ol Aavddvouoes petofntéc
eENEYYOUY BLAPOPEC TTUYES TNG TOPAYOUEVNS ELXOVOG, GUUTERLAOBAVOUEVOL TOU YPOUATOS, TNS VPN oL TOU
OYAUOTOC.

‘Eva ané 1o Bacixd mAeovexthpata Tne epyaoiog otov Aavidvovta yhpeo elvar 1 duvatdtnta extéheons oTo-
YEVHEVOV YEIRLoPOY exovas. Xewpildpevol Tic Aavidvouoee petoBintée, elvar Suvatdv va dnuovpyndolv véeg
ELXOVEC TOU BLAPEPOLY UM TIG APYIHES UE CUYXEXPWEVOUC TEOToUC. it TopdBeL Yo, TEOTOTOLOVTUS TIG OYETIHES
havddvouoeg petoBAntée, pmopel xavelc vo oldEel T oTdon 1) TNV EXPEACT] EVOS TROCMTOU CE Yid EXOVA Y
vou oAAGEEL TV VYT 1 TO Ypwpa evoc avixelévou. Emniéov, xdvovtag napeyforn uetodd twv Aoavdavoucny
HETOABN TV 800 BlapopeTinv EmOVLY, 6mwe amewxoviletar oto oyfua 1.1.1 ynopolue vo Sodue Ty anoteleo-
HATIXOTNTOL UE TNV OTOL0L XWBXOTOLOVOVTOL Ta Y opaxTNELO TLXd NS edvag. Ou yelplopol edvwy Pe tn ypron Tou
hovIEvovTOC YWEOU TKV YEVWNTIXGY BixTlwY €Y0LV eVpeieg epopuoyée, ouunepthauBavouévne tne eneéepyasiog
EOVOV, TG ENAVENONG BEBOPEVLY Xou TNE oOVUESTC BEBOUEVKV. TNV OpCT) UTONOYIGTMY, T YEVYNTIXG dlxTud
YETNOWOTOoLOUVTAL GUYVE YLol TNV eTadENoT TV GUVOAKY Bedouévwy exmaldeuong Ue T Snuloupyio VEWY eXOVeY
Tou elvol TUPOUOLES UE TOL oY Lxd DeBoPEVA ahhd €xouv cuYXEXPWEVEC TpoTonolfoEls, BeATidvovTag €Tol TNy
gvpwo tlal xan TN Yevixevon Twv Yovtédny Podide uddnong.

k!

Figure 1.1.1: Tpoppixd HopepBory petald dYo exdvwv otov havidvovia ydpo touv Glow [§]

Mo 80N onpovtixd évvota 6Tov Aavidvovto yhpo twmv Yevwnuxay dtioy evow 1 anocucyétion (disentangle-
ment). H anocuoyétion avapépeton 0Ty xavoThTo oy wpetoot Twy Aaviavousoy HetaBAntéy ot aveZdptntous
X0l EPUNVEUCILOUG Topdyovtes HeTaBoAc. Me dhha AdyLa, oL amOGUGYETIGUEVES AVATAUPAUO TAGELS TOU Aavidvov-
TOC YWEOU EMUTEENOVY PUEYUAUTERO EAEYYO OF CUYXEXQPUEVES TTUYEC TNG TAPAYOUEVNS exovag. [io mopddetypa,
UL OTOCUGYETIOUEVY], AVAToEdoTAOT, TOU AavidvovTog Y(MEou TERLOYNE YLt Tol TedowRa Umopel Vo Sloywpeloel
TN OTAON XL TNV EXPEOCY) TOU TROCKTOU GE JLUPOPETIX0VE TopdyovTes petoforric. Autdc o Blaywplopos Yo
EMETEETE PEYAADTEPO EAEYYO TOU YELPIOUOD QUTWY TWY CUYXEXPUEVWV YARUXTNELO TIXWV.

1.2 3yetixéEc ApYlTEXTOVIXES
1.2.1 Glow

To povtého Glow [8] eivan éva Bad yevwnuixd poviélo Tou vionotel pa xavovixoromtxy| pof [9] cucowpedov-
TG ot oxohoudior avTio TeéPUnY cuvapTioewy yetacynuatiopod. H apyitextoving tou Glow, mou Bacileton ota
wovtéa pofic NICE [10] xou RealNVP [11], cuyxpoteiton and Puata pofe (flow steps) xdde évo ex twv onolwy
nepLhopPdver Tpla Sloxpltd emineda.

To mpdto eninedo eivon évo eninedo actnorm, to omolo xavovixonolel Ty €£080 TOu TEONYOUUEVOU EMTEBOU UE
HAMUEHODON HOU PETATOTULOT DOTE VL EYEL UNdEVLXT HEOT TN xa povadiator Staduavor xotd ufixog xéde xavoallo.
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1.2. Yyetxée Apyltextovinéc

Generator

G(z)

Discriminator

GAN: Adversarial / X
D(x)

training

Flow-based models: x Flow z Inlniarse x’'
Invertible transform of f(x) [ (2)
distributions
Diffusion models:. X0 L% Xo z
Gradually add Gaussian - - iaiaaieteietel Dbty
noise and then reverse

Figure 1.2.1: Emoxénnom tov Ty TOTGY YEVWNTIXOY HOVIEAWY TOU YENOLLOTOL00VTOL GTNY Tapo)ou
gpyaoia.

To devtepo eninedo elvon éva avtioteédulo eninedo cuvéhEng 1 x 1 mou avaueryvOeL Tor xovdhiol ELGOBOU Yia VoL
emtpédel Tic ahknhemidpdoeic ueTall Toug. Autd To oTpoUa €El Evay mivoxa Bty Tou apyLxoTolelTal k¢ Evog
tuyatoc opdoymviog mivaxag yio vo e€acpaiotel 6T elvon avtioTeéduoc.

To tpito eninedo eivor éva eninedo cVleving, To onolo ywpllel Ta xavdAia elo6d0L oe 300 opddec xan epapldlel
€voy AVTLOTEEPUO UETUOYNUATIONS oTn Wia opdda ye Bdorn v dAAN ouddo. Autd to otpduo e€acpahilel 6T 1
€€0d0¢ mopauével avToTeEPun xat Slortneel TLg SLUCTACELS TNS ELGOBOU, EVE) ELGAYEL U1 YROUULXOTNTA UE TOTUXO
TpbdTO.

To Glow, 6w dha ta povtéha tou Bacilovtar otn pot, elvor avtio Teédiuo xou dpa €xel TNV xavoTnTa vor eEdyel
oxp3r) ouurepaoUd TwV Aavlavousy PETUBANTOY Wiog Bedopévng exdvac. Auth 1) SuvatdTnTo UETACY NUATIGHOD
and TOV YOEo TNE EMOVIC OTOV AavidvovTa Yweo, ETEENEL axpBelc YELPLOMOUE oL AVUXUTAOXEVES EXOVWY.
Xewplopevol Tic Aavidvouoes yetaffintée, uropodue vo ehéyEouue ue axplBelor Ty eppdvion e edvog Tou
npoxintel. Autéd xathotd to povtého Glow éva toyupd epyatelo yia Bidpopes epyaoieg dnuiovpylac xou yelplool
exovov. ‘Eva dhho mheovéxtnua tou Glow eivar to udnhé eninedo anocuoyétione mou yopaxtnellel Tov owv-
Yévovta yweo tou. H ixavdtntd tou va daywpllet Toug mapdyovtes uetaBorric aTtov havldvovTta Y (peo, EmiTEénel
TOV TPOGOLOPIOUS EPUNVEUCLUWY XATEUTUVOEWY TIOU AVTIOTOL00V OE GUYXEXQLIEVO CUACLOAOYLX YOEAUX TNELO-
Tid NS Eovog. AUTEC oL XUTEVDVOVOELS AVTIG TOLYOUY GE AANAYEG O GUYXEXPULEVA CTUACLONOYIX YOEUXTNELO-
TIXA TWV TPAYOUEVKDVY exdVev. Mio ano Tic xUplec cuVEloQopés TNg epyaoiog autic elvar 1 dnulovpyia wiag
uedédou edpeong epunveloLU®Y XaTeLHIVEEWY TOU AovIEvovTog YWeou Ue TNV Borlela YAWOOIXWY TEQLYPUPWY.

1.2.2 StyleCLIP

To StyleCLIP [12] ypnouornotel évary cUVBUAGHS YAWOGIXMY UVOTUPAUCTAGENDY X0l AVATUPACTACEMY EXOVIS Yidt
vou xordodnyroel T Sladixacio dnuiovpylac exdvwy. Xuyxexpwéva, to StyleCLIP cuvbudlel tn 80Ovoun tou
povtéhou Contrastive Language-Image Pre-training f CLIP [13] pe to StyleGAN 2 [14], vy ) Snuiovpyia
EXOVWY ToU Elvol TOGO ONUACLOAOYIXE OGO Xal OTTIXA GUVETELS UE Lol BEDOUEVT) XEWEVIXT] TIERLY AP,

‘Eva ané ta Baowd mheovextigota tou StyleCLIP eivon 1 ixavotntd tou vor mapdyel eixGvVeC xan Vo XAvel
TPOTOTIOLACELS OV elval TOAD GUYXEXPWEVES Yo T1) dedouévn meptypa@r xelwévou. Autd emtuyydvetar yden
0TO TPOEXTIUSEVIEVD YAwoowx6 wovtého CLIP, to onolo éyel exmoudeutel oe {euydpla EXOVOVY Xl XELUEVLXWY
neptypapwy. To CLIP emtpénel tny xwdxonmonomn XeWWEVou Xol EXOVIS OE €V XOLVO YWPO AVITApdoTIoNS
(embedding space), divovtac tnyv duvatdTnTa LTOAOYLOUOD TNE OUOlOTNTAC UETAUEY TOUC.

O dnurovpyol tou StyleCLIP mepiypdgpouy teels Slapopetinés mpooeyyioels mou a&lonotoly Tig dUVATOTNTES TOU
CLIP vy tnv eqopuoyy Tpononolnoewy oe wio euxova ue v yenon tou StyleGAN. O mpooeyyloeic autée
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BLapEéPOVY WS TPOG TNV TAXVTNTA, TNV EPUNVEVGYOTNTA Xat TNV EVEMEI TOUG. XNV CUVEYELX TERLYPAPOUUE TOV
ahy6pripo evpeang moryxooulwy xateudivoewy (Global Directions) mou yenotloTOOUUE YLol TOUG YELPLOUOUS
emdvVwy oto Thaiolo auThC TNE epyaciog.

H pédodoc ebpeone noyxooplnv xoteudivoeny, nepthayBdvel v exudidnon wiag anetxdviong omd To YWeo ava-
napdotaone Tou CLIP otov ypeo style space tou StyleGAN. ITio cuyxexpéva, 1 TeoGEYYIoT AUTY] YENOLLOTOLEL
o xewevin meptypapy| avapopdc Xou Wial XEWEVIXT] TEplypapr] 6TOYOU Yio Vo xodoploel TnV cuVELSQOoEd xdde
xavahlol Tou yweou style space oty emduunty xatedduveon yepiopol. H yédodoc Eexwvd ye tov unoloyloud
g xateduven CLIP mou avtiotouyel otn Blapopd HeTa&l TOU XEWEVOU-UVIPORAS XAl TOU XEWEVOU-GTOYOU.
Y ovvéyela, n xatebduvon CLIP cuyxplvetan pe Tic xateuddvoelc mou avTiotolyoly ot datapayéc oe xdide
XOVAAL TOU yGpou style space. Kavdhio ye cuvelopopd pixpdtepn amd €vo ETAEYUEVO XOTOQAL AYVOOUVTOL XAl
HOVO TaL XovEAe He LUPMAY) CUVELCQOEE YPNOWOTOLOVVTAL Yiol TOV TEOGdopLoUd e xoteduvons As 6To Yo
style space. Auth n xatevduvorn unopel otn cuvéyela va yenotwonowdel yio vo tporomomndel 1 mapayduevn
EXOVOL WE TPOS TNV XATELVLUVOT| TNS XEWEVIXNG TEpLYpapric oToOyoV. AuTh N TEOCEYYIOT EMTEENEL TOV YV YORO
YELOUO EOVOV e Bdor evog Lelyous XEWWEVIXWY TEpLYpopeY, ywelc tTnv avdyxn Bektiotonolnone yia xdde
BlapopeTiny) edva 1) exmaldeuonc yia xdde SLapopeTixn] XEWWEVIXY TEpLYpan) 6Twe oL U0 diheg pédodot. Em-
mhéov, 1 u€dodog autr) emTEENEL eNloNe TNV EUXOAYN TEOCUPUOYT] TOU XATWPALOL GUVEIGHPORAS TWY XOVIAWLY,
divovtac 1ol Ty duvatdtnta va eheyydel To eninedo anocusyétione (disentanglement) tou yepiopol exdvac.

1.2.3 Stable Diffusion

To Stable Diffusion [4] eivon éva povtého havddvouooag Sidyuone (Latent Diffusion Model) nou enexteivel tnv
aEYY) AEYLTEXTOVIXY) TOU HOVTENOUC BLAyUOTC ELOAYOVTAS VALY QUTOXWOXOTOWNTY Tou PeTapépel T dladixacto
dudyvone oe évav Aavidvovta yweo younidteens Sdotaons. Ta veoeicoydévta Loviéda xwdXomolong Tou
anoteholvTal and évay xwdxonomnth E xou évav anoxwdixonomnt) D, nopéyouv npdaPBacn oe évay anoteleo-
potixd, yopunhrg didotaong Aavidvovia ywpeo oTtov omofo agalpolvTon oL LPnirc cuyvotnTog, avemaloVnTteg
hentopépeleg NG eovag.  Auth 1 Tpomonolnon MOpEyEL WA TLO OmOBOTIXY] Xol AMOTEAECUATIXY TEOGEYYIoN
yia N Onovpyia exdvwy LPNAAC avdhuong, xoddOC UELOVEL TNV TOAUTAOXOTNTA TOU LOVTEAOU, BLaTNEMVIIC
TOEEAANACL TNV TOLOTNTOL TRV TORAYOUEVWY EXOVOV.

T vou xotaotel duvath 1 dnutovpyio etxdvmv und cuvdixr, (conditional image generation), to Stable Diffusion
xdvel ypeRom evos Unyoviopol dloTaupolpevne tpocoyfic (cross-attention). Autde emtpénel 6To HOVTELOD Vo
eoTIdlel EMAEXTIXG OTIC TEPLOYES TNE EXOVAC TIOL ElVol OYETMEG UE TIC TANPOYORIES ElGHBOU, OBNYWOVTAUS OE
axpBEéoTeRT XL CUVEXTIXOTERY oYY eovag. H mpocéyyion auth emttpénel tov €éheyyo e moporyOUeEVNS
EXOVAC ATd ELGOBOUC BLAPOPETIXDY EWBWOY OTwE XEIUEVO, JANES EXOVEC Xl ONUACLONOYIXOUS YEPTEC.

1.3 MeOodoloyix

H nopoloa epyacio mpotelver plo véo pedodoloyia yior Ty un emBAendyevn avoxdiuvdy epunvedoluwy Aav-
Yorvouodv xatevdivoewy oty Aaviddvovia yweo tou Glow, xadodnyoduevn and @uowxn yioooo. H npocéy-
yiof pog o&lomotel Tic duvatotnTeg dnuovpyiag xon Yelplopol eévwy tou StyleCLIP v tn Snutovpyio evog
OUVOAOU GUVIETIXWY EXOVOY aTtd Wit XEWEVIXT) TEpLYpopY). AUTEC OL EIXOVEC YPNOULOTOLOUVTOL GTY) GUVEYELN
Yo Tov unoloyloud e emxpatodoug Aavddvouoas xatebduvong oto Glow, 1 onolo avtioTolyel oTo oNUACL-
ohoyd YapaxTNELo Tixd Tou TepLypdpeton and o xelyevo ewoédou. H npotewvduevn pédodoc, pe Bdon tny épeuva
pog, ebvan 1 medtn wédodog avoxdhudne havdavouodv xatevdivoewy otov yweo tou Glow mou xododnyeiton
eZ0NOXAPOL o Lol XEWEVIXY) TEQLYPUQT).

Emmiéov, digpeuvolpe Tig duvatotntag ovvieong ewdvog amd xeipevo tou Stable Diffusion yia Sapopetinég
évvoleg xou TEPLOYEC TNE xatavouric Tou. Xernowonoolue Ty tepapyia yvwong tou WordNet yia vo Siepeuvi-
COUUE CUCTNUATIXG TS Lepapyixd cLVOEDBEUEVES UETOEY TOUG EVVOLES aVOTUPlOTAVTAL OTO YMPO TWV EXOVWV
tou Stable Diffusion, xou enyeipolue vo nocotixomooovue avtéc Tic WwidtnTee. H pehétn pog nopéyel mhnpo-
QOopleg OYETUA PE TIC ONUACLOAOYIXES BLOTNTEC TOL Y(pou exovag tou Stable Diffusion xon pog emtpéner va
evtonicouye TV aBUVOHES TEPLOYES TNG HOTOVOUTC.
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1.3. Medodoroyia

1.3.1 Glow: E&epelvnon Aavidvovrog Xwpou
IMapaywyh xow Tponoinon Ewuxxdvwy

H npotewvouevn pedodoroyio yia v avaxdiudn epunvedoiuwy haviavouomy xateviivoewy ato Glow Eexuvd pe
Y ooy 1 eVOC LedYOUS XEWEVIXMDY TERLYRAPHOY, GTO 0Tolo avapepoudoTe we elcodo. H elcodog nepihopfBdvel
éva xeluevo avapopdc xou £vog XeWWévo oToyou to onola xardopllouy To emtduunTd YoEAXTNELOTIXG YLo TO OTtolo
avalnrodue v Aavddvouoa xatedduvnon oto yweo tou Glow. H havddvouca xatedduvon As oto ydpo 6Tuk
Tou StyleGAN hayufdveton péow tng pedddou ebpeone moyxdouiwy xotevdivoewy tou StyleCLIP. Metd v
anéxtnon touv As, Topdyoupe éva 6OVORo UVIETIXDY EOVWY Dyoyree HE YEYOM TOL StyleGAN eved napdhinia
amodnxevouye Toug avtioTolyoug AavidvovTeg xMdxeg Tou yWpeov style space. Xtnv cuvéyela, tpoc¥étovTag To
dudvuopa As 0Toug AaviEvovTeS XMOBIXES TWV EXOVWY TOU AS Xl TUPdYOUUE TIG EXOVES ONG TOUS TPOXUTOVTES
xwdixeg. Me Tov Tpomo autd Aapfdvoupe €va GOVORO EXOVDY Digrger TOU OMOTEAE(TOL EXOVEC HATAAANAAL
TEOTIOTIOUNUECVES (DOTE VO CUUUORPWVETAL UE TNV XEWEVO OTOYO TNS ELTODOU.

H pédodoc ebpeone nayxooplnv xatevdivoewy tou StyleCLIP nopoyetponoeiton and 800 yetofntéc: tny
€vtooT Yelptonoy, 1 onola eEAEyYEL TNV xAlwaxa Tng mpoxdnTovcas Aavidvoucas xatehYuvong, xaL TO XUTWOOAL
anocucyétiong, to onolo enneedlel Tov apliud TV xavahlny Tou }hpeou style space mou ennppedlovton and Tov
Yeplouo. ‘Eva udnhotepo xatdeil anocuoyétiong odnyel o AyoTepa YELoaYYOVUEVA XavaAa xou UYMAGTEEN
anodlamhoxy, YEYovog mou onuaivel 6Tl dAAA YopaXTNELOTIXE TNS ELXOVAC EXTOC TOU YORUXTNELOTIXOU GTOYOU
HEVOLY avETNEEEdOTA.

(a) Dsou'rce (b) Dtu'r‘get

Figure 1.3.1: Acelypota emdvov and ta 60vord Dyource %04 Digrget- T0 Digrger mopdydnxe and tny pédodo
ebpeone moryxooplnv xateudivoewy pe to xelpevo otdyou: "a person with yellow blonde hair"

Ou yewplopol mou emnpeedlouy AETTOUERY YUEUXTNELOTIXE TNG EMOVOS YEVIXE omawtolv emAOYH Ueydhou
HOTOPAOU, EVE VLot HEYUAUTEPTC XAHAXOG YUPAXTNELO TUXA UixpdTERA XATMQALY elval euvoixdTepa. {1¢ X TOUTOL,
dev elvor duvatév vo emtheyel éva povadixd xohlTtepo Lebyog TOY TopoéTewY TOU Vo Aettovpyel Yo OAEC TIC
nepintooelc. ot ty mopolon epyaocio, ulodeTooue Uiot EVPLO TXT TEOCEYYLON YLol TOV EVIOTUOUS TV XAUTUAAT-
AOTEPWV TV TORUUETEMVY Yia xdde epdTnua. Qotdoo, wa Behtiwuévn teocéyyion Ju ftav o npocdloplondc
TWV TAUPOPETEWY Tou peyioTtonotoly to Manipulation Disentanglement Score (MDS) tou hapfoavépevou hav-
Ydvovtoc xddixat As tou StyleCLIP. To MDS efvou yio petpixr] moldtntog yia tie Aavddvouces xateudivoels,
ToU TEPLYPdpETUL 0Ty evotnTa 1.3.1.

Yroloyiopoég Aaviddvovoag Katebduvong

T Tov unohoyloud g avtiotolyne Aavddvoucac xatebduvon tou Glow, elvon anopaitnto vo unoloyiotody
TEAOTA Ol AVATAPACTICELS TWV EXOVWY 0ToV havidvovta ydeo tou Glow mpdyua mou xadlotaton e@uxtd yden
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oTNV AvTIoTEEPWOTNTA TOU HovTENOU. Aol Angdolv ol Aavldvouces XWBXOTOWACELS Zs 1, Zs 2, -, Zs,N YLOL TO
oUVOAO BEBOUEVWY Digoyrce KU 241, 24,2, -y Z¢,N YL TO GOVORO BEBOUEVWY Digrget, 1 EMXpaTOVGO Aavidvouca
xatebuvon Az uetagld 1oV 800 GUVOAWY UTOPEL VoL UTOAOYLOTEL YENOUOTOLOVTOC TNV aXOAOUUT EXPROON:

N
1 , .
Az = N ElAzi, omou Az = 245 — 25 YW i =1,2,...,N
1=

Agol MBoupe ) Aavidvouoa xatebduven Az TOU AVTIGTOLYEL GTNY XEWWEVIXT| TERLYROPY) GTOY OV, UTOPOUUE TR
vo. yenoulomnoinooupe To Glow yia vor exterécoupe yelptopols BlapopeTiniic EVviaomg TpocUEToVTog XAUOKWUEVES
exdboelc Az otov Aavidvovta x(BLxd OTOLUCONTOTE ELXOVAC.

Baduog Andocuoyetione Aavidvouvoas KatebBuvong

O Badude anocuoyétione havidvovoae xatevYuvone (Manipulation Disentanglement Score) 4 BAAK eivon o
peTe) a€lohdynong uiog Aavidvouoag xatedduvong Az 1 onola otnpileton GTNY TOLOTNTO TWV UETACY NUATICUODV
EXOVOY ToL TpoxOTToLY and auth. H petein) hauBdvel unddiy xotd TOCOV 0 UETACYNUATIONOS ETUTUY Y AVEL GTNY
tpononoinoy tov emtdupnTol yopax e ol TNe eévac (axpiBeta petaoynuoatiopol) xadng xou ot tod Badud
ennppedlovtan yopoxtTnetoTixd Stopopetixd tou embuuntol (anocuoyétion petacynuotiopol). T'o tov utoho-
YoWo TiC peTEC EQPapUOlOUVUE YETACY NUUTIOUWOUS o Tadlaxd augavouevng évtaong xat Yo xdie eninedo évtaong
unohoyiloupe v oxpifBeia xou v anocuoyétion. Opllouvue wg BAAK v enpdveio ntou Bploxeton xdtw omnd
™Y xaunOAn tou oynuatilouv ta {ebyn Twv yeTprioewy axplBelag xol anocUoYETIONG OTwe anelxovi{etal 6To
Synua 1.3.2. T tov unohoyiopd e axelfelag xou Tng amocuoYETIONG, YENOULOTOOVUE TEOEXTUOEVUEVOUS
tadivountéc 40 BLpOopETINMY YUPUXTNPLO TIXWY TPOCWTOV, UE OXOTO Vo EVIOToOoUPE TV Umapln 1 oyt Twy
YOLOXTNELO TGV AUTWY TS TPOTOTONUEVES ELXOVEC.

—>

Accurate v/
Disentangle v/

Accurate v/
Disentangle X

Accurate X

Disentangle X

Manipulation Disentanglement

o Manipulation Disentanglement —

Manipulation Accuracy

Manipulation Accuracy 1

Figure 1.3.2: Ontxonoinon tou Badpod arocuoyétione havddvousos xatehduvone [15]

1.3.2 Avdhivuorm Stable Diffusion

H evétnro autr neprypdepet pla pedodoroyio tou emtpénel tnv cuotTnuaTiny a€lOAGYNOY TNS IXAVOTHTAS TOU Sta-
ble Diffusion (SD) va mopdyet xelpevo and xewevixée neplypapés. IIo ouyxexpluéva, EMXEVTPOVOUUCTE OTNY
wovoTnTa Tou SD va mapdiyel axpl3) amoteAéouato Yot cLYYEVIXES Evvoleg xau Aé€elg. Emimiéov, yenoiuonouwy-
TOC OMABES EVVOLWYV UE Lepapyixéc oyéaclc, Angpdévteg and to WordNet, e€etdloupe xatd ndéco 1) tepopyio auth
dlatnpeiton xaL oToV YOEo exdvac Tou SD.

T tyv MAdm wa tepapylac evvoldy and to WordNet, Eexivdye and yiar YEVIXY €VVold TOU AVTLTPOCKOTEDETAL
ané éva synset oto WordNet xo eMOXENTOUACTE OVADEOUXE TOL UTWVURA TNS SMULOVEYOVTAS ETOL Wil tepapylot
evvolwv. Ieplopiloupe tnv e€epebivnon pag oe yéyioto Bddog 2 xou e€etdloupe EVvoleg UE GUYVOTNTO EPPAVIONS
v amd Eval XATOGAL YLol Voo amo@OYoUUe TORD UeYdhes tepapyiee.

Enduevo Briua eivon 1 Snurovpyla T6V XEWEVIXGY TERLY ooy Tou Yo Tpogodotndoldy oto SD yia v cbvieon
eovwy yia xdde évvola Tne tepopyloc. H neprypapéc ouviotolvton amd To dvopa TN EVVOLAS Xl TNV TEQLYQOpH
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1.4. Arnoteréopata

nou ogéyel to WordNet yio autéc. Emmiéov, Swamiotdoope 6Tt 1) tpoodixn tne Aé€ne "photograh" oto téhoc
xdde xeWwevinic Teplypanc PEATILoE TNV TOLOTNTO TWV TUPAYWUEVLV ELXOVGY.

I va xadopiooupe tic mopauétpous olvieone exévmy touv SD, mpayuoatonotoope yio avaltnon TAéypatoc.
Ou nopdetpol mou Tpononoidnxay elvan o ahyodpripog devypotoindiog, ta Briuato devypoatoindlog xon 1 xhipona
xadodhyne tou tadvounth (CFG). H xipoaxa CFG ehéyyet 1o Badud culpdppwons Tne Topoy GUEVAS ELXOVOC
HE TNV XEWWEVLXY) TEQLYPUPT| TNG ELOODOU X0l ETOUEVKC EMNEEEdlEL TNV ToutAopop@lo Twy artotehecudtwy. T'a
vo e€aheldouye TRV TuyamOTNTA XaTd TNV Bidpxela TN avaliTnone TopauéTewy, Vécope éva otadepd seed. Ot
TEMUES TWES TOV TORUPUETEWY TOU Yenolponoldnxay yia Tn dnpovpyia ewdvey ftay ol axdrouvdec:

Parameter Value
Sampler LMS
Sampling Steps 35
CFG Scale 5.5

Metd v odvieon twv emdvev, yenowonooope to yovtého VGG16 [16] tpoexnoudevpévo oto ImageNet [17]
YioL TV AVATUEAOTACT] TWYV EOVKY GE LOP@PY| BLAVOCUATWY YUUNAHE BLHoTATIXOTNTAS, To OTOld YENOLLOTOLOUVTHL
Yol Tt TELRUATA TOU oXoAoVToY.

Toa&wvounor o YTrepwdvupa

Me auté To nelpaya, 6TdY0c poag RTo vo ENEYEOUUE oV TO ONUACLONOYIXO TIEPLEYOUEVO TV TUPULY OUEVKY ELXOVEIV
axohoudel tnv Lepapy o mou utayopeleTal and Ta avtiotolyes évvoleg oto WordNet. Xuyxexpuyéva, ehéyyoupe
oe 1ol6 Bodud M (ATAVOUY| TWV EXOVWY TIOL TEdYoVToL omd Uiot EVvvola efvol UTEEGUVONO TNG XOTAVOUNG TWV
ELXOVWY TOU TOEAYOVTOL old TOL UTMVUUA TNE €VVOLIS AUTAC.

Io voe TocoTixonooouue auTh TNV IBOTNTY, EXTUdEVooUE TEMTA Evay ToEVoOUNTY OE €Va GUVOAO OEBOUEVHV
exovwy Dy mou dnwovpyRinxe and éva chvoho evvolndy T mou £Y0UV TOLAGYLOTOV EVal UTOVUHO otV tepapy o
tou WordNet mou yenoiponoolue. O ta€vounthc mou exnatdeltnxe el we elcodo TNV BLUVUCHATIXT AVATIEdo-
TAON TN EXOVAC ot WS €£080 TNV évvola amd TNy omola tapdyInxe 1) etxdva. 3t cuvExeLr, aEloAOYACHIE TOV
(B0 ta€ivounty) oe éva hvoho Bedouévwy eévwy Dy, mou dnuovpyriinxe amd 1o GUVOAO TWV UTWVOUKY TWV
evvoldy tou ouvohou Ty’s (Th,). Mua vdmhs oxpiBela To€véunone Yo uodelxvue dtL oL xotavopés xdde Evvolag
X0 TWV UTOVOUGY TNG AVOmaplo TdvTal Ue axpifeta 0To ywpeo exdvwy tou SD.

INo v exnaidevon tou tagivounth yenowlonooaue to auto-sklearn to onofo elvon €val TKETO AUTOUATOTOLN-
pévne unyovixic uddnonc. To epyodelo outd pog enétpede vo e€etdooupe omodoTind TOAES BLOPORETIXES
APYLTEXTOVIXES Yo Tpoeneéepyaoio xat TaEVOUNOT TwV BESOUEVMY.

Yvotadionoinon Trwvouwy

O otéyoc autol tou TEepdpatoc HTay va aflohoyniel xotd TOCOV oL ELXOVES TOU dNUOUEYOVLVTOL OO OYUo-
OLOAOYIXE TUPOUOLES EVVOLEG TOROPEVOUY %ovVTd 1) Wil oty GAAN oTo YWeo twv ewdvwv tou SD. T
vo. T0 TETOYOLUE QUTO, TpoyUoToToooe Un emPBAenduevn cuctadlonoinon oto clvolo exdvwyv Dy mou
onuovpyHinxav and to urdvuga T Twv evvoldy tou Ts. X1n cuvéyeld oLYxpivaue TIC OUABOTOACELS TOU
Tpaue and TOV aAYOELIUO UE TIC TPAYUOTIXES OUSOES.

INo va petprioouvye TV ouoldTNTa PETUED TWV TEOPBAETOUEVLV Xl TWV TEAYHATIXOY OUIDOTOLNCEWY, YeNol-
ponotioope tov mpocappoouévo delxtn tuyodtntac (adjusted rand index), o omoloc unohoyilel éva pétpo
opoldtnrog petad dVo opadomolfoewy e€etdlovtog 6Aa tar Lelyn Setypdtomv xou yetpmvtae tar LeVYN mou Ev-
Tdocovial oTig (BlEC 1) BLopOPETIXEC OUADES OTNY TEOBAETOUEVT] X0l TNV TEAYHATIXY) OUABOTOHON).

1.4 Amnoteléoupata

1.4.1 Glow

Yty evétnta auth) tapovoidleton wa olyxplon HETaEd Tne TpoTtewdpevne nedddou épguone haviavouomy xo-
tevdivoewy Tou Glow xou Twv xathepwuévny uetddwv, ue fdon 160 TolTixd 660 XAl TOCOTIXA AMOTEAESUATAL.
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ITototnTixry ASiordynon

Io vor €youue éva onuelo avapopds Yo cUYXELOT, TNV Topolod HEAETY) UAoTooaue Tn wédodo ebpeong hov-
Yavoustv xateutioewy ou yenoonoovy ot dnuovpyol tou Glow [8], Tnv onoia avapépoupe we GlowCeleb.
Y10 GlowCeleb, ta glvora edvwY Dsoyrce X0 Dygrger cUvooTiovtan and eixéveg tou CelebA-HQ, to onolo
elvon évol GOVORO EXOVOV TPOCWTWY UE ETXETEC TOU ONUATOS0TOUV UNAEEN SLapdpwy YopaXTNELOTIXWOY OTO
npbowno. H npocéyyion auth e€aoparilet 6Tt Tt aOvora Dyoyrce X0 Digrger dmotehobvial and Yeydho tAndog
EXOVOV UE Tig emfuunteg WBLOTNTES, aAAd mepiopilel Toug mbavols YElplopols OTIC ETXETES YPAUXTNELO TIXWDY
nou yenotponoolvta oto CelebA-HQ.

Original Ours GlowCeleb

Smile

Smile

Man

Dark Hair

Figure 1.4.1: X0Oyxpton tng npoteivouevne pedodou edpeone Aaviavouomy xateutivoeny ye tny pédodo
GlowCeleb

Iopd o npoavagepdévta theovexthpata tou GlowCeleb, 6nwe 1 yprion emoNUUcUEVLY BEBOUEVLV YL TOV TPOC-
dloplopd e avtiotoyng havddvousag xatevduvong, N UEVodog Yag TpocpEpel cLYXpIoIY TOLOTNTO YEPLOHOD,
eved apéyel tpootetn evehi&la, xardag 1 avodiudn tng xatedtuvong ehéyyeton €€’ 0AOXAHEOL AN TNV XEWEVLXN
neptypapy| TN elo6dou. Xto Lyfua 1.4.1 anewovilovtal eVBEXTIXES TPOTIOTOACELS EXOVWY PE TOUS 800 auTolg
alyopiduoug ot omoleg utooTNEIlouV Ta CUUTERGCUATO UAC.

IMTocotwxh AELiordyToT

Ye auth) ™Y evoTnTa, TapouctldlouUE pla TocoTIXY aELOAGYNOT TOU HOVTEAOU pag LTohoY{lovTag xou ouyxeivov-
tac 1o BAAK o Siopopetind yopoxtnetotixa xon SlapopeTixés pedodoug avaxdiudme havidvouoos xotebiuv-
one.
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Table 1.1: BAAK ye yprion Toa€vountoy YopaxtTnelo OV Teoo®Tou. Avaypdgetol Xol TO YEVWNTIXG UOVTENO
70 onolo YPNOWTOUNXE YIoL TOV YEPloUd NS exdvas xadde xol To cUVOAO BeBOPEVKY GTO OTolo EYEL
exnoudeutel. TPnrotepo BAAK elvan xahbtepo.

Baduoéc Arnocvoyetiong T

Médodog Movzéro Aedop.éva Exr. Smile Young Dark Hair Gender Overall
DisCo StyleGAN2 FFHQ 0.68 0.51 - - 0.60
GANSpace StyleGAN2 FFHQ 0.24 - 0.54 0.84 0.54
InterfaceGAN Progressive-GAN CelebA-HQ 0.85 - 0.88 0.88 0.87
SGF Progressive-GAN CelebA-HQ 0.90 - 0.90 0.88 0.89
GlowCeleb Glow CelebA-HQ 0.66 0.88 0.75 0.88 0.79
Ours Glow CelebA-HQ 0.60 0.89 0.58 0.95 0.75

O nivaxag 8.1 nopovatdlel to BAAK yia téooepa yapoxtneiotixd tou tpocwrov. Ta cuyxexpuuéva yopaxtnelo-
Ted emhéydnxay enetdr ow Ren [18] xou Li [15] elyav avopépet tor anoteréopatd Toug téve ot autd. Hupatnpoue
ot 1 ) touv BAAK nopouoidlet peydin Stoncduavon avéroyo pe to e€etalduevo yopoxtnelotixd. ‘Ocov agopd
v éYoB0 YOG, TUPATNEOUUE OTL TETUYEVOUNE GYETIXG XUAUTEPES ETUBOCELS O UEYAUAUTERNC XALUAXOS YOopoX-
TNELOTIXE TOU TROCWTOUL, XU YAUUNAOTERES EMOOCES GTA THO AENTOUERY| YapaxTnewoTixd. Tehog, onueidvouue
OTL @0 TNV TEPITTWOT TNE TocoTXAS adlohdynong N uédodog pag metuyaivel anotehéouato TOA) XOVTo UE TNV
GlowCeleb.

1.4.2 Stable Diffusion

Hewpapotiotinope xupiwe pe Ty tepapyia evvoldy tou dnuoveyRinxe ye pila vy évvola "dog". Agol napdyoue
TIC €XOVES PE TNV pedodoloylo Tou TEQLYRAPNUE OTNV TEOTYOUUEVY EVOTNTA, TEOYXWEHOUUE oTNY efaywyr
YOEOXTNELGTIXWY UE TN XeYion Tou VGGI16 xou Ty dnuLovpylo SLOVUCUATIXGY AVATOQICTACEWY Yo Xdde eixdva.

Togwvoéunon

To povtého Taglvounong ue T xahiTepeg emdooELs, dTwe Tpocdlopiotnxe e tnv Bordeia Tou auto-sklearn rrav
éva oOvoho (ensemble) tadvountdv nov anoteholvtay and tafvountéc tonou Linear Discriminant Analysis,
Extra Trees, Passive Aggressive xoauw Random Forest.

Or petpuée Taglvounorng nou tpoéxudoay nopouctdlovial atov mivaxe 8.3 xat epunvevovtal tapoxdtw. Emmiéoy,
oL npofAédelc Tou Talvounty| anewovilovton oto Xyfua 8.2.3.

Class Dataset D, Dataset Dy,
Precision Recall F1-Score Precision Recall F1-Score

Corgi 1.00 0.92 0.96 0.97 0.62 0.75
Cur 0.90 1.00 0.95 0.04 0.14 0.06
Dalmatian 1.00 1.00 1.00 0.95 1.00 0.97
Griffon 0.95 0.88 0.91 0.05 0.18 0.08
Hunting Dog 0.72 0.78 0.75 0.53 0.33 0.41
Poodle 0.97 0.91 0.94 0.99 0.98 0.99
Spitz 0.94 0.94 0.94 0.59 0.99 0.74
Toy Dog 0.85 0.89 0.87 0.75 0.66 0.70
Working Dog 0.71 0.74 0.73 0.80 0.44 0.57
Accuracy - - 0.89 - - 0.57
Macro Avg. 0.89 0.90 0.89 0.63 0.59 0.59
Weighted Avg. 0.90 0.89 0.89 0.71 0.57 0.61

Table 1.2: Metpixéc tagvéunong yia ta obvola Dy xou Dp,. Enueudvouue 6T 0 ToVoUnThC eXTUdEVTNXE OE
€va LTOGUVOAO Tou Dy,

Baoloaye to cuumepdopatd wog xuplwg 6Toug 6 TUOUEVOUS HEGOUC HROUE TMV PETEIXWY, DEBOUEVNC TNG AVLOOp-
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pomiog TV xhdoewv Tou UTdpyel 6To alvoho adlohdynone Dy. H avdhuon pog delyvel 6Tt o tavountric anodidel
eEaupeTXd xaAd 6N povieromonan tng xatavour tou Dy . Qotéco, ol faduoroyieg tou tadivounth oto Dy, to
0Tol0 AVTLTPOCWTEVEL ELXOVEC TIOU BNULOLEYOVVTOL UE XATOL0 UTWVLPO évvolag Tou Ty, Sev elvon to (Blo udniéc.
Auté onualver L 1 xatavouy| EOVEY 0pLoPEVLY EVVolDY TNe lepapyloc, Bev elvon uTEECUVOAD TNG XATOVOUNS
EXOVWV TV UTWVOPY TNne. T'a va tocotixonoiooupe to Badud otov onolo 1 xatavour Twy exovey wag €v-
VOLOC TIEPLEYEL TNV XATAVOUY TV EXOVWY TWV LTOVOUWY TNS, UTOPOVUUE VoL YPTNOLLOTOCOUNE TN HeTELXY recall
e évvolag auTHE 0To oLVOAO EAEYYoU Dy,.

O octaduiopévoc péoog bpoc tne uetprg recall yio to obvoro doxudv Dy, elvon 0.57 mpdrypa mou unodetxvivel
ot oV tepayia mov e€etdloupe, N xaTavour| edvwy Tou Tpoxintel and wia évvola nepthopfdvel xatd péco 6po
70 57% NS XATAVOURS EXOVKV TOU TEOXVTTOLY o TaL UTOVUPN TNE Vvolag auTthc. Auth 1 uetpuxr| unopel va
Yeweniel we plo extiunon tTouv néoo anotekeopatind elvor to Stable Diffusion oty xwdixonoinon tne epoapyio
tou WordNet yia quth TNV cuYXeEXELIEVY OUdDA EVVOLOV.

Yuotadionoinon

T tnv Behtiotonoinon twv uneprapopétpwy Tou ohyopldpou cuctadlonolnone xou Tou otudiou npoeneiepyaaiog
TwV dedopévwy, mpaypatonoioaue wa ovalitnon miéyuatoc. Méow authc tng Sdixaciag, avantdioue éva
povtého mou métuye mpocoploouévo oxop rand (oo ye 0.51, unodexviovTag o UETELO CUOYETION PETAED TWV
OUGBWY EOVOV XL TWV EVVOLOY TOU TLC TORTY Oy aV.

AnewxoviCoupe to devdpdypaupa mou avtiotolyel oty Sadixacio tepapyxhc oyadonoinong oto Xyfua 1.4.2.
To ovépata v @OMNOY €xouv 11 wopet évvola/utdvupo. Qotdoo, 1 opadonoinon exteléodnne uévo ue
eOVeS UTLVOROYY (D)) TuunepthauBAvoupe Ty Evvola-urepdvulo xdde uTwvipou yio va deifovue omTind ot
0 ahY6pLdpOC Unopel Vo OUOBOTOACEL ETUTUY WS To UTWVOUOL.

Poodle/Miniature Poodle
I_: Poodle/Toy Poodle

Poodle/Standard Poodle
‘_E Poodle/Large Poodle

Poodle/Standard Poodle

Working Dog/Saint Bernard

Working Dog/Mastiff
Working Dog/Boxer
_E Working Dog/Boxer
Working Dog/Boxer
_: Working Dog/Bull Mastiff
Working Dog/Bulldog
—: Dalmatian/Liver-5potted Dalmatian
Dalmatian/Liver-S5potted Dalmatian
| Hunting Dog/Dachshund
Hunting Dog/Rhodesian Ridgeback
L|_: Working Dog/Great Dane
Working Dog/Great Dane
Working Dog/Guide Dog
Hunting DogfHound
Working Dog/Seizure-Alert Dog
Working Dog/Shepherd Dog
Working Dog/Hearing Dog
Hunting Dog/Terrier
Cur/Feist
Hunting DogfCourser

Corgi/Pembroke
Working Dog/Police Dog

Working Dog/Sled Dog
4|—|: Working Dog/Sled Dog
I Spitz/Samoyed
Spitz/Keeshond
L]
Spitz/Chow
Toy Dog/Chihuahua
{ Griffen/Brabancon Griffon
Toy Dog/Toy Terrier

Spitz/Pomeranian
Toy Dog/Pekinese
Toy Dog/Toy Spaniel
Toy Dog/Maltese Dog
Toy Doa/Shih-Tzu

T T T T
2000 1500 1000 500 0

Figure 1.4.2: Aevdpdypappa Iepapynnc Xuotadionoinone

26



1.5. Xuurepdoporo

1.5 Xvunepdopata
1.5.1 Xul7tnon

Yy moapoloa epyaoia, mpotelvaue Wi, véo un emBienopevn uédodo yio v ovoxdiudn Aaviovoucmy xoTeu-
YOvoewy atov havidvovia yweo tou Glow. H uédodog pog afiomolel uio xeyevixny Teplypo@r) yior TNy avaxdAudm
woc havitdvouooag xatebduvong nou ennpeedlel TO TEQLYPAUPOUEVO GNUACLOAOYLXO YOQUXTNEIOTIXG TNS EXOVAC.
Ané 600 yvwplloupe, dev undpyouy dhkes uédodot e€epelivnong Tou Aavidvovta ywpeou tou Glow, ol onoleg eivou
eheyyoueveg and guot| Yhwooo. Ilaloudtepee npooeyyloelc yenowonomoay un emBAeTOUEVES 1) EMBAETOUEVES
ueddédoug pedtddoug yia v edpeon Aaviddvoucas xatedduvone. Ou un emPAenduevec yédodol, ocuvidwe dev
€Y0UV TN BUVOTOTNTA AUTOUATOU OVOUATIOUOU TWV XATEVIUVOEWY X0l AmatToly avipmdmivy TopéuBacT yio TNy
AVTLO TOLYLOT) TOV CNUACLOAOYIXMY YAEaXTNELo XY ot autéc. H dur pag mpocéyyion, xadde xododnyelton and
XEUEVO, TUPUXGUTTEL QUTA Tot {NTHUTA EVE EMITUYYSvEL amoTehéopota cuyxplowo Ye dhhec oUyypovee pedo-
douc avaxdiudne xatevdivoewy. To eupruato autd utootnellovtal and TOGOTUES Xou TOLOTIXES AELONOYHOELS
xat ouyxpioeic Ye dhheg uedddoug e€epebivnong Tou AavidvovTo yeou.

Emniéov, Blepeuvioaye pe cuotnuatixd tpoémo to povtého Stable Diffusion, w¢ npoc tov tpémo tou povtehomotel
xou amexovilel évvolec. Xenotdonomoope Ty tepapyixt| Yvaorn tou WordNet yia va e€etdooupe oe moid Bodud
to Stable Diffusion ymogel vo ameixovicel évvolec mou oyetilovton e wo tepapyxt) oyéon. Tao nelpduatd pog
€deiay 6T yia éva umooUvoro tou WordNet, to Stable Diffusion xotdgepe va Siapoporotroet emtuy s oTeEVE
oUVOEDEUEVES EVVOLES, OTIWE ATOBEXVOETOL and Tol AMOTEAECUATA TOU TELRdUATOC cuotadlonoinone. 201600,
dlamothoaue 6Tl 1) tepapyion Tou WordNet Sev povtehomotelton mdvta owotd and to Stable Diffusion. I'ia
oplopéva Lelym evvoldy E xat twv utovigny toug Y, oL Tapoy OUEVES ElXOVES ano TNy évvola E Sev axohoutolv
HLOL XOTOVOPT) TTOUL fvor ot avryxn evplTERT) OO TNV XATAVOUT| TWV EMOVKY Twv uToviuny Y. To yeyovég autd,
umodewxviel 6L to Stable Diffusion, Seyduevo tnv évvola E, éyer pa npoxatddndmn unép oplopévwy unwviuemy
xa xotd Ay, H b8iotnta auth nocotionoinxe yio éva utoctvolo tou WordNet mou mapdydnxe ue plla
v évvola "dog".

1.5.2 MeArovtixéc Kateuddvoelc

Yto onpelo autd, Yo Yéhaue va mpotelvouue oplopéves mdavée xatevdivoele yia TNV Tepatépw Bedtiwon xou
e€EMEN auThc g epyaoiag.

‘Ocov agopd ) uédodo avaxdiudne Aavdavoustv xatebuvoewy, 1 yeRomn evos Slapopetinol Hovtéhou Topay-
wyhg emdvag ano xelyevo otny Véor tou StyleCLIP da yropotoe mdavng vo odnyfioel oe xahbTepa amotehéo-
pota. Nedtepo povtédo mopaywynig edvag omd xeluevo, Onee ta Loviéha didyuong Yo anoTeEA0DoAY Lol EV-
dlapépouca evolhoxtixny. Emmhéov, ol xewevinég nepiypapéc mou yenowomolfdnxay yio Ty avoxdhun hov-
Yorvouo®v xoateutivoewy oty napoloa YeAéTn oy oyetxd aniéc. Ilopdha, 1 Suvatdtnta xadodrynone tne
uedédou pog and xeluevo, emteénel TNV Yenon To TERMAOXMOY TEPLYRAPDY ELGOBOUL Yid TNV TEOTOToNcT cUV-
VETWV YopoXTNOTIXAY TNE Exovag. Mia atohdynon e pedddou pog oe auTtéc Tig cuVIxeg Yo Hog ETETPENE v
XAUTOVOHOOUUE XOAUTERA TO EUPOC TWV dUVATOTHTWY Xat TL¢ aduvouleg tne. Axodua, Yo unopolooue va BeATie-
COUUE TNV TROTEWVOUEVY HED0B0, ETAEYOVTOG AUTOUATA TG TOPUUETEOUE Tou alyopituou ebpeone mayxoouiwy
xotevdivoewy tou StyleCLIP. ITio cuyxexpiuéva, umopolue Vo ETAEEOUPE TOV CGUVDBVLOCHUO TOQOUETOWY TOU
peylotonolel Tov Badud anocuoyétiong Tng mpoxUTToucas Aavddvouoas xatebtuVoTC.

Yyetnd pe pehhoviixée xateudivoelg g erétng pog yia Ty o&lohdynomn tou Stable Diffusion, Yo uropotoaue
VoL SLEPELVACOUUE TNV AMOTEASCUATIXOTNTA TOU POVTENOU o€ UeYoAUTERD utocUvola Tou WordNet yio var amox-
THCOUKE A TILO OAOXATEWUEVT] Exova TNe amddootc tou. To mapandve melpopa Yo unopoloe va e@apuoc tel
enfong xou oe dhAa povtéra Sudyvong, wote va yivel pio olyxplon yeta€d touc. Emmiéov, yenowrn Yo Arov
7 avalATNoT CTEATNYIXMY (OTE va Teploplo ol o tpoxatolfideis tou Stable Diffusion, ot omolec unopodv va
aviyveudolv ye v pedodoroyio pac. o mapdderypa, o umopolue va eElGOPPOTHOOLKE TNV XATAVOUY TGV
EVVOLOY OTa DEBOPEVA EXTABEVOTNS | VAL YENOWOTOLGOLUE To cUVIETEC GUVOPTATELC xOG TOUE o eviapEUVouY
Vv novahopoppla xar Ty dcanocvvor (fairness).
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Chapter 2

Introduction

Artificial intelligence (AI) has revolutionized the way we interact with technology and has shown remark-
able progress in various applications such as natural language processing, computer vision, and robotics.
Among these applications, image generation is a rapidly evolving area of research that has seen significant
advancements in recent years. Image generation refers to the process of creating realistic images from scratch
or modifying existing images using Al algorithms. The use of Al in image generation has resulted in the
development of powerful tools for artists, designers, and filmmakers to create high-quality visuals with ease.
Moreover, those techniques have found applications in various fields, including medicine, entertainment, and
gaming. For instance, Al-generated medical images can help doctors diagnose diseases accurately, while
Al-generated images in gaming and entertainment industries can provide a more immersive experience for
users.

Advancements in image generation have led to the development of several sophisticated models such as
Generative Adversarial Networks (GANs) [1], Variational Autoencoders (VAEs) [2] and diffusion models
(DMs) [3]. These models can generate high-quality images that are almost indistinguishable from real images.
Additionally, they can be trained on a large dataset of images to learn and mimic the style of a particular artist,
era, or genre. More recently, the advent of text-assisted image generative models has enabled the generation
and editing of images from natural language descriptions, providing a more intuitive and accessible means of
creating visual content [4, 5, 6, 7].

2.1 Motivation

Understanding how generative models represent different concepts is crucial for a number of reasons. Many
types of generative models learn to represent complex visual concepts using a low-dimensional latent space,
where each dimension corresponds to a different feature of the image. By analyzing the latent space, we
can gain insights into how the model represents different concepts and use this knowledge to manipulate or
generate images with specific attributes. We can also gain insights regarding the limitations and potential
biases of generative models. For example, a model trained on a specific dataset may not generalize well to
new data or concepts that are not well represented in the training data. Therefore, it is essential to analyze
the model’s performance on different tasks and evaluate its strengths and weaknesses to determine where it
may need improvement.

2.2 Contribution

In this work we utilize text-conditional image generation models such as StyleCLIP [12] and Stable Diffusion
[4] to achieve the following:

e Propose a novel method of discovering interpretable latent directions in the feature space of generative
models such as Glow [8] using a natural language description.
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e Evaluate and compare the discovered latent directions with other state of the art methods, in terms of
the quality of the resulting image manipulation.

e Analyze Stable Diffusion’s ability to differentiate between closely related textual concepts with the help
of WordNet [19].

2.3 Structure

The thesis consists of nine chapters, the first being this introduction.

Chapter 3 discusses generative models, including Generative Adversarial Networks (GANs), Flow-based Gen-
erative Models, and Diffusion Models. The chapter provides an overview of these models and their training
process, with specific focus on StyleGAN, Glow, and diffusion models.

Chapter 4 focuses on text-guided image generation and covers two state-of-the-art models: StyleCLIP and
Stable Diffusion. The chapter discusses how these models generate images based on textual input.

Chapter 5 examines the interpretability of generative models, focusing on the latent space and its exploration.
The chapter discusses unsupervised and supervised methods for exploring the latent space.

Chapter 6 provides an overview of WordNet, a lexical database that organizes words based on their semantic
relationships.

Chapter 7 describes the methodology used in the study, including the use of Glow and Stable Diffusion for
latent space exploration and image generation. The chapter also discusses how the manipulation disentan-
glement score is computed and how images generated with Stable Diffusion are used for classification and
clustering.

Chapter 8 presents the results of the study, including qualitative and quantitative evaluations of the proposed
Glow and Stable Diffusion methodologies. The chapter also discusses the classification results obtained with
Stable Diffusion.

Finally, Chapter 9 provides the conclusion of the study and highlights the future directions of the research.
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Chapter 3

(zenerative Models

Generative models [20] are a type of statistical model that aims to learn the underlying probability distribution
of a given dataset. Given a training set of n observations, represented as ¢ = x1, x2, ..., T, & generative model
estimates the joint probability distribution p(z, 8) of the data x and the model parameters 6. In other words,
a generative model learns to model the underlying probability density function of the data.

More formally, let x be a random variable representing the data and 6 be a vector of parameters that
govern the distribution of the data. A generative model estimates the joint distribution p(x,#) such that the
likelihood of observing a given data point x; is given by:

p(:]0) = / Pz 0)p(z|9) dz

where p(x;|z,60) is the conditional probability of observing z; given the latent variable z and the model
parameters 6, and p(z|6) is the prior probability distribution of the latent variable z.

The objective of a generative model is to estimate the model parameters 6 that maximize the likelihood of
the observed data:
0* = arg mgzxp(w|9)

Once trained, a generative model can be used to generate new samples of the data by sampling from the
learned distribution p(z,6). These generated samples can be used for a variety of tasks, including data
augmentation, data visualization, and data synthesis.

There are several types of generative models, including parametric models such as Gaussian mixture models
[21] and non-parametric models such as kernel density estimation [22]. Deep generative models such as
Variational Autoencoders (VAEs) [2]|, Generative Adversarial Networks (GANs) [1], and Latent Diffusion
Models (LDMs) [3] are currently the state-of-the-art in generative modeling, thanks to their ability to model
complex, high-dimensional data distributions. A high level overview of their architecture is presented in
Figure 3.0.1.
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Discriminator Generator

GAN: Adversarial / : > ’
X X
training D(x) G(z) x
Flow-based models: x| FElow z Inl’frse x/
Invertible transform of f(x) | [ (2)
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

Figure 3.0.1: Overview of the three types of generative models that are used in this work.

3.1 Generative Adversarial Networks

Generative Adversarial Networks, or GANs for short, are a type of generative model in deep learning that
have gained a lot of attention and popularity in recent years. GANs were first introduced by Ian Goodfellow
in 2014 [1], and have since been used to generate realistic images, videos, and even music. The basic idea
behind GANS is to train two neural networks, a generator and a discriminator, in a competitive setting where
the generator tries to produce samples that are indistinguishable from the real data, while the discriminator
tries to distinguish between the real and fake data. Through this adversarial training process, the generator
learns to produce increasingly realistic samples, while the discriminator becomes better at detecting fake
samples produced by the generator.

3.1.1 Training

Training a GAN can be thought of as a minimax optimization problem, where the generator aims to minimize
the following objective function:

mingmaze,V(D,G) = Epopy.,a(2)[logD(2)] + E.op_ 2y [log(1 — D(G(2)))]

where 0 and 6p are the parameters of the generator and discriminator, respectively, pgatq(x) is the distri-
bution of the real data, p,(z) is the prior distribution of the noise vector z, and D(z) and D(G(z)) are the
discriminator outputs for the real data and generated samples, respectively.

The generator is trained to maximize the second term of the objective function, which corresponds to the
probability that the discriminator outputs a high value for a generated sample. On the other hand, the
discriminator is trained to maximize the first term, which corresponds to the probability that it correctly
identifies a real sample as real and a generated sample as fake. The generator and discriminator are trained
iteratively via backpropagation, where the discriminator is first trained on a batch of real and fake samples,
and then the generator is trained on a new batch of noise vectors.

The training of GANs is known to be challenging, as the generator and discriminator can easily fall into a state
of equilibrium where the generator produces low-quality samples that the discriminator cannot distinguish
from the real data. This problem is known as mode collapse and can be addressed by using various techniques
such as adding noise to the discriminator input or using different loss functions. Despite these challenges,
GANs have shown remarkable success in generating realistic images, videos, and even music, and continue to
be an active area of research in deep learning.

3.1.2 StyleGAN

StyleGAN is a type of generative model that was introduced in 2018 by Karras et al [14]. It is an extension of
the original GANs architecture that is designed to generate high-quality, high-resolution images with improved
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control over various aspects of image synthesis. The key innovation of StyleGAN is the incorporation of style-
based generator architecture, which allows for greater control over the image synthesis process.

The style-based generator architecture of StyleGAN consists of two major components: a mapping network
and a synthesis network. The mapping network takes as input a random noise vector and maps it to a learned
style vector that controls various aspects of image synthesis. The synthesis network takes the style vector as
input and generates an image.

One of the main advantages of StyleGAN over other generative models is its ability to control various
aspects of image synthesis. The style vector output by the mapping network is divided into several different
components, each of which controls a different aspect of image synthesis. These components include global
styles, which control the overall appearance of the image, and local styles, which control the appearance of
specific regions of the image. By manipulating the style vector components, users can control various aspects
of image synthesis, including the pose, expression, and identity of the generated images.

Another key feature of StyleGAN is its progressive growing technique, which allows for the generation of
high-resolution images. The model is trained on low-resolution images first and then gradually increases
the resolution of the generated images as the training progresses. This technique ensures that the generator
learns to capture the details of the image at different scales, resulting in high-quality, realistic images.

StyleGAN has been used in a variety of applications, including image editing, fashion, and entertainment. It
has also been used to generate high-quality images of faces and objects, with applications in fields such as
computer vision, graphics, and art. The model has been shown to generate images that are visually stunning
and highly realistic, with a level of control over the synthesis process that was not previously possible with
other generative models.

In conclusion, StyleGAN is a powerful generative model that offers improved control over various aspects of
image synthesis, including pose, expression, and identity. Its style-based generator architecture and progres-
sive growing technique enable the generation of high-quality, high-resolution images with a level of control
that was previously not possible. The model has shown great promise in a variety of applications and
continues to be an active area of research in the field of deep learning.

3.2 Flow-based Generative Models

Implicit generative models, such as GANs, do not explicitly model the likelihood function or provide a means
for identifying the latent variable corresponding to a particular sample. In contrast, flow-based generative
models explicitly model the likelihood function by utilizing normalizing flow, a statistical technique that
utilizes the change-of-variable law of probabilities to transform a simple distribution into a complex one. The
direct modeling of likelihood offers numerous benefits, including the ability to compute and minimize the
negative log-likelihood as the loss function. Moreover, latent variables can inferred and new samples can be
generated by sampling from the initial distribution and applying the flow transformation.

3.2.1 Normalizing Flows

Normalizing Flow (NF) [9] models are a powerful approach for distribution approximation. These models
transform a simple distribution pg(zp) into a complex one p,,(z,) through a sequence of invertible transforma-
tion functions f;. By flowing through a chain of transformations, the variable z is repeatedly substituted for
the new one according to the change of variables theorem, eventually resulting in a probability distribution
of the final target variable. Specifically, let z1, 25, ..., 2, be random variables with respective distributions
pi, and let z; = fi(z;_1), where f; are invertible functions. Then the distribution p(z) = p,(2,) at the end of
the chain is given by the formula:

log p(z) = logpo(z0) — Zlog —

With the assumption that the transformations f; are easily invertible and their Jacobian determinants can
be computed fast, the exact log-likelihood of the data x becomes computationally tractable. Therefore, the
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training criterion of a flow-based generative model is the negative log-likelihood over the training dataset D,
expressed as:

L(D) = —ﬁ xe};logm)

3.2.2 Glow

The Glow model [8] is a deep generative model that implements a normalizing flow by stacking a sequence
of invertible bijective transformation functions, building upon the NICE [10] and RealNVP [11] flow models.
Specifically, each step of the flow in the Glow model comprises three distinct layers.

The first layer is an activation normalization (actnorm) layer, which normalizes the activation output of the
previous layer by scaling and shifting it to have zero mean and unit variance along each channel.

The second layer is an invertible 1 x 1 convolution layer that mixes the channels in the input feature map to
allow for interactions between them. This layer has a weight matrix that is initialized as a random orthogonal
matrix to ensure that it is invertible.

The third layer is a coupling layer, which partitions the input channels into two groups and applies an
invertible transformation to one group based on the other group. This layer ensures that the output remains
invertible and preserves the dimensions of the input, while introducing non-linearity in a local fashion.

Those layers are combined in multi-scale architecture as shown in Figure 3.2.1
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Figure 3.2.1: One step of flow (left) and multiple steps of flow combined into a multi-scale architecture
(right) [8]

Glow, like all flow-based models has the ability to perform accurate inference of the latent variables of a given
image. This capability enables the transformation from the image space to the latent space, which allows for
accurate image manipulations and reconstructions. By manipulating the latent variables, one can precisely
control the appearance of the resulting image. This makes Glow model a powerful tool for various image
generation and manipulation tasks.

3.3 Diffusion Models

Diffusion models [3]| are a type of generative model used for image generation that apply a sequence of
denoising transformations to a noise-initialized image to generate a high-quality image. The diffusion process
can be represented as a Markov chain, where each state of the chain is an image at a certain stage of the
diffusion process, and the final state of the Markov chain is the generated image. More specifically, diffusion
models can be interpreted as a sequence of denoising autoencoders ey (x4, t);¢ = 1...T, which are trained to
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predict a denoised variant of their input x;, where x; is a noisy version of the input x. Their optimization
objective can be be expressed as:

L(DM) =B, .on(01).tlle — co(e,1)||3

with ¢ uniformly sampled from 1,..., 7.

Diffusion models have the advantage of generating high-quality images with rich textures and details, even
for highly complex image datasets. They also allow for fine-grained control of the image synthesis process,
enabling the generation of images that satisfy specific constraints, such as image resolution or image style.
However, diffusion models rely on a long Markov chain of diffusion steps to generate samples, which can
be computationally expensive in terms of time and compute resources. Despite recent developments in the
field of diffusion-based image synthesis, such as Stable Diffusion, DALL-E2, Imagen, and DreamBooth the
sampling is still slower than other generative modeling methods such as GANs.

Overall, diffusion models represent a promising approach for image generation with several advantages over
other methods. As the field of generative modeling continues to advance, diffusion models are likely to play an
increasingly important role in generating high-quality images for a range of applications such as unconditional
image synthesis, inpainting, super-resolution and text-guided image synthesis.
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Chapter 4

Text-Guided Image Generation

Text-conditional image generation is a type of generative modeling in which an algorithm is trained to
generate images from textual descriptions. The goal is to create images that are consistent with the given
textual description, while also being visually appealing and realistic.

Contents
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4.1 StyleCLIP

StyleCLIP [12] uses a combination of language and image representations to guide the image generation
process. Specifically, StyleCLIP combines the power of Contrastive Language-Image Pre-training (CLIP)
models [13] with StyleGAN 2 [14], to generate images that are both semantically and visually consistent with
the given textual description.

The StyleCLIP method works by manipulating the latent space of a pre-trained generative model (StyleGAN2
in this case) using a combination of a textual description and a reference image. The textual description
is used to guide the semantic content of the generated image, while the reference image is used to provide
additional style information. The objective of this process os to find a latent code that produces an image that
is both semantically and visually similar to the given textual description and reference image, respectively.

One of the key advantages of StyleCLIP is its ability to generate images that are highly specific to the
given textual description. This is achieved through the use of the CLIP, which allows for more nuanced and
contextualized understanding of the textual input. CLIP is a pretrained model that was trained on pairs of
images and textual descriptions. It allows for the representation and comparison of images and text into a
multi-modal joint embedding space.

4.1.1 Image Manipulation

In the StyleCLIP paper, the authors describe three different methods for manipulating images using text
inputs. These methods differ in their approach of incorporating textual information and their level of inter-
pretability.

The first method is the optimization-based approach, which involves finding a latent code that produces an
image that is consistent with both the textual input and a reference image. This approach is highly flexible,
as it allows for the generation of highly specific images that are consistent with the given input. However,
the optimization process can be time-consuming, and the resulting image features may be entangled, making
it difficult to adjust specific aspects of the generated image.
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The second method is the local direction mapper, which involves training a model to infer a manipulation
step in W+ from an image’s latent representation in W+ space. This mapping model is trained for a specific
text prompt and infers a manipulation direction that is custom-tailored to the input image.

The third method is the global direction model, which involves learning a mapping from CLIP space to style
space. Specifically, this approach uses a pair of source and target text prompts to determine the relevance
of each channel of the style space to the desired manipulation direction. The method starts by computing
the CLIP-direction that corresponds to the difference between the neutral text prompt and the target text
prompt. Next, the CLIP-direction is compared to the direction corresponding to perturbations on each
channel of the style space using cosine similarity. Channels with relevance smaller than a selected threshold
are ignored, and only highly relevant channels are used to determine the direction As in the style space.
This direction can then be used to manipulate the generated image consistently with the target text prompt.
This approach allows for rapid manipulation of the generated image based on a pair of source and target
text prompts, without the need for optimization on a per-image basis or training on a per-text prompt basis.
Furthermore, the global direction model also permits easy adjustment of the channel relevance threshold
parameter to disentangle features, making it more interpretable than the other two approaches.

Table 4.1: Preprocessing, training and inference times of the three text-driven manipulation methods [14]

Method Preprocessing Time | Train Time | Inference Time
Optimizer-based - - 98 sec
Local Direction Model - 10-12h 75 ms
Global Direction Model 4h - 72 ms

After consulting the execution times of Table 4.1 and experimenting with the 3 methods, it was determined
that the use of the global direction model was the optimal choice for this study, due to its favorable combi-
nation of low computation time, good quality of image manipulations and the flexibility offered around the
control of the manipulation’s disentnaglement.

4.2 Stable Diffusion
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Figure 4.2.1: Stable Diffusion’s architecture with encoder, decoder and cross-attention modules

Stable diffusion [4] is a latent diffusion model (LDM) that extends the original DM architecture by introducing
an autoencoder that transfers the diffusion process to a lower-dimensional latent space. The newly introduced
compression models consisting of an encoder E and a decoder D, give access to an efficient, low-dimensional
latent space in which high-frequency, imperceptible details are abstracted away. This alteration provides a
more efficient and effective approach to high-resolution image generation, as it reduces the complexity of the
model while maintaining the quality of generated images. In this case the objective function is expressed by:

L(DM) = Eg(z) cno,1),tlle — €0 (2, 1)[|3
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4.2. Stable Diffusion

To enable conditional image generation, Stable Diffusion employees a cross-attention mechanism, as depicted
in Figure 4.2.1, that allows the model to attend to specific regions of the input information when generating
the image. The cross-attention mechanism involves using the input information to compute attention maps,
which are then used to weight the features extracted from the image. This allows the model to selectively
focus on the regions of the image that are relevant to the input information, leading to more accurate and
coherent image generation. This approach is especially effective when conditioning the image generation
process with many different modalities such as text, other images or semantic maps.

Figure 4.2.2: Generated image for the text prompt "Master Yoda riding a white horse on Mars"
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Chapter 5

Interpretability of Generative Models

5.1 Latent Space

The latent space of generative networks is a fundamental concept in deep learning that has significant impli-
cations for image manipulation and synthesis. The latent space refers to the high-dimensional space of latent
variables that a generative network uses to map from a prior distribution to a data distribution of interest.
These latent variables control various aspects of the generated image, including color, texture, and shape.

One of the key advantages of working in the latent space is the ability to perform targeted image manipula-
tions. By manipulating the latent variables, it is possible to generate new images that differ from the original
in specific ways. For instance, by modifying the relevant latent variables, one can alter the pose or expression
of a face in an image or change the texture or color of an object. Additionally, interpolating between the
latent codes of two images, as shown in Figure x, reveals the ability of the latent space to encode semanti-
cally meaningful image information. Image manipulations using the latent space of generative networks have
broad applications, including image editing, data augmentation, and data synthesis. In computer vision,
generative networks are often used to augment training datasets by generating new images that are similar
to the original data but have specific modifications, thereby improving the robustness and generalization of
deep learning models.

Figure 5.1.1: Linear interpolation in Glow’s latent space between real images [8]

Another important concept in the latent space of generative networks is disentanglement. Disentanglement
refers to the ability to separate the latent variables into independent and interpretable factors of variation. In
other words, disentangled representations of the latent space allow for greater control over specific aspects of
the generated image. For example, a disentangled representation of the latent space for faces might separate
the pose and expression of the face into different factors of variation. This separation would allow for greater
control over the manipulation of these specific attributes.

41



Chapter 5. Interpretability of Generative Models

5.2 Latent Space Exploration

5.2.1 Unsupervised Methods

GANSpace [23] is a straightforward approach, which provides a framework for unsupervised discovery of
interpretable controls for GANs. GANSpace computes the principal directions in the W space of StyleGAN
by sampling a large number of random noise vectors z and performing principal component analysis (PCA)
on the corresponding intermediate latent vectors w. By altering w along the principal directions, GANSpace
allows for the exploration of entanglements between different concepts in the generated images. Notably,
entanglement occurs when a single direction in the latent space affects multiple semantic aspects of the
generated image. To mitigate this issue, GANSpace proposes layer-wise edits, where only certain layers of
the generator network are modified, leading to a more disentangled representation of the generated images.

Voynov [24] proposed an optimization-based method for discovering interpretable directions in the GAN latent
space. The methods aims to find a set of directions A that lead to more distinguishable transformations in
the generated images. This is achieved by jointly optimizing for the directions A and a reconstructor R that
aims to determine the transformation direction given an image and its transformed version.

Disentanglement via Contrast, or DisCo [18], first generates a large number of synthetic images using a
pretrained generative model and then learns a feature extractor using contrastive learning. The feature
extractor is trained to map the synthetic images to a latent space where each dimension corresponds to a
disentangled factor. The contrastive learning objective encourages the feature extractor to produce similar
embeddings for images that share the same disentangled factor and dissimilar embeddings for images that
differ in that factor. By exploiting the pretrained generative model, the method can learn disentangled
representations without requiring additional annotated data or modifying the architecture of the generative
model.

5.2.2 Supervised Methods

InterFaceGAN |[25] is a method for interpreting the disentangled face representation learned by GANs. The
method assumes that hyperplanes in the latent space are the separation boundary for the existence/absence of
semantic features. By adding a vector proportional to the normal vector of the hyperplane corresponding to a
specific feature to the noise vector z, the feature can be controlled while keeping other features unaffected. To
learn the hyperplanes of a pre-trained GAN, InterFaceGAN uses a pre-trained classifier on 500k synthesized
images to obtain attribute scores. Images with high certainty of the presence or absence of attributes are
selected for training. A linear SVM is trained to predict attribute scores given the noise vector of the
synthesized image, and the resulting hyperplanes are the desired directions. InterFaceGAN measures the
entanglement between semantic attributes with corresponding hyperplanes using the dot product of the
normal vectors. Attribute correlation is measured by the correlation of attribute scores predicted by the
SVM, which is similar between a large number of synthesized images and the training set. For StyleGAN,
W space is used instead of Z space.

Yang [26] proposed a method for discovering interpretable directions in the latent space of GANs for attributes
that are not binary. Unlike previous methods, it does not assume linear separability and only requires
positive samples of the attribute to learn the corresponding direction in the latent space. The method uses
adversarial optimization to find the direction ¥ in the latent space that corresponds to the chosen attribute.
The optimization is performed with an attribute assessor, discriminator, and identity loss to ensure that the
transformed image is realistic and similar to the original. The discovered directions for different attributes
show little correlation, allowing multiple attributes to be altered by adding their corresponding ¥9s.

42



Chapter 6

WordNet
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Figure 6.0.1: Hyponym hierarchy for a subset of WordNet

WordNet [19] is a widely-used lexical database that provides a comprehensive understanding of the English
language through the grouping of nouns, verbs, adjectives, and adverbs into sets of cognitive synonyms or
synsets. Each synset represents a distinct concept, and they are interlinked by conceptual-semantic and
lexical relations, creating a network of related words and concepts such as the one depicted on Figure 6.0.1.
WordNet’s network structure allows it to be used in various fields, including computational linguistics and
natural language processing, as it provides a rich resource for semantic analysis.

In WordNet, words are related through various conceptual relations, with the most common relation being
synonymy. Synonyms, which are words that denote the same concept and can be used interchangeably in
many contexts, are grouped into sets of synsets, each containing a brief definition and one or more short
sentences illustrating the use of the synset members. Each form-meaning pair in WordNet is unique, and
word forms with multiple meanings are represented by distinct synsets.

The super-subordinate relation, also known as hyperonymy, hyponymy, or ISA relation, is the most frequently
encoded relation among synsets. It links more general synsets, such as "furniture" and "piece of furniture,"
to increasingly specific ones, such as "bed" and "bunkbed." WordNet distinguishes between Types, which are
common nouns, and Instances, which are specific persons, countries, and geographic entities. Instances are
always leaf (terminal) nodes in their hierarchies. The meronymy relation, which is the part-whole relation,
holds between synsets such as "chair" and "backrest" or "seat" and "leg."
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Chapter 7

Methodology

This thesis presents a novel framework for unsupervised discovery of interpretable latent directions in the
latent space of Glow, guided by natural language. Our approach leverages the image generation and manipu-
lation capabilities of StyleCLIP, a text-conditional model, to create a dataset comprising of manipulated and
non-manipulated versions of images. These images are then used to compute the prevalent latent direction
in Glow, corresponding to a semantic attribute of an image expressed as a textual description. To the best
of our knowledge, this is the first method for discovering latent directions in Glow that can be guided by
natural language.

Furthermore, we investigate the variability of Stable Diffusion’s text-conditional image generation capabilities
across different areas of its sample distribution. We utilize WordNet’s hierarchical knowledge to explore how
closely related textual concepts and their differences are represented in the image space, and we attempt to
quantify these qualities. Our study provides insights into the semantic properties of Stable Diffusion’s image
space and sheds light on the extent to which textual concepts are reflected in the generated images.

7.1 Glow: Latent Space Exploration

7.1.1 Image Manipulation with StyleCLIP

The proposed methodology for discovering interpretable latent directions in Glow is initiated by providing a
pair of textual descriptions, which we refer to as a query. The query comprises a target prompt that specifies
the desired attribute and a source prompt that serves as a reference description and should be neutral.
The corresponding latent direction As in StyleGAN’s style space [27] is obtained by feeding the query to
StyleCLIP’s Global Directions algorithm.

After obtaining As, a set of images Doyrce 18 generated with unconditional image generation using StyleGAN,
while storing the corresponding style space codes in the process. By adding As to each latent code and
generating the corresponding images, a set of images D;4pge¢ is obtained, manipulated to conform to the
target prompt.

The Global Directions algorithm is parameterized by two variables: the manipulation strength, which controls
the scale of the resulting latent direction, and the disentanglement threshold, which affects the number of
style space channels that are manipulated. A higher disentanglement threshold results in fewer manipulated
channels and higher disentanglement, implying that other attributes other than the target are not affected
as much. Large scale manipulations require lower disentanglement thresholds, whereas manipulations that
affect small details require higher thresholds. Hence, it is not possible to select a single best pair of pa-
rameter values that work for all cases. For this work, we adopted a heuristic approach to identify the most
appropriate parameter values for each query. However, an improved approach would be to determine the
optimal parameters that maximize the Manipulation Disentanglement Score of the obtained latent code As
of StyleCLIP. The Manipulation Disentanglement Score is a quality metric for latent directions, described in
section 7.1.3.

45



Chapter 7. Methodology

(b) Dtarget

Figure 7.1.1: Example images taken from the datasets Dgoyrce and Digrget. Diargetr Was generated via the
Global Direction algorithm with the target prompt: "a person with yellow blonde hair"
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It is crucial to ensure that the generated image datasets Dgource and Dygpger conform to Glow’s modeled distri-
bution. In this work, we employed a StyleGAN and Glow model trained on human face datasets, specifically
Flickr-Faces-HQ (FFHQ) and CelebA-HQ, respectively. Therefore, even with StyleCLIP’s unconditional
image generation, the resulting dataset Dgpyrce falls within the distribution modeled by our Glow model.
However, if we were to use a different model, such as Stable Diffusion, the resulting image dataset Dgpyrce
might not fall within the distribution of the much smaller Glow model. This is because Stable Diffusion is
trained on a broader and more diverse set of images. To ensure that the generated image dataset Dgoyrce
conforms to the distribution modeled by Glow, we should employ text-conditional image generation when
using Stable Diffusion. This ensures that the generated images are more likely to fall within the modeled
distribution of Glow, despite the differences in the training data of the two models.

7.1.2 Latent Direction Computation

To obtain the corresponding latent direction in the latent space of Glow, it is necessary to first obtain the
representations of the images in the latent space of Glow. This is made possible by the invertibility of Glow,
which enables latent code inference. Once the latent codes zs 1,252, ..., 25,8 for the Dyoyree dataset and
2415 2,25 o, 2N for the Dygpger dataset have been obtained, the prevalent latent direction Az between the
two datasets can be computed using the following expression:

N
1 .
Az= NZAZ“ where Az; = 2y — 2z, fori = 1,2,..., N

=1

After obtaining the latent direction Az which corresponds to the target prompt we can now use Glow to
perform manipulations of varying intensity by adding scaled versions of Az to an images latent code.

7.1.3 Manipulation Disentanglement Score

The manipulation disentanglement score is a metric that is used to evaluate the quality of a latent direction
Az. The score is obtained by adding Az to the latent code of a large number of images at progressively
larger scales, thereby generating manipulated versions of the images with varying manipulation intensities.
For each manipulation intensity, CelebA-HQ 40 pre-trained facial attribute classifiers are used on all images
to help compute two quantities: the accuracy of the manipulation and the disentanglement measure of the
manipulation.
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Figure 7.1.2: Illustration of the Manipulation Disentanglement Score [15]

At the ith intensity level, which corresponds to manipulating images by adding [; Az to their latent codes, the
accuracy of the manipulation is defined as the percentage of manipulated images where the target attribute
score, as computed by the pre-trained classifiers, increased by a predetermined threshold. The disentan-
glement of the manipulation is defined as the percentage of attributes, other than the target attribute,
that remained unaffected by the manipulation. We compute the accuracies and disentanglement scores at
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each intensity level and then plot the disentanglement scores over the accuracies to obtain the Manipula-
tion Disentanglement Curve (MDC). The area contained under this curve is defined as the Manipulation
Disentanglement Score (MDS).

In this study, we also adopted a modified version of MDS for evaluation, as initially proposed by Li [15].
Unlike the conventional MDS approach, which employs pre-trained attribute classifiers for disentanglement
computation, our method leverages image similarity between the manipulated and non-manipulated images
as a reliable proxy. Specifically, we utilized Inception-Resnet-v1 [28] pre-trained on VGGFace2 [29] to extract
feature embeddings, followed by calculating the cosine similarity of the respective feature embeddings to get
the image similarity.

7.2 Stable Diffusion Analysis

The goal of this section is to systematically explore the text conditional image generation capabilities of
the Stable Diffusion (SD) model across different areas of its distribution using WordNet’s taxonomy. To
achieve this, we start with a general concept represented by a synset in WordNet, and recursively visit each
node’s hyponyms to create a hierarchy of related words. We limit our exploration to a maximum depth of
2 and consider only synsets with lemmas’ frequency of occurrence above a chosen threshold for very dense
hierarchies. Figure 7.2.1 presents an example of such a hierarchy.

To aid in the image generation process, we store the description for each synset-node. We use checkpoint
1.4 of Stable Diffusion as the basis for image generation and employ a pre-trained image feature extractor to
generate image embeddings. We then conduct various experiments on these embeddings.

Apartment Building

Architecture

Ministry
[Fermnouse |
[Svseraper] =]

Figure 7.2.1: Example hyponym hierarchy generated from root synset "building"
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7.2.1 Prompt and Image Generation with Stable Diffusion

This section of the thesis outlines the process of generating synthetic images using Stable Diffusion’s text-
conditional image generation. We used synsets retrieved from WordNet and concatenated each synset’s name
with its description to form a text prompt. We found that appending the word "photograph" at the end of the
prompt improved the quality of the resulting images. However, we also observed that the synset descriptions
could sometimes be vague or misleading, leading to poor quality images. To overcome this limitation, we
employed Composable-Diffusion [30], a framework that allows for the combination of multiple prompts by
assigning weights to each of them. In our case, we combined the original prompt with another version that
only included the synset’s name.

To determine the image generation parameters, we performed a grid-like search over different sampling
methods, the number of sampling steps, and the classifier free guidance (CFG) scale. The CFG scale controls
how strongly the image should conform to the prompt, affecting the variability of the resulting images. To
ensure consistency and eliminate randomness, we set a constant seed during the search process. The final
parameter values used for image generation were the following:

Parameter Value
Sampler LMS
Sampling Steps 35
CFG Scale 5.5

Once the synthetic images were generated, we utilized VGG16 [16], a convolutional neural network that was
pre-trained on ImageNet [17], to extract image features in the form of low-dimensional vector representations.
These vector representations were used for subsequent visualizations and experiments. It’s worth noting that
in this chapter, we will be using the terms "image" and "image feature vector" interchangeably since the
feature vector captures the essential information in the image, and is a compact representation of the original
image.

7.2.2 Classification to Hypernyms

In this experiment, we aimed to test whether the semantic content of the generated images adhered to
the hierarchy dictated by their corresponding synsets. Specifically, we hypothesized that the distribution
of images generated from a synset should be a superset of the distribution of images generated from its
hyponyms.

To quantify this property, we first trained a classifier on a dataset of images D generated from a set of synsets
T, that have at least one hyponym in our WordNet hierarchy. The classifier was trained to predict each image’s
corresponding synset. Next, we evaluated the same classifier on a dataset of images D}, generated from the
set of hyponyms of Ty’s synsets (7}). A high classification accuracy would indicate that the distributions of
each synset and its hyponyms were accurately represented in the image space of Stable Diffusion.

For visualizations, like the on in Figure 7.2.2, we utilized dimensionality reduction algorithms such as PCA
and t-SNE to project the images in 2D space.

To efficiently test multiple model pipelines and select the optimal hyperparameters, we utilized auto-sklearn
[31], an automated machine learning (AutoML) framework. Auto-sklearn uses Bayesian optimization meth-
ods to explore the hyperparameter space and various model architectures while taking into account past
performance on similar datasets. The framework also constructs an ensemble of the highest-ranking models
for improved performance.

7.2.3 Clustering Hyponyms

The objective of this experiment was to assess whether the images generated from semantically similar
concepts remained close to each other in the image space. To achieve this, we performed unsupervised
clustering on the dataset of images D}, generated from the hyponyms of T§’s synsets or T,. We then compared
the learned clusters with the true clusters, which were formed by the hypernyms of Dj’s images.
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(a) Ds

Figure 7.2.2: Distribution of images generated from synsets of Ty (left) and T}, (right). The WordNet graph

(b) Dn,

used in this case was generated from root "dog".

To measure the similarity between the predicted and true clusterings, we utilized the adjusted rand index,
which computes a similarity measure between two clusterings by considering all pairs of samples and counting

pairs that are assigned in the same or different clusters in the predicted and true clusterings.

We performed a grid search to identify the optimal clustering algorithm and hyperparameter values. In
addition, we used under sampling to address any class imbalances that may have existed in Dy, which was

used for training.

In the case of hierarchical clustering, specifically agglomerative clustering, we obtained a hierarchy of image
clusters. This hierarchy could be compared with the original hierarchy from WordNet, providing insights

into the model’s ability to generate semantically meaningful clusters of images.
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Chapter 8

Results

8.1 Glow: Latent Space Exploration

This section presents a comparison between the proposed latent direction discovery method and established
methods, based on both qualitative and quantitative results obtained through image manipulations using the
discovered latent directions in Glow. The focus of the analysis is on the effectiveness and robustness of the
latent directions, which are tested by gradually increasing the intensity of the manipulation and observing
the corresponding changes in the images.

8.1.1 Qualitative Results

The manipulation results presented in Figures 8.1.1 and 8.1.3 results show that, while some of the images
appear realistic, several become deformed at large manipulation intensities, revealing the limitations of the
method. Additionally, the attribute entanglement becomes apparent at this scale, as illustrated by the
correlation between the "Male" and "Beard" attributes in Figure 8.1.3.

(a) Smile (b) Dark Hair

Figure 8.1.1: Manipulations of different discovered facial attributes
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Chapter 8. Results

To establish a reference point for comparison, this study implements the method presented in the Glow paper
by Kingma et al. [8], which we refer to as GlowCeleb. In GlowCeleb, Dgoyrce and Dygrger are populated
with images from CelebA-HQ, a dataset that provides facial attribute scores for its images. This approach
ensures the quality of the two datasets but limits the possible manipulations to the attribute labels used in
CelebA-HQ.

Original Ours GlowCeleb

Smile

Smile

Man

Dark Hair

Figure 8.1.2: Comparison of our direction discovery method with the one used by Kingma in [§]

Despite the potential advantages of GlowCeleb, such as the use of labeled data to determine the corresponding
latent direction, the proposed framework offers comparable manipulation quality while providing additional
flexibility since the direction discovery is entirely dependent on the input text query. Its effectiveness is highly
dependent on the quality and capacity of the text-conditional generative model employed and as these types
of generative model continue to evolve and improve, the proposed framework’s effectiveness is expected to
increase correspondingly.
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8.1.2 Quantitative Results

In this section, we present a quantitative evaluation of our model by computing and comparing the Manipu-
lation Disentanglement Score (MDS) defined in Section 7.1.3 for different queries and across different latent
direction discovery methods.

Table 8.1: MDS using CelebA-HQ facial attribute classifiers. The generative model whose latent space was
used for the manipulations and the dataset it was trained on is also included. Higher MDS is better.

Manipulation Disentanglement Score 1

Method Model Dataset Smile Young Dark Hair Gender Overall
DisCo StyleGAN2 FFHQ 0.68 0.51 - - 0.60
GANSpace StyleGAN2 FFHQ 0.24 - 0.54 0.84 0.54
InterfaceGAN Progressive-GAN  CelebA-HQ  0.85 - 0.88 0.88 0.87
SGF Progressive-GAN  CelebA-HQ  0.90 - 0.90 0.88 0.89
GlowCeleb Glow CelebA-HQ  0.66 0.88 0.75 0.88 0.79
Ours Glow CelebA-HQ  0.60 0.89 0.58 0.95 0.75

Table 8.1 presents the MDS for four facial attributes. These specific attributes were chosen because Ren
[18] and Li [15] had reported their results on them. We observed that the MDS varied greatly depending on
the examined attribute. Our method performed better on larger scale, structural facial manipulations but
weaker on more detailed ones.

In addition to the MDS, we also computed the manipulation disentanglement curves (MDCs) for some of the
discovered latent directions, as shown in Figure 8.1.4. We remind the reader that the MDS is defined as the
area under the curve (AUC) of the MDC.

For GlowCeleb and our method, we also computed an alternate version of the MDS and MSC, which uses
image similarity instead of a pre-trained attribute classifier to estimate the manipulation’s disentanglement.
To compute image similarity we extracted image features and calculated the cosine similarity between images
as described in Section 7.1.3. Table 8.2 presents the MDS using image similarity. We observed that the MDSs
using image similarity were lower than those computed using classifier-based manipulation disentanglement.
However, relative to GlowCeleb, our method showed similar results.

Table 8.2: MDS using Image Similarity

Manipulation Disentanglement Score 1

Method Smile Young Dark Hair Gender Overall
GlowCeleb  0.62 0.86 0.62 0.77 0.71
Ours 0.58 0.85 0.50 0.82 0.69
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(b) Blonde Hair

Figure 8.1.3: Manipulations of different facial attributes at high intensity values
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Figure 8.1.4: Manipulation Disentanglement Curves which visualize the robustness of the manipulation at
high intensitities

8.2 Stable Diffusion Analysis

We mainly experimented on the graph that was generated from the "dog" synset depicted in Figure 8.2.1.
Some sample images generated with SD for this hierarchy are also presented in Figure 8.2.2

We proceed to perform feature extraction using VGG16. We apply PCA on the extracted image features in
order to reduce their dimensions and visualize them.

8.2.1 Classification Results

We utilized auto-sklearn for optimization. The highest performing model was an ensemble of classifiers
consisting of Linear Discriminant Analysis, Extra Trees, Passive Aggressive, and Random Forest Classifiers.
The classifier was trained on the image dataset D, which contained all images generated from synsets that
have at least one hyponym (7T%) in our chosen WordNet hierarchy.

55



Chapter 8. Results

a

o
Rhodesian Ridgeback

poreemheon Grifon
o
[Fa]
[ereren]
o
O it )
o —
Sled Dog
IPﬂn:h] [Gruthrnnl-:]
[xcesnene]
T
[Sermenmonse]
[Pupey] [Workang Bas |
oy Des
[Eoxer o maasr]
[atese {ratinese]
[Great of Guiae Dog
[swm ] oy s ov Trre |

Figure 8.2.1: Hyponym hierarchy generated from root synset "dog"

Afterwards, it was evaluated on the image dataset Dy which contains all images that were derived from all the
hyponyms of Ts’s synsets. The resulting classification metrics are presented in Table 8.3 and are interpreted
below. Additionally, the classifier’s predictions are visualized in Figure 8.2.3.

Class Dataset D, Dataset D),
Precision Recall F1-Score Precision Recall F1-Score

Corgi 1.00 0.92 0.96 0.97 0.62 0.75
Cur 0.90 1.00 0.95 0.04 0.14 0.06
Dalmatian 1.00 1.00 1.00 0.95 1.00 0.97
Griffon 0.95 0.88 0.91 0.05 0.18 0.08
Hunting Dog 0.72 0.78 0.75 0.53 0.33 0.41
Poodle 0.97 0.91 0.94 0.99 0.98 0.99
Spitz 0.94 0.94 0.94 0.59 0.99 0.74
Toy Dog 0.85 0.89 0.87 0.75 0.66 0.70
Working Dog 0.71 0.74 0.73 0.80 0.44 0.57
Accuracy - - 0.89 - - 0.57
Macro Avg. 0.89 0.90 0.89 0.63 0.59 0.59
Weighted Avg. 0.90 0.89 0.89 0.71 0.57 0.61

Table 8.3: Classification metrics for datasets Dy and D). The classifier was trained on a subset of D,.

We based our conclusions primarily on the weighted averages of the metrics, given the class imbalance
present in the test set Dj. Our analysis indicates that the classifier performs exceptionally well in modeling
the distribution of Dy. However, the classifier’s scores on Dy, which represents hyponym generated images,
are not as high. This implies that for certain synset and hyponym pairs, the synset images distribution is
not a superset of the hyponym images distribution.

To approximate the degree to which the image distribution of a synset contains the image distribution of its
hyponyms, we can use the recall score achieved by the classifier on the test set D) for each synset. This is
because the recall score on D} quantifies the percentage of hyponym images that were correctly classified
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8.2. Stable Diffusion Analysis

Figure 8.2.2: Images generated from synsets derived from root synset "dog"

to their hypernym synset. If the image distribution of a synset includes the image distribution of all of its
hyponyms, then we would expect a recall score of 1 on this particular synset class on the test set Dj,.

The recall metric’s weighted average on the test set Dy, is 0.57, indicating that the image distribution derived
from a synset, on average, encompasses 57% of the image distribution derived from the synset’s hyponyms.
This metric can be viewed as an estimation of how effectively Stable Diffusion encodes WordNet’s hierarchy
for this specific subgraph derived from the root "dog."
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W Working Dog

(a) True Synset (b) Predicted Synset

Figure 8.2.3: Classification of images of Dy, into their hypernyms in our WordNet hierarchy
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Chapter 8. Results

8.2.2 Clustering Results

For the clustering task, we conducted a grid search to determine the optimal feature preprocessing pipeline and
hyperparameters for the agglomerative clustering algorithm. Through this process, we were able to develop a
model that achieved an adjusted rand index score of 0.45, indicating a moderately strong correlation between
the clusters and the synsets they contain.

To facilitate interpretation and analysis of the resulting clusters, we named each cluster after the most frequent
synset it contained. This approach allows us to quickly identify the main themes or categories represented
in each cluster, providing insights into the underlying patterns and relationships between the images.

We visualize the dendrogram that corresponds to the hierarchical clustering process in Figure 8.2.4. The
names of the leaves are of the form Synset/HyponymSynset. However, the clustering was derived by training
only on hyponym images (Dy). We include each hyponym’s hypernym to visually demonstrate that the
algorithm can successfully group the hyponym clusters into hypernym clusters.
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|_|: PoodlefToy Poodle

Poodle/Standard Poodle
I_E Poodle/Large Poodle

Poodle/Standard Poodle

Working Dog/Saint Bernard
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Working Dog/Boxer
_E Working Dog/Boxer
Working Dog/Boxer
_|: Working Dog/Bull Mastiff
Working Dog/Bulldog
—: Dalmatian/Liver-5potted Dalmatian
Dalmatian/Liver-Spotted Dalmatian
| Hunting Dog/Dachshund
Hunting Dog/Rhodesian Ridgeback
L|_|: Working Dog/Great Dane
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Working Dog/Guide Dog
Hunting DrogfHound
Working Dog/Seizure-Alert Dog
Working Dog/Shepherd Dog
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S — s el
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Figure 8.2.4: Hierarchical Clustering Dendrogram
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Chapter 9

Conclusion

9.0.1 Discussion

In this work, we proposed a novel unsupervised method for latent direction discovery in the latent space
of Glow, which is entirely text-conditional. Our method leverages a textual description to discover a latent
direction that controls the described semantic attribute of the image. To our knowledge, this is the first work
that follows a text-guided approach for the Glow model. Prior works utilized other methods to find latent
directions. Unsupervised methods typically lack the ability to automatically name directions and require user
annotations on the discovered directions. Moreover, they do not provide insights regarding the properties
of the latent space. Our text-guided method bypasses these issues and achieves results comparable to other
state-of-the-art direction discovery methods. These findings are supported by a quantitative comparison
using a robust, model agnostic metric called manipulation disentanglement score.

Additionally, we investigated the variability of Stable Diffusion’s text-conditional image generation capabili-
ties across different areas of its sample distribution. We utilized WordNet’s hierarchical knowledge to explore
how closely related textual concepts and their differences are represented in the image space, and quantified
these qualities. Our experiments showed that for a subset of WordNet, Stable Diffusion managed to produce
diverse results when fed closely related concepts, as evidenced by the achieved classification scores on the
generated images. However, we found that WordNet’s hierarchy is not always modeled correctly by Stable
Diffusion. For a number of synset and hyponym pairs, the image generations derived from the synset were
not necessarily more general than the image generations of its hyponym, indicating the existence of a bias
towards certain hyponyms and away from others. We measured the level of bias for a subgraph of WordNet
derived from the root "dog," but the execution of the pipeline for different concepts is straightforward.

9.0.2 Future Directions

In this section, we suggest a few possible directions to further improve on this work. Regarding our latent
direction discovery method, we could explore the use of text-conditional image generation models other than
StyleCLIP. For example, incorporating diffusion models for image manipulation as part of our proposed
pipeline could yield interesting results. Additionally, while the textual descriptions used in this work were
relatively simple, our method’s text-conditional nature allows for the use of more detailed inputs that describe
more complex attributes. Therefore, evaluating the performance of our proposed method on such complex
inputs could provide insight into its limitations. Furthermore, we can improve the proposed method by
automatically choosing the parameters of StyleCLIP’s Global Direction algorithm. Specifically, we can select
the optimal set of parameters that maximizes the manipulation disentanglement score of the resulting latent
directions.

Expanding on the future directions for the evaluation of Stable Diffusion, we can investigate the effectiveness
of the model on larger subsets of WordNet to gain a more comprehensive understanding of its performance.
This could involve analyzing the model’s ability to generate diverse and high-quality images for a variety
of synsets and hyponyms belonging to subsets of WordNet, and comparing its results with those of other
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Chapter 9. Conclusion

text-guided diffusion models. Furthermore, to address the observed bias towards certain concepts detected
in this work, we can investigate different strategies for improving the training process of Stable Diffusion.
For instance, we can balance the distribution of concepts in the training data or use more sophisticated loss
functions that encourage diversity and fairness.
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