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Per-lThyh

Kadoe o Hopoywywd Avuinedxd Alxtua (ITAA) éyouv anoderyVel avd va mapdyouv Selypoto
vdPnAfc TotdTnToC, xaTdpepay Vo TeoBHEOLY UEYEAN TEOCOYT and TNV EVpEi EMLOTNUOVLXT xovdTnTa To!
tehevtalor 10 ypdvia. ‘Oung tedo@ota, ERQAVIcTNHOY aXOUT TUO LOYUEE XL IXAUVA TRy YN LOVTEN,
omwe to povtéha dudyvone (MA), mou anoteloly amelhy yioo v xuptapyla tov IIAA oty Topayw-
v cuvdeTixdy dedouévwy. To MA Beloxouv yeryopa yerion oe eQopuoYés Tng Gpdong UTOAOYLE TGOV
onwe: anodopuPonoinom exdvac, UTER-AVAAUGT] EIXOVAC, CNUACLOAOYLXT] TUNUATOTOMOY), ONUACIONOYIXT
oLVieon exovag xoddg Xal UETAPEAOT) ELXOVOG-CE-EXOVAL.

Ye auth ) dwtpBr) ecTidloure ENTd 0T UETAPEACT] ELXOVOG-OE-EXOVA XOL TO GUYXEXPLUEVA OTN|
YELROYWYTNON EXPEACEWY TOU TPOCMTOL (YVOOTA xoil ¢ avamapdo taon tpocmrov). H gutopealotxy
oVATOPdo TAOY TPOCKOTOL Untoeel, petagd dAAwY, va yenowworomdel yia Puyaywyols oxonols, ahhn-
hedpdoelc ovlp®nou-UToAoYLoTH Xt xvolueva oyédlo tpookhtou. Autdc o Touéag €yel npoceAxdael
ONUAVTIXY TTEOCOoY ) TOGO Amd TIC AXUONUAIXES 600 XalL Amd TIC PBLOUNYAVIXEC-EPEUVITIXES XOWOTNTESC Kol
el TopdEel EXTANXTIXG amoTehéouaTo Tou BlELElVOUY To EVPOS TNG EQeVpETXhG enelepyaociog edvag
xou TN Onutovpyloc mepieyopévou. Emmiéov, eufadivoupe ot olvieon oplholvVIwy TEooOR®Y, UL
TPOGQUTO AVABUOUEYY EQappoYh Twv MA mou amolopfBdvel eniong €éva eupd QAoUN UETAYEVECTERLV
XENoEWY, OTKC TG TNAESLHOHEPELS, HETAYADTTION TavIaY xat eixovixolg Bondolc. Il cuyxexpipéva:

e Ilpaypatonoiooue TELOGUATA OYETIXE UE TNV AVATOPIO TUOY TEOCMTOL YE BAon Tic TAHEWE ove-
Eéheyutec ouvixeg g Bdone dedouévwv A [edtNet. Ilewpduata yio ) cbvdeor opthodvtog tpo-
OMTOU TpYHATOTOUNXAY OE T EAEYYOUEVES/EpyaoTNplaxés Tpodlarypapéc, ue Pdon 1o olvolo
dedopévwy MEAD, xou AapBdvovtag uvnddn wévo Tig axoroudies Bivieo mou anewdvilay petomxés
6elc Tpoodnou.

e Ané 600 yvwplloupe, 1 epyooia poc otnv AledtNet anotelel 10 TpdTo OAOXANEWUEVO GUVONO
nelpopdTwy ou diehydn oto mpoavapepdéy cUVORO Bedouévy GTO TAUCLO TNG AVATAUEAGTACNS
npoownou Bdoet MA.

* AZonooope mpoexnadeupéva povtéha CLIP ye otdyo v xokitepn xadodrynon twv uroxelye-
VOV SLABLXAOLOY CUVOLCUNUATIXAC YELRAYWYNONG, EUTVEOUEVOL Al Yol ETEXTEVOVTOC TO HOVTENO
Di [udionCLIP.

e Yuyxpivope ) uédodd pog pe Ty teheutaio AéEN tne teyvohoyiag 6cov agopd ITAA, Eenepvrvtag
TO TEAELTAOL (C TEOC TNV TOLOTNTA EXOVAC ol TN BlaTAENON TNG TOWTOTNTAC TWV UTOXEUEVLVY
eOVILOUEVWY TIPOCMTWY, EMTUYYAVOVTOSC TUPGAANAAL AVTUYWOVIOTIXA UTOTEAEGUOTO OGOV aPOpd.
v axpifelo UETAPEAOTE TWY CUVALGUNUETWY.

* An6 600 yvwpllouye, mpotelvoupe TNV TedTy £yxuen pedodoloyio npocapuoyrc mou Poaoileton
OTNY AVAYVWoT TwV XELM®Y, oTo Thaiolo tne obvieone opholvioc npocwnou ye Movtéha Aov-
Bdvovoag Aidyvorng.

Aggeig KAewdid - avanopdotacy teocohnou, oOviesn olAolvVToS TpocHNou, WOVTEAA Bidyuong, Ppw-
TOPEAALOUOC, YELRAYOYNOT cuvanoUnudtey, xadodrynorn CLIP, avdyvworn yeilbv



Abstract

As generative adversarial networks (GANSs) have proven capable of generating high-quality samples,
they managed to draw a lot of attention in the last 10 years. But recently, even more potent generative
methods, like di [udion models (DMs) have emerged, posing a threat to the dominance of GANSs in the
production of synthetic data. DMs are quickly finding use in both low-level and high-level vision tasks
because of their incredible generative capabilities, including but not limited to image denoising, image
super-resolution, semantic segmentation, semantic image synthesis and image-to-image translation.

In this thesis we explicitly focus on image-to-image translation and more specifically on facial
expression manipulation (also known as face reenactment) on the basis of “in-the-wild” images. Photo-
realistic face reenactment can be used for entertainment purposes, human-computer interactions, and
facial animations, among other things. This area has been attracting considerable attention both from
academic and industrial research communities and has produced stunning outcomes that broaden the
scope of inventive image editing, and content creation. Moreover we delve into talking face synthesis,
a newly emerging application of DMs that also enjoys a wide range of downstream uses, such as
teleconferencing, movie dubbing and virtual assistants. More specifically we:

< Conduct experiments relative to face reenactment on the basis of the fully uncontrolled, “in-the-
wild” settings of the A [edtNet database. Experiments for talking face synthesis were performed
on more controlled/lab settings, on the basis of the MEAD dataset, and only considering video
sequences that depicted frontal face views.

e To the best of our knowledge, our work on A [edtNet is the first fully-fledged set of experiments
conducted on the aforementioned dataset in the context of di [Ldion-based facial reenactment.

e We leveraged CLIP pre-trained models with the aim of better guiding the underlying emotional
manipulation processes. We drew inspiration from and extended the Di[udionCLIP framework.

e We compared our method with SOTA GAN-based models, surpassing the latter in terms of
image quality and subject identity preservation, while achieving competitive results regarding
emotion translation accuracy.

< To the best of our knowledge, we propose the first proper lip reading-based finetuning method-
ology, in the context of talking-face synthesis with Latent Di[udion Models.

Keywords - face reenactment, talking face synthesis, di[udion models, photorealism, emotion ma-
nipulation, CLIP guidance, lip reading
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MD
PAD
APMD
AEMD
MLD
PKM C
AAO
DM
DDPM
DDIM
LDM
NCSN
VAE
HVAE
GAN
EBM
MCMC
ELBO
FID
KID
LPIPS
PSNR
SSIM
ODE
SDE
VE

VP
CLIP
ASR
CGF
MLP
CNN
evidence
face reenactment

talking face/head

viseme

Montelo / a Di"qushc

Paragwgiki (") Antipaliki (*) DPktuqa)
ApojorubopoioOmen(a) Pijanotiki (*) Montélo (a) Di"qushc
ApojorubopoioOmen(e) 'Emmes@) Montélo (a) Di"qushc
Montélo (a) Lanj"nousac Di"qushc

Prosarmog KajodhgoOmenh api Montéla CLIP

Autimath Anagn,rish OmilDac

Di usion Model

Denoising Di usion Probabilistic Model(s)

Denoising Di usion Implicit Model(s)

Latent Di usion Model(s)

Noise Conditional Score Network

Variational Autoencoder

Hierarchical Variational Autoencoder

Generative Adversarial Network

Energy-Based Model

Markov Chain Monte Carlo

Evidence Lower Bound

Fréchet inception distance

Kernel Inception Distance

Learned Perceptual Image Patch Similarity

Peak Signal-to-Noise Ratio

Structural Similarity Measure Index

Ordinary Di erential Equation

Stochastic Di erential Equation

Variance Exploding

Variance Preserving

Contrastive Language-lmage Pre-training

Automatic Speech Recognition

CLIP-guided Finetuning

Multi-layer Perceptron

Convolutional Neural Network

The log-likelihood of the observed data

To transfer a target expression and pose to a source face,
while preserving the identity/appearance of the latter

A person, shown only from the shoulders up, who speaks without
the use of any illustrative material

A viseme represents the position of the face and mouth when saying a word;
it is the visual equivalent of a phoneme
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Ektetamenh Perblhyh sta
Ellhnik™

A Eisagwg

Ta baji” paragwgik™ montéla apoteloOn éna api ta pio endiaféronta upologistik™ ergaleba s me-
ra, dbnontac ,jhsh akimh kai sthn anjr pinh efeuretikithta. Kaj,c ta Paragwgik™ Antipalik™
Dbktua (PAD) éqoun apodeigjeb ikan™ na par"goun debgmata uyhl c poiithtac, kat*feran na tra-
b xoun meg’lh prosoq ta teleutaba 10 grinia. 'Omwc prisfata, emfanbsthkan akimh pio isquréc
paragwgikéc méjodoi m’jhshc, ipwc ta montéla di"qushc apotel ntac apeil gia thn kuriargba twn
PAD sthn paragwg sunjetik,n dedoménwn.

Ligw thc pio sunepoOc kai eOkolhc ekpabdeus ¢ touc sugkritik® me ta PAD kai twn uyhliterhc
poiithtac deigm™wn pou par"gontai, ta montéla di"qushc anérgontai gr gora se dhmotikithta. Aut®
ta montéla ebnai se jésh na xeper“soun orismeénec gnwstéc ellebyeic twn PAD, ipwdat rreush lei-
tourgbDag to kisth thc antagwnistik ¢ m-jhshc kai h apotugba sOgklishc. Se antbjesh me ta PAD, ta
opoba majabPnoun na anaktoOn ta argik™ dedomeéna api ta jorub,dh, molOnontac ta dedoména ekpabdeu-
shc me jirubo Gauss ta montela di’qushc grhsimopoioOn mia diaforetik proséggish ison afor” thn
ekpabdeush. Aut” ta montela bréjhke epBbshc iti ebnai kat'llhla api thn “poyh thc epektasimithtac
kai tou parallhlismoO, gegonic pou aux™nei thn elkustikitht™ touc. Epipléon, epeid to jemélio thc
ekpaideutik c touc diadikasbac ebnai h diirjwsh tugabwn parapoi sewn pou éginan sta arqik™ dedomena,
majaPnoun mia katanom thc opoPac ta deDgmata moi“zoun polO me ta pragmatik”, epoménwc ta deDgmata
pou dhmiourgoOntai mporeD na ebnai, en télei, arket” realistik”. Ligw aut,n twn garakthristik,n, ta
montéla di"qushc ePgan shmantiki antBktupo kai apoteloOn th teleutaDa Iéxh thc tegnologbac sthn
paragwg eikinwn, kataférnontac ekplhktik™ apotelésmata.

Ta montela di"qushc brbskoun gr gora gr sh se pollapléc efarmogec ligw twn apBsteutwn dh-

miourgik,n touc dunatot twn, ipwc endeiktik® h apojorubopobhsh eikinac [65, ], h zwgrafik
[44], h uper-an”lush eikinac [91, ], h shmasiologik tmhmatopobhsh [9, 56, ], h shmasiologik
sOnjesh eikinac [125] kai h met'frash eikinac-se-eikina [19, 76, , ]. Den apoteleb ékplhxh,

iti up rxe mia suneq ¢ aOxhsh ston arijmi twn ereunhtik,n dhmosieOsewn pou gbnontai se autin ton
toméa met” thn shmantik anak’luyh twn pijanotik,n montélwn di"qushc [65] énanti thc argik c idéac
thc montelopobhshc di"qushc [146], me apotélesma néa sunarpastik™ montéla anadOontai k’je méra.
Idiabtera me t&LIDE [110],DALL-E 2 [122],Imagen[131] kaiStable [125] kai ta montéla pou epétre-
yan th dhmiourgba keiménou-se-eikina uyhl ¢ poiithtac, h montelopobhsh me b’sh th di"qush gn.rise
shmantiki enjousiasmi sta mésa koinwnik ¢ diktOwshc. Oi tegnikéc dhmiourgbBac keiménou-se-bbnteo
kai keiménou-se-3D, ipwc tolmagen Video [67], Make-A-Video [145], kai DreamFusion [118] oi opo-
Pec par"goun bbnteo kai 3D anaparast’seic pou fabnontai apBsteuta realistikéc, apoteloOn prisfato
shmebo suz thshc gOrw api ta montéla di‘qushc. To Sq. A.1 epexhgeb epimelhména paradeBgmata pou
antistoiqoOn se orisménec api tic proanaferjebsec diergasbPec kai montéla.

H tréqousa diatrib peristréfetai gOrw api th geirag,ghsh thc ékfrashc tou pros,pou se ei-
kinec kai bbnteo. Gia to skopi auti, ja prospaj soume na axiopoi soume thn ekfrastik dOnamh twn
montélwn di"qushc, ta opoPa éqoun dh epidebxei sunarpastik poiithta sth sOnjeth montelopoPhsh
eikinwn, all> exakoloujoOn na paraménoun éna k™pwc néo kai anexereOnhto méroc thc diajésimhc bi-
bliografbac. Stic epergimenec paragr-fouc autoO tou eisagwgikoO kefalabou, ja suzht soume en
suntomba tic mejodologbec geirag,ghshc pros,pou, all” ja exet'soume epbshc tic tegnologbeteep-
fake gia thn enallag pros,pou, kaj,c kai pijan” ofélh kai apeiléc pou prokOptoun wc epakilouja
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Sqma A.l: Epimelnména paradeBgmata api sOnjesh eikinac, kePmeno-se-eikina kai kePmeno-se-bPnteo basisména se
[33, 65, 67, , 145]. Phg: [164].

thc efarmog ¢ aut ¢ thc tegnologbac.

A.1  Deepfakes

Ta DeepfakesapoteloOn uperrealistik™ bBnteo pou égoun tropopoihjeD yhfiak™ gia na anaparistoOn
“toma pou I&ne kai k’noun prigmata pou den &goun sumbeb poté sthn pragmatikithta. QrhsimopoioOn
tegnikéc baji'"c mjhshc me stiqo thn paragwg {yeOtikwn} ( fake) eikinwn. Pio sugkekriména, oi
mejodoi deepfake grhsimopoioOn neurwnik™ dbktua gia na m’joun na anapar’goun tic ekfr'seic tou
pros, pou, tic idiaiterithtec, ton tripo omilDac kai diakum™nseic aut ¢ analOontac ter"stiec posithtec
deigm"twn dedoménwn. Prokeiménou na ekpaideuteD éna sOsthma baji’c m’jhshc gia enallag pros,pwn
(face swapping, h diadikasPa perilamb’nei th gr sh ulikoO bbnteo api dOo “toma. Me “lla ligia,
ta Deepfakes grhsimopoioOn tegnologba gartogrfhshc pros,pou kai tegnht nohmosOnh gia na
antikatast soun to priswpo enic atimou se éna bbnteo me to priswpo enic “llou atimou. Milic to
2017, itan énac gr sthc tou Reddit dhmosbeuse hqograf seic di"shmwn anjr,pwn se mh kolakeutik”
sexoualik” perib’llonta, ta  deepfakes'rgisan na kerdBzoun thn prosoq tou koinoO.

Se genikéc grammeéc, tdeepfakesstogeOQoun istitopouc koinwnik ¢ diktOwshc, ipou oi jewrbec
sunwmosPac, oi f mec kai h paraplhrofirhsh mporoOn na exaplwjoOn gr gora, epeid oi gr stec te-
Pnoun na akoloujoOn to {kop™di}. En tw metaxO, h tréqousa {plhroforiak apok’luyh} enjarrOnei
touc anjr,pouc na empisteOontai mino plhroforDec pou epibebai noun tic prodp rqousec pepoij seic
touc kai proérgontai api ta koinwnik™ touc dbktua, ipwc h oikogéneia, oi stenob fbloi oi sugge-
nebc. Fjhn~ yeOtika bbnteo gamhl ¢ poiithtac me el"gista tropopoihméno pragmatiki perieqimeno,
ebnai dh di"quta ligw prosbasimithtac se fjhni tegnologiki exoplismi, ipwc mon“dec epexergasbac
grafik.n ( GPUs). Up“rgei énac auxanimenoc arijmic logismikoO anoiqtoO k dika pou diatDjetai gia
th dhmiourgBa realistikoO, uyhl ¢ poiithtac deepfakeulikoO, me apotélesma thn suneq aOxhsh thc
paraplhrofirhshc mésw aut ¢ thc tegnologbac. To Sq. A.2 parousi“zei éna gr'fhma empistosOnhc
plhrofori,n sgetik™ me ta  deepfakes

Efarmogéc

O kinhmatogr-foc, ta ekpaideutik™ mésa, oi yhfiakéc epikoinwnbec, ta binteo-paignbdia, h yugagwgba,
ta mésa koinwnik ¢ diktOwshc, h ugeionomik perbjalyh, h epist mh twn ulik,n kai polloD oikonomikoD
tomebc, ipwc to hlektroniki empirio kai h mida, ebnai mino merikec api tic biomhganbec pou dunhtik
epwfeloOntai api thn teqnologba deepfake

Pr.ton, h tegnologba deepfakeéqgei poll” pleonekt mata gia thn kinhmatografik biomhganba. Gia
par"deigma, mporeb na grhsimopoihjeb gia thn enhmérwsh tropopobhsh orisménwn kare enic film,
prgma pou elagistopoieb thn an"gkh epanalhptik,n gurism™twn se skhnéc miac epergimenhc tainbac.
Enallaktik”, mporeb na grhsimopoihjeb gia th dhmiourgba teqnht,n fwn n gia kallitégnec pou mporeb
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Sgma A.2: 'Ena gr'fhma empistosOnhc plhrofori,n sgetik® me ta deepfakes Phg: [105].

na égasan tic dikéc touc ligw kpoiac asjéneiac. Oi kinhmatografistéc ja mporoOn na anapar’goun
emblhmatikéc stigméc taini,n, na anaptOssoun néec tainBec me ermhneutéc pou égoun pej nei, na efar-
mizoun eidik™ efé kai prwtoporiak epexergasba pros,pou sto post-production kai na metatrépoun
erasitegniki uliki se komy™ érga. Aut h teqnologba epitrépei epbshc thn autimath kai realistik
metagl,ttish fwn c gia tainbBec se opoiad pote gl,ssa, belti,nontac thn empeirba probol ¢ gia dia-
foretik™ akroat ria taini,n kai ekpaideutik,n méswn. Ta glwssik™ empidia xeper“sthkan api mia
pagkismia ekstrateba euaisjhtopobhshc gia thn elonosba to 2019 me tbavid Beckham, °rh se
mia didaktik diaf mish pou grhsimopoioOse tegnologba allag ¢ fwn c/optik ¢ gia na ton k™nei na
fabnetai dbglwssoc. Auto mporeb na paromoiasteb me to pwc h tegnolbegdakemporeb na belti-
,sei thn optik epaf kai na katarrbyei ta glwssik™ empidia kat™ th di“rkeia miac thledi"skeyhc,
metafr"zontac Iéxeic en, tautigrona all"zei tic kin seic twn geili,n kai tou pros,pou.

H tegnologbPadeepfakeepitrépei yhfiakoOc swsbec, éxupnouc bohjoOc me realistiki go, emfnish
kai auxhménh thleparousba se diadiktuak™ paignbdia kai perib’llonta eikonik ¢ sunomilbac. Auti egei
wc apotélesma kalOterh epikoinwnba sto diadbktuo kai diaproswpikéc allhlepidr’seic. H tegnologba
mporeb epbshc na ebnai epwfel ¢ ston koinwniki kai iatriki tomea. @laepfakesmporeb na bohj soun
eéna agaphmeéno priswpo pou penjeD na apoqairet sei énan apojaninta fblo {férnont’c ton xan” sth
zw } me yhfiaki tripo. Auti mporeb na bohj sei touc anjr,pouc na antimetwpbsoun ton j"nato enic
agaphmenou touc pros,pou apotelesmatikitera. Epipléon, h tegnologba mporeb na grhsimopoihjeb gia
thn yhfiak anakataskeu tou “krou enic akrwthriasménou atimou gia na bohj sei ta diemfulik”

“toma na tautistoOn kalOtera me to fOlo pou protimoOn. Akimh kai oi en likec pou p“sqoun api
Altsgimer mporoOn na epwfelhjoOn api thn aut n th tegnologPa allhlepidr,ntac me éna neitero
priswpo pou mporeD na jumoOntai kalOtera. Prokeiménou na epitaqunjeD h an”ptuxh néwn ulik,n
kai iatrik,n jerapei,n, oi ereunhtéc eqoun epBbshc diereun sei th gr sh twn PAD gia thn anbgneush
anwmali,n stic aktbnec Q.

Epipléon, oi etaireBec dianom c teqgnologbac endiaférontai gia th dunatithta efarmog ¢ twrdeep-
fake gia thn epwnumba, epeid éqei th dunatithta na all"xei shmantik™ to hlektroniki empirio kai th
diaf mish. Ta deepfakesepitrépoun epbshc th dhmiourgba uperproswpikoO perieqoménou pou mporeb na
metatrépei touc gr stec se montéla. Gia par"deigma, h tegnologba epitrépei tic eikonikec exart seic,
_ste oi gr stec na mporoOn na doun pwc ja touc fabnetai mia stol /roOqo prin k™ noun mia agor” kai
na mporoOn na par"goun prosarmosmeénec diafhmBbseic midac me bsh ton jeat , thn ra thc hmérac kai
ton kairi.
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Sgma A.3: ‘Enac tupikic agwgic epexergasbac anapar’stashc enic sust matoc  deepfake, ipou sun jwc ektelebtai
mino éna uposOnolo twn bhm™wn pou apeikonbzontai. Phg : [105].

Pijanéc Apeiléc

Ta deepfakesapoteloOn sobar apeil gia thn koinwnBa, to politiki sOsthma kai thn oikonomba
epeid a) askoOn pPesh stouc dhmosiogr fouc pou prospajoOn na diakrBnoun metaxO pragmatik,n kai
yeOtikwn eid sewn, b) jétoun se kBnduno thn ejnik asf’leia diadBdontac propag™nda kai anakate-
Oontac tic eklogéc, g) uponomeOoun thn empistosOnh tou koinoO se kubernhtikéc plhroforbec kai d)
egebroun anhsugbec tiso se “toma iso kai se epigeir seic gia thn eurOterh asf’leia ston kubernog,ro.

Argik”, ebnai polO pijani o toméac twn méswn enhmérwshc na antimetwpBsei €na shmantiki priblhma
se sgésh me thn empistosOnh twn pelat,n/grhst,n. Ta deepfakesebnai pio epikBnduna api ta sumba-
tik® fake newskaj,c ePnai pio dOskolo na entopistoOn, me apotélesma th di"dosh paraplhrofirhshc.

Gia par"deigma, h teqnologba aut epitrépei th dhmiourgba bbnteo-eid sewn pou fabnontai alhjin™ all”
sthn pragmatikithta den ebnai, jetontac se kbnduno thn axiopistba twn dhmosiogrfwn kai twn meswn
enhméerwshc genikitera. Epbshc, h apikthsh prisbashc se bbnteo pou trab gthke api {autipth} m™r-
tura enic peristatikoO mporeb na d,sei se énan eidhseografiki organismi antagwnistiki pleonékthma,
all” o kbndunoc aux"netai e"n h prosferimenh tainba eqei intwc parapoihjeb.

H koinithta twn mustik,n uphresi,n anhsugeP gia ta deepfakespou dunhtik™ grhsimopoioOntai gia
na uponomeOsoun proeklogikéc ekstrateDec kai na jésoun se kBnduno thn ejnik asf’leia diadbdontac
politik propag™nda. Oi uphresbec plhrofori,n twn HPA éqoun sugn” ekd,sei proeidopoi seic sge-
tik® me ton kbnduno xénwn paremb“sewn sthn Amerikanik politik , idiabtera eniyei eklog,n. Stouc
shmerinoOc polémouc paraplhrofirhshe, h eisagwg léxewn se éna dhmofiléc bPnteo mporeb na apo-
telései éna isquri iplo, epeid mporeD eOkola na ephre’sei th gn,mh twn yhfofirwn. 'Ena yeOtiko
bbnteo enic politikoO pou grhsimopoieD ratsistikéc sukofantbec dwrodokDa, énan proedriki upoy fio
pou omologeb éna egklhma, eidopoieb ena “llo éjnoc gia epikeBPmeno pilemo, énan kubernhtiki axiwma-
toOqo pou fabnetai na brbsketai se episfal jésh, na omologeb sgédio sunwmosbac, strati_tec pou
dolofonoOn am™qouc sto exwteriki, ja mporoOsan na paragjoOn api mia egjrik uphresBa plhrofo-
rin. En, tétoiec {ftiagtec} tainDec pijanitata ja purodotoOsan anataragéc kai diakopéc pijan,n
eklog,n, xéna &jnh mporeD na katal xoun na ekteloOn exwterik politik basisménh se mujoplasPec,
odhg,ntac akimh kai sto xéspasma poléemou.

'‘Enac “lloc kbndunoc pou prokalebtai api thn teqnologbdeepfakeebnai zht mata pou sqetbzontai
me thn asf’leia ston kubernog,ro. O etairikic kismoc éqei dh ekfr'sei endiaféron na uperaspi-
steD ton eauti tou api iogenebc ap’tec, epeid taleepfakesia mporoOsan na grhsimopoihjoOn gia th
geirag,ghsh tou grhmatisthrbou kai thc agor™c genik”, gia par"deigma, ekjétontac énan dieujOnonta
sOmboulo grhsimopoi_ ntac fuletikéc émfulec sukofantbec, anakoin nontac mia yeQtikh sugq, neush,
diogk,nontac oikonomikéc ap.leiec, k ruxh pt,geushc omologba enic enoqou egkl matoc. Deep-
faked anakoin,seic néwn prodintwn pornografiki uliki ja mporoOsan epBshc na grhsimopoihjoOn
gia na bl’youn th f mh miac etaireDBac, na apeil soun akima kai na ekbi"soun thn ek"stote diobkhsh.
Epipleon, h en ligw tegnologba kajist™ dunat thn plastoproswpba enic steleqouc se pragmatiki
grino mesw yhfiak,n meéswn, ipwc zht ,ntac api énan ergazimeno na par’sqgei epeigintwc gr mata

na apokalOyei euabsjhtec plhroforbec. Teloc, dOnatai na dhmiourghjeD mia yeOtikh tautithta kai
se hqograf seic zwntan c ro ¢ ( live-stream), na allagteP to priswpo enic en lika se priswpo enic
nearoO paidioO, gegonic pou egebrei anhsugbec gia to pwc ja mporoOsan oi paidifiloi/paiderastéc na
grhsimopoi soun thn en ligw tegnologba.
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A.2 Anapar-stash Pros, pou

'Enac tOpocdeepfakepou mporeP na enisqOsei shmantik™ ton antBktupo aut ¢ thc tegnologbac kai
na dieukolOnei thn enswm’tws thc sth biomhgan®4X ebnai h dunatithta apikthshc shmasiologikoO
eléggou sta sunaisj mata pou ekfr"zontai mésw twn ekfr’sewn tou pros,pou. H shmasba autoO
tou ePdouc geirag,ghshc apodeiknOetai idiaitérwe gr simh kat™ th dirkeia twn gurism™twn taini_n,
kaj,c, par” thn programmatisménh fOsh twn proforik n I&éxewn, h apikthsh tou apaitoOmenou sunai-
sj matoc tou hjopoioO apalteD sugn” polléc prospTjeiec. H allag thc apidoshc tou pros,pou ja
mporoOse na gbnei eOkola se metaparagwgiki st"dio, prosférontac mia isqur 10sh sthn epexergasba
sunaisjhm™twn.

H anapar”stash pros,pou metatrépei to upokeBPmeno priswpo se marionéta, parégontac stouc
epitiiémenouc ton megalOtero bajmi eleujerbac ,ste égoun ton antBktupo pou jéloun. Prépei na epi-
shm”™noume iti h anapar”stash pros,pou up rge prin gbnoun koin™ ta deepfakes To 2003, oi ereunhtéc
metamirfwsan montéla trisdi"statwn sarwmeénwn kefal,n [14]. To 2005, apodebqgjhke pwc auti ePnai
efikti qwrbc ena trisdi’stato montélo [20], mesw paramirfwshc me antbstoigec parimoiec uféc [53].
Argitera, apodeBgjhke pwc mporoOn na grhsimopoihjoOn trisdi"stata parametrik® montéla gia thn
epbteuxh uyhl ¢ poiithtac apotelesm™wn kai se pragmatiki qrino me anbgneush b’jouc kai sumba-
tikec kK"'merec [157, , ]. Anex’rthta api auti, stic mérec mac, oi proseggbseic pou basbzontai
sth baji” m“jhsh ePnai gnwstéc wc o kurBargoc tripoc dhmiourgbac alhjofanoOc perieqoménou. 'Enac
tupikic kai genikic agwgic epexergasbac anapar’stashc pros,pou fabnetai sto Sq. A.3.

Gia touc skopoOc aut ¢ thc eisagwgik ¢ episkiphshc, h pr.th enithta ja epikentrwjeD stic pio
gnwstéc mejidouc: Face2Face][157] kaiNeuralTextures [152], ta opoPa antikajistoOn thn ékfrash tou
pros,pou enic atimou se éna bbnteo me thn ékfrash tou pros,pou enic “llou atimou (epBshc se éna
bbnteo). Arqik”, h tegnik grafik,n upologist gnwst wc Face2FacediathroOse thn tautithta tou
atimou-stigou, en, metéefere to sunabsjhma api éna bbnteo phg ¢ se éna bbnteo-stiqo. H epilog tou
basikoO karé anafor™c ginitan geirokPnhta. Gia thn parakoloOjhsh tou sunaisj matoc sta upiloipa
karé, grhsimopoi jhkan ta pr,ta karé tou ek"stote bbnteo gia th dhmiourgba miac proswrin ¢ tautith-
tac pros,pou (3D montelo). Teloc, dhmiourg jhkan yeOtika bbnteo me thn efarmog 76 suntelest.n
an"meixhc sq matoc lflendshapg pou apoteloOsan tic paramétrouc ekfrashc phg ¢ k'je karé sto
bbnteo-stiqo. Argitera, eis gjh mia néa strathgik ekm’jhshc basisménh sto  NeuralTextures kai
sth b"sh dedoménwrraceForensics++. H proanaferjebsa tegnik majabnei mia neurwnik anapar”sta-
sh uf ¢ tou atimou-stiqou, sumperilambanoménou enic diktOou apidoshc, grhsimopoi ntac ta argik™
dedoména bbnteo.

Genik”, h an”ptuxh twn PAD [55] egei diegebrei éna dieurunimeno s,ma éreunac kai meléthc ston
toméa thc geirag,ghshc eikinwn. 'Otan h sOnjesh miac eikinac apaitebtai na pragmatopoihjeD bsei
k"poiac “llhc eikinac, sth suntriptik pleionithta twn ergwn, grhsimopoiebtai k™poiac morf ¢ desmeu-
ménh genn tria [71]. Mésw thc énnoiac thc kuklik ¢ sunépeiac [187], kajbstatai dunat h met*frash
eikinwn metaxO diaforetik,n toméwn diathr,ntac par’lihla to periegimeno thc ek stote arqik ¢ ei-
kinac. H efarmog tétoiwn mejidwn stic eikinec pros,pwn katésthse dunat thn allag orisménwn
garakthristik,n tou pros_pou, ipwc to fOlo kai to qr,ma twn malli,n. H ikanithta allag ¢ twn
sunaisjhm™twn tou pros pou se eikinec metafr"zontac ta sOmfwna me mia dedoménh shmasiologik
etikéta (p.q. gar”, jumic, jIbyh, k.Ip.) ulopoi jhke epitug,c sta plabsia tou montélou StarGAN
[25]. Epipléon, polléc gnwstéc tegnikéc geirismoO ékfrashc b sei eikinac kai me argitektonik PAD,
ebnai oi:StarGAN v2 [26], GANimation [120], GANmut [30], ExprGAN [34], FACEGAN [162] kai
ICface [163]. Merikec api autéc exéetasan enallaktikéc kruféc anaparast’seic gia th montelopobh-
sh tou anjr_pinou sunaisjhmatikoO f'smatoc. Gia par’deigma, to ExprGAN qgrhsimopoieP etikétec
suneq,n sunaisjhm’twn pou perigr'foun thn éntash twn apeikonizimenwn ekfr"sewn tou pros,pou,
en, sto [94], grhsimopoi jhke o 2D g,roc sjénouc-diégershc ( valence-aousal) [103]. Pio prisfata,
to GANmut priteine énan tripo apikthshc enic disdi’statou desmeuménou ermhneOsimou sust matoc
etiket,n akimh kai itan grhsimopoiebtai éna sOnolo dedoménwn pou garakthrDzetai me apokleistik™
kathgorikéc etikétec basik,n sunaisjhm™twn.

B Montéla Di"qushc

Sto parin tm ma thc perblhyhc ja prospaj soume na jesoume tic jewrhtikéc b”seic sgetik™ me
ta Montéla Di"qushc (MD) sto plabsio thc paragwgik ¢ montelopobhshc, étsi ,ste na perigr'youme
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me akrDbeia tic argitektonikéc pou ja apotelésoun sth sunégeia touc domikoOc IBjouc twn dik.n
mac upologistik,n montélwn. Ta montéla di"qushc an koun sth kI"sh twn baji,n paragwgik,n
montelwn pou par"goun debgmata antistréfontac mia diadikasba diafjor"c/jorubopobhshc. To epbpedo
jorObou tupik™ upodhl, netai me éna qroniki debktht, ipou t = 0 antistoigeD se kajaréc kait = 1

se pl rwe jorub,deic eikinec. H diadikasPa di"qushc mporeb na ebnai diakrit suneqc. Oi dOo
genikéc kathgorbec montélwn di"qushc ebnaBeore-Based 149, , ] kai ta ApojorubopoioOmena
Pijanotik™ Montéla Di"qushc (APMD) [65, ]. Sto plabsio aut ¢ thc meléthc, ja epikentrwjoOme
kurbwec sta teleutaba.

B.1 ApojorubopoioOmena Pijanotik™ Montéla Di"qushc

Ta APMD mporoOn na jewrhjoOn wc parallagéc enic MarkobianoO lerargikoO Autokwdikopoiht
Parallag ¢ pou summorf,nontai me touc akiloujouc treic periorismoQc:

H di"statikithta thc lanj"nousac anapar”stashc tairi"zei me aut twn dedoménwn.

" H katanom tou lanj"nontoc kwdikopoiht ePnai prokajorisménh wc éna grammiki montél&auss
pou efarmizetai epP thc exidou tou prohgoOmenou gronikoO b matoc.

~ Oi par"metroi twn lanjanintwn kwdikopoiht,n poikPlloun me thn p“rodo tou grinou me tétoio
tripo ,ste h katanom thc lanj"nousac anapar“stashc sto teliki groniki b ma T na ebnai
tupik kanonik .

Ta pragmatik™ deBgmata dedoménwn kaj,c kai oi lanj"nousec/jorub,deic ekdogéc touc mporoOn na
anaparastajoOn api koinoO grhsimopoi,ntac ton sumbolismi x;, me tot = 0 na antistoigeD se a-
Ihjin” kai me to t 2 [1; T] na antistoigeP se lanj"nonta, me thn ierargba lanjanintwn deigm™twn na
upodhl netai me ton groniki debktht. H Markobian idiithta an"mesa se diadogikec lanj"nousec
metab“seic upodhl nei iti h emprisjia diadikasba jorubopobhshc mporeb na grafteb wc ex c:

Y
a(X1:7jX0) = a(X¢jxt 1) 1)
t=1

ipou oi metab”seic tou kwdikopoiht ebnai thc morf c:
axixe 1)= NP ax 5@ a)n) @

ipou to prigramma thc kiPmakac jorOboua; mporeD na ePnai ebte prokajorisméno ebte ekpaideOsimo. H
Markobian idiithta sunepgetai iti  q(X¢jX; 1;Xo0) = a(X¢jXt 1) = N(X¢; aXy 1;(1  a)l). Axio-
poi.ntac to legimeno kilpo thc epanametropobhshc kai parathr, ntac iti to “jroisma anex’rthtwn

tugabwn kanonik,n metablht,n akoloujeb kanonik katanom me mésh tim Bsh me to “jroisma twn epi-
meérouc méswn kai me diakOmansh Bsh me to “jroisma twn epimeérouc diakum™nsewn, prokOptei h akiloujh
komy sgésh:

_py R  JE S P
Xy = axot+ " 1 a o= a&Xot+ 1 a o N (X5 axe;(l a)l) (3
t=1 t=1

o<

Kat' epéktash, axiopoi ,ntac ton nimo tou Bayes mporoOme na dePxoumexdtis _ q(X; 1jX¢;Xo),

ipou x; 1 ebnai kanonik® katanemhmeémec me mésh §ix;;xo) = —ud & 11)+at & 1o a) pa

diakOmansh 4(t) = 2(t)I = %I . Kat™ auti to tripo, to ekpaideuimeno b ma apojorubo-
pobhsh@ (x; 1jx;) prépei na akoloujeb iso pio pist” gbnetai to pragmatiki b ma apojorubopobhshc
d(x: 1jXt;Xo), prrgma pou sunoybzetai sthn elagistopobhsh tou akiloujou irou tairi"smatoc apojo-

rubopobhshc

argmin} & 1 & K& (x¢;t)  Xok3 (4)

21 a1 1

ipou R (X;t) antistoigeb sthn ektbmhsh enic neurwnikoO diktOou wc proc thn argik ePszgdai
kat” to epipédo jorObou t. H Ex. (3) mporeb na xanagrafteb sthn akiloujh morf :

P
X 1 &
Xo = t;paiito (5)
t

Xviii



B. MONTELA DIAQUSHS

Qrhsimopoi ntac thn parap™nw exPswsh kai epikaloOmenoi xan” to kilpo thc epanametropobhshc,
mporoOme na antikatast soume to neurwniki dbktuo thc Ex. (4) me éna neurwniki dBRiux,;t)
pou majabnei enallaktik™ na problépei ton phgabo jirubo ¢ N (0;1) (modulo k"poia stajer” ston
antbstoigo iro sfllmatoc). Epomeénwc, h ekm’jhsh enic APMD mesw thc pribleyhc thc argik ¢
eisidou xo isodunameD me thn ekm“jhsh mésw pribleyhc tou jorObou. Empeirik”, wstiso, &gei brejeb
iti h pribleyh tou jorObou odhgeb sugn” se kalOterh apidosh [65, 79].

B.2 ApojorubopoioOmena 'Emmesa Montéla Di"qushc

Ta ApojorubopoioOmena 'Emmesa Montéla Di"qushc (AEMD) apoteloOn mia kathgorDa paragwgi-
k,n montelwn pou ekpaideOontai me stiqouc autokwdikopoioOmenhc apojorubopobhstare matching
kai garakthrbzontai api mia mh Markobian emprisjia diadikasba jorubopoi shc. Sta AEMD, ta debg-
mata mporoOn na prosdioristoOn monadik™ api tic lanj nousec metablhtéc, epoménwec kai parousi“zoun
parimoiec idiithtec me ta PAD. Ta AEMD basbzontai sthn akiloujh oikogéneia katanom n pou ga-
rakthrbzontai api éna pragmatiki di'nusma 2 RT:

N
g (X1:7jXo) := q (XTjX0) g (Xt 1jXt;Xo) (6)
t=2

ipou g (XtjXo)= N (xT;pgxo;(l ar)l) kai gia k'je t> 1isgqQei:

q___ p

q (Xt 1jX¢;Xo0)= N pat 1Xo + 1 a ¢ { vofl (7

O Gkaopusianic mesoc thc Ex. (7) epilegetai me tetoio tripo ste na diasfalbzetai iti g (X(jxo) =
N (X¢; " a&Xo; (1 a)l). ApodeiknOetai iti h diadikasba deigmatolhybac sta AEMD mporeb na perigrafeb
api thn akiloujh sgésh:

P— q
__ X 1 a”™ (Xt
thzpatl : paJ (eit) 1 a1 2 M(xpt)+ o (8)
t
ipou N (0;1) kai ap := 1. Diaforetikéc epilogéc wc proc to di'nusma  antistoiqoOn se dia-

foretikéc paragwgikéc diadikasbec, grhsimopoi,ntac imwc éna koini neurwniki dbktud (x¢;t) to
BpoE)o, ipwc kai sta APMD, ekpaideQetai étsi ste na problépei ton phgabo jirubo. 'Otan =

1 a 1)=(1 &) 1 a=a .giakije t,tite h emprisjia diadikasPa jorubopoPhshc kajbstatai
Markobian , kai h opBbsjia paragwgik diadikasba tautbzetai me aut enic APMD. 'Otan exet’zoume e-
pitaqunimenh sOnjesh me to na ePnai mia aOxousa upoakolouj{Ba sto di"sthfta : :; T], i uperpar’me-
troc the tupik c apiklishc sugn” parametropoiebtaiwc () = @ a, )=1 a,) 1 a,=a, ,.
Epipléon, itan =0, h Ex. (8) isodOnamei me mia méj&ider proc epblush miac SDE, en, tiso h
emprisjia diadikasba jorubopobhshc iso kai h diadikasba deigmatolhybac kajbstantai nteterministikec.

B.3 Kajod ghsh

'Olh h suz thsh meqri auti to shmebo éqgei afierwjeb sthn ekm’jhsh thc katanom cp(x) enic de-
domeénou sunilou dedoménwn. Wstiso, ePnai epPshc gr simo na mporoOme na majabnoume desmeuménec
katanomec dedoménwn, dhlag(xjy) ipou to y upodhl, nei opoiod pote eBdoc epiprisjethc plhrofo-
rbac, p.q., etikétec kI'sewn. SOmfwna me th sqgetik bibliografba, up“rqoun dOo kOriec méjodoi gia na
epiteugjeb auti, sugkekrimena tkajod ghsh me taxinomht [33] kai h kajod ghsh qwrbc taxinomht

[66].

Kajod ghsh me Taxinomht

'Estw p (yjx:) énac taxinomht ¢ pou stogeOei sthn taxinimhsh jorubwd_n eikinwnx;, se di*fora
epbpeda jorObot 'Estw kai p’li €na neurwniki dBktuo  pou ekpaideOetai étsi ste na problépei
ton phgabo eisagimeno jirubo. Tite, gia thn antbstoigh diadikasba deigmatolhybac upi kajod ghsh me
taxinomht , sthn perBptwsh twn APMD, isqOeix; 1 N (x; 1; + r . logp (yjxt); ), ipou

; ePnai 0 mésoc kai h diakOmansh thc ekpaideuint@abssiankatanom ¢ pou garakthrbzei tic
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metab“seic kat” thn opbsjia Markobian alusbda. Kat' epéktash, sta AEMD mporeb na grhsimopoihjeb
h bdia diadikasba deigmatolhybac pou perigr-fhke sth[5| enithta B.2, antikajist,ntac to up“rqon dbktuo
pribleyhc jorObou " (x¢) apito ~ (X¢jy) = * (X¢) 1 ar x logp (yjxt).

Kajod ghsh gwrbc Taxinomht

'Opwc upodhl.nei to inoma, h kajod ghsh qwrbc taxinomht (k.q.t.) [66], wc mejodologba, den
apaiteD thn ekpabdeush kpoiou xeqwristoO taxinomht . Antijétwe, k™poioc ekpaideQei éna desmeuméno
montélo di"qushc p(xjy) me pijanithta apirriyhc thc upi sunj kh plhroforbac Puncond » dhlad se
tugabec peript,seic, h epiprisjeth plhroforba y afairebtai (pijanithtec apirriyhc thc t"xhc tou 10-

20% tePnoun na leitourgoOn kal") kai antikajDstatai me mia etikéta (null ). Aut h etikéta apoteleD
eidik tim eisidou pou antiproswpeOei thn apousPa rujmistik,n plhrofori,n. To tropopoihméno
montélo pou prokOptei ePnai pléon se jésh na leitourgeD kai upi sunj kip(xjy) kai we montélo “neu
irwn p(x), an"loga me to an paréqetai to s ma rOjmishc. Sth sunégeia pragmatopoiebtai deigmatolhyba
grhsimopoi, ntac ton akiloujo grammiki sunduasmi twn upi irouc kai “neu irwn ektim sewn jorObou:

~(xdy) =@ ) (xd?)+ (Xdy) 9)

Gia = 0, anaktoOme to apli, “neu irwn montélo kai gia = 1 paPrnoume to tupiki desmeumeéno
montélo. Gia > 1, h katanom api thn opoPa deigmatolhptoOme kajbstatai {uper-rujmisménhy}.

B.4 Montéla Lanj"nousac Di"qushc

Ta Montéla Lanj"nousac Di"qushc (MLD) [125] eis gjhsan se mia prosp’jeia na meiwjoOn oi u-
pologistikéc apait seic gia thn ekpabdeush montélwn di‘qushc gia sOnjesh eikinwn uyhl ¢ anlushc.
H proteinimenh proséggish protebnei énan rhti diagwrismi thc f'shc sumpbeshc api th f'sh paragw-
gik ¢ m“jhshc, grhsimopoi,ntac enan autokwdikopoiht pou majabnei énan g,ro pou ebnai antilhptik
isodOnamoc me ton q.ro twn eikinwn, all” prosférei shmantik™ meiwménh upologistik poluplokithta
tiso sth diadikasba ekpabdeushc iso kai sth diadikasba deigmatolhybac.

Dedoménhc migRGB eikinac eisidou x 2 R" W 3, énac kwdikopoiht ¢ E kwdikopoieD tax se
mia lanj’nousa anapar’stash z = E(x) 2 R" ¥ ¢ en, énac apokwdikopoiht c D apokwdikopoieD
th lanj"nousa anapar”stash kai thn epanaférei ston argiki g,ro twn eikinwn, par"gontac thn
anakataskeu x = D(z) = D(E(x)). O kwdikopoiht ¢ upodeigmatolhpteP thn eikina eisidou kat™ éna
suntelest f = H=h = W=w. 'Eqontac ekpaideOsei ta montela antilhptik c sumpBPeshc, o gamhl.n
diast’sewn lanj"nwn g,roc mporeb pléon na axiopoihjeb, ston opobo uyhl ¢ sugnithtac anepabsjhtec
leptomereiec afairoOntai. Se sOgkrish me ton uyhl ¢ diastatikithtac g,ro twn  pixel, o lanj’nwn
g,roc ePnai katallhliteroc gia paragwgik” pijanotik® montéla, kaj,c mporoOn na epikentrwjoOn
sta shmasiologik™ shmantik™ bit dedomenwn, exasfalbzontac par’llhla upologistik™ apodotik
ekpabdeush.

Ekmetalleuimenoi th disdi"stath dom twn paragimenwn lanjanous,n anaparastsewn, h rago-
kokali” enic MLD basbzetai sthn argitektonik ~ U-Net, pou apotelebtai kurbwc api 2D suneliktik”
str,mata. 'Opwc suzht jhke sthn enithta B.1, h ekpabdeush twn APMD basbzetai se mia epanastaj-
misménh parallag tou metablhtoO ktw frigmatoc ston logrijmo thc pijanof'neiac thc alhjin ¢
katanom ¢ dedoménwiogp(x). Ta MLD mporoOn na ermhneujoOn wc exPsou stajmisménh akolou-
jPa autokwdikopoiht,n apojorubopobhshc (z;;t) oi opoboi ebnai ekpaideuménoi ,ste na problépoun
mia apojorubopoihménh ekdoq thc eisidow;, ipou z; ebnai mia jorub,dhc ekdosh thc lanj"nousac
eisidou z. O antbstoigoc stigoc apojorubopobhshc gbnetai:

h i
Lmio = Eex); N (oyitu @y K (z¢;t)k3 (10)

Ta MLD ePnai epPshc ikan™ na montelopoioOn desmeuménec katanoméc thc pfajy); ipou to y u-
podhl,nei k'je eBdouc prisjeth plhroforba ipwc etikétec ki'sewn, keBmeno, shmasiologikoOc q'rtec
k.l.p. Proc exuphréthsh autoO tou skopoO, h ragokokkali® U-Net epaux™netai me énan mhganismi dia-
stauroOmenhc prosoq ¢ [163], apotelesmatiki sthn ekm’jhsh montélwn pou basBzontai sthn prosoq
polutropik,n eisidwn.
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. PEIRAMATIKA APOTELESMATA

Peiramatik™ Apotelésmata

.1 SOnjesh Eikinac & Anapar-stash Pros,pou
SOnolo Dedoménwn kai Metrikéc Axiolighshc

EkpaideOsame ta montéla mac sth b’sh dedomédvectNet [107] h opoDa periéqgei perDpou 1 ekat.
eikinec pou anakt jhkan api to diadbktuo. Sugkekriména, 440 qgil. api autéec tic eikinec sqoli"sth-
kan geirokPnhta api 12 eidikoOc me basik™ diakrit™ sunaisj mata (kathgoriki montélo), thn éntash
tou sjenouc kai thc diégershc (diastatiki/suneqéc montélo). H b"sh dedomenwnA ectNet ebnai ma-
kr'n h megalOterh b"sh dedoménwn ekfr’sewn pros_pou, me epishmei seic sjénouc kai diégershc se
mh elegq|menec rulmDselc epitrepontac thn ereuna gia thn automatopoihmenh anagn,rish ekfr'sewn
pros,pou sOmfwna me dOo diaforetik™ sunaisjnmatik® montéla. Api tic 440 qil. eikinec me mh au-
timato sqoliasmi, 291,651 eikinec féroun etikéta me 8 basik™ diakrit™ sunaisj mata: oudétero, gara,
IOph, ékplhxh, fiboc, ahdPa, jumic kai perifrinhsh. Api autéc, 287,651 eikinec an koun sto set
ekpabdeushc kai 4,000 eikinec (500 gia k'je etikéta sunaisj matoc) an koun sto sOnolo epikOrwshc.

'Oson afor” thn axiolighsh twn montélwn mac, grhsimopoioOme diaforetikéc metrikéc gia na a-
xiolog soume thn ikanithta sOnjeshc eikinwn kai diaforetikéc gia thn axiolighsh thc poiithtac kai
apotelesmatik ¢ metafor"c sunaisjihm™twn kat™ thn anapar”stash pros,pou. H axiolighsh wc proc
thn ikanithta sOnjeshc eikinwn gbnetai me bsh thrFréchet Inception Distance (FID) [64], th Kernel
Inception Distance (KID) [13] kaj,c kai to Improved Precision & Recall [88]. Kat™ ton geirismi
eikinwn gia anapar“stash pros,pou, h poiithta twn eikinwn axiologebtai me b"sh to Peak-Signal-
to-Noise ratio (PSNR), to Structural Similarity Index Measure (SSIM) [173] kaiLearned Perceptual
Image Patch Similarity (LPIPS) [181]. Gia thn axiolighsh thc ikanithtac metafor"c sunaisj matoc
axiopoioOme éna proekpaideuméno montélo anagn rishc sunaisj maté8Emotion [ ] kai wc
metrik grhsimopoioOme thn akrbbeia taxinimhshc.

Proepexergasba Dedoménwn

Oi dhmiourgob tou sunilou dedoménwinectNet paréqoun prodpologismeéna plabsia oriojéthshc
pros,pou kaj,c kai tic suntetagménec orishmwn shmebwn pros,pou an” eikina. Wstiso, protim sa-
me na entopPsoume exarq c tiso ta oriojethmena plabsia iso kai ta orishma shmeba tou pros,pou,
grhsimopoi ntac to FAN [18]. ProtoO trofodot soume tic argikéc eikinec sto  FAN, all"’zoume pr,ta
tic diast’seic touc se 256 256 gia na apofOgoume probl mata ex"ntlhshc mn mhGPU. To FAN
entopbzei tic 2D suntetagmeénec gia 68 orishma shmeba tou pros,pou. Me b“sh aut” ta orishma, ta
oriojethmena kouti” megejouc 224 224 perikiptontai kentrik™ kai, sth sunegeia, eujugrammbzontai
me ektbmhsh tou metasghmatismoO omoiithtac pou apaiteBtai gia na paramorfwjeD to sOnolo twn ani-
gneuimenwn orishmwn shmeBwn pros,pou stic kanonikéc touc suntetagmenec. Tugin kenéc periogéc
eikinac pou prokOptoun api thn peristrof thc argik ¢ antimetwpbzontai antanakl ntac thn eikina
kont” stic “krec.

Antilhptik Sumpbesh Eikinac

To pr,to st"dio opoioud pote MLD apotelebtai api énan proekpaideuméno autokwdikopoiht pou
metaférei opoiad pote dedoménh ebsodo api to g,ro twn eikinwn se énan sumpiesméno, lanj"nonta
q.ro. Gia to skopi auti, ekpaideOoume énaVQGAN [45] sth b’sh dedoménwi ectNet .

To VQGAN uiojeteb thn argitektonik U-Net [126] pou apotelebtai api mia seir” upoleipimenwn
(residual) mplok [62] upodeigmatolhybac kai uperdeigmatolhybac. O arijmic twn upoleipimenwn mplok
an” epPpedo qwrik ¢ an’lushc orbsthke Psoc me dOo. O arijmic twn basik,n kanali,n orbsthke
Psoc me 128. To megejoc twn eikinwn eisidou orbsthke se an”ludi28 128 'Etsi, me dedoménec
eikinec eisidou x 2 R*?® 128 3 ¢ kwdikopoiht ¢ sumpiézei tic teleutaPec kat™ énan par"gontaf = 4,
par"gontac lanj"nousec anaparast'seic 2 2 R3? 32 3 K%e lanj"nousa anapar'stash ufbstatai
kbantopoPhsh stoigeDo-proc-stoigePo, me apotélesma mia sullog &% katagwr seic kwdik,n zj 2
R3;i;j 2 [32] O plhjrijmoc tou bibPou kwdik,n orDzetai Bsoc mejZj = 16384. Epipléon, oi
pollaplasiastéc kanali,n gia tic 2 endi'mesec qwrikéc analQseic orbzontai Psoi me 2 kai 4 antbstoiga.
To teleutabo epPpedo gwrik ¢ an’lushc perilamb™nei epbshc eéna tm ma qwrik ¢ prosog c. MQGAN
ekpaideOthke gia 6 epogéc me ton beltistopointAdam [20], me argiki rujmi ekmjhshc 3:6 10 5 kai
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meégejocbatch Bso me 8. H dom tou apokwdikopoiht ebnai akrib,c h Bdia me aut tou kwdikopoiht ,
all” me th seir” twn mplok na antistréfetai.

SOnjesh Eikinac

'Eqontac ekpaideuménec mon“dec kwdikopoiht kai apokwdikopoiht , tic grhsimopoioOme wc to pr,to
st'dio enic MLD. SOmfwna me to VQGAN pou suzht jhke prohgouménwe, progwr me perigr-fontac
thn epilegménh diamirfwsh sthn perbptwsh tou MLD.

H argitektonik  U-Net pou grhsimopoieD to MLD diajétei dOo upoleipimena mplok an™ epPpedo
gwrik ¢ an”lushc, me ton arijmi twn basik, n kanali,n na ebnai Bsoc me 160. Oi lanj"nousec anapara-
st’seic eisidou sumpiézontai peraitérw kat” &na suntelest f = 4. Ta mplok prosoq ¢ topojetoOntai
se k’je epPpedo qwrik ¢ an’lushc, dhlad 32%; 167; 82 kai oi pollaplasiastéc kanali_n orDzontai Dsoi
me 1, 2 kai 4 antbstoiqa. O kwdikopoiht ¢ etiket,n ki"shc ulopoiebtai wc éna eniabo epbpedo ensw-
m“twshc (embedding laye) 512 diast"sewn, antistoigbzontac thn ek’stote etikéta sunaisjhmatik ¢
kI'shc ywc (y) 2 Rt 512,

Gia na elégxoume kalOtera thn éntash twn apeikonizimenwn sunaisjhm™wn kat” th f'sh geira-
g.ghshc, ofeblame na ekpaideOsoume to MLD grhsimopoi ntakajod ghsh gwrBc taxinomht . Kat®
th di‘rkeia thc ekpabdeushc kai me pijanithtapyncong = 0:2, 0i etikétec twn kl"sewn eisagwg ¢
aporrbptontai kai antikajbstantai me mia etikétanull , aux"nontac ousiastik™ ton sunoliki arijmi
twn etiket,n sunaisjhmatik ¢ klI’shc se ennea (8 diakrit™ sunaisj mata sun thn etikéta  null ). To
MLD ekpaideOthke gia perBpou 30 epogéc me ton beltistopoihddamw [9¢], argiki rujmi ekm’jh-
shc 24 10 ° kai mégejocbatch Bso me 24. Qrhsimopoi same grammiki prigramma jorObou Kai
Tapvp = 1000 b mata di"qushc.

Gia na axiolog soume thn upi sunj kh ikanithta sOnjeshc eikinwn tou montélou mac akolou-

j same dOo mejodologbec. Arqgik”, deigmatolhpt same 5 qil. dePgmata an™ sunaisjhmatik etikéta
grhsimopoi ,ntac AEMD me Tpaemp = 500 b mata kai qwrBc “neu irwn kajod ghsh ( = 1;0). Gia
kje uposOnolo deigm’twn, upologbsame tic metrikéc axiolighshc pou suzht jhkan sthn arq thc
enithtac .1 grhsimopoi ntac olikihro to sOnolo dedoménwn ekpabdeushc pou antistoigeD sto de-
domeéno sunabsjhma. Sth sunéqgeia, deigmatolhpt same tugaba 3.75 qil. eikinec api K'je kathgorba
sunaisjhm™twn kai tic sugkrPnoume me to proanaferjén oliklhro sOnolo 40 gil. deigm™twn. Ston
PBn. G.1, parousi"zontai oi metr seic wc proc tic metriked=1D, KID, precision kai recall* kai gia ta
dOo proanaferjénta sen’ria axiolighshc.

Sunabsjhma Stigoc FID# KID ( 10 %) # Precision' Recall'

Oudétero 6.64 2.1 0:57 067
Qar” 6.90 2.7 0:55 066
LOph 7.73 21 0:58 066
‘Ekplhxh 8.54 2.6 0:55 Q70
Fiboc 10.93 24 0:56 a71
Ahdba 11.72 2.3 0:56 Q73
Jumic 8.03 2.7 0:57 066
Perifrinhsh 10.16 2.9 0:58 071
Mésoc 'Oroc? 8.83 2.48 0:57 069
Sunolik™ 3 4.3 21 0:56 069
Pbnakac G.1: Posotik™ apotelésmata wc proc thn upo sunj kh sOnjesh eikinwn sth b’sh dedoménwn A ectNet
grhsimopoi.ntac Tagmp =500 b mata, =1:0 kai klbmakak.q.t. =1:0.

'Opwc tan anamenimeno, h kalOterh apidosh parathrebtai gia to oudétero sun’isjnma kai gia to
sunabsjhma thc gar™c, kaj,c ePnai aut” me ta perissitera deDgmata ekpabdeushc sto sOnolo dedomenwn.
Oi uyhliterec timéc FID parathroOntai gia ta sunaisj mata tou fibou kai thc ahdPac. Api “poyh
sunaisjhm’twn, o fiboc sgetbzetai sten™ me thn ékplhxh, en, h ahdba sundeetai sten™ me ton jumi,

10i metrikéc FID, KID, precision and recall upologBsthkan me b’sh to dhmisia diajésimo pakéto logismikoO
torch-fidelity

2Aut h grammh tou pPnaka antistoigeP ston arijmhtiki méso thc k'je metrik ¢ wc proc tic 8 diaforetikéc sunaisjh-
matikec kl'seic.

3Aut h axiolighsh pragmatopoi jhke sugkrbnontac 40 qil. deBgmata (8 qil. an” sunaisjhmatik kl*sh) me 30 gil.
pragmatikéc eikinec (3.75 gil. an” sunaisjhmatik kl“sh).
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ipwc mporeD na faneb se mia 2D anapar”stash sjénouc-dieégershc. H perifrinhsh ebnai epbshc sugn”
optik™ dOskolo na diakrijeb api thn eutugba.

Sunaisjhmatik Qeirag,ghsh Eikinwn & Anapar’stash Pros,pou

Basik Mejodologba H basik mejodologba gia th geirag,ghsh eikinwn me MLD, akoloujeb to
par“deigma touLDEdit [19], prosarmosmeno eidik™ gia to priblhma thc geirag,ghshc sunaisjhm™wn.
O teleutaboc grhsimopoioOse nteterministik emprisjia di"qush se énan lanj"nonta g.ro gamhlite-
rhc di"stashc, pou exart’tai api thn éxodo enic metasghmatist tokenizer pou tan proekpaideumenoc
se éna sOnolo zeug, n keiménou-eikinac (p.d.AION-400M [129]), epitugg nontac geirag,ghsh kajo-
dhgoOmenh api kebmeno se “gnwstec kathgorDec me mhdenik upost rixh dedoménmagh@). Sthn
perbptws mac, o metasghmatist ¢ antikajbstatai me éna str,ma enswm’twshc pou antistoigbzei ka-
jemba api tic 8 (sun thn etiketanull ) pijanec etikétec sunaisjhm™twn se éna ekpaideuimeno di'nusma
(y) 2 Rl 512

H raqokokali” thc en ligw proséggishc egkeitai sthn sqgedin kuklik sunépeia pou exasfalbzetai
mésw twn nteterministik,n diadikasi,n AEMD, tiso thc emprisjiac di"qushc iso kai thc opbsjiac
diadikasbac apojorubopobhshc. Auti apodeiknOetai peraitérw api thn akiloujh an’lush. H diadikasba
deigmatolhybac AEMD pou perigr-fetai sthn enithta B.2, mporeb na xanagrafteD me thn akiloujh
morf :

pi
z 1 a (z:t P
2 1=Pas 2 p 8 ) WP o w) an
S r Sti r |
1 1 1 1
z —z; = 1 — 1 (zt 12
i P~ ~ a (z: ) 12)

Jétontac vy = P 1=a;z; kai p; = P 1=a; 1, h Ex. (12) mporeb na grafteb wc ex c:

Vi1 Yi=(pe 1 B) (zoot (¥)) dye=  (z:t,  (y)dp (13)

H teleutaba exbBswsh perigrifei mia SDE h opoba kinebtai pPsw sto qrino wc proc ton groniki debkth
di"qushc t kai perigr-fei thn nteterministik diadikasba apojorubopobhshc AEMD. Antistrof thc

bdiac exbswshc odhgeb se antDstoith§DE pou perigr-fei thn smpr‘lsjia AEMD diadikasba jorubopo-
Phshc. Jetontacf (zi;t;  (Y)) :=( z 1 a (zi:t; (Y¥)= a, lamb™noume tic emprisjiec kai
opBsjiec diergasPec AEMD gia geirismi eikinwn b"sei MLD wc proc dOo etikétec sunaisjhm’ twiysc
(arqiki) kai yyg (stigoc):

_ o S
Zt+1 = pat+1f (z;t (Ysre)) + b 1 as (zZot (Ysre) (14)
2o1=Paat @it (e)+ T a1 @it (i) (15)
Kat"™ th dirkeia twn diadikasi,n sunaisjhmatikoO geirismoQ, ta b’rh tou MLD paramenoun

stajer” sOmfwna me to kalOtero swsméno shmebo elégqou api thn argik f'sh ekpabdeushc. Me
dedomeénh mia eikina eisidot,., 0 kwdikopoiht ¢ pr,tou stadbou th metatrépei sthn antbstoigh lan-
j'nousa anapar’stas  zg. Sth sunégeia, h nteterministik ( = 0) proc ta empric di"qush ektelebtai
meéqri to groniki b ma to < Tapmp = 1000, me b"sh thn etikéta phgabou sunaisj matog/s,c, pou sum-
bolbzetai wcz;,. H antbstrofh diadikasba pou exarttai api thn etikéta sunaisj matoc stiqou Yy
xekin™ api ton Bdio jorub,dh lanj"nonta k dika z;, me stiqo thn anakataskeu tou 2,. Pern ntac
ton lanj'nonta k. dika 2, mésw tou apokwdikopoiht prokOptei h anakataskeuasménh eikinegen.
Se auti to shmebo ja prépei na anaféeroume iti h diadikasba AEMD mporeb na epitaqunjeD shmantik™
grhsimopoi,ntac ligitera b mata diakritopobhshc f Sglgi“”" omoiimorfa epilegména sto eOrogl; to]
étsi,ste 1=1Kkai T,,, = to. Profan.c, iso mikriteroc ebnai o arijmic twn endi"meswn bhm™twn
Taemp , tiso geiriterh ePnai h poiithta anakataskeu c thc diadikasbac AEMD. Wstiso, h mePwsh tou
arijmoO twn bhm™twn deigmatolhybac ePnai aparabthth ison afor™ thn epit°’qunsh twn peiram™twn kai
éqgei empeirik™ prokOyei iti Tagmp 20 parégei ikanopoihtik™ apotelésmata ison afor” efarmogéc
met“frashc eikinac-se-eikina.

To Sg. G.1 apeikonbzei epimelhména paradebgmata geirag,ghshc sunaisjhm™wn se eikinec api
to sOnolo epikOrwshc thc b shc dedomeénwh ectNet , grhsimopoi ntac Tagmp = 20, = 3:0 kai
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Sgma G.1: Epilegména paradebgmata Ianj‘ngusac geirag,ghshc sunaisj matoc sto sOnolo epikOrwshc A ectNet ,
grhsimopoi,ntac Tagmp =40 bmata, =0, dOnamh epexergasbag =500 kai klbmakak.q.t. =3:0.

to = 500. H pio arister eikina se k’je st |h ebnai éna arqiki deBgma pou proérgetai api to sOno-

lo dedoménwn, en, oi upiloipec éxi stlec perilamb™noun ta apotelésmata geirismoO gia kajemba
api tic 6 basikéc ekfrseic twn akiloujwn sunaisjhm™wn: eutugba, jIByh, ékplhxh, fiboc, ahdba

kai jumic. MporoOme améswc na parathr soume iti ta apotelésmata stic st lec pou antistoiqo-
On sta sunaisj mata thc gar™c, 1Ophc kai jumoO ebnai en génei ikanopoihtik®, en, ta sunaisj mata
thc ékplhxhc, fibou kai ahdbac ebnai pio dOskolo na metadojoOn. Auti mporeb na dikaiologhjeb en
mérei api to gegonic iti ta proanaferjénta sunaisj mata upoekproswpoOntai sto set ekpabdeushc
thc b"shc dedoménwi ectNet . Epipleon, to Sgq. G.3 apeikonbzei to apotélesma thc metabol ¢ thc
“neu irwn kibmakac kajod ghshc 2 f 1:0; 2:0; 3:0; 4:0; 5:0g sthn perbptwsh kai twn éxi diaforetik,n
sunaisjhm’twn-stigwn, en, ta tp = 500 kai Taemp paramenoun stajer”. EPnai profanéc iti sth su-
gkekriménh rOjmish twrty, = 500, oi gamhliterec timéc twn  éqoun el’gisth éwc kajilou epBdrash
sthn allag tou sunaisj matoc. MporoOn na epiteugjoOn kalOtera apotelésmata me 2 f 4:0;5:0g
me el"gisth paramirfwsh twn perifereiak, n garakthristik.n tou pros,pou kai thc tautithtac tou
eikonizimenou pros,pou. Teéloc, to Sq. G.2 apeikonPzei to apotélesma thc metabol ¢ thc isqgOoc
epexergasbaty 2 f 400,500 600y sthn perbptwsh kai twn éxi diaforetik,n sunaisjhm”twn-stiqwn,
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Sqma G.2: Epilegména paradeBgmata geirag,ghshc sunaisjhm™wn b"sei MLD sto sOnolo epikOrwshc the bshe
dedoménwnA ectNet , grhsimopointac Tagmp = 40 b mata, = 0, kibmakak.q.t. = 3:0 kai metablht isq®
epexergasbad 2 f 400; 500; 600g.

en, ta kai Taemp parameénoun stajer”. Mporeb kanebc eOkola na parathr sei iti totg = 400 den
eparkeb gia thn paragwg sunaisjhmatik™ diakrit,n apotelesm™wn. Api thn “llh pleur”, mia tim

to = 600 égei wc apotelesma kalOtera apotelésmata geirag,ghshc, all” me kistoc paramirfwshc
thc tautithtac tou arqik™ eikonizimenou pros,pou.

Prosarmog KajodhgoOmenh api Montéla CLIP  Giathn apotelesmatik exagwg gn,se-
wn api ta montéla CLIP, éqoun protajeD dOo diaforetikéc sunart seic sf’lmatoc: mia genik™ efarmo-
zimenh [115] kai mia topik sun’rthsh sf'lmatoc kateOjunshc [52]. Kai oi dOo proanaferjéntec tOpoi
sfllmatoc prot’jhkan argik™ gia "mesh beltistopobhsh endi"meswn lanjanous,n anaparast’sewn

ston W+ q.ro tou StyleGAN [75]. O pr.toc tOpoc sflmatoc prospajeP na elagistopoi sei thn
apistash sunhmitinou entic enic proekpaideumeénou lanj’nontoc g,rou CLIP metaxO thc paragime-
nhc eikinac kai enic dedoménou keiménou stiqou. Api thn “lih pleur”, topik sun’rthsh sfllmatoc
kateOjunshc epib’lei thn eujugr'mmish thc kateOjunshc, se epPpedo endi'meswn anaparast’sewn, me-
taxO twn arqik,n kai twn paragimenwn eikinwn, me thn kateOjunsh metaxO twn anaparast’sewn enic
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Sgma G.3: Epilegména paradeBgmata geirag,ghshc sunaisjhm™wn b"sei MLD sto sOnolo epikOrwshc the bshe
dedoménwnA ectNet , grhsimopoi,ntac Tagmp = 40 b mata, = 0, dOnamh epexergasbag = 500 kai metablht
kibmakak.q.t. 2 f 1:0; 2:0; 3:0; 4:0; 5:0g.
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zeOgouc keiménwn anafor’c kai stiqou entic tou g,rou CLIP wc ex c:

L gir (Xgen; Yirg i Xsrc;Ysic) =1 cos CLIP img (Xgen) CLIPimg (Xsrc); CLIP text (Ytrg ) CLIP text (Ysrc) (16)

H enswm’twsh twn CLIP montélwn sto plabsio gqr shc MD, eis gjh mazb me to montéloDif-
fusionCLIP [76] to opoPo pros'rmose thn kateujuntik ap,leia CLIP sto plabsio twn APMD kai
petuge met’frash eikinwn agn,stwn kathgori.n me mhdenik upost rixh dedoménwn. Kat" ton qeiri-
smi eikinwn pou apeikinizan anjr pina priswpa, tan aparabthth h gr sh epiprisjetwn sunart sewn
sf'lmatoc diat rhshc tautithtac iso kai mia sun’rthsh apwlei.n tOpou 1. Prin api thn efarmo-

g thc kajod ghshc CLIP, apaitebtai ekpabdeush enic MD . Sth sunéqgeia, opoiad pote dedoménh
eikina eisidou xg Metatrépetai se mia jorub,dh lanj"nousa anapar”stash x49) . sth sunegeia,
kajodhgoOmeno api thn kateujuntik ap,leia CLIP, to MD, sthn opBsjia diadikasPa, rujmbzetai étsi
.ste na dhmiourgeb debgmata akolouj, ntac to ek"stote keBmeno-stigag . Sth diki® mac perbptwsh, h
sun’rthsh sfllmatoc diat rhshc tautithtac ulopoiebtai wc h apistash sunhmitinou ston lanj"nonta

q.ro enic ArcFace [37] proekpaideuménou diktOou anagn rishc pros, polR-SE50".

To pr,to b ma proc th leptomer prosarmog enic MLD, perilamb™nei ton prodpologismi joru-
bwd,n lanjanous,n anaparast’sewn gia énan prokajorismeéno arijmi deigm™twn ekpabdeushc kaj,c
kai gia oliklhro to sOnolo epikOrwshc. Prodpologbsame jorub,deic lanj"nousec anaparastseic
grhsimopoi,ntac nteterministiki emprisjio AEMD ( = 0) meTaemp = 40 b mata kai tg = 500
dOnamh epexergasPac, gia 4,000 debgmata ekpabdeushc (500 an” sunaisjhmatik etikéta). Sth sunéqeia,
deigmatolhpt same tugaPa 1,000 lanj'nousec anaparastseic api to proanaferjen sOnolo se mia
prosp’jeia na antistajmbsoume thn apidosh geirag,ghshc me ton meiwmeno grino ekpabdeushc. Aut
h diadikasba epanal fihke gia ilec tic kibmakec "neu irwn kajod ghshc 2 f 1:0; 2:0; 3:0; 4:0; 5:0g.
EkpaideOsame gia 20 epogéc me rujmi ekm’jhshc 10 €, mégejocbatch BPso me 4, gqrhsimopoi ntac
ton beltistopoint  AdamW [98]. K'je batch lanjanous,n upob’lletai se deigmatolhyba AEMD gia
Twne =6 b mata kai to = 500. Profan,c autic o gamhlic arijmic bhm™twn sth diadikasba deigmato-
Ihybac AEMD paregei atel anakataskeu , all” protebnetai empeirik” [76] wc apodektic sumbibasmic
metaxO thc poiithtac tou deBgmatoc kai twn apait sewn gia mn 1@#PU. Gia aplithta, kat™ th di"rkeia
ilwn twn peiram™twn orbsame i = -, = 1 kai diaforopoi same mino to g, ipou g apoteleb to
suntelest sfllmatoc diat rhshc tautithtac, -, apoteleD to suntelest sfimatoc tOpou , kai

qir apoteleb to suntelest kateujuntikoO sflmatoc  CLIP.

Ta graf mata G.4 kai G.5 parousi"zoun posotikéc sugkrbseic metaxO basik,n kai prosarmosménwn
montélwn, se i,ti afor” tic metrikéc axiolighshc poiithtac eikinac  (LPIPS/SSIM/PSNR) kai thn
akrbbeia taxinimhshc sunaisj matoc b"sei twn geiragwghménwn deigm“twn sto sOnolo epikOrwshc the
b“shc dedomenwA ectNet . Pio sugkekriména, sto Sq. G.4 ta prosarmosmeéna montéla parousi“zoun
uyhliterec bajmologbec akrbbeiac taxinimhshc gia tic Bdiec timéc thc klIbmakgd. , me exabresh
to sunabsjhma thc ahdbac. H beltbwsh sthn akrBbeia taxinimhshc érqgetai upi to kistoc miac mikr c
mebwshc sthn poiithta thc eikinac se ilec tic metrikéc, all” ipwc ja apodeigjeb argitera, to teliki
apotélesma parameénei optik™ alhjofanéc. Epipléon, sto Sq. G.5, mporoOme na doOme iti akimh kai
gwrbc “neu irwn kajod ghsh (= 1), mia rOjmish sthn opoPa to apotélesma geirismoO thc basik ¢
mejidou ebnai sugn” aparat rhto sto anjr,pino m’ti, h eisagwg thc kateujuntik c ap,leiac CLIP
epilOei en meérei opoiad pote sunaisjnmatik asfeia se meg’lo bajmi, me exaPresh to sunabsjhma thc
ahdPac, to opobo ePnai optik™ panomoiitupo me to sunabsjhma tou jumoO. Pio sugkekriména, se mia
2D anapar’stash sjénouc-diégershc, kai ta dOo sunaisj mata lamb™noun parimoiec arnhtikéc timéc
sjénouc, me ton jumi na katégei el"gista megalOterh tim diégershc.

SOgkrish me PAD Kaj,c th stigm pou grifoume thn en ligw ergasba den up’rgei kanéna
sugkrbsimo MD me dhmisia diajésimh b"sh k dika pou mporeb na grhsimopoihjeDb gia anapar”stash
pros,pou kai sunaisjhmatik geirag,ghsh eikinwn, stréfoume thn prosoq mac se kal” jemeliwmenec
ulopoi seic pou basbzontai se PAD, me tic opobec ja sugkrbnoume ta eur mat™ mac, tiso se posotiki
iso kai se poiotiki epPpedo. Ta montéla aut™ ePnai ta akilouja: GANimation [120], StarGAN v2 [26]
kai GANmut [30] (grammik” kaiGaussian pou sumbolbzontai W6 ANmut kai GGANmut, antbstoiga).
Ston PPn. G.2 parégoume mia posotik sOgkrish metaxO twn tri,n proanaferjéntwn ulopoi sewn
pou basbzontai se PAD kai aut,n pou basbzontai se di"qush, me kai qwrbc beltistopobhsh kajodh-
goOmenh apCLIP, ison afor” thn akrBbeia taxinimhshc twn sunaisjhm™twn (grhsimopoi,ntac éna

4Aut h argitektonik apoteleD sunduasmi enic ResNet [62] me 50 endi"'mesa str,mata kai SENet [68] mplokc.
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Sqma G.4: Posotik sOgkrish metax0 basik,n montélwn kai prosarmosménwn montélwn upi kajod ghsh CLIP,

ison afor” th mésh akrbbeia taxinimhshc (sto eOroc [0-1]), kai tic metrikéc ~ LPIPS, SSIM kai PSNR wc proc to sOnolo

twn geiragwghménwn deigm’twn, grhsimopoi.ntac Tagmp = 40 b mata, isqO epexergasPactg = 500, gy =2:0; iq =
-, =1:0, se ilec tic klbmakec k.qg.t. 2 f 1:0; 2:0; 3:0; 4:0; 5:09.

Sgma G.5:  Posotik sOgkrish metaxO basik,n montélwn (g =0) kai prosarmosménwn montélwn upi kajod ghsh

CLIP , ison afor” th mésh akrbbeia taxinimhshc (sthn periog [0-1]), kai tic metrikéc LPIPS, SSIM kai PSNR wc proc

to sOnolo twn geiragwghménwn deigm™twn, grhsimopointac Taemp = 40, isqO epexergasbado = 500, =1:0; iq =
-, =1:0, se metablhtéc timéc g, 2 f 0:0;1:0; 2:0; 3:0g.

proekpaideuménblSEmotion [ ] we taxinomht ), PSNR, SSIM, LPIPS kaj,c kai thn omoiith-

ta sunhmitinou ston lanj"nonta g,ro enic montélou CosFace[171], proekpaideuménou sto sOnolo
dedomenwlint360K [2] (CSIM). H sOgkrish metaxO ilwn twn montélwn den ePnai se kamba perDptw-
sh apl kai prépei na I'boume upiyh thn upokeBmenh antist’jmish metaxO thc akrBbeiac taxinimhshc
sunaisjhm™twn kai thc diat rhshc thc poiithtac se sgésh me tic phgabec eikinec. Se ila ta sunai-

sj mata, oi ulopoi seic pou basPzontai se MLD xepernoOn ilec tic antbstoigec pou basbzontai se
PAD ison afor” thn poiithta twn paragimenwn eikinwn. Epipléon, oi ulopoi seic PAD epitug-

g"noun genik™ uyhliterh akrbbeia taxinimhshc sunaisjhm™wn, me tic uyhliterec mésec bajmologbec
na shmei nontai api to GGANmut . Auti mporeb na exhghjeb en merei api to gegonic iti to teleutabo
tairi"zei pollapléc  Gaussiankatanoméc me stigo thn apikthsh miac pio akriboOc kai ploOsiac anapa-
r"stashc tou upi irouc sunaisjhmatikoO lanj"nontoc q,rou, se sOgkrish me tic diakritec etikétec
sunaisjihm™twn. Ja mporoOsame pijan,c na antimetwpBsoume auti to élleimma peiramatizimenoi me
diaforetikéc pijanithtec apirriyhc twn upo sunj kh sunaisjhmatik, n etiket,n gia th k.g.t. kat" th
di‘rkeia thc ekpabdeushc kai uyhliterec "neu irwn kIbmakec kajod ghshc (> 5:0). Epipléon, mporeb

na akoloujhjeb mia pio upokeimenik proseggish gia thn axiolighsh tou montélou, p.g. me th morf
erwthmatologbwn, k'ti pou sunhjbzetai sthn perbptwsh twn peiram“twn met“frashc eikinac-se-eikina.
Auti ja suzhthjeb peraitérw stic epimenec paragr-fouc.

Pragmatopoi same epPshc dOo melétec grhst,n gia na axiolog soume ton realismi kai thc sunai-
sjhmatik ¢ akrbbeiac thc proséggis ¢ mac enanti twn proanaferjentwn basisménwn se PAD, ipwc
axiolog jhke api anjr,pinouc gr stec, ta apotelésmata twn opoPbwn brbskontai ston PBn. G.3. Sthn
pr.th meléth, summetePbgan 24 summetéqontec, stouc opoPouc parousi'sthkan 28 zeOgh sugkrbsewn
metaxO ilwn twn mejidwn (sumperilambanoménwn twn argik,n eikinwn) kai kl jnkan na epiléxoun
thn pio realistik . 'Opwc apodeiknOetai api ta apotelésmata, oi geiragwghménec ek thc mejidou mac
eikinec eginan antilhptéc wc statistik® shmantik™ (p < 0;01 me diwnumik dokim) pio realistikec
se sOgkrish me tic “llec mejidouc. Wstiso, ipwc anamenitan, den tan tiso realistikéc iso oi
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Sunabsjhma| Qar™ Jibyh 'Ekplhxh
Méjodoc Akrbbeid PSNR" SSIM" LPIPS# CSIM" | Akrbbeid PSNR™ SSIM™ LPIPS# CSIM" | Akrbbeid PSNR™ SSIM™ LPIPS# CSIM"
Groundtruth [107] 0.758 0.638 0.606
GANimation [120] 0.645 24.07 0.816 0.099 0.547 0.212 24.52 0.830 0.097 0.582 0.360 23.82 0.817 0.101 0.559
StarGAN v2 [26] 0.958 17.46 0.659 0.165 0.441 0.569 18.30 0.712 0.149 0593 0.761 17.99 0.678 0.160 0.503
GANmut [30] 0.879 21.42 0.809 0.106 0.663 0.888 23.85 0.857 0.094 0.755 0.829 22.43 0.810 0.112 0.675
GGANmut [30] 0.934 21.91 0.819 0.103 0.717 0.986 22.13 0.802 0.115 0.653| 0.970 22.37 0.777 0.121 0.610
Diki mac 0.872 25.80 0.841 0.090 0.743 0.774 25.71 0.837 0.095 0.778 0.658 25,54 0.838 0.094 0.716
Diki mac me PKMC® 0.883 24.30 0.813 0.098 0.744 0.875 24.72 0.822 0.093 0.794 0.752 23.42 0.797 0.113 0.721
Fiboc Ahdba Jumic
Groundtruth [107] 0.666 0.646 0.514
GANimation [120] 0.314 23.68 0.814 0.105 0.55 0.271 24.13 0.819 0.103 0.549 0.287 24.80 0.833 0.096 0.580
StarGAN v2 [26] 0.860 17.76 0.676 0.162 0.507 0.879 18.10 0.691 0.154 0.524 0.666 18.14 0.689 0.154 0.509
GANmut [30] 0.932 23.39 0.841 0.102 0.721 0.877 22.64 0.815 0.113 0.663 0.856 21.57 0.813 0.106 0.678
GGANmut [30] 0.967 20.13 0.763 0.135 0.556| 0.987 21.68 0.772 0.128 0.562| 0.969 21.77 0.767 0.133 0.590
Diki mac 0.764 24.89 0.824 0.103 0.770 0.676 25,50 0.835 0.100 0.707 0.710 25.66 0.840 0.094 0.714
Diki mac me PKMC® 0.764 24.83 0.826 0.096 0.764 0.450 24.87 0.822 0.089 0.714 0.886 24.18 0.796 0.106 0.735

Pbnakac G.2:  Posotik sOAgkrish met:o\x() tou MLD mac kai twn ulopoi sewn pou basbzontai se PAD gia sunaisjh-
matiki geirismi eikinwn sto sOnolo epikOrwshc thc b"shc dedoméenwn A ectNet .

Realismic

Diki mac vs. | GANimation | GANmut | StarGAN v2 | Groundtruth

0.69 0.31 ‘ 0.68 0.32‘ 0.61 0.39 ‘ 0.28 0.72
Anagn,rish Sunaisj matoc

057 | 038 | 073 | 057 | 059

Pbnakac G.3: Upokeimenik meléth grhst,n sqgetik™ me ton realismi (p"nw misi) kai thn akrbbeia met*frashc twn
sunaisjhm™twn (K“tw misi).

pragmatikec eikinec.

Sth deOterh meléth, se 27 summetéqgontec parousi‘sthkan 30 eikinec api k’je méjodo kai touc
zht jhke na prosdiorBsoun to emfanizimeno sunabsjhma an"mesa api mia [Dsta éxi pijan,n sunaisjh-
mtwn. To K'tw misi tou PPn. G.3 parousi"zei ta antbstoiqa apotelésmata akrbbeiac, ta opoba ebnai
sten” eujugrammisména me ta prohgoOmena antikeimenik™ posotik™ apotelésmata tou PBn. G.2. H pro-
séggis mac epitugq nei apidosh isodOnamh me &tarGAN v2 kai xepern™ to GANimation, an Kai
to GANmut epitugqg™nei thn uyhliterh akrbbeia. Sugkekriména, h akrbbeia stic argikec eikinec thc
A ectNet ebnai parimoia me aut to&tarGAN v2 kai thc mejidou mac. Aut h parat rhsh mporeb en-
degoménwc na apodojeb sto iti tisANmut dhmiourgeb pio {uperbolik™} sunaisj mata pou apoklbnoun
api thn katanom sunaisjhm™wn thc A ectNet , jusi“zontac ton realismi kat™ th poreba.

.2 SOnjesh OmiloOntoc Pros,pou

Gia thn sOnjesh omiloOntoc pros,pou katafeOgoume sth b”sh dedoménWHEAD [172]. H basik
mejodologPa gia sOnjesh omiloOntoc pros,pou égkeitai se éna sunduasmi thc gnwst ¢ éwc auti to
shmebo arqgitektonik ¢ MLD, upi thn kajod ghsh miac seir"c api mhganismoOc sunjhkopobhshc:

Sunjhkopobhsh 'Hqgou H sunjhkopobhsh qou apoteleb ton prwtargiki kinht rio par"gonta

kai ton koini paronomast ilwn twn epimeérouc diamorf,sewn tou montélou sOnjeshc omiloOntoc
pros.pou. Peiramatizimaste me thn exagwg dOo eid,n garakthristik.n qou. Se mia perbptwsh
grhsimopoioOme thn kruf anapar’stash a 2 RT° 768 ipwc prokOptei api to teleutabo transformer
mplok tou wav2vec 2.0[6]. Sth deOterh perbptwsh, leitourgoOme to montélo se leitourgba AAO
kai ex’goume mh kanonikopoihmdagits b 2 RT° 2° pou antistoiqoOn se etikétec 29 garakt rwn®.
Se k'je perbptwsh, o kwdikopoiht ¢ wav2vec 2.0argikopoiebtai me ta proekpaideuména b°rh. Dedo-
meénou iti ta dedoména bbnteo katagrfontai me suqgnithté,, pou ebnai diaforetik api th sugnithta
leitourgbac tou kwdikopoiht f, (f4 = 49 Hz gia to wav2vec 2.0en, f,, = 30 fps gia MEAD) pro-
sjetoume éna endi"meso str,ma grammik ¢ parembol ¢ pou égei wc apotélesma to epijumhti m koc
exidouT = kT%= bff—";cTo.

Sunjhkopobhsh Sunaisj matoc

Wec sun jwe, grhsimopoioOme éna mino epPpedo enswm’twshc me dunatithta ekm’jhstyg) 2
R! 256 pou antistoigbzei kajéna api tic 8 pijanéc etikétec sunaisihm™twn tou sunilou dedoménwn

5PKM C: Prosarmog KajodhgoOmenh api Montéla ~ CLIP
G B T AL O NG I Y S R DY L U MY W CC R G Y P B VY KL XD
Q,'Z
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MEAD (oudétero, gar”, IOph, ékplhxh, fiboc, ahdba, jumic kai perifrinhsh).

Sunjhkopobhsh Orishmwn Pros,pou QrhsimopoioOme mino 48 zeOgh api ta sunolik™ dia-
jésima 68, exairouménwn twn 20 zeug,n suntetagménwn orishmwn pou entopBzontai gOrw api thn
perioq tou stimatoc, étsi ste na mhn uprgei diarro plhrofori,n. Ta 48 zeOgh suntetagménwn
sghmatbzoun éna di'nusrh® R% kai argitera kwdikopoioOntai grhsimopoi ntac éna ekpaideOsimo
rhgi MLP me energopoi seiReLU  (I) 2 R 128,

Sunjhkopobhsh Tautithtac Ektic api ton jorub,dh kare-stiqo, to U-Net apojorubopo-
Phshc paregetai me éna tugaba epilegmeno kare-tautithta we shmebo anafor"c. Autic o mhganismic
sunjhkopobhshc anaménetai na bohj sei sth antigraf qarakthristik,n pou sgetbzontai me thn pe-
rifereiak emf'nish tou ek’stote eikonizimenou pros ,pou. Dedomeénou iti h ek’stote pragmatik
eikina-stigoc endéqgetai na éqgei mia entel,c diaforetik st"sh/piza sto q,ro se sgésh me to frebm
tautithtac, to montélo kalebtai na metaféerei th st'sh tou karé tautithtac sto karé-stigo gwrbc

kamba “lIh endi"mesh plhroforba. Auti apoteleD éna kak,c orisméno priblnma qwrbc monadik 10sh.
Gia na metriasteD auti, apaitoOntai epipléon plhroforDec sunjhkopobhshc.

Sunjhkopobhsh Epikaluptimenou Stigou To karé epikaluptimenou stiqou parégetai wc
mia epipléon sunj kh anafor’c wc kajod ghsh ekm’jhshc thc pragmatik ¢ st’shc tou ek’stote
zhtoOmenou karé. H periog tou stimatoc kalOptetai entel.c gia na diasfalisteP iti oi pragmatikeéc
kin seic twn qeili,n den ebnai oratéc sto dbktuo apojorubopobhshc.

Ekm7jhsh Oi di“forec plhroforBec sunjhkopobhshc pou perigr-fontai parap™nw, mporoOn na qw-
ristoOn se dOo diakritéc kathgorbec: a) Autéc pou trofodotoOntai sto dbktuo apojorubopobhshc mésw
tou mhganismoO pollapl ¢ prosoq ¢ MLD, pou dhl netai W Caqn . b) Aut” pou trofodotoOntai sto
dbktuo apojorubopobhshc sunen nontac ta wc proc th di"stash kanalioO me ton jorub dh stigo,

api to set ekpabdeushc kai, sth sunéqeia, éna tugabo kax¢ api to X, ipou n ebPnai o sunolikic
arijmic karé tou bbnteo tou debgmatoc. Me ebsodo éna qroniki b trkai ton antbstoiqo jorub,dh
stigo, deigmatolhptoOme éna karé tautithtac xiq. An’loga me th diamirfwsh, perilambnetai mia
epikaluptimenh ekdosh tou karé-stiqou, pou dhl netai wc Xmask- ‘Ola ta proanaferjénta kare odh-
goOntai pr,ta mésw enic proekpaideuménou autokwdikopoi th, par"gontac sumpiesménec lanj"nousec
anaparast’seic zy;ziq kai zmask, antistobgwce. Se k'je epan’lhyh, to tugaba debgma lanj"nontoc
stigou ufbstatai di"qush proc ta empric gia t U (1; Tapmp ) qronik™ b mata, pou odhgeb ston jo-
rub.dh lanj"nonta stigo  z;. O stigoc thc apl ¢ apojorubopobhshc MLD grhsimopoiebtai gia na
kajodhg sei th diadikasba ekpabdeushc:
h i
Lmwo = Ez;ccm Catn | it k (Zt;Cattn i Cenct ;t)kg (17)

ipou upodhl nei to ekpaideOsimdJ-Net apojorubopobhshc.

Autopalindromik  SOnjesh B”sei thc sgetik ¢ bibliografbac [140, ], h sOnjesh omilo-
Ontoc pros,pou me gr sh montélwn di"qushc gbnetai autopalindromik™. Pio sugkekriména, kat™ th
sOnjesh tou pr tou karé tou ek’stote bBnteo, wc karé tautithtac grhsimopoiebtai autoOsio tou
karé-stiqoc. Sth sunégeia, k'je néo karé pou suntbjetai grhsimopoiebtai wc karé tautithtac sth
sOnjesh tou epimenou b matoc. Profan,c, se k'je b ma paréqgetai to karé epikaluptimenou stigou,

h sunjhkopobhsh gou kaj,c kai opoiad pote “llh morf prodpologisménhc sunjhkopobhshc pou ebnai
aparabthth gia thn kajod ghsh thc autopalindromik ¢ diadikasbac sOnjeshc.

Meléth Ektom,n BasikoO Montelou Qrhsimopoi,ntac to proanaferjén basiki montélo
sOnjeshc omiloOntoc pros pou ekteloOme mia seir” peiram™wn ektom ¢ gia na diapist,soume ta a-
kilouja: a) Thn epBdrash tou ek’stote mhganismoO sunjhkopobhshc, b) thn epBdrash tou megeéjouc
hghtikoO parajOrou. Oi proanaferjeDsec epidr'seic axiologoOntai tiso wc proc thn poiithta twn
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Montelo Sunjhkopobhsh Poiithta Eikinac An“gnwsh Qeili,n
Sunabsjhma Epikaluptimenoc Stigoc  Orishma | PSNR" SSIM" LPIPS# | WER# CER# WERV# CERV#
Groundtruth N/A N/A N/A N/A N/A N/A 65.5 41.3 65.1 35.6
3 7 7 20.61 0.582 0.114 | 191.8 137.8 187.7 130.8
Baseline 3 3 7 26.59 0.856 0.046 | 112.9 85.2 109.7 81.1
(Transformer) 3 3 3 26.68 0.865 0.043 110.1 85.1 108.4 79.7
7 3 7 26.69 0.857 0.047 | 102.2 82.1 99.3 77.3
Baseline
(AAO) 7 3 7 26.66 0.857 0.045 | 101.3 83.5 99.1 78.2

Pbnakac G.4: Meléth ektom ¢ ison afor” touc di“forouc mhganismoOc sunjhkopobhshc pou grhsimopoioOntai api to
upokeBmeno MLD. QrhsimopoioOme m koc hghtikoO parajOrouw =4 se ilec tic epimérouc exetazimenec diamorf seic.

Montélo Mégejog:Athtiko(A) Poiithta Eikinac An“gnwsh Qeili,n
ParajOrou w PSNR" SSIM" LPIPS# | WER# CER# WERV# CERV#
Groundtruth N/A N/A N/A N/A 65.5 41.3 65.1 35.6
1 26.29 0.851 0.048 | 121.2 90.5 119.6 88.2
Baseline 2 26.53 0.855 0.047 | 116.3 87.1 1114 83.4
(Transformer) 4 26.59 0.856 0.046 112.9 85.2 109.7 81.1
8 26.43 0.854 0.046 108.2 82.3 105.1 7.7
16 25.74 0.841 0.049 | 116.2 87.5 111.9 83.1
Baseline
(AAO) 8 26.41 0.859 0.046 1071 833 1053  77.7

Pbnakac G.5:  Sugkritik posotik meléth ison afor” ta di*fora m kh hghtiko® parajOrou pou grhsimopoioOntai
api thn upokeBmenh mon“da kwdikopobhshc qou. H sunjhkopobhsh qou kai sunaisjhm™wn grhsimopoiebtai se ilec tic
epimérouc exetazimenec diamorf seic.

suntejéntwn eikinwn (metrikec PSNR, SSIM, LPIPS) iso kai wc proc ton optiko-akoustiki sugqro-
nismi geili,n metaxO suntejéntwn kai pragmatik n karé (metrikéc WER, CER, WERV, CERV 7). Ta
antbstoiqa apotelésmata parousi"zontai stouc Pin. G.4 kai G.5.

‘Amesec parathr seic pou phg~“zoun ek twn parap™nw pin“kwn ebnai oi akiloujec: a) O kajoristikic
par"gontac gia thn poiithta twn suntejéentwn karé ebnai h sunjhkopobhsh epikaluptimenou stiqou.
b) To beéltisto mégejoc hghtikoO parajOrou fabnetai na kumaPnetai sta = 8 karé ekatérwjen tou
ek’stote karé stiqou. g) H epbdosh twn montélwn wc proc ton optiko-akoustiki suggronismi geili,n
ePnai kak , me pososti I'jouc léxhc pou kumabnetai "nw tou 100%, prigma pou upodeiknQei iti ta
paragimena bbnteo ePbnai fest-forward . Gia auti to ligo, kaloOmaste na belti, soume thn epBdosh
tou basikoO montelou efarmizontac k™poio sf’lma an“gnwshc geili,n.

Beltistopobhsh KajodhgoOmenh Bsei An"gnwshc Qeili,n Gia na ekmetalleutoOme
ena proekpaideuméno montélo an“gnwshc geili,n kat™ th di"rkeia thc ekpabdeushc, prépei oi pro-
bléyeic tou apojorubopoiht na gbnontai se epPpedo eikinac kai igi jorObou. Gia to skopi auti,
pr.ta kwdikopoioOme stoqgastik™ tic lanj"nousec anaparast’seic eisidou grhsimopoi,ntac APMD
giat U (1;Tapmp ) gronik™ b mata. Sth sunégeia, prokeiménou na parak’myoume touc eggenebc
periorismoOc enic proekpaideuméntliNet pou parégei probléyeic se epPpedo jorObou, efarmizoume
diaforopoi simo antbstrofo AEMD stic jorub, deic lanj"nousec anapar”staseic gia Tiune TapvD
b mata (8 sthn perbptws mac). Sthn pr'xh imwc, oi anakataskeuasmeOmenec lanj"nousec anapara-
st’seic ePnai arket” leptomerebc, ste met” thn apokwdikopobhs touc, na mporoOn na trofodothjoOn
sto montelo an"gnwshc geili,n. Prin api auti, oi problepimenec eikinec stiqou ufbstantai periko-
p gOrw api thn periog tou stimatoc (me b’sh ta orishma tou pros,pou pou problépontai me to
montélo FAN [18]), metatrop se kiPmaka tou gkri kai allag megéjouc se 88 88 eikonostoigeba.
UpologDzoume ta antbstoiga dianOsmata qarakthristik, i, (xo) kai f;, (Ro), AfoO upologDsoume ta
dianOsmata garakthristik_n, elagistopoioOme thn antilhptik ap_leia an gnwsh'g api ta geblh metax0O
twn pragmatik,n kai twn problepimenwn kare. H ap,leia orbzetai wcL = Bl =1 d(fir (X0); fir Ro)
ipou d( ; ) ebnai h apistash sunhmitinouB ebPnai to mégejolatch kai f|; () upodhl, nei ton exagwgea
garakthristik,n an"gnwshc geili,n. O sunolikic stigoc prosarmog ¢ ebnai o akiloujoc:
h i
L netune = Exo;t d(f Ir (XO);fIr (X\o))"' kzg zok% ; 20 = AEMD (Zt) (18)

"WERV: word error rate  se epPpedwisemes. ProkOptei metatrépontac tic problepimenec kai pragmatikéc metagraféc
se visemes grhsimopoi, ntac th gartogrfhsh fwn matoc -se-viseme Amazon Polly . AntBstoiqa giato CERV , se epbpedo
garakt rwn.
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EKTETAMENH PERILHYH STA ELLHNIKA

N . . Mégejoc Hghtiko® Poiithta Eikinac An"gnwsh Qeili,n

Montélo | Sunjhkopobhsh Sunaisjmatoc | 5. 80, w  [PSNRT SSIM™ LPIPS# | WER# CER# WERVE CERVA
Groundtruth N/A N/A NA  NA  NA 655 413  65.1 356
Baseline 7 Z 2660 0.857 0047 | 1022 821 993 773
3 8 2643 0854 0046 | 1082 823 1051  77.7
3 Z 2597 0858 0058 | 973 801  96.9 75.0
Finetuned 3 8 2575 0848 0054 | 952 792  94.0 75.1
7 4 2542 0845 0058| 911 791  88.2 74.1

7 8 2587 0857 0055| 898 77.3 839 732

Pbnakac G.6:  Posotik sOgkrish metaxO twn montélwn sOnjeshc omiloOntoc pros,pou, me b“sh to sOnolo dedoménwn
MEAD . 'Olec oi diamorf,seic grhsimopoioOn hghtik™ garakthristik® pou eqoun exagjeb api to teleutabo transformer
mplok kwdikopoiht tou wav2vec 2.0.

ipou h jorub,dhc lanj"nousa anapar“stash  z; lamb“netai grhsimopoi,ntac thn kanonik diadikasba
jorubopobhshc APMD.

O PBn. G.6 parousi“zei mia posotik sOgkrish metaxO twn basik n kai beltistopoihménwn montélwn
mac, me diaforetik™ m kh hghtik,n parajOrwn kai diamorf,seic sunjnkopoBhshc. H kalOterh epPdosh
an"gnwshc geili,n epitugq netai Ostera api efarmog tou proteinimenou algorbjmou beltistopobh-
shc, me m koc hghtikoO parajOrow = 8 kai mino sunjhkopoBhsh qgou. An kai oi metrikéc axiolighshc
an"gnwshc geili,n parousi“zoun shmantikéc belti seic met" thn beltistopoBhsh, parathroOme mia e-
lafr” upob~jmish ison afor” thn poiithta twn suntejémenwn eikinwn. Auti dikaiologebtai api to
gegonic iti efarmizoume apajorubopobhsh AEMD se jorub deic lanj"nousec anaparast™seic pou
egoun uposteb jorubopobhsh me metablhti arijmi bhm™twnan™ epan”lhyh ekpabdeushc, en, grhsimo-
poioOme epBshc énan exairetik™ gamhli arijmi bhm“twn AEMDy,. = 8. Gia na leitourg sei swst” h
apojorubopobhsh AEMD, ja prépei na eDgame efarmisei énan stajeri arijmi bhm™twn jorubopobhshc
t = Tapmp an” epan’lhyh. Wstiso sthn pr'xh, mia tétoia proséggish odhgeb se uperprosarmog
tou proekpaideuménou MLD kai pio sobar upob’jmish tiso sthn poiithta thc eikinac iso kai se
epidiseic sgetik™ me an"gnwsh geili,n.
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Chapter 1

Introduction

1.1 Motivation

Deep generative modeling is one of the most intriguing computational technologies today, even
pushing human ingenuity. As Generative Adversarial Networks (GANSs) [55] have proven capable of
generating high-quality samples, they managed to draw a lot of attention in the last 10 years. But
recently, even more potent generative methods, likeDi usion Models [65, ] have emerged, posing
a threat to the dominance of GANs in the production of synthetic data.

Due to more consistent training compared to GANs and higher-quality generated samples, dif-
fusion models are quickly rising in popularity. These models are able to overcome some well-known
GAN shortcomings, such as mode collapse, adversarial learning costs, and convergence failure. In
contrast to GANSs, which learn to retrieve the original data from the noisy ones by contaminating
them with Gaussian noise, di usion models employ a very di erent approach to training. These mod-
els are also found to be appropriate from the perspective of scalability and parallelizability, which
increases their appeal. Additionally, because the foundation of their training process is the correction
of modest adjustments made to the original data, they develop a data distribution whose samples
closely resemble the latter, hence the created samples can be very realistic. Due to these character-
istics, di usion models have had a signi cant impact on the state-of-the-art in picture production,
resulting in astounding outcomes [33, , 1.

Di usion models are quickly nding use in both low-level and high-level vision tasks because of
their incredible generative capabilities, including but not limited to image denoising [65, ], in-
painting [44], image super-resolution [91, ], semantic segmentation [9, 56, ], semantic image
synthesis [125] and image-to-image translation [19, 76, , ]. Unsurprisingly, there has been a
constant rise in the number of research publications coming in this area since the key breakthrough
of di usion probabilistic models [65] over the original idea of di usion modeling [146], and new fasci-
nating models are emerging every day. Particularly with the GLIDE [110], DALL-E 2 [122], Imagen
[131], and Stable [125] models that allowed for high quality text-to-image generation, di usion mod-
eling has experienced signi cant social media excitement. The text-to-video or text-to-3D creation
techniques, like Imagen Video [67], Make-a-Video [145] and DreamFusion [118], which produce videos
that look incredibly realistic, have recently added to the overall buzz surrounding di usion models.
Fig. 1.1 illustrates curated examples corresponding to some of the aforementioned tasks and models.

The current thesis revolves around facial expression manipulation of images and talking face
videos. To this end, we will try to leverage the expressive power of di usion models, which have
already shown compelling quality in complex image modeling, but still remain a somewhat new and
unexplored part of the available literature. In the next upcoming paragraphs of this introductory
chapter, we will brie y discuss about facial manipulation methodologies in general but we will also
drill down on deepfake technologies for face swapping, as well as discuss potential bene ts and threats
relative to the latter.
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Figure 1.1:  Curated examples from image synthesis, text-to-image and text-to-video tasks using [33, 65, 67, , ]
Source: [164].

1.2 Deepfakes

Deepfakes are hyper-realistic videos that have been digitally altered to represent individuals saying
and doing things that have never actually occurred. They employ deep learning with the aim of
producing fake imagery. More specically, deepfake methods use neural networks that learn to
replicate a person's facial expressions, mannerisms, speech, and in ections by analyzing enormous
guantities of data samples. In order to train a deep learning system to swap faces, two people's video
footage is fed into the process. Deepfakes, in other words, utilize facial mapping technology and Al
to replace a person's face in a video with the face of another person. It was not until 2017, when a
Reddit user posted recordings of famous people in un attering sexual settings that deepfakes started
to gain wide public attention.

In general, deepfakes prey on social media sites, where conspiracy theories, rumors, and dis-
information can spread quickly, because users tend to follow the herd. Meanwhile, an ongoing
infopocalypse encourages people to only trust information that con rms their preexisting beliefs
and originates from their social networks, such as family, close friends, or relatives. In fact, even if
they think it might be false, many people are open to anything that supports their preexisting beliefs.
Inexpensive fakes, or low-quality videos with minimally altered real content, are already pervasive due
to the accessibility of inexpensive hardware, such as e ective graphics processing units. There is an
increasing amount of open source software available for creating realistic, high-quality deepfakes, thus
the current increase in misinformation through deepfake technology. Fig. 1.2 presents an information
trust chart for deepfakes.

1.2.1 Benets

Movies, instructional media, digital communications, games, entertainment, social media, health-
care, material science, and numerous economic sectors including e-commerce and fashion are just a
few of the industries that bene t from deepfake technology.

Firstly, deepfake technology has many advantages for the movie industry. For instance, it can be
used to update Im footage rather than reshoot them or to create arti cial voices for performers who
lost theirs due to illness. Moviemakers will be able to reproduce iconic movie moments, develop new
Ims with performers who have passed away, apply special e ects and cutting-edge face editing in post-
production, and turn amateur footage into polished pieces of work. Deepfake technology also enables
automatic and lifelike voice dubbing for Ims in any language, enhancing the viewing experience for
di erent audiences of movies and instructional media. Language barriers were overcome by a 2019
worldwide malaria awareness campaign featuring David Beckham thanks to an instructive commercial
that used voice/visual-altering technology to make him appear bilingual. Similar to how deepfake
technology can improve eye contact and break down language barriers during video conference calls
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Figure 1.2: A deepfake information trust chart. Source: [105].

by translating words while simultaneously changing lip and facial motions.

Deepfake technology enables digital doubles of humans, realistic-sounding and smart-looking as-
sistants, and increased telepresence in online games and virtual chat environments. Better internet
communication and personal interactions can result from this. The technology can also be bene cial
in the social and medical sectors. Deepfakes may be able to assist a mourning loved one in saying
goodbye to a deceased friend by bringing them back to life , digitally. This may help people cope with
the death of a loved one. Moreover, technology can be used to digitally reconstruct an amputee's limb
or help transgender people better identify with their preferred gender. Even adults with Alzheimer's
can benet from deepfake technology by interacting with a younger face they may remember. In
order to accelerate the development of new materials and medical treatments, researchers have also
investigated the use of GANs to detect anomalies in X-rays.

In addition tech companies are intrigued by the possibility of brand-applicable deepfake technology
because it has the potential to signi cantly alter e-commerce and advertising. Deepfakes also permit
the creation of hyperpersonal content that transforms users into models. For example, the technology
permits virtual ttings so that users can see how an out t will look on them before making a purchase
and can produce customized fashion ads based on the viewer, the time of day, and the weather.

1.2.2 Possible Threats

Deepfakes pose a serious threat to our society, political system, and economy because they i)
put pressure on journalists trying to distinguish between real and fake news, ii) jeopardize national
security by spreading propaganda and meddling in elections, iii) undermine public con dence in
government information, and iv) raise cybersecurity concerns for individuals and businesses.

Due to deepfakes, it is very likely that the media sector will have to deal with a signi cant problem
relative to customer con dence. Deepfakes are more dangerous than conventional fake news since
they are more di cult to detect and cause the spread of misinformation. For instance, technology
enables the creation of news videos that appear to be real but actually aren't, endangering the
credibility of journalists and the media in general. Also, gaining access to video footage taken by a
witness of an incident might give a news organization a competitive advantage, but the risk increases
if the o ered Im is actually manipulated.

The intelligence community is concerned about deepfakes being potentially used to undermine
election campaigns and endanger national security by spreading political propaganda. U.S. intelli-
gence agencies have frequently issued alerts regarding the danger of foreign interference in American
politics, particularly in the run-up to elections. In today's disinformation wars, inserting words into
a popular video can be a potent weapon because it can readily sway voter opinion. A deepfaked
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Figure 1.3: Real and fake samples for each one of the four types of facial manipulations, i.e. entire face synthesis,
attribute manipulation , identity swap and expression swap. Source: [161].

video of a politician using racial slurs or accepting a bribe, a presidential candidate confessing to a
crime, alerting another nation to impending war, a government o cial appearing to be in a precarious
position, confessing to a plot to carry out a conspiracy, or soldiers killing civilians abroad, could be
produced by a foreign intelligence agency. While such fabricated movies would probably spark riots,
turmoil, and disruptions of potential elections, foreign nations might end up executing foreign policies
based on ction, even leading to the outbreak of war.

While fake recordings of government o cials saying things that never happened cause people
to question authorities, deepfakes are likely to hinder digital literacy and individuals' trust toward
information provided by authorities. In fact, Al-generated spam as well as false news that is built
on discriminatory text, phony videos, and a slew of conspiracy theories can rapidly spread through
society nowadays. The information apocalypse or reality apathy phenomenon is a result of people
feeling that the majority of information, including videos, simply cannot be trusted. This is why
the most harmful aspect of deepfakes may not be disinformation per se. Furthermore, due of their
ingrained belief that everything they do not want to accept must be fake, people may even reject
authentic footage as being fraudulent. In other words, rather than people being tricked, the biggest
concern is about people starting to see everything as deception.

Another risk induced by deepfake technology are cybersecurity-related issues. The corporate world
has already expressed interest in defending themselves against viral frauds because deepfakes could be
used to manipulate the stock and market in general by, for instance, exposing a chief executive using
racial or gendered slurs, announcing a fake merger, in ating nancial losses, declaring bankruptcy,
or appearing to be guilty of a crime. Deeply fabricated announcements of new products or porn
could also be used to damage a company's reputation, threaten management, or blackmail them.
Moreover, deepfake technology makes it possible to impersonate an executive in real-time via digital
means, such as by asking a worker to provide urgent money or divulge sensitive information. Last
but not least, deepfake technology may also establish a false identity and, in live-stream recordings,
change an adult's face into a child's or younger person's face, which raises concerns about how child
predators could utilize this technology.
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1.3 Facial Manipulations

In the following paragraphs, we will try to briey describe the main categories relative to fa-
cial manipulations, according to [161]. These categories includegntire face synthesis face swap
attribute manipulation and expression swap As we will later discuss, deepfakes constitute gace
swapping methodology. Fig. 1.3 provides an overview of all four of the aforementioned types of facial
manipulations.

In entire face synthesis powerful GAN models are employed with the aim of generating full im-
ages of faces that do not exist. These methods produce stunning results, producing realistic facial
representations of the highest caliber. The video game and 3D modeling businesses stand to gain
from this manipulation, but it might also be used for undesirable purposes like the construction of
incredibly convincing phony pro les in social networks to spread false information. The primary pub-
licly accessible databases for research on the identi cation of image manipulation methods reliant on
entire face synthesis include 100K-Generated-Images [75], 100K-Fa¢e®FFD [31] and iFakeFaceDB
[108]. We ought to mention that all four aforementioned databases only contain fake images gener-
ated using the ProGAN [74] and StyleGAN [75] architectures. In order to conduct fake detection
experiments, researchers draw real face images from other public databases like FFHQ [75], CelebA
[97] and CASIA-Webface [178].

During face swappingthe editing involves substituting one person's face with another. Typically,
two distinct strategies are often taken into account: FaceSwap which is a traditional computer
graphics-based technology and Deepfakés Numerous videos of this kind of manipulation that are
incredibly realistic can be easily found on YouTube. The Im industry, in particular, might prot
from this kind of manipulation. The manufacture of celebrity pornographic videos, hoaxes, and
nancial fraud, among many other negative uses, are possible on the other side. Public databases
that are commonly used for this type of facial manipulations can be grouped under two separate
generations. The rst generation includes: i) UADFV [92], comprised of 49 real YouTube videos
and 49 fake videos which had been face swapped with Nicholas Cage's face, ii) DeepfakeTIMIT [36],
comprised of 620 arti cially generated fake videos from 32 participants, iii) FaceForensics++ [127],
comprised of 1,000 real YouTube videos and 1,000 fake counterparts, generated with both computer
graphics and Deepfake approaches. Second generation datasets, which dier from the latter due to
their higher realism include: i) DeepFakeDetectiorf, comprised of 363 real videos and 3068 fake ones,
generated through the DeepFake FaceSwap GitHub implementation, ii) Celeb-DF [93], comprised of
890 real YouTube videos and 5,639 fake ones, generated through a re ned version of a public DeepFake
generation algorithm, iii) DFDC Preview [37], comprised of 1,131 real videos from 66 paid actors as
well as 4,119 fake ones, generated using two di erent unknown approaches.

Attribute manipulation , often referred to as face editing or face retouching, entails changing the
skin or hair color, the age, the gender, the presence or absence of glasses, and other features of the face.
Typically, a GAN is used for this manipulation process. The well-known FaceApp smartphone app
is one instance of this kind of manipulation. With the use of this technology, customers may virtually
try on a wide variety of things, including eyeglasses, cosmetics, and hairstyles. Few databases are
publicly available for research in this area, with the most well known one being DFFD [31]. Notable
attribute manipulation techniques include IcGAN [116], Fader Networks [89], StarGAN [25], STGAN
[96] and AttGAN [63].

Lastly, expression swappings a form of manipulation, often referred to as face reenactment, that
entails changing the subject's expression on their face. The most well-known manipulation techniques
suggested in the literature again involve some kind of GAN architecture. Face reenactment poses more
challenges compared to static face generation. For example, when the identities of source and driving
faces are di erent, the quality of generated faces can be aected. Texture distortion, identity loss,
and shape bias are some additional common problems. Current research aims at enhancing models
either with additional forms of input (e.g., AUs [43]) or with better architectures (additional blocks,
attention modules, etc.). Expression swapping will constitute the main focus of the current thesis.

Lhttps://generated.photos/

2https://github.com/MarekKowalski/FaceSwap
3https://github.com/deepfakes/faceswap
4https://ai.googleblog.com/2019/09/contributing-data-to-deepfake-detection.html
Shttps://www.faceapp.com
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Figure 1.4: A typical reenactment processing pipeline of a deepfake system, where usually only a subset of the
depicted steps is executed. Source: [105].

1.4 Expression Swapping (Face Reenactment)

Excluding expression swapping, all of the aforementioned techniques provide stunning results, but
they can only be used to change well-de ned facial characteristics, like hair color, or to duplicate and
composite other people's facial expressions onto their own. An other type of deepfake that might
signi cantly boost the impact of this technology and make it easier for it to be included into the
VFX industry is the ability to obtain semantic control over the emotions that are expressed through
facial expressions. The signi cance of this kind of manipulation is amply demonstrated during Iming
since, despite the planned nature of the spoken words, obtaining the required actor's feeling frequently
necessitates numerous attempts. The altering of facial performance would be conveniently done in the
post-production stage of a strong emotion editing solution. In static photographs, facial expression
manipulation has previously created visually appealing outcomes.

Expression reenactment transforms a person's identity into a puppet, providing assailants the
greatest degree of freedom to have the impact they want. We should point out that expression
reenactment existed before deepfakes became common. In 2003, researchers morphed models of 3D
scanned heads [14]. In 2005, it was shown how this can be done without a 3D model [20], and through
warping with matching similar textures [53]. Later, it was demonstrated how 3D parametric models
can be used to achieve high-quality and real-time results with depth sensing and ordinary cameras
[157, , ]. Regardless, nowadays, deep learning-based approaches are known as the predominant
way of generating truthful content. A typical and generic face reenactment processing pipeline can
be seen in Fig. 1.4.

1.4.1 Existing Methods

For the purposes of this introductory overview, the rst section will concentrate on the most
well-known methods; Face2Face [157] and NeuralTextures [158], which swap out one person's facial
expression in a video with another person's facial expression (also in a video). FaceForensics++
[127], an expansion of FaceForensics [128], is a well-known database accessible for study in this eld.
At rst, the Face2Face method constituted the primary focus of the FaceForensics database. This
computer graphics technique preserved the target person's identity while transferring the emotion
from a source video to a target video. Keyframe selection was done manually. To monitor the
emotion over the remaining frames of each video, the rst frames of each video were used to create
a temporary facial identity (3D model). Finally, fake videos were created by applying 76 blendshape
coe cients that made up each frame's source expression parameters to the target video. Later, a novel
learning strategy was introduced based on NeuralTextures in FaceForensics++. The aforementioned
rendering technique learns a neural texture of the target individual, including a rendering network,
using the original video data. In particular, a patch-based GAN-loss similar to that seen in Pix2Pix
[71] was taken into account. Only the mouth-to-face expression correspondence was changed.

Apart from the latter, several other notable methodologies are worth mentioning, that consider
solving the problem at both static (images) and dynamic setting (videos). One such popular approach
introduced in [5], automatically animated a still portrait using a driving video depicting a di erent
subject and managed to transfer the expressiveness of the driving video to its source counterpart.
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In contrast to Face2Face and NeuralTextures methods, which required videos of both the input and
target faces, the latter only required a single image of the target. To that end, [180] provided very
good results in both one-shot and few-shot learning.

In general, the development of GANs [55] has stimulated an expanding body of study in the area
of image manipulation. In that the synthesized image is dependent on another image, a conditional
generator [71] is used in the vast majority of works. Through the concept of cycle consistency [187],
this makes it possible to translate images between di erent domains (i.e., image-to-image translation)
while maintaining the source image's content. The application of such methods to face images has
made it possible to change certain facial characteristics, such as gender and hair color.

Furthermore, several well-known image-based expression manipulation techniques that are based
on GAN architectures include but are not limited to: StarGAN v2 [26], GANimation [120], GANmut
[30], ExprGAN [34], FACEGAN [162] and ICface [163]. Some of those have considered alternative
latent representations for modeling the human emotional spectrum. For instance, ExprGAN makes
use of continuous emotion labels that describe théntensity of the depicted facial expressions, while
in [94], the 2D Valence-Arousal space was utilized. More recently, GANmut proposed a way of
obtaining a 2D interpretable conditional label system even when using a dataset annotated with
solely categorical labels of basic emotions.

Even though geometry-based emotion manipulation techniques exceed the scope of the current
thesis, we ought to acknowledge their impact in the context of face reenactment, as well their contri-
bution to previously described approaches. In certain works, the target actor is controlled through
image-warping [5] or neural rendering [180] using 2D face landmarks to capture the actor's expres-
sions. As they provide a decoupled representation of expressions from identity, 3D morphable models
[15] (S3DMMSs) are a very popular option. Traditional [157, ] methods render the target subject
beneath the source expressions on top of the original target footage while reconstructing the target
subject's face in three dimensions on the reference video. Conditional GANs are used by learning-
based techniques such as DVP [77] and Head2Head++ [39] to display the target subject while meeting
the speci ed requirements (expressions, stance, and eye-gaze).

1.5 Models of Human A ect

In-depth research and study have been conducted on the interpretation, perception, and recog-
nition of human emotion in a number of scienti ¢ elds, including biology, psychology, sociology,
neurology, and last but not least, computer science. The elds of computer vision and machine learn-
ing aim to automate recognition by developing new techniques and algorithms that are capable of
producing e cient and reliable encodings of such information, whereas the aforementioned cognitive
sciences concentrate on the extraction of the available a ective information. Since it is widely used
in situations involving human-robot cooperation, social robotics, medical treatment, mental patient
surveillance, driver tiredness surveillance, and many other human-computer interaction scenarios,
automatic a ect recognition is of utmost practical signi cance.

We rst ought to de ne the theoretical underpinnings on which emotional states are patterned
in order to better grasp the ideas of emotion perception, interpretation, and recognition. For a
very long time, there has been discussion over the optimal approach to modeling impact, and many
di erent viewpoints have been put up. Three major categories categorical, dimensional, and com-
ponential can be used to group together the most pertinent models for a ective computing. We will
attempt to outline the key characteristics, bene ts, and drawbacks of each paradigm in respect to
a ective computing in the paragraphs that follow.

1.5.1 Categorical Models

Emotions are categorized using categorical models into distinct groups that are simple to identify
and articulate in everyday language. The seminal work of Ekman and Friesen [41, 42] and its underly-
ing presumptions regarding the universality of a set of six basic emotions, namely happiness, sadness,
fear, anger, disgust, and surprise, are credited for the signi cant growth in categorical emotion mod-
els. A depiction of the aforementioned emotions is illustrated in Fig. 1.5. The universal emotions
hypothesis has unquestionably been the main instrument in research related to emotional computing
because of the simplicity of the categorical models of emotion and the associated universality claim.
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Figure 1.5: The categorical way of describing a ect on the basis of the universal set of six emotions, i.e. happiness,
sadness, fear, anger, surprise and disgust. Source: [111].

Figure 1.6: The continuous way of describing a ect in the form of a point in 3D Valence-Arousal-Dominance (VAD)
space. Source: [7].

The categorical models' simplicity, on the other hand, prevents them from accurately capturing and
describing more nuanced emotional experiences. In the context of the current thesis, the categorical
model will be mostly considered, including minor additions of neutral and contemptuous emotions.
Regardless of that, we will brie y mention dimensional/continuous and componential models, for the
sake of completeness.

1.5.2 Dimensional Models

Dimensional models [103, ] are the second most well-known and often employed approach for
explaining emotions, just after categorical models. An a ective state is portrayed as a point on a
continuum spanned by a number of independent dimensions. Over time, psychological study has led
to the emergence of a number of di erent dimensional models. Yet, the Pleasure-Arousal-Dominance
(PAD) paradigm is the one that a ective computing uses the most frequently.

Many investigations and experiments have shown that the Pleasure-Arousal-Dominance compo-
nents are independent of one another since any value along one dimension can occur simultaneously
with any value along either of the other two. In addition, bipolarity is de ned for the three dimen-
sions. Pleasure (or valence) describes the good or negative aspects of an experience, ranging from
intense su ering or unhappiness to extreme joy or ecstasy. Arousal is a phrase used to describe the
degree of activation, mental attentiveness, and physical activity that can range from sleep to extremes
of frenetic enthusiasm. Lastly, dominance represents the amount of control over others and the sur-
rounding environment, ranging from total lack of control and a sense of vulnerability on one end to
the opposite extreme of feeling in uential and in control. An illustration of the 3D VAD space is
shown in Fig. 1.6.
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Figure 1.7:  The componential way of describing a ect on the basis Plutchik's wheel of emotions. Source: [117].

1.5.3 Componential Models

In terms of descriptive capacity, complementary models fall in between categorical and dimensional
models. Componential models organize emotions in a hierarchical way, so that emotions belonging
to higher or superior layers can be broken into a collection of more primitive and basic emotions
belonging to the exact previous layers. The componential emotion model rst proposed by Plutchik
[117] constitutes the most notable instance of the latter. In addition, he conceptualized primary
emotions (anger, fear, sadness, disgust, surprise, anticipation, trust, and joy) in a fashion analogous
to a color wheel, placing similar emotions close together and opposites at 180 degrees apart, like
complementary colors. Following this pattern of color theory, we can describe emotions which result
from the combination of pairs of fundamental emotions, called dyads, in the same way that red
and blue make purple. Furthermore, Plutchik extended the initial circumplex model into a third
dimension representing the intensity of emotions, resulting in a structured model that was shaped like
a cone. The vertical dimension of the cone represents intensity while the horizontal plane represented
degrees of similarity among the emotions. An illustration of Plutchik's expanded circumplex model
is illustrated in Fig. 1.7.

In contrast to the aforementioned categories and dimensional models, these sorts of models are
rarely used in the context of a ective computing and automatic emotion detection-related research.
Yet, they should be taken into account as a successful compromise between readability and expres-
siveness.

1.6 Talking Face Generation

The goal of talking face video generation, also known as lip motion sequence generation, is to
create lip motion sequences that are consistent with the driving source (a passage of text or speech).
Based on synthesizing the lip motion, the talking head's face characteristics, such as facial expressions
and head movements, must also be taken into account in the process. Talking face generation can be
considered as the dual problem ofsisual speech recognitionas shown in Fig. 1.8.

To achieve the dynamic mapping of driving sources to lip motion data in the early talking face
video generating approaches, researchers primarily used cross-modal retrieval [17] or HMM-based
algorithms [51, ]. More recently, talking face video generation has bene ted from the quick
development of deep learning technology, which has sped up the development of techniques based
on convolutional, recurrent, transformer as well as NeRF [104] architectures. We will divide all of
the upcoming techniques into four categories, namely coe cient-based, landmark-based, vertex-based
and end-to-end. To this end, we consult [141].

Coe cient-based Methods One of the most used face coe cient models, the Active Appearance
Model (AAM), represents variations in shape and texture as well as their association. In order to cre-
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Figure 1.8: The two primal-dual fundamental problems of visual speech analysis; visual speech recognition and talking
face generation. Source: [141].

ate a photo-realistic talking head, in [47] a two-layer BiLSTM network was used to estimate AAM co-
e cients of the mouth area based on an overlapping triphone input. Apart from 2D coe cient-based,
3DMMs [77, 78] have also been utilized as a 3D face-parametric representation, for video-oriented
face2face translation. The 3DMM coe cients contain the rigid head pose parameters, facial identity
coe cients, expression coe cients, gaze direction parameters for both eyes and spherical harmonic
illumination coe cients. Such frameworks usually include the following steps: i) Train a network to
map the driving source to the facial expression coe cients since facial expression coe cients contain
implicit visual speech information. ii) To obtain the 3DMM coe cients of the reference identity
image, use a deep face reconstruction model that has been previously trained. iii) To create hybrid
3DMM coe cients, combine the 3DMM coe cients from the reference identity image and the pro-
jected face expression coe cients. iv) Create talking videos by using a generation network or GPU
rendering.

Landmark-based Methods The rigid and non-rigid facial deformations brought on by head mo-
tions and facial expressions are captured by facial landmark points around facial components. Syn-
thesizing Obama [155] constitutes one of the most pioneering pieces of related literature where
the proposed model outputted the synthesized talking face video of former US President Barack
Obama, following the pipeline of facial texture synthesis, video re-timing, and target video com-
positing. Common landmark-based backbones include: LSTM+U-Net [87], LSTM+C-GAN [72] and
LSTM+Convolutional-RNN [21]. All the above works, utilize 2D landmarks. Besides 2D landmark
based approaches, mapping driving source to 3D landmarks is also widely explored [99, ]

Vertex-based Methods 3D facial vertices are another popularly used 3D face model in talking
face generation. Initial approaches were subject-speci c [73] and were later generalized to multiple
subjects as well, with the well-known VOCA model [29]. The latter combined DeepSpeech [60] features
and speaker-speci ¢ features with the aim of producing a 3D mesh of 5023 vertex displacements. More
recently, the FaceFormer [48] model autoregressively encoded the long-term audio context information
and predicted a sequence of 3D face vertices.

End-to-End Methods End-to-end pipelines are designed to synthesize talking face sequences di-
rectly from the driving source using an end-to-end learning approach without the use of any inter-
mediary facial parameters. One of the rst end-to-end frameworks was Speech2Vid [27] where an
image decoder sought to produce synthesized images based on fused speech and identity features,
with the latter being extracted from the reference image using an identity encoder, while the former
features are extracted from the driving audio using a respective audio encoder. Several GAN-based
approaches were proposed in an attempt to overcome the limitations of the aforementioned model.
One such approach is DAVS [185] which placed more emphasis on the extraction of disentangled
speech and identi cation features through supervised adversarial training. Apart from GANSs, neural
radiance elds have also found success in this eld. For example, AD-NeRF [59] utilized DeepSpeech
audio features as a conditional input so as to learn an implicit neural scene representation function
that maps audio features to dynamic neural radiance elds for talking face rendering.

10
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1.7 Thesis Outline

In this nal section of the introductory chapter, we brie y describe the structure as well as the
topics which will be discussed throughout the remaining chapters of the current thesis.

Chapter 2 lays the theoretical foundations regarding generative modeling, as a whole. More specif-
ically, we present the structure and features of all major, practical and modern generative frameworks,
including GANSs, Variational Autoencoders (VAES), Energy-based models (EBMs), Autoregressive as
well as Flow-based models. Furthermore, the necessary mathematical background is going to be es-
tablished with the aim of obtaining a clearer insight of the functionalities of all the aforementioned
modules.

Chapter 3 dives deeper into di usion models, exploring all of their variants in both continuous and
discrete time formulations, with emphasis laid on the latter. There we will also touch upon vector
guantization and perceptual image compression, subjects which will prove useful in the context of
building lightweight and resource-e cient di usion models.

Moving on, Chapter 4 constitutes our main case study where we explicitly tackle the problem of
image-based face reenactment, on the basis of the largest available, most challenging and emotionally
annotated face dataset. We operate di usion models in a deterministic manner, achieving near cycle
consistency between source and target images. Moreover, we adapt a language-image pre-trained
model with the sole purpose of directly netuning di usion models in latent space. We conduct
extensive experiments so that our proposed methodologies are evaluated in terms of both objective
metrics as well as subjective studies.

Chapter 5 aims at extending di usion-based generative techniques in dynamic video settings. More
speci cally, we tackle the task of talking face synthesis. We conduct extensive ablation studies on
the basis of the MEAD dataset. To the best of our knowledge, we propose the rst proper netuning
methodology for better lip-synching based on guidance from a lip reading expert network.

Finally, Chapter 6 completes our thesis with the inclusion of conclusive remarks and potential
directions for future work.

11



Chapter 2

An Overview of Generative Models

Given observations of samplesc, the goal of a generative model is to learn to approximate the
true data distribution pgata (X), SO as to be able to generate new, synthetic samples p (x) at
will. There are several well-established directions in current literature, such as Generative Adver-
sarial Networks, Variational Autoencoders, Energy-Based, Autoregressive models and Normalizing
Flows. We proceed with a brief and high-level introduction of the core concepts behind each of the
aforementioned families of generative models. For guidance throughout this process, we also consult
[16, 82, ]. For simplicity, we assume vectorized input and latent representations, unless speci ed
otherwise.

2.1 Generative Adversarial Networks

Generative Adversarial Networks(GANS) [55] consist of two networks, a discriminatorD : R" !
[0; 1] which estimates the probability that a sample comes from the data distribution X pgata (X),
and a generatorG : R™ | R" which given a latent variable z  p,(z) capturespgaia by tricking the
discriminator into thinking its samples are real. This is achieved through adversarial training of the
networks: D is trained to correctly label training samples as real and samples fronG as fake, while
G is trained to minimise the probability that D classi es its samples as fake. This can be formulated
as a two-player mini-max game betweerD and G, optimizing the value function V(G;D):

min MaxV (G; D) = Ex pp, (109D ()] + E, p,)[l0g(l  D(G(2)))] (2.1)

For a xed G, the objective for D can be reformulated as follows:

mDaXV(D): Ex Pdata (x)[IOQD(X)]"' Ex pg(x)[IOQ(l D(X))]

Pdata (X)
Pdata (X) + Pg(X)

Py(X)

= E lo P o * A S
X Poaa () 100 Pdata (X) + Pg(X) (2.2)

Ex pyx) l0g

1 1
DKL Pdata é(pdata + pg) + DKL pg é(pdata + pg) IOg4

We recognize in the previous expression the Jensen Shannon divergence between the model's distri-
bution and the data generating process. Since the JS-divergence between two distributions is always
non-negative and zero only when they are equal, we have shown that = log4is the global mini-
mum of V(G) and that the only solution is py = pgata , i-€., the generative model perfectly replicating
the data generating process.

GAN training is known to be notoriously hard, with vanishing gradients and mode collapse con-
stituting the most common problems. Since the cause of these issues can be linked with the use
of JS-divergence, other loss functions have been proposed, with the most notable being WGAN [4],
LSGAN [102], EBGAN [183] and InfoGAN [23].

12
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2.1.1 Wasserstein GAN

Wasserstein GAN (WGAN) training is guided through the minimization of a reasonable and e -
cient approximation of the Earth-Mover (EM) or Wasserstein-1 distance. The EM distance between
the real data distribution pgaa and that of generated datapy, is de ned as follows:

W(pdata;pg) = ) (igdf 0 )E(x;y) [kx yK] (2.3)
ata Pg

where ( pPdaa ; Pg) denotes the set of all joint distributions  (x;y) whose marginals arepgata and py,

respectively. Intuitively, EM distance indicates how much mass must be moved to transform one
distribution into another. It is intractable to exhaust all the possible joint distributions in (' Pyata ; Pg)

while calculating the in mum in Eq. (2.3), thus a smart transformation of the objective was proposed,

based on the Kantorovich-Rubinstein duality theorem [169]:

min vl\‘/nZ%vX Ex Pdata (x)[fw(x)] EZ p(z)[fw(g (Z))] (2-4)
kfw k. K

whereff,, gwow is a family of parameterizedK -Lipschitz functions corresponding to the discrimina-
tor, while g denotes the generator who aims at minimizing the value function w.r.t. its parameters
. Numerous approaches have been proposed with the aim of enforcitg-Lipschitz continuity to the

discriminator function f,,, with the simplest one being gradient clipping. Most notably, WGAN-GP
[58] enforcedl-Lipschitz continuity by penalizing the model if the gradient norm of f,, deviated from
its target value of 1.

Optimizing the Wasserstein distance o ers linear gradients, thus eliminating the vanishing gradient
problem. Moreover, it is equivalent to minimizing reverse KL-divergence, providing improved stability
while training.

2.1.2 Least Squares GAN

Regular GANs adopt the sigmoid cross entropy loss function for the discriminator. This loss
function is susceptible to the problem of vanishing gradients when updating the generator using the
fake samples that are on the correct side of the decision boundary, but are still far from the real data.
Least Squares Generative Adversarial Network§LSGANS) provide remedy for the aforementioned
problem. Let a; b be continuous coded labels for fake data and real data, respectively. The LSGAN
objective functions are de ned as follows:

MinVisoan (0) = 2E¢ pyu 0lOX) D7+ 26, ,[D(G()  a)’]

1 (2.5)

rrgn Vi sGan (G) = EEZ Pz (z)[D(G(Z)) C)z]
where ¢ denotes the value that the generator wants the discriminator to believe for fake data. Unlike
regular GANs, which cause almost no loss for samples that lie a long way in the correct side of
the decision boundary, LSGANSs will penalize those samples even though they are correctly classi ed,
which in turn results in more gradients being generated, alleviating the problem the vanishing gradient
problem.

2.1.3 Energy-Based GAN

Instead of designing a discriminator similar to a classi er, in the context of Energy-Based GANs
(EBGAN), the discriminator uses an autoencoder which extracts latent features of the input image
using an encoder and reconstructs it again through a decoder. This discriminatoD outputs the
reconstruction error (MSE) between the input imagex and its reconstruction ®. The autoencoder is
trained using real images and as a result, for a poorly generated image, the reconstruction error is
expected to be high. The EBGAN loss functions are the following:

Lo(x;z)= D(x)+[m D(G(z))]"

(2.6)
Le(z) = D(G(x))

13



CHAPTER 2. AN OVERVIEW OF GENERATIVE MODELS

Therefore, the discriminator is trained with two goals in mind; having low reconstruction error D (x)
for real images and the reconstruction error for generated images to be higher than a prede ned
threshold m. The generator is simply trained with the aim of lowering the reconstruction error for
generated images.

2.1.4 Information Maximizing GAN

The Information Maximizing GAN (InfoGAN) is a type of generative adversarial network that
modi es the GAN objective to encourage it to learn interpretable and meaningful representations in
a completely unsupervised manner. This is done by maximizing the mutual information between a
xed small subset of the GAN's noise variables and the observations.

Formally, InfoGAN is de ned as a minimax game with a variational regularization of mutual
information and the hyperparameter

rggl mDaXVInfoGAN (D;G;Q)=V(D;G) Li(GQ (2.7)

whereV (D; G) is the standard GAN objective, L, denotes the variational lower bound of the mutual
information between the latent code ¢ and generator distribution G(z;c), while Q is an auxiliary
distribution that approximates the posterior p(cjx).

2.2 Energy-Based Models

Energy-Based Models(EBMs) are based on the observation that any probability density function
p(x) for x 2 R" can be expressed in terms of an energy functiok (x): R" ! R which associates
realistic points with low values and unrealistic points with high values. It is relatively straightforward
to extend the models and estimation procedures to the case with multiple dependent variables, or
with conditioning variables. The density given by an EBM is:

exp( E (x)) _ pexp( E (x))

P (x)= Z ~ exp( E (x))dx

(2.8)

where E (x) is a nonlinear regression function with parameters . Since the denominator in Eq.
(2.8) is a function of , evaluation and dierentiation of logp (x) w.r.t. its parameters is in-

tractable. Let pgaa (X) be the underlying data distribution of a given dataset. Then, p (x) can

be tted to pgaa (X) by maximizing the expected log-likelihood function over the data distribution,

i.e. Ex pua )[l0gp (x)]. The likelihood of an EBM cannot be directly computed due to the in-

tractable normalizing constant Z . However, the gradient of the log-likelihood can be estimated
utilizing MCMC approaches and allowing for log-likelihood maximization with gradient ascent. The

gradient of the log-probability of an EBM decomposes as a sum of two terms:

r logp (x)=r E r logZ (2.9)

The challenge in Eqg. (2.9) is to approximate the second gradient term. This gradient term can be
rewritten as the following expectation:
z

r log exp( E (x))dx =

_ exp( E ()
- Z

= Ex p (x)[r E (X)]

Therefore, a one-sample unbiased estimate of the log-likelihood gradient can be obtained using
r logz r E (x), wherex p (x), provided that it is possible to draw random samples
from the EBM. A method for e cient MCMC sampling from EBMs known as Langevin MCMC [57,

], makes use of the fact that the gradient of the log-probability w.r.t. x, i.e. the score, is equal to
the negative gradient of the energy:

RE? exp( E (x))dx
”ex%( E (x))dx

(r E(X)dx=pX)(r E (x))dx

r logz

(2.10)

rylogp (x)=r xE r xlogZ =r E (2.11)
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When using Langevin MCMC to sample from p , an initial sample x is rst drawn from a simple
prior distribution, and then a Langevin di usion process for K steps with step size > 0 is simulated
as follows:

2
x k¥ (k) 4 E[ xlog{% (x<k>g+ z®; z N (0;1); k2[K] (2.12)
r xE
When ! OandK !'1 , x() js guaranteed to distribute asp under some regularity conditions.

2.2.1 Diusion Models as Energy Based Models

As we will later discuss in Chapter 3, the sampling procedure of Denoising Di usion models [65,
], is functionally similar to that of EBMs. At a timestep t, in di usion models, images are updated
using a learned denoising network (x¢;t), while in EBMs, images are updated using the gradient
of the energy functionr vE (x¢) /r xlogp (Xt), as indicated by Eq. (2.12). The denoising network
(x¢;t) is trained to predict the underlying score of the data distribution when the number of
di usion steps increases to in nity [153]. Similarly, an EBM is trained so that r yE (x{) corresponds
to the score of the data distribution as well. In this sense, (X{;t) andr yE (Xx;) are functionally
the same and a trained di usion model can be regarded as an implicitly parameterized EBM.

2.2.2 Score Matching

Although Langevin MCMC has allowed EBMs to scale to high dimensional data, training times are
still slow due to the need to sample from the model distribution. If two continuously di erentiable real-
valued functionsf (x) and g(x) have equal rst derivatives everywhere, thenf (x) g(x)+ constant.
When f (x) agd g(x) are log-prepability density functions (PDFs), then the normalization requirement
implies that exp(f (x))dx = exp(g(x))dx =1, hencef (x) g(x). As a result, one can learn an
EBM by matching the rst derivatives of its log-PDF (score) to the rst derivatives of the log-PDF of
the data distribution. For training EBMSs, it is easy to transform the equivalence of distributions to the
equivalence of scores, because the score of an EBM can be easily obtained bylogp (x)= r «E
(Eq. (2.11)).

Assuming pqata (X) is the underlying data distribution from which we have a nite number of i.i.d.
samples. The score matching objective involves minimizing the Fischer divergence:

1
D (Poata (X) kP (X)) = Epgue (1) 5K x 10gPaata (X) 1 logp (x)k3 (2.13)

The expectation w.r.t. pgaa (X) admits a trivial unbiased Monte Carlo estimator using the empirical

mean of samplesx  pgata (X). However, the data score function is usually not available and various
methods exist to bypass it. Using integration by parts [70], the intractable termr 4 l0g pgata (X) can

be replaced with the second derivatives oE (x) at the price of increased computational complexity,

as the computation of second derivatives is quadratic w.r.t. to the dimensionality of the input.

2.2.3 Denoising Score Matching

The SM objective described in Eq. (2.13) requires thatr 4 logpgata (X) is continuously di eren-
tiable and nite everywhere, which is not the case in practice. Denoising Score Matching (DSM)
[170] aims at alleviating this di culty by approximating the score using corrupted data samples
X = X K - Aslong as the noise distribution p( ) is smooth, the resulting noisy data distribution
g(x) =  q(xjX)pdgata (X) dx is also smooth, and thusD (q(x) k p (%)) constitutes a proper objective.
It holds that:

1
De(a(x) kp (%)) = Eqe) KM xlogg(x) 1« logp (k3

1 (2.14)
= Bgexix) Ekr x logq(xjx) r xlogp (x)ki + constant
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When g(xjx) = N (x;x; 21) and 0, the DSM objective becomes:

1z 2
D;:(Q(X‘) kp ()(-)): Epdata (X)EN (z;0;1) E —+ 7Ty |09p (X + Z) 2

LN 0 2 (2.15)

e M4 70
N x logp (x z )2

where fxO g, " piam (x) and fz0O g, "N (0;1). The major drawback of adding noise to

data arises whenpgaia (X) is already a well-behaved distribution that satis es the required regularity
conditions. In this case, DSM is not a consistent objective because the optimal EBM matches the
noisy distribution g(x) and not pygata (X)-

2.2.4 Sliced Score Matching

By adding noise to data, DSM avoids the expensive computation of second-order deriva- tives.
However, DSM does not give a consistent estimator of the data distribution, i.e., one cannot directly
obtain an EBM that exactly matches the data distribution even with unlimited data. Sliced Score
Matching (SSM) [151] is an alternative to DSM that is both consistent and computationally e cient.
Instead of minimizing the Fisher divergence between two vector-valued scores, SSM randomly samples
a projection vector v, takes the inner product betweenv and the two scores, and then compare the
resulting two scalars. More speci cally, SSM minimizes the following divergence called the sliced
Fisher divergence:

1 > >
DSF (pdata (X) kp (X)) = Epdata (x)Ep(v) é Vo x |ngdata (X) VoI |ng (X) 2 (2-16)

where p(v) denotes a projection distribution such that E,,[vv~ ] is positive de nite.

2.3 Variational Autoencoders

One of the key problems associated with EBMs is that sampling is far from straightforward and
can require a signi cant amount of time. To circumvent this issue, it would be bene cial to explicitly
sample from the data distribution with a single network pass.

2.3.1 Evidence Lower Bound

In the Variational Autoencoder (VAE) setting, we think of the observed data x as represented
or generated by an associated unseen latent variable. The latent variables and the observed data
are modeled by a joint distribution p(x;z). As discussed earlier, likelihood-based approaches aim at
maximizing the likelihood p(x) of all observedx. In this case, this either involves integrating out all
latent variables z: 7

p(x)= p(x;z)dz (2.17)
or having access to the latent encodep(zjx), as indicated by the chain rule of probability:

p(x;z)
p(zjx)

p(x) = (2.18)

The above requirements make direct computation and maximization of the likelihoodp(x) inherently

di cult. However, using Eq. (2.17) and (2.18), a term called the Evidence Lower Bound (ELBO)
can be derived, which as its name suggests, is a lower bound of the evidence (log-likelihood of the
observed data). Given a exible approximate variational distribution q (zjx) with parameters
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which we seek to optimize, the ELBO can be derived as follows:

Z Z
logp(x) =log p(x) q (zjx)dz q (zjx)dz =1 (2.19)
Z
= logp(x)q (zjx)dz (2.20)
= Eq (zjx)[logp(x)] (Def. of expectation) (2.21)
p(x;z)
= E i lo . Eq. (2.18 2.22
q (zjx) g p(ZJX) ( q ( )) ( )
p(x;z)q (zjx)
=E ' log —————F—— 2.23
@@ 199 50 (2ix) (223)
p(x;z) q (zjx)
= E i - E i log——~ 2.24
q (zjx) q (2ix) q (zix) 109 o(zix) (2.24)
_ . p(x;z) . . :
= Eq (zix) |ogq %) + Dko (g (zjx) k p(zjx)) (Def. of KL divergence) (2.25)
, p(x;z) :
Eq zix) logq %) (KL divergence 0) (2.26)

Maximizing the ELBO becomes a proxy objective with which to optimize a latent variable model,
in the best case, when the ELBO is powerfully parameterized and perfectly optimized, it becomes
exactly equivalent to the evidence. In the default formulation of the VAE [31], the ELBO is directly
maximized. This approach is variational, because we optimize for the besfj (zjx) amongst a family
of potential posterior distributions parameterized by . The ELBO term can be further dissected:

p(X;z)
q (zjx)

p (xiz)p(z)
q (zjx) (2.27)
= Bq @iollogp (xjz)]  Dxu(q (zjx) kp(2)) = L; (x)

Eq (zjx) log = Eq (zix) log

whereq (zjx) can be thought as an encoder function ang (xjz) is a deterministic decoder function
that converts a given latent vector z into an observation x. The encoder of the VAE is commonly
chosen to model an isotropic multivariate Gaussian and the prior is often selected to be a standard
multivariate Gaussian:

q (zjx)=N(z; (x); ?1);  p(z)= N(z;0;1) (2.28)
Given a datasetD with i.i.d. data, the ELBO objective is the sum (or average) of individual-datapoint
ELBOs: X
L. (D)= L. (x) (2.29)
x 2D

Unbiased gradients of the ELBO w.r.t. the generative model parameters are simple to obtain:

rL, (X)=r Eq @xllogp (x;z) logqg (zjx)]
= Eq (zjx)[r (Ing (X;Z) |qu (Z]X))]
r (logp (x;z) logq (zx))
=r logp (X;z)

(2.30)

where z q (zjx). Unbiased gradients w.r.t. the variational parameters are more dicult to
obtain, since the ELBO's expectation is taken w.r.t. the distribution g (zjx), which is a function of

. In the case of continuous latent variables, a reparameterization trick can be used for computing
unbiased estimates ofr . L. (x).

2.3.2 Reparameterization trick

The reparameterization trick rewrites a random variable as a deterministic function of a noise
variable. This allows for the optimization of the non-stochastic terms through gradient descent. The
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random variable z q (zjx) can be written as:
z=9(; ;X) (2.31)

where the distribution p( ) of random variable is independent ofx or , e.g.,N(0;l). The ELBO

can be rewritten as:
L. (x)= Eq (zjx)[|ng (x;z) logqg (zjx)] o
= Ep()llogp (x;z) logq (zix)l;  z=9(; ;x)

As a result we can form a simple Monte Carlo estimatorl” . (x) of the individual-datapoint ELBO
where we use a single noise sample frop( ):

p( )
z=9(; ;x) (2.33)
L, (x)=log p (x;z) logq (zjx)

In addition, the gradient r . = . (x; ) is an unbiased estimator of the exact single-datapoint ELBO
gradient when averaged over noise  p( ):

EpH[r ; T (x5 )]

Ep()[r ; (logp (x;2) logqg (zjx))]
=1 , Epyllogp (x;z) logq (zjx)] (2.34)
r. L, (x)

2.3.3 Hierarchical VAE

A Hierarchical Variational Autoencoder (HVAE) [147]is a generalization of a VAE that extends to
multiple hierarchies over latent variables. In the general HVAE formulation, each latent can condition
on all latents from previous hierarchical levels. In the context of this study, all latent transitions down
the hierarchy will be Markovian, i.e., decoding each latentz; only conditions on previous latentz;,; .
The joint distribution and posterior of an Markovian HVAE, with T hierarchical levels, are:

Y
p(X;z11) = p(zT)pP (ijl)_ p (z¢ 1jzt)

=2 (2.35)

v
q (zuTix) = q (z1jx)  q (zjze 1)
t=2

In this case, ELBO derivation becomes:
Z

logp(x)=log  p(x;ziT)dzyT

% p(xize1)q (zeriX)
g (zyTjx)
p(x;z1:7)
g (zyTjx)
p(X;Z1.7)
g (z1TjX)

= log dzy.t

(2.36)
=109 Eq (2,1 jx)

Eq (z.rjx) 109 (Jensen's inequality)

2.4 Autoregressive Generative Models

In the setting of autoregressive generative models [11], we again assume that we are given access
to a dataset with n-dimensional datapoints x that can be decomposed in terms of their components

asXx = Xi;Xp;:::;Xn. For simplicity, we assume the datapoints are binary, i.e.x 2 f 0;1g". By the
chain rule of probability, we can factorize the joint distribution over the n dimensions as follows:
Y] - Y] .
P(X) = p(X1;X2;ii%n) = P(XijX1;X2iiniXi 1) = P(XijX<i ) (2.37)
i=1 i=1
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2.5. NORMALIZING FLOWS

Unlike GANs and EBMs, it is possible to directly maximize the likelihood of the data by training a
recurrent neural network to model p(x;jX< ) and by minimizing the negative log-likelihood:

X0
logp(x) = logp(XijX1;X2;: 1 Xi 1) (2.38)
i=1

The chain rule factorization can be expressed graphically as a Bayesian network. Such a Bayesian
network that makes no conditional independence assumptions is said to obey the autoregressive prop-
erty. The term autoregressive originates from the literature on time-series models where observations
from the previous time-steps are used to predict the value at the current time step. If we allow for ev-
ery conditional p(X;jx < ) to be speci ed in a tabular form, then such a representation is fully general
and can represent any possible distribution ovem random variables. However, the space complexity
for such a representation grows exponentially withn. This is because in order to fully specify this

Since the probabilities should sum to 1, the total number of parameters for specifying this conditional
is given by 2" 1 1. Hence, a tabular representation for the conditionals is impractical for learning
the joint distribution factorized via chain rule.

In an autoregressive generative model, the conditionals are speci ed as parameterized functions
with a xed number of parameters. That is, we assume the conditional distributions p(Xjjx« ) to
correspond to a Bernoulli random variable and learn a function that maps the preceding random

function as a linear combination of the input elements followed by a sigmoid non-linearity (to restrict
the output to lie between 0 and 1). This gives us the formulation of a fully-visible sigmoid belief
network (FVSBN) [50]:

pxi =1jxg )= (@ +allx +  +aVx 1) (2.39)
wherefaf(')g:(:é denote the parameters of the mean function. One approach to build more expressive
autoregressive models is to mask the weights of simple multilayer perceptron (MLP) autoencoders so
as to satisfy the autoregressive property. The neural autoregressive density estimator (NADE) [90]
which can be viewed as a mean- eld approximation of a restricted Boltzmann machine, achieves this
for binary data by placing time-dependent masks on an MLP with one hidden layer. Speci cally, at

time step i, weights are masked so that the entire hidden statéh; and output p(Xijx« ) are dependent
only on x«; ; formally this can be de ned as follows:

hi= (W .ixq +c); pxi=1jx<i)= (Wi hi+h) (2.40)

where W o 2 RY (0 1 denotes the rst i 1 columns of the shared weight matrix W, ¢ 2 RY,
b2 R"andh; 2 RY; 1 i n. RNADE [165] generalises NADE to real valued data by instead
modeling p(XijX < ) with mixture distributions parameterised by the network. An alternative masking
procedure known as MADE [54] allows for parallel density estimation by placing a mask xed over
time on an MLP so that no connections exist betweenp(xijx< ) and x .

Apart from RNNs and their variants such as LSTMs and GRUs which constitute a natural archi-
tecture for implementing autoregressive models, CNNs also provide an alternative approach in the
form of causal convolutions. PixelCNN [166], PixelCNN++ [134] and PixelSNAIL [24] are notable
realizations of convolutional generative autoregressive models.

While autoregressive models are extremely powerful density estimators, sampling is inherently a
sequential process and can be exceedingly slow on high dimensional data. Additionally, data must be
decomposed into a xed ordering; while the choice of ordering can be clear for some modalities (e.qg.
text and audio), it is not obvious for others such as images and can a ect performance depending on
the network architecture used.

2.5 Normalizing Flows

While training autoregressive models through maximum likelihood o ers plenty of bene ts in-
cluding stable training, density estimation, and a useful validation metric, they still su er from slow
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CHAPTER 2. AN OVERVIEW OF GENERATIVE MODELS

sampling speed and poor scaling propertiesNormalizing Flows [85, ] are a technique that also
allows exact likelihood calculation while being e ciently parallelizable as well as o ering a useful
latent space for downstream tasks.

Let z 2 RP be a random variable with a known and tractable probability density function p,(z).
Let g be an invertible function and x = g(z). Then using the change of variables formula, the
probability density function of the random variable x can be computed:

Px(X) = p(f (x))jdet(Df (x))]

i g (2.41)
= p(f (x))jdet(Dg (f (x)))]

wheref is the inverse ofg, Df (x) = Z denotes the Jacobian of , while Dg (z) = & is the Jacobian
of g. The new density function py(x) is called apushforward of the density p, by the function g and
denoted by g-p,. In order to generate a data pointx, one can samplez from the base distribution
and then apply the generatorx = g(z). The inverse functionf moves in the so callednormalizing
direction, transforming a complicated and irregular data distribution into a simpler, more regular
form, denoted by p,. In practice, p, is chosen as a standard normal distribution.

Intuitively, if the transformation g can be arbitrarily complex, one can generate any distribution
px from any base distribution p, under reasonable assumptions on the two distributions. Construct-
ing arbitrarily complicated non-linear invertible functions (bijections) can be di cult. By the term
Normalizing Flows people mean bijections which are convenient to compute, invert, and calculate
the determinant of their Jacobian. One approach to this is to note that the composition of invertible

be a set ofN bijective functionanddene g=9gny On 1 g; to be the composition of those func-
tions. It can be shown that g is bijective with the corresponding inverse beingf = f fn 1 fn-
The determinant of the Jacobian off becomes:

¥ ¥
det(Df ) = det Dfi =  det(Df;) (2.42)
i=1 i=1

Thus, a set of nonlinear bijective functions can be composed to construct successively more compli-
cated functions.

2.5.1 Density Estimation and Sampling

The natural and most obvious use of normalizing ows is to perform density estimation. Without
loss of generality, letg be a single ow parameterized by , while the base densityp, is parameterized
by . Given a set of data observed from a data distributionD = fx;gM, , then maximum likelihood
estimation of the parameters( ; ) can be performed:

X
max  logp.(f (xi; ); )+logjdet(Df )(xi; )j (2.43)
]

where the rst term is the log-likelihood of the samples under the base density and the second term,
sometimes called the log-determinant or volume correction, accounts for the change of volume induced
by the transformation of the normalizing ows. Evaluating the likelihood of a distribution modelled

by a normalizing ow requires computing f and its log-determinant. Therefore, the e ciency of these
operations is particularly important during training.

Sampling from the data distribution, requires sampling from the base densityp, and then evalu-
ating the inverse g, i.e., the generative direction. In that way, sampling performance is determined by
the cost of the generative direction. Even though a ow must be theoretically invertible, computation
of the inverse may be di cult in practice.

2.5.2 Normalizing Flow Layers

Normalizing Flows should satisfy several conditions in order to be practical: (i) They should be
invertible; g is needed for sampling, whilef is needed for density estimation. (ii) They need to be
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2.5. NORMALIZING FLOWS

su ciently expressive to model the distribution of interest. (iii) Lastly, they need to be computation-
ally e cient, both in terms of computing f and g but also in terms of the calculation of the Jacobian.
In the remainder of current section, we will brie y present di erent types of ows and comment on
their properties.

Planar Flows

Planar ows [124] expand and contract the distribution along certain speci ¢ directions and take
the form:

g(z)= z+ uh(w”>z + b (2.44)

whereu;w 2 RP and b2 R, while h : R! R is a smooth non-linearity. The determinant of the
Jacobian for this transformation is:

@

det = =det Ip+uhqw>z+bw”> =1+ hq(w’>z+ bu’w (2.45)

@

which can be computed inO(D). There is no closed form for the inverse of this ow, which may not
even exist for certain choices oth() and parameter settings. Planar ows can be interpreted as a
multilayer perceptron with a bottleneck hidden layer with a single unit. Higher expressivity can be
achieved by stacking multiple planar ow layers. Sylvester ows remove the well-known single-unit
bottleneck from planar ows, making the latter much more exible. They are de ned as follows:

9(z)= z+ Uh(W>z+ b) (2.46)

whereU:W 2 RP M ph2 RM andh :RM I RM with M D. In this case, the determinant of
the Jacobian becomes:

det @ =det Ip + Udiag(h(W?>z + b))W~>

@ (2.47)
=det Iy +diag(h(W>z + b)W~>U

where the last equality is due to Sylvester's determinant identity, hence the name.

Coupling Flows

Let (za;zg) 2 RY RP 9 be a dijoint partition of the input z2 RP andh(; ):RY! RY be a
bijection parameterized by . Then one can de ne a functiong : R°® RP by the formula:

h(za; ( ze))
XB = Zp

XA (2.48)

where the parameters are de ned by any arbitrary function ( xg) which only usesxg as input.
This function is called a conditioner. The bijection h is called acoupling function and the resulting
function g is called acoupling ow. A coupling ow is invertible if and only if h is invertible and has
inverse:

za = h *(xa; ( xg))
Zgp = XB

(2.49)

The Jacobian of g is a block triangular matrix where the diagonal blocks areDh and the identity
matrix, respectively. Hence the determinant of the Jacobian of the coupling ow is simply the
determinant of Dh . The power of a coupling ow resides in the ability of a conditioner ( xg) to be
arbitrarily complex. The initial partition can be done by splitting the dimensions in half, potentially
after a random permutation [35]. More sophisticated methods have also been used, such as masked
ows [36] and 1 1 convolutions [33].

21



CHAPTER 2. AN OVERVIEW OF GENERATIVE MODELS

Autoregressive Flows Autoregressive models can also be used as a form of normalizing ow. Let
h(; ) : R! R be a bijection parameterized by . Then an autoregressive model is a function
g:RP ! RP, which outputs each entry of x = g(z) conditioned on the previous entries of the input:

Xt = h(z; «(Z1r 1)) (2.50)

The Jacobian matrix of the autoregressive transformationg is triangular. Each output x; only de-
5ends onz;, and so the determinant is just a product of its diagonal entries, i.e.,det(Dg) =

tD:1 %. Given the inverse ofh, the inverse ofg can be found with recursion asz; = h (x¢; (z1t 1))-
Contrary to the above formulation, Inverse Autoregressive Flow(IAF) [84] outputs each entry of X
conditioned on its own previous entries:

Xt = h(ze; (X1t 1)) (2.51)

One can see that the functional form of the IAF is the same as the form of the inverse of the regular
autoregressive ow. Therefore, computation of the IAF is sequential and expensive, but the inverse
of IAF can be computed relatively e ciently.

Residual Flows

Residual networks [62] are compositions of the form:
g(z)= z+ h(z) (2.52)

where theresidual blockh () can be any feed-forward neural network. According to [10], the residual
connection described in Eq. (2.52) is invertible ifkhk, < 1. There is no analytically closed form for
the inverse, but it can be found numerically using xed-point iterations. The specic architecture
proposed in [10], called iResNet, models the residual block as a CNN and constrains the spectral
radius of each convolutional layer to be less than one. Given thakhk, < 1, the following hold:

Dg = | + Dh; jdet(l + Dh)j =det(| + Dh) (2.53)
Using the identity logdet(A) =tr(log A), we get:

tr( Dh )k

*
logdet(Dg) = logdet(l + Dh) =tr(log( | + Dh))=  ( 1)** "

k=1

(2.54)

To e ciently compute each member of the truncated series, the Hutchinson trace estimator [69] was
used. Instead of the latter, in [22], in a model calledResidual Flow;, the authors used the Russian
roulette estimator.

2.6 Unied View

Putting aside EBMs and autoregressive generative models, the four main contenders in the eld
of generative modeling are: GANs, VAESs, normalizing ows and the most recent one, Denoising
Di usion models. In general, GANs are known to generate high-quality samples rapidly, but they
have poor mode coverage. On the contrary, VAEs and normalizing ows cover data modes faithfully,
but they often su er from low sample quality. Recently, di usion models have emerged as powerful
generative models. They demonstrate surprisingly good results in sample quality, beating GANs [33]
in image generation. They also obtain good mode coverage, indicated by high likelihood [79, ]
but sampling from them often requires thousands of network evaluations, making their application
expensive in practice. The latter will constitute the main subject of the current thesis. Fig. 2.1
illustrates the trilemma discussed above. Moreover, Fig. 2.2 provides an illustrative overview of
GANSs, VAEs, normalizing ows, as well as di usion models, which will be covered in more detail in
the upcoming chapter.
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2.6. UNIFIED VIEW

Figure 2.1:  Generative learning trilemma. Source: [176]

Figure 2.2:  Overview of GANs, VAESs, Flow-based and di usion-based models. Source: https:/lilianweng.github.
io/posts/2021-07-11-diffusion-models/
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Chapter 3

Di usion Models

In the current chapter we will try to establish the theoretical foundations regarding Di usion Mod-
els (DMs) in the context of generative modeling, as well as accurately describe the basic architectures
which will later constitute the building blocks of our own computational models. Di usion models
are generative models that produce samples by inverting a corruption process. The corruption level
is typically indexed by a time t, with t = 0 corresponding to clean and =1 to fully corrupted images
(continuous case). The di usion process can be discrete or continuous. The two general classes of

di usion models are Score-Based Modelq149, , ] andDenoising Di usion Probabilistic Mod-
els (DDPM) [65, ]. In context of this study, we will mostly focus on the latter. For guidance
throughout this process, we also consult [28, ].

3.1 Denoising Di usion Probabilistic Models

DDPM can be thought as variants of a Markovian HVAE that abide by the following three
restrictions:

~ The dimensionality of the latents matches that of the data.

The distribution of the latent encoder is prede ned as a linear Gaussian model centered around
the output of the previous timestep.

" The parameters of the latent encoders vary over time in such a way that the distribution of the
latent at the nal timestep T is a standard Gaussian.

True data samples and latents can be jointly represented using the; notation, where t = 0 cor-
responds to true data samples and 2 [1;T] corresponds to latents with hierarchy indexed byt.
The Markov property between subsequent latent transitions implies that the DDPM posterior (for-
ward/noising process) can be written as follows:

Y
q(X1:7jXo) = a(XtjX¢ 1) (3.1)

t=1
Encoder transitions are of the form:
axidxe 1)= NP axe n@ a)) (3.2)

The noise schedule is either xed [65] or learnable [109] and evolves over time so that the distribution
of the nal latent is standard normal, i.e., Xt N (O;1). The joint distribution p (Xo:7) is called the
reverse process and is de ned as a Markov chain with learnable mean and variance parameters:

Y
p (Xo:T) = p (X7) P (Xt 1jxt); P (Xt 2jXe) = N (Xt 15 (Xe;t); (Xe51)) (3.3)

t=1

As the linear Gaussian models in theforward process are xed, the conditionalsp (x; 1jx;) constitute
the sole learnable parameters in the DDPM setting.
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Encoder transitions can be rewritten asq(X¢jX: 1) = q(X¢jX; 1;Xo), where the extra conditioning
term Xxg is rendered redundant due to the Markov property. Using the Bayes rule, each transition
can also be rewritten as follows:

a(Xt 1jXt;Xo)a(XtjXo)

a0 1i%o) (3.4)

a(XtjXt 1;Xo) =

Similarly to what we've discussed in section 2.3, DDPM can be optimized by maximizing the following
ELBO:

Z
logp(x) =log  p(Xo1)dX1T (3.5)
% p(xor)aXaTiX0)
=lo o:T _1:T 0 dx 1. 3.6
g a(X1:7jX0) vT (3.6)
_ , p(Xo.1)
=109 Etcrixo) g(X1:7jXo) 37
) p(XO:T)
Eq(xa:rixo) lo (XlTjXO) (3.8)
X Xt 1jX
= Eq(xl:TjXO) p( 8 1 P (Xt 1jxt) (3.9
t=1 A(XtjXt 1)
= Eqerspen | ogq PXTIP (XoJxA) t=2 P (Xt 1jxt) (3.10)
(X1JX0) a(X¢jXt 1)
= Eqxurixg) | (XT)p (Xop\(1) t = P (Xt 1jXt) (3.11)
CI(X1]X0) t 5 O(XtjXt 1;Xo)
P(XT)P (XoixX1) Y (xe jx)
= Bgx..oi log———————=+lo _ 3.12
arixo) 1990000 109 goxaixe 1%0) (3.12)
P(XT)pP (XojX1) A p (Xt 1jXt)
= Eqoxar ooy 1og PETPLXOXD) 0 TP k1) (313)
a(x1jxo) oo a(x ql(>)<(‘ X1OJ)qu()X ixo0)
p(XT)P (XojX1) q(X1jXo) Yo b (X ajxi)
atxarixo) 199 TG00 Xo) axTiXo) 9 (e 1iXt:Xo) (314)
pP(xT)P (Xoix1) . X p (x¢ 1jx1)
= Eg(x..-i log————————=+ o 3.15
accrixo) 109 TR0 tzp A(Xt 1JXt;X0) (319
= Eqxajxo)[109P (XojX1)] + Eqexrixe) 100 plxr) (3.16)
q(XTJXO)
)@— .
P (Xt 1jXt)
+ E oy i lo —_—
t=2 A aixalxo) gQ(Xt 1JXt;X0)
= Eqexijxo)[109P (XojX1)]  Dke (A(XTjX0) K p(XT)) (3.17)
Eqoxrjxo) [Pre (A(Xt 1jXt;X0) Kp (Xt 1jXt))]
t=2

This formulation also has an elegant interpretation, which is revealed when inspecting each individual
term:

" Eqxijxo)[10gp (Xojx1)] can be interpreted as areconstruction loss that can be approximated
and optimized using a Monte Carlo sampling.

" Dk (a(XTjX0) k p(x7)) measures the distance between the nal noisy version of the initial input
and the standard normal prior. It has no trainable parameters and is ideally equal to zero.
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Eqixrjxo) [Pxe (Xt 1jXt;X0) Kp (Xt 1jX¢))] can be interpreted as adenoising matching term

as it measures the distance between the learnable denoising transition stgp (x; 1jX) and the
ground-truth denoising transition step q(X; 1jXt;Xo). The term q(X; 1jXt;Xo) acts as a ground-
truth signal, since it de nes how to denoise a noisy imagex;, given its initial, noise free version
Xo-

By making further use of the Bayes rule, we get:

q(XtjXt 1;X0)A(Xt 1jXo0)
a(XtjXo)

a(x: 1jX¢;Xo) = (3.18)

The Markov property implies that q(X¢jX¢ 1;X0) = 9(X¢jX¢ 1) = N (X¢; paTxt 1; (1 a)l). Next, we
need to derive a formula for calculating theq(x: 1jXo); q(X¢jXo) terms, based on the fact that DDPM
transitions are linear Gaussian models. Using the reparameterization trick described in section 2.3.2,
samplesx;  g(X¢jx; 1) can be rewritten as:

xi = Pax 1+p1 a ; N (0;1) (3.19)
We repeatedly apply the reparameterization trick for all transitions q(X; 1jX: 2);:::;0d(X1jXo), given
access to noise variable$ ; g\, HaN (0; 1), and derive the following recursive formula:

xi=Pax 1+ "1 &, (3.20)

_p__ P ——— p_—

= pat(p a 1Xt 2+ 1 At 1t 1)+ 1 a ¢ (321)
- S— p___

= patat Xy 2+ &l a 1) 1t 1 &y (3.22)
. P P—2

= pata.t 11Xt 2+ at(l ay 1) + 1 at t 2 (323)
. p_—

= patat 11Xy 2+ 1 aFt)at 11t 2 0 (324)

= patat 1(p  2Xt 3+ 1 & 2¢ 2+ 1 aa 14, (3.25)

= patat 18 2Xt 3+ aay 1(1 & 2) ¢t 2+t 1 &a 14 » (3.26)

P—————5 P————

= patat 18y 2Xy 3+ aa 11 a 2) + 1 aa 1 3 (3.27)
. p—

= patat 1@ 2Xt 3+ 1 &y 1a 24 3 (3.28)

= (3.29)

! y—

Y Y

= aXg+ "t 1 a o (3.30)
t=1 t=1

= aTXo+p1 a o N (xt;pEXO;(l a)l) (3.31)

Egs. (3.23) and (3.27) are derived based in the fact that the sum of independent normal variables is
normally distributed with a mean equal to the sum of their means and variance equal to the sum of
their variances.

Having speci ed all the distributions in the right hand side of Eq. (3.18), we can now proceed
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with calculating the form of q(x; 1jXt¢;Xo):

a(X¢jXt 1;X0)d(Xt 1jXo)

Xt 1jXt;Xg) = - 3.32
a(Xt 1jXt;Xo) q(Xeixo) . . ( )
_NPax 1 al)N(xg 17" a 1Xo; T & al)

- SR (3.33)

N(X¢; axo; I al)
( 1 (X paitxt )% (Xt 1 pat 1X0)? (Xt paTtXO)2 :
/ = + 3.34
&P 3 1 a 1 a 1 a (3:34)
( 0 0 )
1 ( 2% axe ixe+ax? ;) (X2, 27& 1XoXt 1)
exp 5 T a 1 a . C(Xt;Xo) (3.35)
( 0 0 )
1 27 ax, 1X¢  ax? xZ | 2" ar (XXt 1
- + + .
Fep 5 1 a 1 a 1 a. 1 a . (3.36)
( 0 0 )
1 a 1 2 Xy ar 1Xo
= — + + 37
P 3 T 27T a. "t 1T a1 a, T (3.37)
( p P
1 1 a 5 RS a 1Xo
= ex = X + X 3.38
P 2 (1 at)(l at 1) t1 1 at 1 ar 1 tl ( )
" P P #

= ex ( 1 1 & X2 2 1a[;(lt + 1atatlxlo (1 a)d a 1)X ) (3.39)

P 2 @ )@ a) R 1 a v
( 1 1 | Pax (1 )+ P 1 a) K
_ 2 at Xt a1 a8 1Xo a
=exp > W Xg 1 2 1 a Xt 1 (3.40)
at
p_— pP_—
axe(l a 1)+ a 1Xo(l a) (1 a)l a 1)

N . . | 41

/ Xt 1 1 at ’ (1 at) (3 )

The term C(X¢;Xo) depends only onx;;xo and therefore is considered to be constant. At each

timestep, x; 1 is normally distributed with mean  4(x;; xo) = —X:& 2 11)+a(ﬁx°(1 ) and vari-

ance ¢(t)= g(t)l = %I. Therefore, in order to match the ground-truth transition step

(Xt 1jXt;Xo0), P (X¢ 1jX¢) should also be modeled as a Gaussian. In general, the KL divergence
between two Normal distributions Ng; N1 in d dimensions is as follows:

1 det( 1) S
Drt (NokNy) = 5 log g+t 1" o)+ (1 07 1" o) d (3.42)
Let and be the learnable mean and variance op (x; 1jX{) respectively. We can directly set
(t) = q(t) for all t. Maximizing the ELBO requires minimizing the denoising matching termin
Eq. (3.17):
argmin Dy (a(Xt 1jXt;Xo0) KP (Xt 1jXt)) (3.43)
=argmin Dk (N(Xt 15 v ) KN(X¢ 1 3 q)) (3.44)
=argmin tr(1) d+( 0 g a) (3.45)
=argmin tr(1) d+( B | o) (3.46)
=argmin 2—12 K k3 (3.47)

q
Eqg. (3.47) implies that must exactly match the ground-truth mean, as expected. As  only
conditions on Xy, it can closely match 4 by being set equal to:

Pai a oxi+Pa @ a)r (oo

X 1) =
(t) 1 &

(3.48)
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Figure 3.1: The DDPM Markov chain of forward (reverse) noising process of generating a sample by slowly adding
(removing) noise. Source: https://lilianweng.github.io/posts/2021-07-11-diffusion-models/ . Inspired by [65].

where® (X¢;t) denotes a neural network's prediction ofx at noise levelt. By substituting Eq. (3.48)
and ¢ into Eq. (3.47), the latter simpli es to:

. 1 & 1(1 at)z . 2
argmln2 g T a)? k® (Xi;t)  Xoks
(3.49)

1 a1 A 2
= - kR it k
argmin 5 T4 (Xt;t)  Xok3

By solving Eq. (3.31) w.r.t. the ground-truth xg, we get the following expression:

Xt pl ar o

Xo = —
at

(3.50)
Plugging Eqg. (3.50) into the ground-truth mean ¢, we get an equivalent parameterization of the
objective (3.47) where a neural network”™ (x¢;t) learns to predict the source noise ¢ N (O;1).
Hence, learning a DDPM by predicting the original input Xg is equivalent to learning to predict the
noise; empirically, however, it has been found that predicting the noise results in better performance
[65, 79]. Fig. 3.1 illustrates the noising and denoising Markov chains within the DDPM mechanism.

Lastly, we mention a third equivalent interpretation of the DDPM training objective, based on
the score functionr , logp(x;) and Tweedie's Formula [40]. The latter states that the true mean of
an exponential family distribution, given samples drawn from it, can be estimated by the maximum
likelihood estimate of the samples, plus some correction term involving the score of the estimate.
In the case of just one observed sample, the empirical mean is just the sample itself. So, given a
Gaussian random variablez N ( ;; ;) the following holds true:

E[ ;jz]=z+ .r ;logp(z) (3.51)
Using Eq. (3.31), the true posterior mean ofx; given its samples can be approximated as follows:
E[ x,jxt]=xt+(@1 a)r x, logp(xt) (3.52)

Substituting the true mean , = P arXo back into Eqg. (3.52), we get:

P axo= X¢+ (1 a)r x, logp(x)
_ X+ (1 agr «, logp(x:) (3.53)
= A
a

)

Plugging Eqg. (3.53) into the ground-truth mean 4, we get an equivalent parameterization of the
objective (3.47) where a neural network$ (x;t) learns to predict the score functionr 4, logp(xt).
Combining Eqgs. (3.50) and (3.53), it can be shown that the source noisey and the score function
r x, logp(x:) o by a constant factor that scales with time:

1 & ¢

a (3.54)

Xe+ (1 agr x, logp(xt) _ Xt

p
P P
at

1
) r Xt Iog p(Xt) = Ig 17 0
at
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3.2 Denoising Di usion Implicit Models

Denoising Di usion Implicit Models (DDIM) [148] constitute a class of generative models trained
with denoising auto-encoding/score-matching objectives and are characterized by a non-Markovian
forward process. In the DDIM setting, samples can be uniquely determined from the latent variables,
hence DDIM have certain properties that resemble GANs. In the upcoming analysis, in order to be
consistent with the derivation in [148], we use the notationa; to represent the variable a;. This is
equivalent with choosing a decreasing sequenag.t 2 (0; 1] with the following latent transition step:

r—

. aj a
a(Xejxt 1) = N X, Xy 1; 1 !
ar 1

at 1

| (3.55)

DDIM are based on the following family of inference distributions indexed by a real vector 2 RT :
. . v— .
q (XuTiXo) == g (XTjX0)  d (Xt 1jXt;X0) (3.56)
t=2

whereq (XtjXg) = N (xT;pﬁxo;(l ar)l) and for all t > 1:

q — P~
q (Xt 1jXt;%0) = N P axo+ 1 a1 ¢ M; 2l (3.57)

The Gaussian mean function in Eq. (3.57) is chosen in such way so as to ensure that (x;jXo) =
N (X¢;" aXo; (1 &)l), leading to a joint inference distribution that matches the desired marginals.
The correspondingforward process can be derived from Bayes' rule:

q (Xt 1jXt;X0)q (XtjXo)
q (Xt 1jXo)

The aforementionedforward process, although it is Gaussian, it is no longer Markovian because each

Xt depends on bothx; ;1 and xg. The magnitude of controls how stochastic the forward process is.
The trainable generative process is modeled so that given a noisy observatiox, a prediction

f (x¢;t) corresponding tox is made, which is then used to obtain a sample; 1 through the ground-

truth conditional distribution q (X; 1jXt;Xg). The model” (x;t) attempts to predict the noise from

Xt without knowledge of xg. Based on Eq. (3.50), the prediction of thedenoised observatioris de ned

g (XtjXt 1;Xo0) = (3.58)

as follows: p
1 A it
fxgn= X Lgal (i) (3.59)
at
The generative process is de ned with a xed priorp (x7) = N (xt;0;1) and transition steps:
(
, N (Xo:f (x1;1); 21) ift=1
p (xe ajx)= ot ! ) _ ) . (3.60)
g (x¢ 1jx¢;f (x¢;t)) otherwise
Combining Egs. (3.60) and (3.57), the DDIM sampling process becomes:
P—— q__
_ X 1 a™ (Xt
xoi=Pa Xt el T a2 A ket (3.61)

where N (0;1) and a := 1. Dierent choices for, result in dierent,generative processes,
all while using the same model* (x¢;t). When = (1 a 1)=1 a) 1 a=a 1 forall t,
then the forward process becomes Markovian, and the generative process becomes a DDPM, i.e., the
mean and variance in Eq. (3.57) become equal to the 4(x¢;Xo) and g(t), respectively. Moreover,
when =0 for all t, both the forward and reverse processes become deterministic. The resulting
model becomes an implicit probabilistic model [106]. When considering accelerated generation with
being an irﬁcreasing subsequencg 6fL;:::; Tg, the variance hyperparameter is often parameterized as

()= (I a,,)=1 a,) 1 a,=a, ,. The latter notation will prove useful in simplifying
comparisons during experimentation with di erent variance hyperparameters
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When =0, Eq. (3.61) can be considered as an Euler method to solve ODEs:

s I
Xt t Xt 1 & t 1 & A
¢ p— — = Xi;t 3.62
a ot p?t a ot 3 (xe:1) ( )
To derive the corresponding ODE, we can re-parameterizev := P 1 P aandx = x:p a. In the

continuous case,w and x are functions oft, wherew : R ¢! R g is continuous, increasing with
w(0) =0. Then, Eqg. (3.62) can be treated as a Euler method over the following ODE:

dx(t) = A p%;t dw(t) (3.63)

This suggests that with enough discretization steps, the above generation process can be reversed
(going from t =0 to T), which encodesxg to xt.

3.3 Guidance

All discussion up to this point has been dedicated to learning the distribution p(x) of a given
dataset. However, it also useful to be able to learn conditional data distributionsp(xjy) where y
denotes any kind of conditioning information, e.g., class labels. According to related literature, there
are two main methods for achieving this, namelyClassi er Guidance [33] andClassi er-Free Guidance

[56].

3.3.1 Classier Guidance

Let p (yjxt) be a classier that aims at classifying noisy imagesx;, at various noise levelst.
According to [33], the corresponding conditional denoising process becomes:

P (Xt 1xe;y) /1 p (Xt 1jxe)p (YiXe 1) (3.64)

From the previous section, we know thatp (X; 1jx;) is normally distributed with mean  (x;t) and
covariance matrix  (x;;t). Assuming that logp (yjx: 1) has low curvature compared to  (X;t)
(which is reasonable in the limit T ! 1 ), the latter can be approximated using a Taylor expansion
around Xy 1 =  (X¢;t) (we drop dependence orx; andt for simplicity):

logp (yjx¢ 1) logp (yix¢ 1), . +(xc 1 )7r logp (yixe 1), -

(3.65)
= (X 1 )~ g + constant
whereg = r logp (yjxt 1) . 1= Substituting back into Eq. (3.64), gives:
H 1 > 1 >
logp ; (Xt 1jXt;y)/ E(Xt 1 ) (Xt 1 )+ (Xt 1 )9
1 1. .
/S 0 x 9+50 g 309

! logp(z); z N( + g )

Therefore, the conditional transition operator can be approximated by a Gaussian similar to the
unconditional transition operator, but with its mean shifted by g. A gradient scaling factor
can also be incorporated, i.e., r x logp(yjx) / r logp(yjx) . As a result, the conditioning process
is still theoretically grounded in a classi er distribution proportional to p(yjx) . When > 1, the
latter becomes sharper thanp(yjx), since larger values are ampli ed by the exponent. Consequently,
using larger gradient scale focuses more on the modes of the classi er, producing higher delity, but
potentially, less diverse samples.

Classi er guidance can also be applied in the DDIM setting. To this end, Eq. (3.54) will be put
in use, establishing the necessary connection between the conditional score functiony, logp(x:jy)
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and the corresponding network's noise predictions* (xtjy) (we drop the time index t for simplicity).
Using Bayes' rule, we rst notice that:

p(yixe)p(Xt) _ i
=) =109 pUixe) +log pixe)  logp(y) (3.67)

)T x, logp(xijy) = 1 x, logp(yjxt) + 1 x, logp(Xt)

logp(x1jy) = log

Applying Eq. (3.54) in this case, results in the following formula for * (xjy):

1 1 .
S = — |
pﬁ (xtjy) plial (Xt) + 1 x, logp (Yyixt) (3.68)

. P .
) N (Xidy) = N (Xe) 1 ar «, logp (yjxt)

We can then use the exact same sampling procedure as used in regular DDIM, but with the modi ed
noise predictions” (x:jy) instead of * (Xt).

3.3.2 Classi er-Free Guidance

As the name implies, Classi er-Free Guidance [66] does not require training a separate classi er.
Instead, one trains a conditional di usion model p(xjy) with conditioning dropout probability Ppyncond ;
some percentage of the time, the conditioning informationy is removed (10-20% tends to work well)
and is replaced with a? (null ) label. In practice, it is often replaced with a special input value
representing the absence of conditioning information. The resulting model is now able to function
both as a conditional modelp(xjy), and as an unconditional modelp(x), depending on whether the
conditioning signal is provided.

As discussed in the previous section, classi er guidance results in sampling from a distribution
p (X{jy) I p(x¢)p(yjx¢) , where 2 [0;+1 ) plays the role of an inverse temperature parameter.
This time, we apply Bayes' rule in a di erent direction relative to Eq. (3.67) in order to eliminate
terms containing the classi er p(yjxt):

rx, logp (Xtjy) = r x, logp(x¢) + 1 «, logp(yjxt)
=1 x, logp(xt) +  (r x, logp(xtjy) 1 «x, logp(xt)) (3.69)
=@ )rx logp(xt)+ 1« logp(xtjy)

Then sampling is performed using the following linear combination of the conditional and uncondi-
tional score estimates:

~(xady) =@ ) (xd?)+ (Xdy) (3.70)

This is a barycentric combination of the conditional and the unconditional score function. For =0,
we recover the unconditional model, and for =1 we get the standard conditional model. For > 1
the resulting distribution becomes super-conditioned .

3.4 Latent Di usion Models

Latent Di usion Models (LDM) [125] were introduced in an attempt to lower the computational
demands of training di usion models towards high-resolution image synthesis. The proposed approach
suggests an explicit separation of the compressive from the generative learning phase, utilizing an
autoencoding model which learns a space that is perceptually equivalent to the image space, but
o ers signi cantly reduced computational complexity in both training and sampling procedures.

3.4.1 Perceptual Image Compression

The image compression models used in [125] consisted of an autoencoder trained with a combi-
nation of a perceptual loss and patch-based adversarial objective. The usage of a GAN-based loss
enforces local realism upon the reconstructed images, avoiding bluriness introduced by relying solely
on pixel-space losses such as or *, objectives.
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Given an RGB input image x 2 R" W 3 an encoderE encodesx into a latent representation
z= E(x) 2 R" ¥ ¢ while a decoderD decodes the latent and restores it back in the original image
space, producing the reconstructions = D(z) = D(E(x)). The encoder downsamples the input image
by a factor f = H=h = W=w. In [125], the authors investigated downsampling factors of the form
f=2":m2N.

Furthermore, the rst stage compression models undergo di erent regularization schemes with
the aim of avoiding learned latent spaces of arbitrarily high variance. The rst of the two proposed
autoencoder variants, namelyKL-reg, features a slight KL-penalty towards a standard normal on
the learned latent, similar to a regular VAE. The second variant, namely VQ-reg is built upon the
VQGAN [45] architecture and uses a vector quantization layer in order to learn codebook consisting
of discrete latent representations.

Learning Discrete Latent Spaces

In general, a big portion of the data encountered in real-world, everyday scenarios, often favor
discrete representations over continuous ones. For example, language is inherently discrete, similarly
speech is typically represented as a sequence of symbols. Images can often be described concisely
by language. Furthermore, discrete representations are a natural t for complex reasoning, planning
and predictive learning (e.g., if it rains, | will use an umbrella). A new family of generative models
[45, , , ] has recently emerged by successfully combining the VAE framework with discrete
latent representations based onVector Quantisation (VQ).

The rst notable realization of a VAE that made e ective use of discrete latents came in the
form of the VQ-VAE [167]. The latter is a type of variational autoencoder that uses VQ to obtain
discrete latent representations. It di ers from VAEs in two key ways: the encoder network outputs
discrete, rather than continuous codes; and the prior is learned rather than being static. In order
to learn a discrete latent representation, ideas from VQ are incorporated, as the latter allows the
model to circumvent issues of posterior collapse - where the latents are ignored when they are paired
with a powerful autoregressive decoder - typically observed in the VAE framework. Pairing these
representations with an autoregressive prior, the model can generate high quality images, videos, and
speech as well as doing high quality speaker conversion and unsupervised learning of phonemes.

More speci cally, let fe;gl, RY be a latent embedding space wher& is the size of the discrete
latent space andd is the dimensionality of each latent embedding vectore; 2 RY;i 2 [K]. The model
takes an input x, that is passed through an encoder producing outputze(x). Subsequently, the
discrete latent variablesz are calculated by a nearest neighbour look-up using the shared embedding
space. The posterior categorical distributionqg(zjx) probabilities are de ned as one-hot as follows:

1 for k =argmin; kze(x) ek

= kijx) =
a(z ix) 0 otherwise

(3.71)

The representation z¢(x) is passed through the discretization bottleneck followed by a mapping onto
the nearest embedding element:

Zq(x) = ex; wherek = argminkze(x) €jkz (3.72)
i

No real gradient can be de ned for Eq. (3.72), however it can be approximated similarly to the
Straight-Through Estimator (STE) [12] and just copy gradients from decoder inputzq(x) to encoder
output z¢(x). VQ-VAE training is guided through the minimization of the following loss function:

Lvg =log(p(xjzq(x))) + ksgle(x)] eki+ kze(x) sglelks (3.73)

where is a scaling factor andsg[] stands for the stopgradient operator which is de ned as identity at
forward computation time and has zero partial derivatives, thus e ectively constraining its operand
to be a non-updated constant. The rst term constitutes the reconstruction loss which optimizes
the decoder and the encoder through the STE. Furthermore, the embedding space is learned using
the simplest dictionary learning algorithm, that is, VQ. The VQ objective uses an ", error to guide
the embedding vectors towards the encoder outputs, as indicated by the second term of Eq. (3.73).
Lastly, since the volume of the embedding space is dimensionless, it can grow arbitrarily in case the
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