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MNepiAnyn

H Mapaywytkn Movtehotmoinon anoteAei Tov KAAdo tng Mnxavikng Mdenong o omoiog
ETILKEVTPWVETAL OTNV TIAPAYWYH VEWV PEAALOTIKWY O€OOPEVWY KAl O OTOI0¢ amoteAo-
voe mapadootakd To avw@AL Twv duvaToTATWY TWV HOVIEAWY Mnxavikng kat Badudag
Mdénong. To oknviko €xel aAAdEel Ta TeAevTaia xpovia, Kupiwg amno to 2014, otav o |I.
Goodfellow apouvciace tnv LOEQ TOL yla £va MAPAYWYLKO HOVTEANO AroTEAOVEVO Ao dVO
avTIPaxoPeva VELPWVLIKA bikTua, To omoio ovopdotnke Generative Adversarial Network.
AkoAoVBwWG, poekLYe MANBwpPa HoviEAwY Bact{Opeva o€ auTo, JE EVTUTIWOLAKA ATIOTE-
A€opata mov, €181kd oTo TAAiola TNG TAPAYWYNG ELKOVWY, EKTTAOOOLVE aKOUdA Kat €va
EUTIELPO AVOpWTILVO CUOTNHA OPAONG.

Tavtoxpova, TI¢ TeEAevTaieg dekaeTieg, yiveTal OO KAL TIEPLOCOTEPN EPELVA YUPW ATIO TNV
avdamtugn TEXVIKWY Katavonong tTng evvolag tTng Hodag Kat Tng Taong avTng, ELTe yLa ouv-
dpoun katda tn gdaon oxediaong pouXwV N yla KAAUTEPEG KAL TILO OTOXEVHUEVEG AYOPES N yLa
AAAOLG OKOTIOUG. X TNV TIPOOTIAOELd HaG VA EPAPHOCOUE CUYXPOVEG TEXVLKEG HNXAVLKNAG
pABnNoNG yla auTopaToToLNKEVN TIapaywyn Kat eneepyacia elkOVWY podag, otnv napovoa
gpyaocia, xpnolgomnolovpye Generative Adversarial Networks. Zuykekplpeva, oxedlaloupe
Kal LAOTIOLOUUE €va TIOAL-EPYAAELO AUTOPATOTIOLNUEVNG ETlEEepyaciag elKOVWY podag to
otmoio omAidovpe pe t€o00eplg (4) Baolkeg Asettoupyieg: aAAayn nodag, e€aywyn pouxou,
Taiplaopa oTIA Kal Ttapaywyn PEAALOTIKWY €LIKOVWYV KAt anaitnon.

2 TNV MPooTadeLd Yag avth), eknaltdevove LoapLdpa povteAa tomov Generative Adversarial
Network og cOvola dedopévwy amoteAolpeva and elkOveg pédag (evv. polXwYV Kal po-
VTEAWV TIoL Ta dtapnpidouv), mapabeTovTag 0To TEAOG OXETIKA anoteAeopata. AnoteAel
Babia memoibnon pag otL e€eAIEELC TTAPOPOLWY POVTEAWY Ba KATEXOUV KEVIPLKO POAO
oTn oxediaon pouXwv Kal Kupiwg otn 61d6eor TOuG PEOW CLOTNHATWY NAEKTPOVIKOU
guTopiov 0To €yyug HEAAOVY, KATL TIOV pag €kave va poonAwBoupe pe ¢nAo otnv vAoro-
inon evog anoteAeopaTikoL vorpovog epyaAeiov yia enefepyacia elkovwy podag otnv
Tapovoa epyaocia.

NEEEIC KAEIDIG— Mapaywylkn Movtehomoinon, Nonyova cvotnpata podag, Generative
Adversarial Networks, Mapaywyn €wKovwy and 80puBo, MeTaTpomr| €LKOVAG-OE-ELKOVQ,
DeepFashion, StyleGAN, CycleGAN, Mnxavikny Opaon, Texvntd Nevpwvikd Aiktua






Abstract

Generative Modelling, a branch of Machine Learning that focuses on generating realistic-
looking samples, has traditionally constituted the upper bound of what Machine and Deep
Learning models can achieve. This regime has completely changed the past years, especially
after 2014, when I. Goodfellow presented his idea for a generative model comprising two
competing neural networks: the Generative Adversarial Network of GAN for short. Subse-
quently, a plethora of models based on GAN have been proposed with impressive results,
some of which, principally in the context of image generation, surprise even an experienced
human vision system.

Concurrently, more and more research is devoted during the last decades around the
development of techniques for demystifying the notion of fashion and fashion trends. Among
its purposes, is creating artificial intelligence systems that provide help in the process of
designing new garments as well as in the process of conducting better and more well-
targeted purchases. In an endeavour to apply modern machine learning techniques to
automate generation and editing of fashion images, in this project we employ Generative
Adversarial Networks. In particular, we design and utilize a multi-tool for automatic editing
of fashion images, equipped with four (4) fundamental operations: pose change, cloth
extraction, style matching and on-demand realistic fashion images generation.

In order to achieve our goals, we train four models based on the Generative Adversarial
Network in fashion image (i.e. images of garments as well as human models advertising
them) datasets, giving the corresponding outcomes at the end. It is our firm belief that further
developments of such models will play a central role in fashion design and especially in
clothes distribution through e-commerce systems in the near future, which has made us
focus zealously on implementing an effective intelligent tool for fashion image editing in
this work.

Keywords— Generative Modelling, Intelligent fashion systems, Generative Adversarial Net-
works, Noise-to-image generation, Image-to-image translation, DeepFashion, StyleGAN, Cy-
cleGAN, Computer Vision, Artificial Neural Networks
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Kef'laio 1

Sgetik™ me th Diplwmatik Ergasba

Antikebmeno kai Skopic

Sthn paroOsa diplwmatik ergasPa asgoloOmaste me Paragwgik Montelopobhsh ei-
kinwn, dhlad prospajoOme na ekpaideOsoume montéla Mhganik c/Baji"c M jhshc

.ste na par“goun realistikéc eikinec. Ga na to petOgoume auti, sgedi"’zoume ta
montéla me tétoio tripo ,ste na mporoOn na afomoi soun ta basik” garakthristik™

kai th dom twn eikinwn enic sunilou dedoménwn ekpabdeushc. Sta plabsia aut’,
grhsimopoioOme Baiji” Paragwgik™ Montéla tOpou Generative Adversarial Network (GAN)
ta opoPa apoteloOntai api dOo neurwnik™ dbktua kai ekpaideOontai antiparajetik’:

iso to éna dbktuo gbnetai kalOtero tiso to “llo metabllei tic paramétrouc tou gia

na anakt sei thn kuriargba.

Ctsi, sqedi"same kai ulopoi same montéla  GAN, ta opoba ekpaideOsame se sOnola dedo-
ménwn apoteloOmena api eikinec midac. Se mba genik eikina, auti pou prospaj same

na ulopoi soume sta plabsia thc paroOsac diplwmatik ¢ ergasPac ebPnai ena polu-
ergalebo mhganik ¢ m“jhshc me dunatithtec paragwg c realistik,n eikinwn midac all”

kai efarmog c realistik, n metasghmatism,n stic eikinec autéc . To ergalebo auti to
oplbsame me tic akiloujec dunatithtec:

1. Allag Pizac : dojebshc mbac eikinac eisidou kai miac pizac thc eikinac exidou,
to antbstoiqgo montelo tou ergaleBou mac prospajeb na par’xei mba realistik
eikina pou na moi“zei iso to dunatin perissitero sthn pragmatik eikina exidou
(enn. me th nea piza)
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2. Exagwg RoOqou: dojeDshc miac eikinac enic anjr,pou (se aujabreto parask nio),
to antbstoigo montélo tou ergaleBDou mac prospajeb na par'xei mba eikina sthn
opoba na apeikonbzetai mino to roOqo tou anjr pou se oudétero parask nio

3. Tabriasma Stil : dojebshc mbac eikinac upod matoc ( antbstrofa mbac ts"ntac
gerio0), to antBstoigo montélo tou ergalePou mac prospajeP na par“xei mPa eikina
ts"nta ( antbstrofa upod matoc) h opoba na tairi"zei stilistik” (p.qg. sto gr,ma

sthn epishmithta) sthn argik eikina

4. Paragwg realistik.n eikinwn midac . teloc, oplbsame to polu-ergalebo mac
me éna api ta pleon exeligmena montela GAN, to StyleGAN me skopi auti na
egei th dunatithta paragwg c realistik,n eikinwn midac ipou apeikonbzontai
“njrwpoi-montéla se di*forec pizec kai for,ntac di*fora sOnola roOqwn, en,
se mellontik epéktash ja ebnai dunat h eleggimenh mebxh metaxO twn paragime-
nwn eikinwn gia allag stil/roOqwn/pizac k.o.k.

Di“rjrwsh

H ergasba diarjr jhke se pénte kef'laia (kef'laia 2-6) plhn tou parintoc kai tou
teleutabou kefalabou me mellontikéc proekt™seic. Se k'je éna api ta kef'laia aut”
perilamb”nontai ta ex c:

" Kef'laio 2 : sto kef'laio auti perilamb™nontai genikéc bibliografikec anafo-
réc sgetikéc analOseic pou eis"goun ton anagn, sth sthn Paragwgik Montelo-
pobhsh eikinwn kai sta Generative Adversarial Networks (GANs)pou apoteloOn kai
ton pur na thc paroOsac ergasbac.

" Kef'laio 3 : akoloujeb éna kef’laio pou esti"zei sta GANsSs, se iti afor” th dim
kai ton tripo ekpabdeus c touc en, perilamb™nei kai tic katexoq n metrikéc gia
axiolighshc thc apidos c touc.

" Keflaio 4 : katipin pern"me stic efarmogéc twn GANSs kaj,c kai se argite-
ktonikec tetoiwn montélwn pou eqoun protajeb sth bibliografba kai eqoun grh-
simopoihjeb sth pr'xh sta plabsia Paragwgik ¢ Montelopobhshc eikinwn. Ekeb
perigr-foume kai ta montéla sta opoba basist kame gia thn ulopobhsh tou polu-
ergalebou mac dbnontac antbstoiga apotelesmata api th sgetik bibliografba.
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"~ Keflaio5 :autikaito epimeno kef'laio apoteloOn to epPkentro thc ulopobhs ¢
mac me to kef'laio 5 na perilamb™nei plhroforbec gia ta sOnola dedoménwn pou
grhsimopoi jhkan, th mejodologba pou akolouj jhke gia thn pro-epexergasba
aut n, ta montéla pou sqgedi“sthkan kai ulopoi jhkan kaj,c kai paramétrouc
ekpabdeushc twn montélwn aut, n.

"~ Keflaio 6 : sto kef'laio 6 progwroOme sthn par’jesh metrik n kat™ thn ek-
pabdeush twn montélwn mac kaj,c kai par’jesh metrik.n kai apotelesm™twn

afitou aut éqei oloklhrwjeb.

" Kef'laio 7 : sto sOntomo auti kef'laio dBnoume seir” mellontik,n proekt’sewn
pou tiso o ekponht ¢ iso kai o endiaferimenoc anagn, sthc mporoOn na grhsimo-
poi soun gia th sunéqish thc paroOsac diplwmatik ¢ ergasbac.

Prin progwr soume, anaferoume sto shmebo auti pwc h ilh an”ptuxh kai ekpabdeush
twn montélwn égine sthn programmatistik gl ssa Python (el"g. ekd. 3.7), en, grhsi-
mopoi jhke to sOnolo bibliojhk,n PyTorch (elag. ekd. 1.7.2). O k,dikac thc paroOsac
diplwmatik c ergasbac, o opoboc xepern’ei tic 15.5 K LoC, dbnetai anoigt™ all” qwrbc
eujOnh sto akiloujo apojet rio k_ dika tou GitHub:

github.com/achariso/gans-thesis
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Kef'laio 2

Eisagwg sta Generative Adversarial
Networks (GANSs) kai sthn Paragwgik
Montelopobhsh

SOmfwna me ton orismi thc Mhganik ¢ Eufudac pou dijhke api ton Alan M. Turing sto
“rirotou  Computing Machinery and Intelligence[3], aut mporeb na stoigeiojethjeb gia
mia mhgan itan oi apokrDseic thc ePnai dOskolo na diakrijoOn api autéc enic anjr, pou

(kai étsi h mhgan ja pernoOse api to test gnwsti wc imitation game). Parilo pou
se kpoiouc tomebc thc Mhganik ¢ M7jhshc ipwc h Allhlepbdrash Fusik ¢ Gl ssac
(Conversational Al) up“rgei akima shmantik apistash méqri oi mhganéc na apokrbnontai
me realistiki kai anjr,pino tripo, se “llouc tomeBbc ipwc h Anagn, rish ProtOpwn kai

kat' epéktash h Taxinimhsh Pribleyh, oi upologistikéc mhganéc epideiknOoun akimh

kai uperoq se sOgkrish me touc anjr, pouc.

Sthn paroOsa diplwmatik ergasPa epikentrwnimaste sth meléth tegnik, n kai algo-
rDjmwn Paragwgik ¢ Montelopobhshc (Generative Modeling) sta plabsia thc Mhganik ¢
—rashc (Computer Vision), dhlad Paragwgik Montelopobhsh eikinwn. H Paragwgik
Montelopobhsh, esti"zontac sthn paragwg teqgnht,n polumesik,n dedoménwn pou
parousi“zoun poikilomorfDa kai realismi, paradosiak™ apoteloOse thn {AgPlleio
ptérna} thc Tegnht c NohmosOnhc. Prisfatec exelPxeic, wstiso, ston toméa thc
Baji'c M’jhshc (Deep Learning), se sunduasmi me th suneq beltBwsh tou ulikoO
(hardware) twn upologist,n, eqoun odhg sei thn ereunhtik koinithta sthn anaz thsh
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néwn mejidwn Paragwgik c Montelopobhshc, idiabtera se iti afor” th dhmiourgba
realistik,n disdi"statwn kai trisdi"statwn apeikonbBsewn. Arqik”, h Paragwgik
Montelopobhsh gia Mhganik —rash basbzontan stouc Autimatouc Kwdikopoihtec
(Autoencoders), h efarmog twn opobPwn wc endi"'mesec str seic (layers) exagwg c
garakthristik,n se Baji” Neurwnik™ DBbktua (ipwc sto [18]), od ghse sthn paragwg

twn pr,twn axiilogwn kai arket” realistik,n eikinwn stic argéc tou ai na.

Sqg ma 1: Poikilba (diversity) api debgmata geirigrafwn yhfbwn pou éqoun paragjeb api Dbktuo
Stacked Denoising Autoencoder (SDAE)me treic (3) kruféc str, seic.

Phg : Stacked Denoising Autoencoders: Learning Useful Representations in a Deep Network with a
Local Denoising Criterion , Pascal Vincent et al., 2010 [18]

>swc h pio axioshmebwth prosj kh stic tegnikec Paragwgik ¢ Montelopobhshc ei-

Kinwn rje to 2014 itan o lan Goodfellow, kat” th di"rkeia thc didaktorik ¢ tou dia-

trib ¢ sto Panepist mio tou Montreal, efhOre ta Paragwgik™ Antiparajetik” DPktua
Generative Adversarial Networks (GANSs). H tegnik aut basizimenh sthn tautigronh

ekpabdeush dOo (2) xeqwrist,n Baji.n Neurwnik n DiktOwn (DNNs), od ghse sthn

paragwg eikinwn o bajmic poiithtac kai realismoO twn opoPwn diékrine améswc thn

tegnik aut api ilec tic prohgoOmenec. Gia par“deigma, h gr sh twn GANSs epétre-

ye thn ektélesh ergasi.n pou éwc tite jewroOntan adOnatec, ipwc thn paragwg

tegnht,n ( fake) eikinwn me poiithta ef'millh eikinwn tou pragmatikoO kismou, th

metatrop enic skbtsou se mia eikina shmantik™ imoia me fusikec eikinec, th meta-

trop enic bbnteo ipou eikonbzetai eéna “logo se éna “llo bbnteo, ipou to “logo egei

antikatastajeb me zébra « kai ila aut™ qwrDc thn an"gkh Oparxhc ter“stiwn set api e-

pimel,c epishmasmeéna ( annotated) dedoména ekpabdeushc. Sto sq ma 2 pou paratbjetai

akoloOjwc, fabnetai afenic h ikanithta twn GANSs na par"goun realistikéc eikinec

kai afetérou o ragdaboc rujmic me ton opobo progwr’ei kai anaptOssetai h ereOna
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gOrw api aut thn epanastatik tegnik Paragwgik ¢ MontelopoPhshc. Aut priodoc
afenic epibebai, nei thn estbash thc ereunhtik ¢ koinithtac ta teleutaba grinia sthn
uiojéthsh kai an“ptuxh GANSs en, afetérou apoteleDb peist rio thc uperoq ¢ touc
metaxO twn tegnik,n Paragwgik ¢ MontelopoBhshc.

Sqg ma 2: Priodoc sthn paragwg tegnht,n eikinwn me priswpa anjr,pwn grhsimopoi,ntac
Generative Adversarial Networks (GANSs). api asprimaurec eikinec to 2014 se égqrwmec fwtore-
alistkéc eikinec to 2018.

Phg: Generative Adversarial Networks (GANs): An Overview of Theoretical Model, Evaluation
Metrics, and Recent Developments , Salehi et al., 2020 [114]

Prin progwr soume, wstiso, sthn parousbash thc basik ¢ dom c kai garakthristik,n

twn GANSs, jewroOme skipimo na orBsoume saf,c thn Paragwgik MontelopoBhsh

gia Mhganik —rash grhsimopoi ntac tegnikec Baji'c M“jhshc, na sugkrbnoume ta
Diakritik™ me ta Paragwgik™ Montéla, kaj,c kai na anaferjoOme se kombikéc tegnikéc
Paragwgik ¢ Montelopobhshc, ipwc ta AutopalindronoOmena Paragwgik™ Montéla

kai oi Metablhtob Autimatoi Kwdikopoihtéc (Variational Autoencoders). Oi Variational
Autoencoders (VAESs), sugkekriména, ousiastik™ apoteloOn “meso prigono twn GANs
kai moir"zontai poll” koin™ ston tripo kataskeu c kai ekpabdeushc me aut”, me

thn pio shmantik diaforopobhsh touc na entopbzetai sto sghmatismi thc sun’rthsh
Kistouc.

2.1 Paragwgik Montelopobhsh

Se epéktash thc diadedomeénhc r shc tou AmerikanoO fusikoO  Richard Feynman, "What
| cannot create, | do not understand’ ja mporoOsame na kinhtrodot soume th dhmiourgba
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tegnik,n Paragwgik ¢ Montelopobhshc me th fr"sh "What | understand, | can create”
[100]. Mia ermhneDa aut ¢ sta plabsia thc Mhganik ¢ —rashc ja mporoOse na ePnai iti
efison hlanj"nousa {dom } pijanotik katanom enic sunilou pragmatik n eikinwn

mporeb epark,c na {aigmalwtisteD} api k"poio montélo Paragwgik ¢ Montelopobhshc

me Mhganik /Baji” M’jhsh, tite to montelo auti ja prépei na ebnai ikani na pargei

néec eikinec debgmata, mh-diakrbsima api tic eikinec debgmata pou proérgontai api

to sOnolo dedoménwn ekpabdeushc.

Sthn paroOsa ergasba, epikentrwnimaste se montéla  Statistik ¢ Paragwgik ¢ Monte-
lopoPhshc (Statistical Generative Modeling) me Dbktua Baji"c M"jhshc, ta opoba kai ana-
|Oontai akoloOjwe. Up“rqoun arketob tOpoi tétoiwn montélwn pou égoun anaptugjeb
sth bibliografba all” kai sth pr’xh. Cnac api autoOc ePnai kai ta GANSs, wstiso prin
ft’'soume sthn an”lush thc dom c kai leitourgbac touc, ja gbnei anafor” kai se “llouc

tOpouc teqgnik,n kai montélwn Statistik ¢ Paragwgik ¢ MontelopoPhshc me DBktua
Baji"c M"jhshc.

Statistik Paragwgik Montelopobhsh

Ta montela Statistik c Paragwgik ¢ Montelopobhshc Statistik™ Paragwgik™ Mo-
ntéla (Statistical Generative Models), ePnai ekpaideOsima montéla ta opoPa basbzontai
sthn Oparxh meg’lwn sunilwn dedoménwn prokeiménou na {aigmalwtDsoun} rht”
emmesa mia pijanotik katanom ( P(X) e'n prikeitai gia paragwg qwrbc sunjkh,
P(XjY) gia upo-sunj kh paragwg /katanom - k’ti pou analOetai ekten c parak’tw).

Ta ekpaideumeéna statistik™ aut” montéla kaloOntai en sunegePa na par"goun deBgmata
pou akoloujoOn thn Pdia pijanotik katanom , ipou wc X nooOntai ta parathr sima
dedomena (p.g. mia eikina tou sunilou dedomenwn ekpabdeushc), en, wc Y noebtai
h kI'sh t'xh sthn opoba an kei to k’je éna api ta dedoména ekpabdeushc kai

h opoba grhsimopoiebtai api to ekpaideuméno montélo gia thn paragwg deigm~twn
thc antbstoighc kI'shc t"xhc (e"n prikeitai gia mh-epiblepimenh ekpabdeush to Y
sun jwc paralebpetai opite kai mil"'me gia paragwg /katanom qwrbc sunj kh).

Sth genik perbptwsh, mac dbnetai éna sOnolo dedoménwn x pou akoloujeP k™poia
katanom pgaa (¢) kai stigoc thc Statistik ¢ Paragwgik ¢ Montelopobhshc ebnai h
eOresh enic montelou (dhl. argik™ miac oikogéneiac montélwn kai sth sunégeia betti-
stopobhsh gia eOresh twn bélistwn parameétrwn) tou opoPou h proséggish thc Pgata (%),
Pmodel ~(¢) Me parametrouc tic ~ ja eqei th mikriterh dunat {apistash} api aut . E'n
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san metro thc apistashc katanom_ n grhsimopoihjeb h KL Divergence[4], tite prokOptei

o diadedomeénoc stiqoc ekpabdeushc Statistik,n Paragwgik,n Montelwn: eOresh tou
montélou pou megistopoieb th logarijmik pijanofneia (log-likelihood) pou anatbjetai
sta dedomeéna tou sunilou ekpabdeushc .

Epomeénwc, mporoOme na jewr soume &na Statistiki Paragwgiki Montélo wc mia ekpai-
deOsimh sun’rthsh katanom c pijanithtac gia thn ekpaPdeush thc opoPac apaitoOntai
afenic dedomena(data) kai afeterou  priterh gn, sh (prior knowledge) h opoba upei-
sérgetai sto montelo ebte wc h morf thc sun“rthshc katanom ¢ (p.qg. Gaussian), ebte
wc h sun’rthsh kistouc gia thn eOresh thc bétisthc IOshc (p.g. maximum likelihood
- cross entropy), ebte wc o algirijmoc beltistopobhshc pou ja grhsimopoihjeb (p.q.
stochastic gradient descent) wc k’ti “llo. H an"gkh Oparxhc priterhc gn_shc érgetai

wc “mesh sunépeia tou gnwstoO jewr matoc No Free Lunch Theoremsta plabsia thc
bettistopobhshc kai thc baji"c m jhshc [21][75].

SOgkrish Diakritik_n kai Paragwgik n Montélwn

Sta plabsia thc Mhganik ¢ kai Baji"c M’jhshc, wc summetrik™ twn Paragwgik,n
Montelwn nooOntai ta Diakritik™ Montéla (Discriminative Models) , ta opoba ebnai aut”
pou paradosiak” grhsimopoioOntai se efarmogéc ipwc h Taxinimhsh (Classi cation)

h OmadopobhsH{Clustering). Ta Statistik™ Diakritik™ Montéla (Statistical Discriminative
Models) ekpaideOontai se sOnola dedoménwn me skopi na mporoOn na diagwrbzoun ta
ek’stote dedomena eisidou se diforec t°xeic (classes) om™dec (clusters).
Epomeénwc, lamb™nontac dedomena eisidou, X, all” kai exidou (efison up“rgoun), Y,
kaloOntai na {mjoun} th sun"rthsh katanom c pijanithtac P(YjX). Auti dikaiologeb
th grhsimopobhsh tou irou {summetrik’} wc proc ta Paragwgik”™ Montela, ta opoba
{majabnoun} thn P(XjY), k’ti pou fabnetai kai ston pbnaka pou akoloujeb.
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PPnakac 1: Omoiithtec kai diaforec an"mesa sta Paragwgik™ kai sta Diakritik™ Mo-
ntéla Mhganik ¢ Mjhshc sto plabsio thc Anagn, rishc ProtOpwn.
Phg : Supervised Learning Cheatsheet - Stanford CS 229 (Machine Learning) [124]

Diakritik™ Montéla Paragwgik™ Montéla
Stigoc '‘Amesh (rht ) ektbmhsh thc ‘Amesh emmesh ektbmhsh thc
Ekpabdeushc P(YjX) P(XjY)
. , . . H (upi-sunj kh) sun’rthsh
Apotélesma To —rio Apifashc  (decision R o
puknithtac pijanithtac twn
Ekpabdeushc boundary) .
dedomenwn ekpabdeushc
Optikopobhsh
Paradebgmata Support Vector Machines [9], Gaussian Discriminant Analysis
Arqitektonik, n Conditional Random Fields [12] (GDA) [2] Naive Bayes Classi er

Sta plabsia thc Mhganik ¢ —rashc me Baji” M“jhsh, éqoun anaptuqgjeb arket™ kai-
notimec kai apodotikéc argitektonikec Diakritik,n Montelwn. Sugkekriména, eqoun
grhsimopoihjeb ekten,c montela me Baji” Suneliktik™ Neurwnik™ DBktua (Deep Convo-
lutional Neural Networks - Deep CNNSs) se efarmogec ipwc:

" Taxinimhsh Eikinac (Image Classi cation)

~ Anagn,rish Antikeiménwn se Eikina  (Object Detection)

" Apidosh Etiketac se k’je eikonostoigePo miac Eikinac (Instance Segmentation)
" An"lush - Taxinimhsh Bbnteo (Video Analysis - Classi cation)

Polléc api tic kainotomPec kai argitektonikéc diktOwn pou epino jhkan sta Diakritik™
Montela kat” thn efarmog touc stic parap™nw kathgorBec me kOria thn taxinimhsh
eikinwn, uiojet jhkan kai kajier,jhkan kai sta Baji” Paragwgik™ Montela, ipwc
analOetai se epimenh upoenithta. Parak’tw, anaféroume paradeigmatik™ dOo euréwc
gnwstec kai epitughmeénec arqitektonikec Diakritik,n Montelwn me Baji~ Sunelikti-
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k™ Neurwnik™ DBbktua, afenic gia na tonBsoume garakthristik™ touc ta opoba eqoun
kajierwjeb kai se arqitektonikec Baji,n Paragwgik,n Montelwn kai afeterou giatb
k"noume gr sh amfoterwn aut,n twn montelwn gia thn axiolighsh twn eikinwn pou
egoun paragjeb api GANSs.

Diakritik™ Montela me Suneliktik™ Neurwnik™ DBktua

Xekin ,ntac api to  LeNet-5 [11], ta Suneliktik®™ Neurwnik”™ DBktua  (CNN) eqgoun IBgo
polO mia kajierwménh dom : stoibagmeénec suneliktikéc str seic akoloujpOmenec
api str seic kanonikopobhshc kai omadopobhshc kai sto téloc akoloujpOmenec api
mba perissiterec pl rwc sundedemeénec str seic. Parallagéc autoO tou basikoO
sgediasmoO ePnai arket™ diadedoménec sth bibliografba gia taxinimhsh eikinwn kai
egoun shmei sei ta kalOtera apotelésmata méqri s mera sta euréwc gnwst”™ sOnola
dedomenwn eikinwn, ipwc sto  MNIST [10], sto CIFAR[23] kai kurbwc sto ImageNET
[16] kai sthn priklhsh taxinimhshc eikinwn ImageNet Large-Scale Visual Recognition
Challenge (ILSVRC)33], [78]. Skopic thc teleutabac tan h ekpabdeush enic montélou se

1 ekatommOrio eikinec to opobo ja mporeb swst™ na taxinom sei 100.000 “llec eikinec
se 1.000 t"xeic. Gia ta meg’la sOnola dedoménwn, ipwc to ImageNET, h prisfath
t'sh tan h aOxhsh tou arijmoO kai tou megejouc twn str.sewn (enn. tou arijmoO
suneliktik,n fBltrwn an” str sh), en, gbnontan gr sh thc tegnik ¢ Dropout [35] gia
thn antimet pishtou  over tting pou prokaloOntan api thn aOxhsh thc qwrhtikithtac
(capacity) tou montelou. Paraktw fabnetai éna di"gramma me thn exélixh twn arqi-
tektonik,n Suneliktik,n Neurwnik n DiktOwn sto ImageNET, to opobo epibebai,nei
to parap’nw. —lec autec ebnai argitektonikéc me Suneliktik™ Neurwnik™ DBktua. Sto
sq ma faPbnetai h t"sh gia aOxhsh tou arijmoO twn str,sewn, eidik™ met™ th gr sh
twn residual connections to 2015 [41]. Epbshc fabnetai h apitomh pt,sh tou  error rate
(aristeric k’jetoc “xonac) to 2014 me thn parousbash twn montelwn VGGNet kai
Inception pou analOontai parak’tw.

DOo axioshmebwtec argitektonikéc montéla gia taxinimhsh eikinwn me Suneliktik®
Neurwnik™ DPktua, ta opoPa efarmizoume kai sth paroOsa ergasba gia exagwg gara-
kthristik. n  (feature extraction) twn eikinwn me skopi th sOgkris touc, ePnaita VGGNet
kai Inception. AkoloujeD mPa sOntomh perigraf twn montélwn aut n esti°zontac se
stoigeba thc argitektonik ¢ touc pou ta éqoun kajier,sei wc ta pio dhmofil mo-

ntéla gia taxinimhsh eikinwn kai exagwg qarakthristik. n me Suneliktik™ Neurwnik”
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Sqg ma 3: Nik triec argitektonikéc me Suneliktik™ Neurwnik™ DBktua thc priklhshc taxinimh-

shc eikinwn api to sOnolo dedoménwn  ImageNET.

Phg : CS231n: Convolutional Neural Networks for Visual Recognition, Fei-Fei Li, Standford University
2018 [94]

Dbktua.

Meleth perbptwshc:  VGGNet

To VGGNet[34] ebnai ena montelo gia taxinimhsh eikinwn grhsimopoi, ntac Suneliktik”
Neurwnik™ DBbktua, to opobo epino jhke to 2014 api touc Simonyan kai Zisserman
sto Visual Geometry Group tou Panepisthmbou thc Oxfirdhc. Mazb me to GoogleNet
pou analOetai sth sunégeia apotelesan touc nikhtéc tou ImageNet Large-Scale Visual
Recognition Challenge to 2014, petugabnontac error rate 7.3% kai 6.7% antbstoiga sthn
taxinimhsh eikinwn, shmei nontac shmantik mePwsh se sgésh me ton prohgoOmeno
nikht .

Basik™ stoigePa pou diaforopoioOn thn argitektonik tou VGGNetapi tic prongoOme-
nec ebnaita ex c:

" Qrhsimopobhsh mikr n suneliktik,n fBitrwn, di"stashc 3 CB. Auti epétreye thn
aOxhsh tou {b"jouc} tou montélou, all” kai thc shm™ntik ¢ bettbwshc thc poiith-
tac twn exagimenwn qarakthristik n stic endi"mesec str seic. Auti ofebletai
sto iti trba (3) fbltra di"stashc 3 CB (to éna met” to “llo) égoun to Pdio dektiki
pedbo (receptive eld) me éna fBitro 7 (7, san aut” pou grhsimopoioOntan sto
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AlexNet [24] gia pardeigma, periégontac imwc sqgedin tic miséc ekpaideOsimec
parameétrouc.

"~ Shmantik™ megalOteroc arijmic suneliktik,.n str sewn. Stic dOo parallagéc
tou VGGNetpou grhsimopoioOntai euréwc o arijmic autic ePnai dekaéxi (16) gia
to VGG16kai dekaennéa (19) gia to VGG19 Gia sOgkrish sto montélo AlexNet tou
2012 o arijmic autic tan milic oqt, (8).

Sto sq ma 4, parak’tw, paratbjentai sghmatik™ oi argitektonikec twn montelwn VGG16
kai VGG19gia optikopobhsh thc dom c touc. To VGG16(arister”) eqei 16 suneliktikéc
str,seic kai str,seic omadopobhshc (pooling) prin tic fully-connected (FC) str,seic,
ilec me fblra diast’sewn 3 CB. Antbstoiga, to VGG19 (dexi”) éqei 19. Epbshc, iso
kontinitera proc thn exodo briskimaste, tiso aux"netai o arijmic twn fBltrwn k'je

suneliktik ¢ str shc, en, mei netai twn m koc kai pl“toc thc eisidou thc str shc.

Oi str,seic me thn etiketa {PS} ebnai pl rwc-sundedemeéenec (fully-connected) str, seic,
autec me thn endeixh {sunel} ebnai suneliktik” fBltra twn anagrafimenwn diast"sewn
(arister” thc etikétac) kai tou anagrafimenou arijmoO (dexi?), en, oi str,seic me thn

etiketa {Omadopobhsh} efarmizoun mebwsh sto misu pl“touc kai m kouc krat ntac

to mégisto api k'je diakrit tetr"da eikonostoigebwn (max-pooling).

Meléeth perbptwshc:  Inception

To montelo Inception  InceptionNet parousi'sthke thn Bdia groni” me to VGGNet
dhlad sto ImageNet Large-Scale Visual Recognition Challengetou 2014. Argik”, ebge
onomastebGoogleNet [36] kaj,c oi ept” (7) api touc ennea (9) dhmiourgob tou tan

api thn Google. H logik twn dhmiourg.n tan na xefOgoun api thn t"sh suneqoOc
aOxhshc tou bYjouc twn sunlektik,n montélwn kai na esti"soun se apodotikéc topikéc
topologbec diktOwn. Ctsi, basiki domiki stoigei,n twn montélwn tOpou Inception ebnai
éna upodbktuo apoteloOmeno api parllhlec suneliktikéc str seic (me diaforetik”

megejh Bkrwn) kai str,seic omadopobhshc, to Inception Module, to opobo fabnetai
sto sq ma 5 pou akoloujeb. Prikeitai gia mba  network-in-network topologba pou epi-
trépei se k’je  module na ex'gei akima kalOtera kai pio akrib garakthristik™ twn

eikinwn eisidou. Sthn apl (naive) ekdoq touc, ta Inception Modules k™noun par’llhla
suneliktik™ fitrarDsmata me fbitra diast’sewn 1 AL, 338 kai 5Cb, en, sthn kanonik
ekdoqg touc (pou grhsimopoi jhke kai sto GoogleNet) gbnetai mebwsh twn kanali,n

(channels) thc eisidou me ekpaideOsima suneliktik”™ fBitra 1 QAL prin aut {eiseljei}
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(a) VGG16
(b) VGG19
Sg ma 4: Argitektonikéc twn montelwn  VGG1l6kai VGG19pou anadebgjhkan nik triec sth
priklhsh entopismoO kai taxinimhshc, antBstoiga, eikinwn api to sOnolo dedoménwn ImageNET
to 2014.

Phg : Anakataskeu api  Very Deep Convolutional Networks for Large-Scale Image Recognition ,
Karen Simonyan and Andrew Zisserman, 2014[34]

sta suneliktik™ fbitra diast’sewn 3 (B kai 5 (b. Auti ePge wc apotélesma shmantik
mebwsh tou upologistikoO kistouc tou kje emprisjiou per"smatoc (forward pass) tou
montelou kai ékane dunat thn ekpabdeus tou.
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(a) Apli  (Naive) Inception Module
(b) Inception Module me Mebwsh Kanali,n
Sq ma 5: Inception Modules: Basik™ domik™ stoigeba tou Inception.
Phg : Anakataskeu api  Going Deeper with Convolutions , Szegedy et al., 2014 [36]

Auti pou epitugg netai me th grhsimopobhshtwn  Inception Modules ebPnai iti to kje éna
api aut” {blépei} thn éxodo tou prohgoOmenou me diaforetik™ dektik™ pedba (receptive
elds) , me apotélesma oi pr'xeic eswterik™ tou kajenic na gbnontai me megalOterh
apodotikithta.

Mia “llh shmantik kainotomPatou  GoogleNet kai twn montélwn tOpou Inception ePnai h
mh-grhsimopobhsh pl rwc-sundedeménwn str,sewn prin thn éxodo, plhn mbac megéjouc
Pdiou me tou arijmoO twn t"xewn exidou prokeiménou na mporeb na efarmosteb h str sh
exagwg c pijanot twn, Softmax [17]. Basizimenoi sthn parat rhsh iti h suntriptik
pleioyhfba twn paramétrwn entopbzontai stic pl rwc-sundedemenec str,seic prin

thn éxodo antbstoiqwn montélwn, oi dhmiourgob tou GoogleNet afabresan autéc tic
str,seic, k’ti pou touc epétreye na fti"xoun arket™ pio sOnjetec doméc exagwg ¢
garakthristik, n, dhlad ta Inception Modules.

Téloc, oi dhmiourgoP tou GoogleNet éqoun prosjései dOo akima {bohjhtikoOc} taxi-
nomhtéc (touc {taxinomht ¢ 0} kai {taxinomhtc 1} pou fabnontai sto sq ma 6). Oi
bohjhtikob taxinomhtéc eqoun Bdia morf exidou me ton basiki taxinomht , qrhsimopoi-
jhkan prokeimenou na stajeropoi soun kai na k'noun pio apodotik thn ekpabdeush

tou diktOou, en, den grhsimopoioOntai kat™ th f'sh dokim ¢ (evaluation). Sto sq ma
6 paraktw, paratbjetai sghmatik™ h basik dom tou GoogleNet. EkeD, fabnontai ta
stoibagmena (stacked) Inception Modules kaj,c kai oi bohjhtikob taxinomhtéc. Aut
ebnai mia perigraf se uyhli epbpedo. Ga pio leptomer perigraf o anagn,sthc

kalebtai na sumbouleuteb to “rjro pou paratbjetai sthn phg tou sq matoc.
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H argitektonik tou  GoogleNet ( Inception v1) pérase api mia seir” epanalhptik,n
belti, sewn api touc dhmiourgoOc tou. Ctsi, stadiak” parousi“sthkan ta montéla Ince-
ption v2 kai Inception v3 [46], me émfash sthn aOxhsh thc apidoshc sto eswteriki tou

k'je Inception Module kai thc axiopistbac twn bohjhtik n taxinomht,n. EpPshc, to 2016,
parousi'sthkanta  Inception v4 kai Inception-ResNet[60], me peraiterw betti seic thc
apodotikithtac twn Inception Modules kaj,c, eisagwg residual connections (Inception-
ResNet vl)kai hyperparameter tuning (Inception-ResNet v2).

Baji” Paragwgik™ Montela

Epanergimenoi sthn Paragwgik Montelopobhsh, met™ th sOntomh antiparabol twn
Diakritik,n Montélwn kai thn par“jesh dOo (2) euréwc diadedoménwn argitektonik,n

aut.n me DPktua Baji"c Mjhshc, sthn paroOsa upoenithta ja gbnei mia eisagwg

sta Paragwgik™ Montéla me Dbktua Baji"c M“jhshc Baji” Paragwgik™ Montéla

(BPM) (Deep Generative Models). Ta BPM an koun sta montéla Statistik ¢ Paragwgik ¢
Montelopobhshc kai ousiastik™ ebnai Tegnht™ Neurwnik™ DBktua (TND) me mba peris-
siterec (sun jwc polléc) kruféc str_seic, ta opoba ekpaideOontai grhsimopoi,ntac

meg’la sOnola dedoménwn prokeiménou na ektim soun na proseggbsoun sOnjetec
katanoméc pijanithtac me uyhl diastasimithta. Cna epitug,c ekpaideumeéno BPM
grhsimopoiebtai sth sunégeia ebte gia paragwg néwn shmebwn (dhl. dedomenwn) api
to g,ro eisidou, ta opoPa akoloujoOn thn Bdia katanom pijanithtac me aut twn
dedomenwn ekpabdeushc, gia thn ektbmhsh thc pijanof'neiac  (likelihood) thc Kje
parat rhshc.

Oi efarmogec twn BPM ebnai polléc kai poikblec, me k™ poiec ipwc ta legimena Deep
Fakes [105],[110] na éqoun proselkOsei dhmosiithta ligw tou kindOnou pou ellogeQei o
realismic twn paragimenwn tegnht n eikinwn kai bbnteo. Seir” mejidwn emfanbzontai

sth bibliografba, wstiso, kai se episthmonikoOc tomebc efarmog,n, ipou h mhganik
m’jhsh jewroOntan paradosiak™ anBkanh na eiséljei, ipwc h aOxhsh thc anlushc
eikinwn (Image Super-Resolution) me GANs [54], h deigmatolhyba katast"sewn tou
Shmebou Isorropbac se sust mata poll.n swm™twn [106] sth fusik kai h dhmiourgba
parametrik n sunjetik,n prosomoi,sewn [92] sth mhganik reust n.

>swc thn pio epanastatik efarmog BPM éwc s mera apoteleb h prisfath parousba-
sh api thn NVIDIAenic sust matoc pou grhsimopoieD GANs gia sumpbesh bbnteo se pe-
rib”llon zwntan ¢ met"doshc, to opobo paratbjetai sto sq ma 7 parak™tw. Prikeitai
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Sq ma 6: Montélo GoogleNet Inception v1ipwc alli,c onom’sthke.
Phg : Anakataskeu api  Going deeper with convolutions , Szegedy et al. , 2014 [36]
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giaton Al Video Codectou sust matoc  NVIDIA Maxine®, ipou o pompic stélnei to argiki
frame wc eikina kai gia k'je epimeno stelnei tic jéseic 126 shmebwn (keypoints) sta
iria twn garakthristik_n tou pros,pou tou omiloOnta. O dékthc lamb nei thn arqik

eikina kai gia kje epimenh lambnei ta keypoints ta opoba ta metasghmatbzei se dis-
di"statec eikinec. Katipin, sth meri” tou dekth grhsimopoiebtai eéna pro-ekpaideuméno

GAN gia metasghmatismi thc eikinac twn  keypoints, me sunj kh thn argik eikina, sto
trégon frame tou bBnteo. —pwc analOetai sto “rjro sthn istoselbda thc etairePac, auti
odhgeb se drastik mePwsh tou apaitoOmenou eOrouc z_nhc met"doshc dedoménwn gia
bdiatelik poiithta bbnteo, sthn anab”jmish thc poiithtac tou paragimenou bbnteo gia

Bdio rujmi met"doshc kai sth dunatithta dhmiourgbac plei"dac tegnht ,n efe bbnteo

apl,c all"zontac thn argik eikina - sunj kh.

Sqg ma 7:Al Video Codectou sust matoc  Maxine® thc NVIDIA
Phg : NVIDIA MAXINE: Accelerated SDK with state-of-the-art Al features for building virtual collabo-
ration and content creation applications , NVIDIA ( https://developer.nvidia.com/maxine )

Stic enithtec pou katalamb™noun to upiloipo autoO tou kefalabou, ja gbnei mia
parousPash diafirwn tOpwn BPM pou éqoun kat™ kairoOc parousiasteD sth biblio-
grafba kai egoun efarmosteb sth pr'xh. Ctsi, ja anaféroume touc treic pleon euréwc
grhsimopoioOmenouc tOpouc BPM: ta AutopalindronoOmena Paragwgik™ Montéla, touc
Autimatouc Kwdikopoihtéc kai fusik™ twn Generative Adversarial Networks pou apote-
loOn kai ton pur nathc paroOsac ergasPac. Gia k'je &énan api autoOc, ja gPnei par’jesh
sgetik,n montélwn kai tegnik,n pou anaptugjeb kaj,c kai apotelesm™twn api th

gr sh touc.
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2.2 AutopalindronoOmena Baji” Paragwgik™ Montéla

Ta AutopalindronoOmena (autoregressive) Paragwgik™ Montéla apoteloOn mba api tic
pr.tec tegnikec gia Paragwgik Montelopobhsh. H basik idéa pou kinhtrodithse
th dhmiourgba aut,n twn mejidwn ebnai o kaninac thc alusbdac sth Jewrba Pijano-
t twn:

pe) = p(x1) p(Xajxa) =i p(XajXe;iXn 1)
ipou gia th proseggish twn desmeumenwn pijanot twn eqoun protajeb pobkillec te-
gnikéc, me kOriec th gr sh Palindrimhshc pou ePge arqik™ dokimasteD [20], [39]) kai th
gr sh Baji,n Neurwnik,n Dbktuwn pou dokim“sthkan argitera me meg’lh epitugba,
ipwc analOetai kai se epimenh upoenithta.

Sth perbptwsh Paragwgik ¢ Montelopobhshc eikinwn, h eikina jewrebtai wc mia dia-
tetagménh akoloujPa, x, tugabwn metablht.n (TM), ipou h k’je TM antiproswpeOQei th
pijanithta to antbstoiqo eikonostoigebo na prei tim 1/0 (asprimaurec eikinec - dua-

dikéc TM) mba api tic 256 timéc (0=maOro éwc 255="spro gia eikinec se diabajmPseic
tou gkri). H di"taxh twn TM arqik™ gbnontan ipwc kai se éna sarwt eikinwn (raster
scan order), dhlad gramm -gramm kai api arister” proc dexi” se k'je gramm . Ctsi,

kai sOmfwna me thn parap™nw exDswsh, x, ja ePnai to ep™nw-arister” eikonostoigebo
miac eikinac, x, to K'tw dexi” kai to n ja isoOtaime W H (W: pl'toc eikinac se
eikonostoigePa, H: Oyoc eikinac - argik™ jewroOntan mino asprimaurec eikinec kai
eikinec se diabajmbseic tou gkri, “ra o arijmic twn kanali,n ebnai éna).

Oi tegnikéc Paragwgik ¢ MontelopoPhshc eikinwn me AutopalindronoOmena Paragw-

gik™ Montéla mporoOn na qwrisjoOn se duo basikéc oikogéneiec, autéc stic opoPec gia

thn proseggish katanom_ n grhsimopoiebtai h Logistik Palindrimhsh (Logistic Regres-
sion) kai se autéc stic opobec grhsimopoioOntai Epanalambanimena Neurwnik™ DBktua
(Recurrent Neural Networks) gia ton Bdio skopi. AkoloujeD mia sOntomh episkiphsh
amfoterwn aut,n twn oikogenei,n me par’jesh antiproswpeutik,n paradeigm~twn

api th bibliografba.

Montelopobhsh basismenh sth Logistik Palindrimhsh

To montélo Fully-Visible Sigmoid Belief Network (FVSBN) [39], gia par"deigma, grhsimo-
poioOse Logistic Regression gia upologismi twn upo-sunj kh pijanot twn se asprimau-
rec eikinec me th seir” di'taxhc twn eikonostoigePBwn ipwc tou sk™ner. Ctsi, o k'je
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iroc tou ginoménou tou kanina alusPdac (plhn twn pr,twn dOo pou ePnai tetrimménec
peript,seic) ja ebnai:
; . P

P(Xi = 1jxg;unxi =)= ( o+ =1 %)
ipoutodi"nusma ~' =] o;::; ;1] ePnaioi(i) par'metroi thc  Logistic Regression kai fx g
ebnai oi timéc pou élaban oi prongoOmenec (i 1) TM. Epeid prikeitai gia asprimaurec
eikinec, sthn ousba h éxodoc tou ajrobsmatoc thc Logistik ¢ Palindrimhshc apoteleb
ektbmhsh thc paramétrou p thc Bernoulli katanom ¢ pou akoloujeb h ek’stote TM.
Antbstoiga, to montelo Neural Autoregressive Distribution Estimator (NADE) [20] grhsi-
mopoieD éna TND kai en suneqgebPa miapgistic Regression antb gia mino thn teleutaba
gia thn ektbmhsh thc k’je desmeumenhc pijanithtac. To kérdoc api th gr sh tou TND
ebnai h ekm”jhsh miac mh grammik ¢ sgeshc twn metablht, n eisidou kai to pérasma tou
apotelésmatoc aut c¢ sth palindrimhsh.

—pwc fabnetai kai sto sq ma 8, o upologismic thc pijanof’neiac néwn eikinwn me
paragwgik™ montéla tOpou FVSBN NADExekin"ei api to pr,to arister” eikonostoi-

gebo kai sungbzei proc to k“tw dexi”, me k'je epimeno eikonostoigebo na grhsimopoieb
san eDsodo sto antbstoiqo TND tic timéc ilwn twn prohgoOmenwn eikonostoigePwn thc
eikinac. Oi sundéseic me mple sto montélo NADEtou sq matoc dhl noun diamoirasmi
twn bar,n pou antistoigbzontai se k'je parat rhsh prin thn ebsodi thc sta TND. Ga

ton teliki upologismi thc p(#), an p.g.» = [1;0;0; 1], tite p(v)=vy (1 V) (1 Vi) Vg,
afoO to Vi = p(V, = 1jvi;unv; 1;~') (ipou sth perBptwsh tou  NADE oi parmetroi  ~'
perilamb“noun kai tic paramétrouc tou TND ektic api autéc thc Logistic Regression).
Sto sg ma 9 fabnontai paragwgec eikinwn api to NADE ekpaideumeéno sto sOnolo
dedoménwnMNIST digits. Auti pou eikonDzetai sta dexi” ebnai debgmata api ta v;'s gia
i = 1;:: 282 (sthn ousba ebnai oi par'metroi thc katanom ¢ Bernoulli). Teloc, ebPnai
skipimo na anaferjeb iti mba beltbwsh tou teleutabou, apoteleb to montélo Masked
Autoregressive Density Estimator (MADE) [40], to opobo grhsimopoieb mia parallag enic
autimatou kwdikopoiht gia to metasghmatismi twn metablht,n eisidou kai m“skec

bar,n gia na exasfalisteD iti k'je éxodoc ephre“zetai mino api tic prongoOmenec
eisidouc, kai “ra iti o autimatoc kwdikopoiht ¢ leitourgeb wc éna autopalindrono-
Omeno paragwgiki montélo, arket™ imwc pio apodotik™ (par’lihloc upologismic twn

exidwn).
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Sq ma 8: Apeikinish thc diadikasPac upologismoO pijanof neiac (antbstoigh grhsimopoiebtai kai
giaparagwg ) Bernoulli akoloujpac me téssera (4) stoigePa api montélatOpou  FVSBN(arister")
kai NADE (dexi").

Phg: CS236: Deep Generative Models, Standford (https://deepgenerativemodels.
github.io )

Sq ma 9: DeBgmata eikinwn (dexi”) pou éqoun paragjeb api to autopalindronoOmeno montélo  NA-
DEto opobo ekpaideOthke se geirigrafa yhfba api to sOnolo dedoménwn tou MNIST (arister”).
Phg : The Neural Autoregressive Distribution Estimator , Larochelle et. al , 2015 [20]

Montelopobhsh me Epanalambanimena Neurwnik™ DBktua

Orm_ menoi api thn idea iti ta Epanalambanimena Neurwnik™ DBbktua (ENN) éqoun
sqediasteb gia kai grhsimopoihjeb euréwc se akoloujiakéc eisidouc me {makréc} exar-

t seic metaxO twn deigm”twn touc, polloD ereunhtéc strfhkan se aut™ prokeiménou

na montelopoi soun thc desmeumeénec katanomec se efarmogéc Paragwgik ¢ Montelo-
pobhshc meg’lwn akolouji,n, ipwc ebnai mia eikina éena hghtiki s ma. Ga mba meg’lh
akoloujba eisidou me makrinéc exart seic, den ebnai upologistik™ efikti (tractable) na
sgediasteD montelo pou {jumtai} ilec tic prongoOmenec eisidouc. Gia to ligo auti
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ta ENN diathroOn mia eswterik kat"stash (sthn opoPa jewrhtik” égoun sugkrathjeD
basik™ garakthristik™ twn deigm”twn) thn opoba kai anane,noun kaj,c déqontai ilo
kai neitera debgmata sthn ebsodo.

Mia apl morf enic ENN fabnetai sto sq ma 10 parak™tw. H eswterik kat"stash,

h, diathreb mba {perblhyh} twn eisidwn ewc th gronik stigm t, en, h éxodoc gia
th perbptwsh twn APM grhsimopoiebtai gia na parametropoi sei k"poia upo-sunj kh
katanom , p(xjx.1 1). To dBktuo ekpaideOetai gia na beltistopoi sei tic timéc twn
parameétrwn tou, W,,, Wy, kai Wy, ,ste mésw aut,n to montélo na anajétei th meégisth
pijanof’neia sta dedomena ekpabdeushc. Ctsi, me thn p“rodo tou grinou to dbktuo
metabllei thn eswterik tou kat"stash kaj,c kai ta b"rh me ta opoba upologbzontai

oi éxodoi api thn kat"stash aut. Oi exodoi me th seir” touc, gia thn perbptwsh
Paragwgik,n Montélwn, mporoOn na jewrhjoOn iti proseggbzoun tic desmeuménec
katanomec pijanithtac,  p(xXy: 1)-

Sq ma 10: Apli ENN mPac eisidou kai mPac exidou (fabnetai kai {xediplwmeéno} gia na fanoOn ta
gronik™ b mata pou apaitoOntai gia ton upologismi twn exidwn).

Phg : Anakataskeu api Wikimedia Commons: A diagram for a one-unit recurrent neural network ,
fdeloche, 2017

Sta plabsia Paragwgik ¢ Montelopobhshc eikinwn me AutopalindronoOmena ENN, Bswc

h pio antiproswpeutik doulei” pou eqei parousiasteD sth bibliografba ebnai to

montelo PixelRNNtou van den Oordto 2016 [63]. EkeD, gia thn paragwg eikinwn all®

kai thn an’jesh pijanof'neiac se autéc grhsimopoioOntan h seir” tou sarwt , en,

to montelo sgedi“sthke gia eggrwmec eikinec (RGB) Auti shmabnei pwc h desmeumeénh
katanom gia K'je eikonostoigebo apaiteb ton orismi tri,n grwm’twn, o opoboc epi-
legjhke na gbnei epbshc akoloujiak™ (pr,ta to kikkino, met™ prsino kai teéloc to
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mple):

P(XejX1x 1) = PO X1t 1) P Xy 1 X{%) PP Jxo 1iXtredJthreen)
en, hk’je epimerouc desmeumenh katanom ebnai kathgorik (multinoulli) me 256 pijanec
timec.

Mia beltbwsh tou parap”nw basizimenh sthn antblhyh iti h tim enic eikonostoigebou
ephre”zetai prwtbstwc api tic timéc twn geitonik,n eikonostoigeBwn pou éqoun dh
paragjeP, tan to AutopalindronoOmeno Paragwgiki Montélo PixelCNN [64] sto opobo
grhsimopoi jhkan Suneliktikéc Str seic antD gia BND. Apotélesma autoQ, tan h

polO taqOterh kai pio apotelesmatik ekpabdeush tou montélou gia Bdiac {poiithtac}
paragimena apotelésmata se sgésh me ton prok™toqi tou. Sto sq ma 11 parousi“zetai

grafik™ h diadikasba paragwg c eikinwn api aut” ta montéla.

Téloc, gia ligouc plhrithtac, skipimo ebnai na anaferjeb iti parimoiac logik c
AutopalindronoOmena Paragwgik™ Montéla me ENN éqoun efarmosteD me epitugba kai
se efarmog ¢ Paragwgik ¢ Montelopobhshc qou. To montélo WaveNet [62] apoteleD
ewc s mera Dswc to pio apotelesmatiki montélo gia metatrop keimenou se omilba
(Text-to-Speech) paragwg mousik ¢ (Music Generation), en, up’rgei api to 2018 stic
perissiterec kinhtec suskeuéc me leitourgiki Android.

(b) Qr sh mask,nse

() Paragwg dbktua tOpou LSTM (9) Efarmog sunelikti- (d) Qrsh ma-
eikinac pixel-by-pixel k.n diktOwn gia taqOthta sk,n sta sune-
(PixelRNN) (PixelCNN) liktik™ fBkra

Sg ma 11: Apeikinish thc diadikasbac paragwg ¢ eikinwn api paragwgik™ montéla me ENN,
PixelRNN (arister”) kai  PixelCNN (dexi").

Phg : Pixel Recurrent Neural Networks kai Conditional Image Generation with PixelCNN Deco-
ders, van den Oord et al., 2016[63], [64]
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2.3 Paragwgik Montelopobhsh me Autimatouc Kwdiko-
poihtec

Sth paroOsa upoenithta ja parousi’soume touc Autimatouc Kwdikopoihtéc (AK) kai
kurbwc mia eidik ekdoq touc, touc MetablhtoOc Autimatouc Kwdikopoihtéc (MAK)
(Variational Autoencoders - VAES), oi opoboi grhsimopoioOntai sugn” gia Paragwgik
Montelopobhsh. Aut h parousPash, ipwc anaférjnke kai prongoOmena, gbnetai diiti
pr,ton grhsimopoioOntai sugn” parallagéc twn MAK wc domik” stoigeDa Paragwgik,n
Montelwn me PAD kai deOteron giatD oi MAK apotelésan tic pr tec prospijeiec
Paragwgik ¢ Montelopobhshc uyhl c-an”lushc eikinwn me axiiloga apotelésmata.
Epiprisjeta, oi AK ebnai mPa api tic tegnikéc kai idéec pou apoteloOn antikeDmeno
ereunac ed, kai dekatbec sto toméa thc Mhganik ¢ M“jhshc me TND [5], [6], [8].

Autimatoi Kwdikopoihtéc

—pwc perigr-fetai kai sto inom” touc, oi Autimatoi Kwdikopoihtéc ePnai énac tOpoc

TND pou mac bohj ei na kwdikopoi soume dedoména {autimata}, dhl. na broOme apodo-
tikoOc k dikec gia &éna sOnolo dedoménwn qwrDc epBbleyh  (unsupervised learning). —pwc
fabnetai kai sto sq ma 12 parak“tw, apoteloOntai api dOo mérh: ton kwdikopoiht
(encoder) pou {majabnei} mba sun’rthsh z = f (x) gia na metasghmatbzei thn éisodo x se
ena di'nusma z, pou onom“zetai kai endi"mesh anapar“stash kai ton apokwdikopoiht
(decoder) pou {majabnei} thn antbstrofh sun“rthsh x- = g(z) = g(f (¥)) gia na anakata-
skeu’seithn argik ebsodo. Ctsi, h eikina eisidou argik™ pern”ei api ton Kwdikopoiht

(encoder) kai metasghmatbzetai se ena di'nusma ston lanj"nonta g,ro shmantik™ mi-
kriterhc di"stashc. AkoloOjwe, o Apokwdikopoiht ¢ (decoder) lambnei to di"nusma
auti kai to metasghmatbzei se mPa eikina Pdiac di"stashc me thn arqik . Téloc, oi dOo
eikinec sugkrbnontai, prokOptei to kistoc kai oi par"metroi twn diktOwn anane, nontai

me skopi th mePwsh autoO sOmfwna me k”poion algirijmo belistopoPhshc.

O skopic kai h kOria gr sh twn AK ePnai h ekm’jhsh aut ¢ thc kwdikopoPhshc pro-
keiménou na {sumpiésoume} apodotik™ ta dedomena mei, nontac th diastasimitht™ touc

(dimensionality reduction) na m’joume basik™ touc garakthristik” (feature learning).
Oi AK ekpaideOontai mei nontac to sf'lma anakataskeu ¢ (reconstruction loss) , en,
gia th beltbwsh twn parametrwn touc sun jwc grhsimopoiebtai o algririjmoc back-

propagation gia eOresh thc kateOjunshc betti shc se sunduasmi me k”poio algririjmo
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beltistopobhshc (ipwc oi  Stochastic Gradient Descent, RMSPropk.a.).

Sg ma 12: Sghmatik anapar”stash thc leitourgbac enic Autimatou Kwdikopoiht (AK).
Phg: Anakataskeu api  GANSs in action: deep learning with generative adversarial networks ,
Langr et al., 2019[104]

Polléc parallagéc twn apl,n AK pou paraousi’sthkan prohgouménwc éqoun emfa-

nisteb sth bibliografeba. Shmantikiterec imwc api autec kai pio diadedomenec ebnai

oi Kanonisménoi Autimatoi Kwdikopoihtéc (KAK)  (Regularized Autoencoders - RAESs)kai
oi MetablhtoD Autimatoi Kwdikopoihtéc (MAK). AkoloOjwc, analOetai h k'je mba api

autec tic parallagéec me antbstoiga paradebgmata montélwn kai epitughménwn arqi-
tektonik,n, en, sto teloc aut ¢ thc upoenithtac gbnetai par’jesh paradeigm™twn

gr shc MAK se Paragwgik Montelopobhsh eikinwn.

Kanonismenoi Autimatoi Kwdikopoihtec (KAK)

Gia thn eustaj ekpabdeush montelwn me AK (idiabtera stic peript,seic ipou h di-
“stash tou lanj"nontoc dianOsmatoc z epitrépetai na ebnai megalOterh api aut thc
eisidou) ja prépei h qwrhtikithtec twn dOo epimérouc diktOwn (tou kwdikopoiht kai
apokwdikopoiht antDstoiga) kaj,c kai h di"stash tou dianOsmatoc z na epilégontai
me b"sh th poluplokithta thc katanom ¢ twn dedomenwn ekpabdeushc. Montela me me-
g’lh gwrhtikithta (dhl. dBktua me polléc str_seic kai meg’lo arijmi ekpaideOsimwn
paramétrwn) itan kaloOntai na m“joun mPa sun’rthsh anaktaskeu c gia sgetik” apli
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mikri sOnolo dedoménwn, mporeD eOkola na odhghjoOn sthn proséggish thc  g(f (x)) me
th monadiaba sunrthsh.

Me aform aut” ta eur mata, pollec ereunhtikec ergasbec odhg jhkan sth gr sh
Kanonisménwn (Regularized) AK prokeiménou na xefOgoun api apl” montéla TND me
IDgec str,seic kai na mporésoun na ekpaideOsoun epitug,c baji” TND kai montéla

me meq’lhc diastshc lanj"nontec q,rouc, qwrbc aut™ apl,c na majabnoun monadiabec
sunart seic. Auti pou ousiastik™ diaforopoieb touc KAK api touc aploOc AK ePnai iti

pléon sth sunathsh kistouc ektic api ton iro pou metr” to sf'lma anakataskeu c
prostDjentai énac perissiteroi iroi pou enjarrOnoun to montélo na égei ki “llec

gr simec idiithtec ektic thc metafor"c thc eisidou sthn exido. Tetoiec idiithtec

ebnai gia par"deigma h endi"mesh anapar"stash na eqei arai (sparse) morf , to montélo
na mporeb na mei,nei to jirubo (denoising) thc eisidou na anégetai metabolec
aut c {sustellontac} (contracting) tic parameétrouc tou. Oi pio diadedomeénoi tOpoi KAK
analOontai stic paragr-fouc pou akoloujoOn.

Araiob Autimatoi Kwdikopoihtec

Oi Araiob Autimatoi Kwdikopoihtéec  (Sparse Autoencoders) [14], [15] ePnai Bdioi me touc
aploOc AK me th prosj kh enic irou sth sun“rthsh kistouc. Ctsi, h sun’rthsh kisouc

den perieqgei pléon mino to sflma anakataskeu c, L(Cs; g (f (<)), all” kai mba poin
{araiithtac} thc endi"'meshc anapar”stashc z, (z). Epomeéenwc, to kistoc gia K'je
ebsodo stouc AraioOc Autimatouc Kwdikopoihtéc ja ePnai:

L(¢; f%; 59 = ReconLoss(x; g (f (x; %); )+ Zz=10; 7))

ipou %, ~, ePnai oi ekpaideOsimec par"metroi tou diktOou kwdikopoi shc kai apokw-
dikopobhshc antbstoiga, ReconLoss ePnai mia sun’rthsh apistashc metaxO thc eisidou
kai thc anakataskeu c thc (p.q. LY Manhattan, L2/Euklebdia k.a.) kai |, o suntelest c
barOthtac tou deOterou irou. Sth perbptwsh pou h sun’rthsh poin ¢ thc araiithtac

ePnai hL1( Manhattan), tite o deOteroc iroc thc parap™nw exDswshc gbnetai:

&= i

H parap™nw sun’rthsh apistashc enjarOnei to montelo na anajétei mikréc timéc sta
stoigePa tou endi'mesou dianOsmatoc. O Glorot et al. grhsimopobPhsanRecti ed Linear Units
(ReLUs)wc sunart seic energopobhshc se montéla Arai,n Autimatwn Kwdikopoiht,n
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[19] me apotelesma na anatbjontai akrib,c mhdenikéc timec se stoigeba tou z gia
di“forec eisidouc.

Basikec efarmogec twn Arai,n AK ebnai h arai kwdikopobhsh (sparse coding) [82]
kaj,c kai h exagwg qarakthristik_n api to sOnolo dedoménwn [28] ta opoBa mporoOn

na grhsimopoihjoOn en sunegePa api k™poio algririjmo taxinimhsh anagn, rishc anw-

mali,n (anomaly detection). Peraiterw majhmatik an’lush thc ekpabdeushc Arai.n

AK égei debxei pwc aut ePnai isodOnamh me thn ekpabdeush meégisthc-pijanof neiac
(maximum-likelihood) enic paragwgikoO montélou pou égei lanj"nousec tugabec me-
tablhtec prokeimenou na m’jei thn aposteriori sun’rthsh katanom c pijanithtac,

Pmodel (X'jZ') [70]

Denoising Autimatoi Kwdikopoihtec

Se antbjesh me touc AraioOc AK pou prosjétoun éna deOtero iro sth sun’rthsh
kistouc, oi Denoising apl,c all"zoun ton tripo upologismiu tou sf'lmatoc anaka-
taskeu c prokeimenou na {m”joun} kalec anaparast’seic. Se aut thn parallag twn
apl,n AK, loipin, o kwdikopoiht ¢ den degetai thn eikina wc proc thn opoba upologbze-
tai to sf'Ima anakataskeu c, all” mia enjirubh edkoq thc (eikina + jiruboc). Ctsi,

ipwc apeikonbzetai kai sto sq ma 13 parak™tw, to dbktuo kalebtai na apojorubopoi sei
thn eikina eisidou prokeimenou na meiwjeb to sf'lma anakataskeu c wc proc thn arqi-
k (qwrDc jirubo eikina). Epoménwec, h néa sun’rthsh kistouc thn opoba ekpaideOetai
gia na elagistopoi sei énac  Denoising AK ebnai:

L(¢;f%; 59 = ReconLoss(x; g (f (x + noise; 3); %))

SOmfwna me ta parap™nw, oi Denoising AK prépei na anairésoun th di"brwsh thc ei-
kinac api to jirubo kai igi apl,c na metaféroun thn eBsodo sthn éxodo. H ekpabdeush

AK me autin ton tripo piézei tic f kai g emmesa na m”joun th dom thc katanom c twn
dedomeénwn tou sunilou ekpabdeushc kai “ra mporoOn na leitourg soun epitug,c san
Paragwgik™ Montéla [27], Kti pou eDqge argik™ epeikonisteb sto sq ma 1 parap nw.

Sustolikob (Contractive) Autimatoi Kwdikopoihtéc

Mba “lloc mejodoc gia kanonikopobhsh thc sun’rthshc kistouc pou ja anaferoume
gia ligouc plhrithtac ebnai parimoia me aut twn Arai.n AK, dhl. h prisjesh enic
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Sqg ma 13: Sghmatik apeikinish thc leitourgbac twn Denoising Autimatwn Kwdikopoiht,n.
Phg: Anakataskeu api  Reconstruct corrupted data using Denoising Autoencoder (Medium
Post), Garima Nishad, 2020, https://medium.com/@analytics-vidhya/aeaff4b0958e )

irou sth sun’rthsh aut . Sthn perbptwsh twn Sustolik,n AK, esti"zoume sto piso
metab’lletai h endi"mesh anapar”stash itan metablhjeb h ebsodoc, me th logik iti
itan to dBktuo tou kwdikopoiht (mésw thc ekpabdeushc sunolik” tou SustolikoO AK)
{m7jei} ta basik™ qarakthristik™ kai th dom thc katanoom c twn dedomenwn, den ja
prépei h kwdikopobhsh thc eisidou na metab’lletai shmantik™ me thn ebsodo. Ctsi, o
prisjetoc iroc thc sun’rthshc kistouc sOmfwna me ton Rifai et al. [22], ja ePnai:

P
Ex)= o rez?

Epomenwc h sun’rthsh kistouc gia th beltistopobhsh twn Sustolik,n AK ja ePnai:
P 2
LCe;f5; 59 = ReconLoss (¢ g (f G¢; 5); ) + TxZf
k'ti pou enjarOnei to montélo na m’jei mia sun’rthsh pou den all"zei polO gia gia
mikréc allagéc thc eisidou (isodOnamo me thn enjrrunsh tou montélou na m’jei th
dom thc pijanotik ¢ katanom c eisidou) all” epbshc na mporeb na anaktaskeu’sei

thn ebsodo. Sth jewrba grammik n telest.n, enac grammikic telest c legetai {su-
stolikic} e"n itan efarmizetai se eDsodo monadiabac nirmac, dbnei éxodo me nirma
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mikriterhc Bshc thc mon“dac [70]. Ctsi, prosjentontac ton iro poin c thc Frobenius
nirmac tou Jacobian pPnaka thc thc sun’rthc tou kwdikopoiht , z = f (X)jx=x, imwroOme
to montelo itan egei meg’lec timéc ston Jacobian gia k'je mba api tic eisidouc, dhl.
itan h topik proseggish kat” Taylor thc f (x) pabrnei meg’lec timec gia k“poia ebsodo.
Auti me th seir” tou piézei touc epimérouc topikoOc grammikoOc telestéc tou diktOou

na gbnoun sustolikoD, exoO kai h onomasBba aut ¢ thc oikogéneiac AK.

Metablhtob Autimatoi Kwdikopoihtec (MAK)

>swc h pio axios meiwth ide” stouc AK, h opoba egei grhsimopoihjeD ekten c kai
gia Paragwgik Montelopobhsh ebnai oi Metablhtob Autimatoi Kwdikopoihtéc (MAK)
(Variational Autoencoders - VAES), h dom kai oi efarmogéc twn opoPwn analOontai
se aut n kai thn epimenh upoenithta. Sunoptik™, oi MAK ebnai AK stouc opobouc h
katanom pijanithtac twn endi"meswn anaparast”sewn grhsimopoiebtai sth kanoniko-
pobhsh(regularization) thc sun’rthshc kistouc me stiqo oi anapar”staseic autec (ston
lanj"nonta pijanoq, ro tou montelou) na ekpaideujoOn apokt ntac qr simec idiithtec

pou mporoOn kat' epéktash na grhsimopoihjoOn gia thn paragwg néwn dedoménwn.

Oi MAK an koun se mia eurQOterh oikogéneia pijanotik_n montélwn, aut twn Montélwn
Lanj"nontwn Metablht,n (Latent Variable Models). Sta montéla aut”, mia sOnjeth
pijanotik katanom montelopoiebtai mésw enic sunilou lanj"nouswn metablht,n

(latent variables), me tic opobec ta dedoména eisidou metasq matizontai ousiastik™ se
ena suneq dianusmatiki g,ro mikriterhc di"stashc api ton argiki. Sugkekriména,
dedomeénaX ta opoba akoloujoOn mia katanom pg.s (%), antistoigbzontai se lanj nousec
metablhtéc Z oi opoPec me th seir” touc akoloujoOn mia katanom,  p(z). H morf thc
teleutabac orbzetai api prin kai gi' auti h p(z) onom~zetai priterh  (prior) katanom ,
se antidiastol me thn  posterior katanom pnoge (Zp¢) thn opoba proseggbzoume stouc
MAK ekpaideOontac to TND tou kwdikopoiht . Téloc, to dbktuo tou apokwdikopoiht
ekpaideQetai gia na antistoigbzei tic lanj"nousec metablhtéc pPsw ston arqiki q.ro,
proseggbzontac dhlad thn katanom  pmogel (¢J2)-

Stouc MAK, ta stoigePa tou dianOsmatoc thc endi'meshc anapar’stashc, z, apoteloOn
tic lanj"nontec metablhtéc. H elpbda ebnai iti efison o0 kwdikopoiht ¢ égei kataférei

na m’jei enan metasghmatismi se lanj"nonta g,ro ston opobo oi lanj"nousec metablh-

tec antisoiqoOn se sugkekrbmena garakthristik® par”gontec diaforopoBhshc (factors
of variation) twn parathrbsimwn metablht.n (p.g. twn tim_ n twn eikonostoigebwn gia
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ebsodo eikina), tite jewrhtik™ {kinoOmenoi} ston g,ro autin (dhl. k’nontac tugabec
deigmatolhyebec api th prior katanom p(z)) ja pargoume debgmata sthn éxodo tou
apokwdikopoiht ta opoba an koun sthn katanom twn dedoménwn ekpabdeushc. Pro-
keiménou na epiteugjeb autic o skopic, prépei kat™ thn ekpabdeush twn dOo diktOwn

na gbnei h proanaferjebsa kanonikopobhsh wc proc to lanj"nonta g,ro. Stouc MAK gia

na gbnei auti argik™ antistoigbzoume k’je eDsodo se mba katanom sto lanj"nonta qg,ro

kai iqgi apl,c se éna shmebo. Ctsi, to endi'meso di'nusma z se eéna MAK periéqgei tic
parametrouc aut ¢ thc katanom c gia thn ek”stote ebsodo, h opoba sun jwc orbzetai

na ebnai Kanonik Isotropik (dhl. me diag,nio pPbnaka summetablhtithtac). Katipin,

I
N|

deigmatolhptiume api aut n thn pijanotik katanom , lamb"noume ena di"nusma z
kai to zht"'me api ton apokwdikopoiht na anakataskeu’sei thn argik ebsodo api
auti to debgma sto lanj"nonta q,ro, k'ti pou apeikonbzetai grafik™ sto sq ma 14 pou
akoloujeb.

—pwc fabnetai sto sq ma, h argik eikina pern“ei mesa api to dbktuo tou kwdikopoiht

h éxodoc tou opobou ebnai oi parmetroi miac Poludi”stathc Isotropik ¢ Kanonik ¢
katanom c. AkoloOjwc argikopoieBtai mia tétoia katanom kai gbnetai deigmatolhyba
api aut gia th paragwg thc eisidou tou apokwdikopoiht . O apokwdikopoiht ¢ ka-

lebtai api auti to deBgma na anakataskeu“sei me to el qisto sf'lma thn argik eikina
eisidou. O kwdikopoiht ¢ api thn “lIh kalebtai na m’jei touc basikoOc par“gontec
diaforopobhshc thc katanom c twn dedoménwn me skopi na h éxodic tou na égei ta
basik™ stoigePa thc eisidou. Paragwgik™ montéla pou grhsimopoioOn touc (aploOc)
MAK teBnoun na par"goun jolec exidouc ligw thc je,rhshc Kanonik ¢ katanom ¢ wc
priterhc.

H sun’rthsh kistouc epoménwc twn MAK ja periegei ektic api ton iro tou sf'lmatoc
anakataskeu c kai enan prisjeto iro, thn apistash Kullback Leibler metaxO thc kata-
nom c pou argikopoiebtai api thn exodo tou kwdikopoiht kai proseggbzei thn posterior
kai thc Bdiac thc posterior kanonik ¢ katanom c (pou ed, gia ligouc aplithtac dbnetai

na eqei mesh tim 0 kai monadiabo pPnaka summetablhtithtac):

h i
L x; %; 3 = ReconLoss x;g Sample f(x; %) ;3 + KL N(~; <)jN 0;t

ipou KL[] ePnaih apistash Kullback Leibler h opobPa gia th perbptwsh apistashc metaxO
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Sqg ma 14: Apeikinish tou tripou leitourgbac kai sugkerkiména tou emprisjiou per"smatoc enic
MetablhtoO Autimatou Kwdikopoiht .

Phg : Anakataskeu api  Detecting Respiratory Pathologies Using Convolutional Neural Networks
and Variational Autoencoders for Unbalancing Data , Teresa et al., 2020 [111]

kanonik,n katanom_n egei kleist morf [25]:

z" o #
— 1 2 1 T 1 1 T 1
KL = 2' gj i 2(X 1) 1 (x 1)+ 2(X 2) o (x 2)  p(x)dx
1. j, 1N 0 1
—Elogj—; SUEI D )T 3 HSEIx )T SN )]
1 1 1 1
= Zlogl2 T G LS R B Y

2" J 1 #
d+trf ,' 10+ (2 1) L2 1)

[

I
o
Q

ipou d h di"stash tou dianOsmatoc endi'mesh anapar”stashc.

Auti pou ousiastik™ epitugg netai me th epibol miac sugkekriménhc dom c gia th

katanom twn endi"meswn anapar'steswn (enn. kanonik priterh katanom) kai me

th gr sh tou prisjetou irou kanonikopobhshc aut ¢ thc dom ¢ ebnai afenic to iti

{kontinéc} shmasiologik™ ePsodoi {piézontai} na antistoighjoOn se kontin® shmeba

ston lanj"nonta q,ro. Ctsi to montelo piézetai na m”jei basik™ qarakthristik™ twn

eisidwn kai igi apl.c na antigr-fei thn eDsodo sthn éxodo, en, tautigrona mporoOn

na gbnoun paramboléc metaxO shmePwn tou lanj"nonta g, rou kai autéc na apeikonistoOn

sthn éxodo wc omaléc paramboléc metaxO twn eisidwn. Afetérou, o ligoc gia ton

opobo grhsimopoioOntai kanonikéc katanoméc san priors ePnai gia na ePnai upologbsimh
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(tractable) h posterior, p (zj¢), kti pou alli,c den ja Bsque miac kai eqoume suneqgebc
metablhtec giathn p (x) kai p jx) =p (xjz) p ) =p (*).

Paragwgik Montelopobhsh me MAK

Prin oloklhr soume thn parousi“sh twn AK, jewroOme skipimo gia ligouc plhrith-

tac all” kai gia kalOterh sOndesh me ta Paragwgik™ Montéla pou apoteloOn to
antikePmeno thc paroOsac ergasPac, na parajésoume Dswc to pio antiproswpeutiki
paragwgiki montélo to opobo grhsimopoieb MAK. Prikeitai gia to montelo Vector-
Quantized Variational Autoencoder (VQ-VAE)pou parousi”sthke api ton van den Oord et
al. to 2017 [83] kai basbzetai sth gr sh MAK twn opobwn imwc h proterh katanom

den ePnai stajer all” parametrik kai ekpaideOsimh. EpPshc, o kwdikopoiht ¢ den

bg“zei sunegebc timec all” diakritéc (dhl. o lanj"nontac q,roc den ebnai suneq c all”
apotelebtai api memonomena shmeia), mba émpneush pou pro lje api th jewrba thc
dianusmatik c kb"ntishc  (vector quantization) [7].

To montélo VQ-VAEepektebnei ton tupiki AK prosjéetwntac éna diakriti lexiki kw-

dik,n codebook sto dbktuo. To lexiki auti eDna mia IDsta dianusm™twn me antistoiqi-
sménouc dePktec kai grhsimopoiebtai gia kb ntish tou dianOsmatoc endi"meshc anapa-
r"stashc sthn éxodo tou diktOou kwdikopoBPhshc. Ctsi, h éxodoc aut sugkrbnetai me
ila ta dianOsmata tou lexikoO kai san eDsodo sto dbktuo apokwdikopobshch epilégetai
ekebno me th mikriterh euklebdia apistash:

zq (¢) = argminkze (x) ek

ipou z. (x) ebnai h exodoc tou kwdikopoiht gia ebsodo x, e; ePnai toi-osti di'nusma
tou lexikoO kai  z, () ePnai to kbantisméno di'nusma to opoBo pern’ei sthn eBsodo tou
apokwdikopoiht (bl. sq ma 15).

O kwdikopoiht ¢ den bg”zei €na mino di"nusma sthn éxodi tou all” €na sOnolo tétoiwn
dianusm™twn stoigisména p.q. gia efarmog se ePsodo eikinwn se éna plabsio 32 (82,
kajéna api ta opoba kbantbzetai anex’rthta. Ctsi den tbjetai jema poikolithtac

( kat'rreushc thc katanom c - mode collapse - ipwc alli,c onom”zetai) kaj,c o
apokwdikopoiht ¢ égei  jLj® ® pijanéc eisidouc, ipou L to mégejoc tou lexikoO kai B
to megejoc tou plaisbou.

Ta dianOsmata tou lexikoO ebnai kai ta Bdia ekpaideOsimec par"metroi tou montélou.
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Sqg ma 15: Sghmatik apeikinish thc leitourgbac tou montélou VQ-VAE
Phg : Anakataskeu api  Detecting Respiratory Pathologies Using Convolutional Neural Networks

and Variational Autoencoders for Unbalancing Data , Teresa et al., 2020 [111]

EpPshc h priterh katanom aut,n twn dianusm’twn ePnai kai Ddia ekpaideOsimh. Ga
thn ekpabdeush tou montélou, h sun“rthsh kistouc periegei énan iro me to sf’lma
anaktaskeus ¢ kai dOo akimh irouc gia swst antistobgish twn exidwn tou kwdi-

kopoiht sto lexiki kai thn kat” to dunati kalOterh suneisfor™ tou kwdikopoiht

sthn ananéwsh tou lexikoO. Akimh, gia thn ekpaPdeush thc priterhc katanom c oi
dhmiourgoD dokPmasan AutopalindronoOmena montéla kai sugkekriména to PixelCNN me

arket” entupwsiak”™ apotelésmata.

(a) Eikinec apito ImageNET 1280128 (b) Anakataskeu api VQ-VAEmelL=512 kai B=32
Sqma 16: Efarmog montélou VQ-VAEse eikinec api to sOnolo dedoménwn ImageNET. O
realismic kai h poikilba twn paragimenwn eikinwn ebnai pragmatik™ axioshmebwta.
Phg : Neural Discrete Representation Learning , van den Oord et al., 2017 [83]

Teloc, h parousi“sh den ja tan pl rhc e"n den anaférame iti mia exélixh tou VQ-VAEh
opiia grhsimopoieb ENN gia ekpabdeush thc prior (enn. afoO pr ta égei grhsimopoihjeb
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mia stajer gia thn ekpabdeush tou montélou), ebnai to montelo DALL-Epou parousi-
“sthketo 2021 api Rameshetal. thc OpenAl[121] kai apoteleb to pio exeligmeno montelo
metatrop ¢ keiménou se eikina éwc s mera (loOnioc 2021). Sto sq ma 17 pou akoloujeD
fabnontai paragwgéc tou montélou pou epideiknOoun thn apiluth uperoq tou.

Sqg ma 17: Paragwgéc tou montélou DALL-Ethc OpenAlgia eDsodo th fr'sh  an armchair in the
shape of an avocado . Qi eikinec den grei“zontai peraitérw sqoliasmi.
Phg : DALL-E: Creating Images from Text (OpenAl Blog), Ramesh et al., 2021[120]

2.4 Paragwgik Montelopobhsh me Generative Adversarial

Networks

Met” api thn eisagwg se “llec morfec montélwn kai tegnik, n gia Paragwgik Mo-
ntelopoPhsh, epanergimaste sto téloc tou 1ou kefalabou se mia sOntomh eisagwg thc
dom c kai leitourgDac twn Paragwgik,n Antiparajetik,n DiktOwn Generative Adversa-
rial Networks (GANS) - ja ta onom“zoume GANsgia suntomba - sta opoba epikentrwnimste
éwc to teloc thc paroOsac ergasPac. Ta  GANs ipwc proanaférjhke, parousi'sthkan

api ton lan Goodfellow et al. to 2014 [29] mia perbodo pou h Paragwgik Montelopobhsh
eikinwn (me thn opobPa asqol jhkan oi dhmiourgob touc) ginintan kurbwc me Autopalin-
dronoOmena montéla montéla AK. Aform thc anaz thshc néwn tegnik n apotélese

to gegonic iti h paragwgik dunatithta exartoOntan éntona sta AutopalindronoOmena
montela api th seir” paragwg c twn eikonostoigebwn, en, stouc AK api th upijesh

priterhc katanom c kaith dom aut c. Phg émpneushc, epbshc, apotelesan oi meletec

kai prosp’jeiec gia antiparajetik ekpabdeush (adversarial training) TND, kaj,c ebqge
brejeb pwc h uperbolik gr sh grammik, n sun“rthsewn odhgeb éna montélo me TND

na egei euaisjhsba se metaboléc thc eisidou (en, se antbjesh ja tan epijumhti na
up’rgei sgetik” stajer sumperifor™ tou montelou gOrw api ta deBgmata tou sunilou
ekpabdeushc) [30].

Basiki stoigePo thc dimhc twn  GANSs, to opobo ta diaforopoieD api ta prongoOmena
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BPM, ebnai h Oparxh kai tautigronh ekpabdeush dOo diktOwn: tou Generator pou dh-
miourgeb debgmata kat™ to dunati kontinitera se aut” tou sunilou ekpabdeushc kai tou
Discriminator pou ekpaideOetai na xeqwrbzei poia deBgmata proérgontai api to sOnolo
ekpabdeushc (dhl. ebnai ta pragmatik™ - real) kai poia api ton Generator (dhl. ebnai ta
tegnht” yeOtika- fake). Sugkekriména, se kje b ma ekpabdeushc (dhl. sto eswteriki

tou briggou ekpabdeushc - sq ma 18) o Discriminator, pou an kei sth kathgorba twn
Diakritik,.n Montélwn (bl. enithta 2.1), dégetai deBgmata api to sOnolo dedeménwn
ekpabdeushc kai debgmata pou éqoun paragjeb api ton Generator kai ekpaideQetai na
bg“zei pijanithta kont™ sto 1 gia ta pr,ta kai kont™ sta 0 gia ta deOtera, en, o

Generator pou an kei sth kathgorba twn Paragwgik . n Montélwn ekpaideOetai _ste

api ebsodo jirubo na bg“zei eikinec sthn exodi arket” realistikéc ,ste na mporesoun

na {xegel’soun} ton Discriminator.

EmbajOnontac 1Bgo sthn an’lush tou tripou ekpaPdeushc twn GANs, mporoOme na
poOme iti tiso 0  Generator iso kai o Discriminator antiproswpeOontai api (suneg,c)
diaforbsimec sunart seic me ekpaideOsimec paramétrouc, ipwc ePnai ta TND, k'je mba
me th dik thc sun’rthsh kistouc. Ta dOo dbktua ekpaideOontai mésw back-propagation
grhsimopoi,ntac amfitera th sunrthsh kistouc tou Discriminator, all” me diafore-
tiki stigo. O  Discriminator prospajeD na mei,sei th sun’rthsh kistouc tiso gia ta
pragmatik” iso kai gia ta tegnht™ debgmata, en, o Generator prospajeb na aux sei th
sun’rthsh Kistouc tou Discriminator gia ta tegnht” debgmata pou par gei. Axioshmei-
_to ePnai, epiprisjeta, iti to sOnolo dedoménwn ekpabdeushc kai mino auti kajorbzei

to ebdoc twn deigm“twn pou o Generator majabnei na par'gei. Ctsi, €'n gia par"deigma
epijumoOme éna paragwgiki montélo tOpou GAN na par’gei realistikéc eikinec api
topPa (p.qg. gia efarmogéc anab’jmishc realismoO twn  frames enic paignidioO - bl. NVI-
DIA DLSS [109] kai AMD FidelityFX® [118]), ja prépei to sOnolo dedoménwn ekpabdeushc
na apotelebtai api zeOgh gamhl c-uyhl ¢ an’lushc eikinwn tétoiwn topPwn. Auti
elogeOei éna shmantiki kbnduno: mh-leptomer c kataskeuasména sOnola dedoménwn
ekpabdeushc mporeb na odhg soun BPM tOpouGAN na parousi"zoun éntonh merolhyPa,
kti pou telik™ mei nei thn axiopistba kai grhsimitht™ touc [80], [101].
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Sq ma 18: Grafik anaparstash tou eswterikoO briggou ekpabdeushc enic GAN. O Discrimina-
tor lamb nei ebte pragmatikéc eikinec api to sOnolo ekpabdeushc eikinec pou éqoun paragjeb
apiton Generatorkai bg"zei &na skor {realistikithtac} gia kje mDa. Ta skir grhsimopoioOntai
akoloujiak™ api k“je dbqtuo gia ananéwsh twn ek"stote paramétrwn.

Phg: Anakataskeu api  GANSs in action: deep learning with generative adversarial networks ,
Langr et al., 2019[104]
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Prin thn olokl rwsh tou parintoc kefalabou, jewroOme skipimo na anaféroume
epigrammatik™ merikec peript,seic ipou ta GANs efarmisthkan jewroOme pwc

ja efarmostoOn me epitugba. Argik”, h montelopoBhsh garakthristik.n anjr_pinwn
pros,pwn ektoxeOjhke me th gr sh GANsK’ti pou apeikonbzetai sto sq ma 2 sthn arq

tou kefalaDou. Gia th montelopoPhsh aut wc epb to pleDsto grhshmiopoebtai to sOnolo
dedomenwnFlickr-Faces-HQ Dataset (FFHQYo opobo parousi’sthke mazb me to state-of-
the-art montelo StyleGAN[99], [101]. 'Allo entupwsiaki par"deigma ebnai h metatrop
enic skbtsou se mba fwtorealistik apeikinish kai m”lista se pragmatiki qrino, me to

montelo GauGANpou analOetai sthn enithta 4.2.2 parak™tw. Arketéc prosp’jeiec,

akimh, gbnontai kai api thn etaireBba Adobe, me to tm ta éreunac aut ¢ na sgedi’zei
thn epimenh geni” tou Photoshop® me enswm™twsh GANSs gia diirjwsh [93] sOnjesh
eikinwn [95], en,, sta plabsia thc montelopobhshc eikinwn midac, api to Bdio tm ma
egei parousiasteb Bswc to pio apodotiki montélo gia eikoniki dokimast rio (virtual
try-on), to SieveNet[112], par"deigma efarmog ¢ tou opobou fabnetai sto sq ma 19 pou
akoloujeb.

(a) Argik eikina (b) RoOqo gia dokim (9) Cxodoc montelou dokim ¢
Sqg ma 19: Paragwg tou montélou SieveNetthc Adobe gia ebDsodo thn argik eikina tou {doki-
mast } (arister”), kaj.c kai tou roOqou proc dokim (kéntro) kai @xodo thn eikina sta me to
dokimast na for"eito roOqo-stigo (dexi). To SieveNetjewrebtai to pio kainotimo montéelo gia
virtual try-on, en, grhsimopoieb kai GANs.
Phg: SieveNet: A Uni ed Framework for Robust Image-Based Virtual Try-On, Jandial et al., 2020
[112]
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Kef'laio 3

Ekpaideush twn GANSs

Sto kef'laio auti ja embajOnoume thn an’lus mac sqgetik® me ton tripo dimhshc

kai ekpaPdeushc BPM tOpou GAN, ja anaferjoOme sta difora sthsPmata (setups)
pou eqoun parousiasteb gia thn apotelesmatikiterh ekpabdeush tetoiwn montelwn,
en, sto téloc ja esti"soume sthn axiolighsh twn paragwg.n api GANSs - ila sta
plabsia Paragwgik ¢ Montelopobhshc eikinwn. —pwc anaferjhke kai sthn an’lush

pou prohg jhke, ta  GANSs apoteloOntai tupik™ api dOo (diakrit”) neurwnik™ dbktua,
kajéna me th dik tou sun’rthsh kistouc gia beltistopobhsh twn dik,n tou ekpaide-
Osimwn paramétrwn (bar,n, pol sewn, tregintwn statistik_n kip). Auti, ipwc ja

analujeD stic parak’tw enithtec, duskoleOei shmantik™ thn eustaj kai epitughménh
ekpabdeush enic GAN, wstiso apoteleb Bswc to kuriitero garakthristiki gia thn
epitugba kai dhmofilba touc.

Stic akiloujec enithtec ja analOsoume ton tripo ekpabdeushc twn GANSs, xekin, ntac

api mba sOgkrish auto®O me ton tripo ekpabdeushc twn “"meswn proginwn touc, twn

AK. Sth sunégeia ja parousi’soume tic di"forec morféc sghmatismoQ thc sun’rthshc

kistouc kai ekpaPdeushc twn  GANS, en, sto teloc tou kefalabou ja anaferjoOme

se tegnikéc axiolighshc twn paragimenwn eikinwn api aut™. PrwtoO sunegbsoume,

wstiso, jewroOme skipimo gia ligouc plhrithtac na perigr'youme kai ed, ta basik”

domik” stoigeba enic GAN: to dbktuo di“krishc Discriminator kai to dbktuo paragwg c
Generator. Shmei_.noume sto shmebo auti pwc gia to upiloipo thc paroOsac ergasbac

ja anaferimaste sta dbktua aut”™ me tou agglikoOc irouc gia ligouc aplithtac kai

eukoliterhc an“gnwshc.
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Dbktuo Di"krishc, Discriminator

To pr,to domiki meroc enic GAN ebnai
to dbktuo dikrishc Discriminator dbktuo
ipwc onom”zetai. Auti ePnai ena tupiki
dbktuo taxinomht ipwc aut™ pou parou-
si"sthkan sta diakritik™ montéla (bl. e-

nithta 2.1). Sta plabsia thc Paragwgi-

k ¢ Montelopobhshc eikinwn oi  Discrimi- Sqg ma 20: Discriminator tou DCGAN(bI. 4.1.1)
nators apoteloOntai api Suneliktik” Neu- Phg : Semantic Image Inpainting with Perceptual
rwnik™ DBktua, ipwc p.q. o Discriminator and Contextual Losses , Yeh et al., 2016 [65]
tou montelou DCGAN pou fabnetai dexi-

" kai opoboc apotelebtai api suneliktikec str,seic h mia met™ thn “llh kai mia

pl rwe sundedeménh str_sh prin thn éxodo gia exagwg thc pijanithtac realismoO

thc eisidou, p(real p¢). Prikeitai, epomeénwec, gia dbktua duadik,n taxinomht,n eikinac
Genik”, epeid to ergo twn Discriminators sta GANs ePnai arket™ pio apli se sgesh
me auti twn taxinomht,n eikinwn (gia par"deigma tou ImageNET) pou anaférjhkan
sto prohgoOmeno keflaio, oi pr toi teBnoun na ePnai pio apl”~ dbktua me shmantik™
ligiterec ekpaideOsimec paramétrouc api ta teleutaba.

Dbktuo Paragwg c, Generator

To deOtero domiki méroc enic GAN ePnai
to dbktuo paragwg c, Generator dbktuo
ipwc onom“zetai. Sthn perbptwsh aut
to dbktuo ekteleb érgo antbstrofo api
auti tou Discriminator, kaj,c o stiqoc

ed, ebnai h exodoc na ebnai eikina kai Sg ma 21:Generatortou DCGAN(bI. 4.1.1)

A Phg: Unsupervised Representation Learning w-
poikilomorfba metaxO twn upiloipwn ei- ith Deep Convolutional Generative Adversarial Ne-
kinwn pou par"gontai. Sthn apl tou mor- tworks , Radford et al. , 2016 [44]

f, wc ebsodo ston Generator dbnetai ena

m’lista mba pou parousi“zei realismi kai

di'nusma leukoO jorObou (sun jwc gkaousianoO), to opobo pern“ei mésa api mia ako-
loujpa anestrammenwn suneliktik, n str.sewn (transposed convolutions) . Par"deigma
tetoiou Generator fabnetai ep’nw dexi” api to montelo DCGAN to opobo tan kai
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to pr,to pou grhsimopoioOse tétoiec str,seic gia ton Generator - dom pou pleon
jewrebtai epikratoOsa. Stiqoc, epoménwec thc ekpabdeushctou  GeneratorePnai na m’jei
emmesa thn katanom pijanithtac twn eikinwn (enn. thn poludi’stath katanom me
diast’seic ta eikonostoigeba thc eikinac exidou) tou sunilou dedoménwn, p(¢), th
desmeumeénh ékdosh aut ¢ sth perbptwsh pou sthn ebsodo tou Generator up“rqei kai
kpoia sunj kh, p(xjy) (bl. 3.2).

3.1 Sunart seic Kistouc kai Pabgnia

SOgkrish GANs me Autimatouc Kwdikopoihtéc

H antiparabol twn GANs me touc AK érgetai fusik™. Ki auti diiti, ipwc fabnetai

kai sto sq ma 22 parak™tw, 0 Generator k'nei parimoia doulei” me aut n tou diktOou
apokwdikopobhshc stouc AK: lamb”nontac sthn ebsodi tou ena di"nusma, prospajeb na
par"xei dedomena ta opoba den xeqwrbzoun api aut” tou sunilou ekpabdeushc. Epbshc,
o Discriminator lamb”nei eikina sthn ebsodi tou, ipwc antbstoiga gbnetai kai sto dbktuo
kwdikopobhshc enic AK.

WSstiso, parousi’zoun shmantikéc diaforéc, me th shmantikiterh na entopbzetai ston

tripo upologismoO thc sun’rthshc kistouc gia betistopoPhsh twn paramétrwn tou

ek’stote montelou. Ctsi, en, stouc AK aut sun jwc {metr-ei} to sfIma anakata-

skeu ¢ miac argik ¢ eikinac api thn endi"mesh anapar“stash z, sta GANs grhsimo-
poiebtai éna prisjeto neurwniki dbktuo pou ekpaideQetai na diagwrbzei ta alhjin®

api ta tegnht” dedoména, sqghmatbzontac etsi kai th sun“rthsh kistouc tou Generator
pou metriei to bajmi realismoO twn deigm’twn pou par'gei. Ctsi, ipwc fabnetai

kai sto parak'tw sq ma, stouc MAK, éergo tou apokwdikopoiht (decoder) ebnai na
anakataskeu’sei thn eBsodo tou kwdikopoiht (encoder) api deBgma mia ekpaideOsimhc
katanom c, K'ti “"mesa metr simo api to antbstoigo sflma. Sta GANSs, o Generator

prépei na mjei na kataskeu“zei eikinec mh diakrbsimec api autéec tou sunilou ek-
pabdeushc k™nontac gr sh imwc enic “llou neurwnikoO diktOou, tou Discriminator,
gia metrhsh thc apotelesmatikitht™c tou, dhlad majabnontac émmesa piso kal” ta
phgabnei. Téloc, sta GANsta dOo dbktua antim”qontai, to €na gia na mei_sei ta sf Imata
taxinimhshc wc proc to realismi (Discriminator) kai to “llo gia na ta aux sei stic
eikinec pou par"gei  (Generator).
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Mia akimh diaforopoBhsh twn dOo teqgnik,n, égkeitai sto gegonic iti oi AK ePnai anti-
streyima dbktua, me thn énnoia iti gia dedoménh eikina exidou tou apokwdikopoiht ,

o kwdikopoiht ¢ ja mac d,sei thn endi"'mesh anapar“stash api thn opoba proékuye
(akima ki an prikeitai gia parametrouc katanom c, ipwc stouc MAK). Sta GANswstiso
Kti tetoio den ebnai "mesa efikti, kaj,c sun jwc gbnetai mia tugaba deigmatolhyba
(noise-to-image) k'poioc mh antistreyimoc metasghmatismic (image-to-image) sthn
ebsodo. Téloc, mia ligitero kabria diafor” ebnai iti o Discriminator se éna GAN pa-
BPrnei eikina kai bg“zei (toul"qgiston sth morf pou prot'jhkan arqik™) énan arijmi

pou sgetDzetai me to bajmi realismoO thc eisidou, en, to dbktuo tou Kwdikopoiht
(decoder) enic AK gia eDsodo eikina epistréfei éna di"nusma ston lanj"nonta q,ro tou
montelou.

Sq ma 22: SOgkrish thc dom c kai tou tripou ekpaBdeushc enic  GAN me &na montélo MAK (VAE).
Phg : Anakataskeu api Flow-based Deep Generative Models , Lilian Weng, 2018[98]

Sghmatismic thc sun’rthshc kistouc enic GAN

H sun’rthsh kistouc tou kajenic api ta epimerouc dbktua enic GAN, se antbjesh me
“lla BPN kai Diakritik™ Montéla me TND, den égei wc parametrouc mino autec tou
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autoO diktOou, all” kai tou “llou. Sugkekriména, akolouj, ntac thn tupik onomatodo-

sPa, éstw  oi ekpaideOsimec par'metroitou  GeneratordiktOoukai % tou Discriminator .
Antbstoiga, h sun’rthsh kistoucjaebnai  Jg giaton Generatorkai Jp giaton Discriminator,
me k'je dBktuo na prospajeD na belti sei th dik tou (pijanin kai me diaforetikoOc
algorbjmouc betistopobhshc). Epomenwc, perifrastik™ oi sunart seic kistouc twn

diktOwn enic  GANja ePnai [50]:

Jo & o = elaqgistopobhsh tou sfllmatoc taxinimhshc se pragmatik”
kai teqnht” dedoména
Je ;& = megistopobhsh tou sf'lmatoc taxinimhshc tou Discriminator

sta paragimena dedoména

Pariti, imwc, h k’je sunrthsh kistouc emplékei kai parameétrouc tou “llou diktOou,
grhsimopoiebtai gia na anane sei mino autéc tou dikoO thc. Ctsi, o algirijmoc bettisto-
pobhshc tou Discriminator, gia par"deigma, grhsimopoieb thn J, 5; & kai thc merikec
parag,gouc aut ¢ wc proc tic parameétrouc tou Discriminator gia thn ekpabdeush twn
parameétrwn tou Discriminator, 3, gwrbc na mporeb na ephre”sei tic parametrouc tou
Generator ( tic merikéc parag,gouc aut,n). Antbstoiga gia to dbktuo tou Generator
kai ton algirijmo belistopobhshc autoQ. Dhlad se k’je éna api ta dOo st'dia tou
eswterikoO briggqou ekpaPdeushc enic  GAN pou apeikonDzetai sto sq ma 18, to &na api
ta dOo dbktua paraménei {pagwmeéno} (frozen).

—pwec gPbnetai emfanéc api ta parap™nw ta dOo dbktua {antim“qontai} to éna to “llo,

K'ti pou an kei sthn eurOterh oikogéneia tegnik n antiparajetik ¢ ekpabdeushc (a-
dversarial training). Sto teloc, ta tegnht™ debgmata pou par"gontai api ton Generator
fabnontai tiso alhjin™ ston Discriminator pou to kalOtero pou égei na k™nei ePnai

na mantéyei sth tOgh se poia om“da deigm“twn an koun. Tite, l&éme iti h ekpaBdeush
égei oloklhrwjeb epitug,c kai pléon mporoOme na grhsimopoi soume ton ekpaideu-
ménoGenerator gia na par'goume realistik® dedoména parimoia me aut™ tou sunilou
ekpabdeushc. Wstiso, gia na ft"soume sto shmebo auti, prepei na ruymbsoume ton tripo
upologismoO thc sun’rthshc kistouc gia k'je dbBktuo kai pwc autéc upologbzontai api

ta apotelesmata thc taxinimhshc sthn éxodo tou Discriminator, k'ti pou analOetai stic
paragr-fouc pou akoloujoOn.
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Pabgnio MhdenikoO Ajrobsmatoc - Binary Cross-Entropy

Epeid o Generatorkai o Discriminator mporoOn na betti,soun mino tic dikéc tou para-
meétrouc igi o enac tou “llou, h ekpabdeush enic GAN mporeb kalOtera na perigrafeD
wc éna pabgnio. Oi pabktec autoO tou paignbou ePnai ta dOo neurwnik™ dbktua kai iso to
éna gbnetai kalOtero, tiso to “llo geirotereQei kai prospajeb ek’ néou na betiwjeD

,Ste na prosper-sei to pr,to. Sta plabsia thc Jewrbac Paignbwn, ena tétoio st simo

(setup) ePnai gnwsti we pabgnio mhdenikoO ajroBsmatoc dOo paikt,n (two-player zero-
sum game), ipou ta kérdh tou enic pabkth isoOntai me tic ap leiec tou “llou |,
antbstoiga, h beltbwsh enic pabkth kat™ éna pososti isodunameb me geirotéreush tou
“llou kat” to Bdio pososti.

Se ila ta pabgnia mhdenikoO ajroBsmatoc uprgei éna shmebo isorropPac ( mia minimax?
IOsh ipwc légetai), gnwsti wc Nash equilibrium, enic shmebou sto opobo kanenac
pabkthc den mporeb na belti sei thn kat"stas tic apodiseic tou all"zontac tic

enérgeiéc tou. Auti sumbaPnei sta GANS, itan ipwc anaférjhke kai prongoOmena, o
Generator par”gei realistikec eikinec mh-diakrbsimec api autéc tou sunilou ekpabdeu-

shc kai o Discriminator sthn kalOterh mporeP na mantéyei tugaba e’n éna par“deigma
dedomeénwn sthn ebsodi tou proérgetai api to pragmatiki sOnolo dedoménwn égei
paraqgjeb apiton Generator[50]. Tite legetai iti to GANeégei sugklbneikai h ekpabdeus
tou oloklhr,netai, k'ti pou sthn pr'xh ePnai polO dOskolo na epiteugjeD, gwrbc imwc

auti na empodbzei thn epitug efarmog tetoiwn montelwn sthn prixh [104].

Api mba pio majhmatik skopi’, to  Nash equilibrium sta GANSs epitugq netai itan h
sun’rthsh kistouc tou Generator,J¢ &; D €qgeielagistopoihjeb wc proc tic dikéc tou

ekpaideOsimec paramétrouc, = kai tautigrona h sun’rthsh kistouc tou Discriminator,
Jo . & €gei elagistopoihjeD wc proc tic dikéc tou ekpaideOsimec paramétrouc, o,
K'ti pou apeikonbzetai grafik” sto sq ma 23 paraktw: o pabkthc 1 (Discriminator)
prospajeb na mei, seith sun“rthsh kistouc, V, beltistopoi, ntac tic parametrouc tou,

1, en, o pabkthc 2 prospajeb na mei sei th dik tou sun’rthsh Kistouc, V (dhl.
na megistopoi sei th V) beltistopoi, ntac tic dikec tou parameétrouc, ». H sunolik

sun’rthsh kistouc fabnetai sto plegmatoeidéc sq ma dexi” tou q,rou twn sunolik, n
paramétrwn twn dOo diktOwn. EpPshc se auti to sq ma, fabnetai (maOrh gramm me

I1Sth Jewrba PaignBwn, minimax tim enic paBkth ePnai h mikriterh tim pou oi “lloi pabktec mporoOn
na anagksoun ton pabkth na I"bei, qwrbc na gnwrbzoun tic enérgeiéc tou, isodOnama, ePnai h megalOterh
exasfalisménh axba pou mporeb na p“rei o pabkthc itan xérei tic enérgeiec twn “llwn paikt,n.
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teleDec) to monop™ti sOgklishc sto Nash equilibrium perBpou sto kéntro autoO, sto
di"selo (saddle-point)

Sthn argik ékdosh twn  GANs [29], wc sun’rthsh upologismoO tou kistouc gia k’je
dbktuo ebge protajeb h Duadik DiastauroOmenh EntropPa (Binary Cross-Entropy - BCE,
h opoPa kai efarmizetai se ergasPec taxinimhshc ipou up“rqoun dOo kathgorbec, ipwc

h ergasPa pou k™nei o Discriminator. —pwc analOetai sth sunégeia, autic den ePnai o
minoc tripoc upologismoO tou kistouc tou K'je diktOou kai m’lista o Bswc ligitero
grhsimopoioOmenoc ligw tou koresmoO (saturation) kai kat' epéktash h exaf nish twn
parag,gwn (vanishing gradients) pou prokaleb h gr sh logarBjmwn.

Sq ma 23: Sghmatik apeikinish thc ekpabdeushc enic  GANwc éna pabgnio mhdenikoO ajrobsma-
toc.

Phg: Anakataskeu api  Goodfellow, 2019, https://www.iangoodfellow.com/slides/
2019-05-07.pdf

H sun’rthsh kistouc  Binary Cross-Entropy

H sun’rthsh kistouc  Binary Cross-Entropygia @na sOnolo m deigm™twn an~om"da (batch)
egei wc ex c:

X h _ _ o
yOlog h x5~ + 1 yOiog 1 h xO;~ (3.1)

1
\]m - = —
m .

i=1
ipou to argiki “jroisma kai h diabresh me ton arijmi twn deigm”twn proseggbzei ton
telest méshctimc, x® ePnaitoi-osti deBgma,y® ePnai h etikéta tou i-ostoO debgmatoc
kai ~ to di"nusma twn ekpaideOsimwn paramétrwn tou montélou. Kat" thn ekpaBdeush
tou Discriminator enic GANoi etikétec jaebnai 1 giata pragmatik” debgmatakai 0 giata

tegnht”, en, gia thn ekpabdeush tou  Generator isqOei to antbstrofo, dhlad mazb me ta
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teqnht” debgmata ja dbnetai h etiketa 1 prokeiménou na upologbsei to kat™ piso mporeb
na {xegel"sei}ton Discriminator.

Esti"zontac sto sghmatismi thc sun’rthshc kistouc kai stic timéc pou aut lamb™nei

gia tic etikétec  0=1 pou dbnontai kat™ thn ekpabdeush enic GAN, blépoume iti itan h
etikéta ebnai 1 dra mino o pr.toc iroc tou ajrobsmatoc, opoboc pabrnei timec api to 0
(tanh h x®;~ bg'zeitiméckont"stol)éwcto 1 (itanh h x@;~ bg zeitiméc kont™
sto 0). AntDstoiga, gia etikéta 0, dra mino o deOteroc iroc tou ajroBsmatoc, opoboc
paPrnei timéc apito 0 (itan h  h x®:~ bgzei timéc kont™ sto 0) éwc to 1 (itan h
h x®;~ bg"zeitiméc kont” sto 1). Lamb™nontac, téloc, upiyh kai to arnhtiki prishmo

sthn arq thc 3.1, blepoume iti h parap™nw proseggish thc Binary Cross-Entropygia ena
batch pabrnei timéc api 0 ewc +1 itan h sun’rthsh taxinimhshc, h(x) me paramétrouc
tic  pabrnei timéc api to 0 ewc to 1. Epilogik™, h sun’rthsh kistouc Binary Cross-
Entropy, égei dOo mérh (éna gia k’je t'xh) kai lamb™nei timéc kont” sto O gia swst
taxinimhsh (diag,nioc  confusion matrix ) en, proseggbzei to jetiki "peiro gia I'joc
(antidiag,nioc  confusion matrix ) - sumperifor” pou apeikonbzetai grafik™ sto sq ma

24 parak’tw.

(a) Gaetiketa y® =1 (b) Gaetiketa y® =0
Sg ma 24: Grafik anapar“stash thc sun’rthshc kistouc Binary Cross-Entropygia etiketec 1
(pragmatik,n eikinwn) arister” kai 0 (tegnht,n) dexi".

Phg: Anakataskeu api Generative Adversarial Networks Specialization, Zhou et al., DeepLear-
ning.Al, 2021[122]

Sghmatismic Sunart sewn Kistouc se ena  GAN

Me b”sh thn an”lush pou prohg jhke, eDmaste pleon se jesh na gryoume se kleist

morf th sun’rthsh kistouc pou kalebtai na beltistopoi sei to k’je dbktuo. Ctsi, gia

ton Discriminator, h sun’rthsh kistouc e"n gqrhsimopoihjeb h Binary Cross-Entropykai me
dedomeéno iti kat” thn ekpabdeus enic  GANtapragmatik™ dedoména ePnai kat” sOmbash
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antistoigismena me thn etiketa 1 kai ta tegnht” me thn 0, ja ePnai:

1% h . _ i
b o & = — yOiog h x@:~ + 1 y®jog 1 h xO;~ (3.2)
i=1
1% h . _ i
= - log D x7; % +log1 DGz":%:% (3.3)
i=1
= 17 log D xO; 5 1 log1 D Gz % ;7 (3.4)
= - B g y D m - g sy G » D .
Exspaa 109[D (X)]  Ezspyo log [l D (G (2))] (3.5)
ipou D(x) ePnai h éxodocDiscriminator (dhl. h pijanithta realismoO thc eisidou x), G(z)

ePnai h éxodoc tou Generator diktOou gia eDsodo tugabo di'nusmaz (dhl. mPa tegnht
eikina), paa h katanom pou akoloujoOn ta dedoména eisidou (stic eikinec aut ja
ePnai mia polO uyhl ¢ diastasimithtac katanom pou mino @mmesa kai proseggistik”
mporeb na montelopoi sei éna paragwgiki montélotOpou  GAN) kai Pprior N Prior katanom
api thn opoba deigmatoleiptoOme gia na proume to tugabo di'nusma sthn eBsodo tou

Generator. Efison, ipwc anaferjhke, o Discriminator bgzei pijanithta kai “ra D(x) 2
[0; 1], prokOptei iti gia thn elagistopoPhsh thc sun’rthshc kistouc tou, 0 Discriminator
prépei na m’jei na anajétei uyhl pijanithta sta debgmata me thn etikéeta 1 (ta opoba

proérgontai api to sOnolo dedoménwn ekpabdeushc) kai gamhl se aut” pou par"gontai
api ton Generator.

To dbktuo tou Generator, me th seir” tou, prospajeb na {xegel sei} auti tou Discrimi-
nator ,ste oi pijanithtec pou anajétei sta teqnht™ debgmata sthn éxodi tou na ebnai

uyhléc. StogeQOei, dhlad , na megistopoi sei ton deOtero iro thc sun’rthshc kistouc

tou Discriminator - ex’llou mino autin ton iro mporeb na ephre”sei prokeiménou h
sun’rthsh kistouc tou Discriminator prokeimenou aut na auxhjeb. Epoménwc, gia ton
Generator ja isqQei:

1 X h , o
Jo & b = m 1 yO1og 1 h xO;~ (3.6)
i=1
1 h _ [
= - log1 DGz %% (3.7)
i=1
1 0)
:H log 1 DGz, %D (3.8)
i=1
EZS Pprior Iog [l D (G (Z))] (39)
ipou to arnhtiki prishmo sthn arq éqgei pleon afairejeb kaj,c o Generatorprospajeb
elaqgistopoi, ntac th dik tou sun’rthsh kistouc na aux sei aut tou Discriminator,
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en, ila ta upiloipa megéjh ebnai ipwc prin. Epeid , o pr,toc iroc thc exbswshc 3.5
exart"tai mino api to sOnolo dedoménwn ekpabdeushc, sunhjbzetai sth bibliografba h
parap”nw sun’rthsh kistouc tou Generator na dhl, netai wc to arnhtiki thc sun’rth-
shc kistouc tou  Discriminator:

Je &t = Jo T 6 (3.10)

k'ti pou exhgeb giatb h ekpabdeush enic GAN grhsimopoi,ntac th sunrthsh kistouc

Binary Cross-EntropyePnai isodOnamh me éna pabgnio mhdenikoO ajroBsmatoc dOo paikt, n.
Teloc, ipwc apodeiknOetai sto [29] auti to st simo (setup) gia ekpabdeush twn GANs
egei thn prisjeth idiithta iti h sun’rthsh kistouc ebnai asumptwtik™ sunep ¢ me th

apistash Jensen-Shannon (Jensen-Shannon divergence - JSD)netaxO thc katanom ¢ twn
dedomenwn kai aut c pou eqei m'jeio  Generator kai api thn opoba pargei ta (tegnht”)
debgmata sthn éxodi tou.

Cna basiki meionekthma pou parousi“zei h gr sh thc Binary Cross-Entropy kai sugke-
kriména h Oparxh twn logarDjmwn stic sunart seic kistouc ePnai o koresmic. Emba-
jOnontac, itan dOo katanoméc ePnai {makri’}h  Binary Cross-Entropypabrnei uyhléc timéc
wstiso autéc ft'noun se énan koresmi kai etsi peraitéerw metakbnhsh twn katanom_n

den diaforopoieb shmantik” tic timec autec. Kat' epéktash, idiabtera sthn argik f'sh

thc ekpabdeushc ipou h katanom pou éqgei mijei 0  Generator apéqgei arket™ api thn
pragmatik poludi“stath katanom twn dedoménwn ekpabdeushc, h Binary Cross-Entropy
stic sunart seic kistouc den dbnei saf {plhroforba} giato pwc prepei na metab’llei

tic paramétrouc tou. To Bdio imwc sumbabnei kai itan autéc oi katanoméc ebnai sgetik”
kont”, dhlad api k™poio shmebo ekpabdeushc kai Ostera. Ctsi, ipwc faPnetai kai sto

sq ma 25, itan oi katanomec ebnai arket™ makri” kont” to kistoc parousi“zei kore-

smi. Auti prokaleb thn exaf nish twn parag,gwn (vanishing gradients), k'ti pou eqei
odhg sei sth gr sh enallaktik,n sunart sewn kistouc gia thn ekpabdeush GANSs.

Auti to priblhma ebnai gnwsti wc vanishing gradients kai odhgeb suqgn” thn ekpabdeush
enic GAN se Surrbknwsh Rujm,n 2 (Mode Collapse). H Surrbknwsh Rujm,n sta pla-

2Rujmic miac pijanotik ¢ katanom ¢ onom”zetai mPa {perioq } aut ¢ me uyhl sugkéntrwsh parath-
r sewn. Gia par"deigma, se mba Kanonik katanom , h perioq gOrw api th mésh tim ePnai o monadikic
rujmic thc katanom c, en, up“rgoun “llec katanoméc me perissiterouc api énan rujmoOc qwrbc
anagkastik™ autoP na antistoigbzontai se k™poia rop . Sto sOnolo dedoménwn geirigrafwn yhfBwn tou
MNIST, gia par"deigma, entopPzoume 10 tétoiouc rujmoQOc, énan gia k'je yhfbo kai h Surrbknwsh Rujm,n
ja odhgoOse énan Generator sthn paragwg eikinwn api €na mino yhfbo.

selbda 48 api 246



KEFALAIO 3. EKPAIDEUSH TWIKANS 3.1. SUNARTHSEIS KOSTOUS KAI PAIGNIA

Sq ma 25: Grafik apeikinish tou probl matoc koresmoO thc sun’rthshc kistouc Binary Cross-
Entropy.

Phg: Anakataskeu api Generative Adversarial Networks Specialization, Zhou et al., DeepLear-
ning.Al, 2021[122]

Bsia thc Paragwgik ¢ Montelopobhshc eqgei na k'nei me thn poikilba (diversity) twn
deigm”twn pou mporeb na par'xei énac ekpaideumenoc Generator kai sugkekrimena me
th drastik surrbknwsh aut ¢ se debgmata mbac mino kathgorbac kl"shc. —pwc
analOetai api ton Mao et al. [56], h gr sh thc sun"rthshc kistouc Binary Cross-Entropy
odhgeb ton Generator sto {asfalec} monop'ti na par'gei kal” debgmata mbac mino
kI'shc, dhlad enjarrOnei th SurrBknwsh Rujm_n. Aut h parat rhsh, éqei afenic

odhg sei sth gr sh éntonhc kanonikopobhshc twn sunart sewn kistouc ekpabdeushc
GAN:Ss, all” afetérou egei apotelései ton ligo pou pléon den grhsimopoioOntai sgedin

poujen” sunart seic kistouc Binary Cross-Entropy sthn ekpabdeush twn GANs, me th
jésh touc na éqoun p’rei “llec oi opoPec epideiknOoun ligitero kajilou koresmi.

Oi basikiterec api autéc, h sun“rthsh kistouc Mésou TetragwnikoO SflImatoc kai h

Apistash Wasserstein, analOontai stic paragr-fouc pou akoloujoOn.

Sun’rthsh Kistouc Elagbstwn Tetrag,nwn (LSGAN)

Mba “llh sun’rthsh Kkistouc pou dokim“sthke sthn ekpabdeush GANs me skopi th
stajeropobhsh aut ¢ kai th mebwsh twn peript,sewn Kat'rreushc Rujm_ n kai exa-

f"nishc twn parag,gwn (vanishing gradients), ebnai h sun"rthsh kistouc Elagbstwn Te-
trag,nwn (Least Squares Loss). Gia ton upologismi thc sun’rthshc kistouc Elagbstwn
Tetrag,nwn grhsimopoiebtai to méso tetragwniki sf'lma (mean square error - MSE)me-
taxO twn probléyewn tou  Discriminator kai twn {idanik,n} probléyewn antDstoiga gia

k"je dbktuo kai gia pragmatikéc/tegnhtéc eikinec ( Discriminator: 1 gia tic pragmatikec
eikinec kai 0 gia tic tegnhtec, Generator. 1 gia tic tegnhtéec eikinec pou pargei kai me
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tic opobec jelei na {xegel sei} ton Discriminator iti ePnai pragmatikec).

Prwtoemfanizimenh sta plabsia ekpabdeushc GANssto montélo LSGANI[56], h sun’rth-
sh kistouc Elagbstwn Tetrag,nwn basbzetai sth méjodo elagbstwn tetrag,nwn api

th Statistik , ipou prospajoOme metab’llontac éna sOnolo parameétrwn na elagisto-

poi soume to “jroisma twn tetrag,nwn twn apost’sewn sfalm”twn miac posithtac
endiaférontoc api mba posithta anaforc 3, Sta GANS, ipwc anaférjhke, h anafor”
ebnai oi ek’stote etikétec kai h posithta endiaferontoc ebnai oi oi ek’stote pro-

bléyeic tou Discriminator. Se aut thn perbptwsh, wstiso, o Discriminator den kalebtai
na bg’lei sthn éxodi tou mia pijanithta (dhl. miatim api 0 éwc 1, p.qg. grhsimopoi.ntac

Sigmoid sun’rthsh exidou), all” mia opoiad pote tim , parilo pou me to perac miac
epitughménhc ekpabdeushc aut ja ebnai kont™ stic timec twn etiket, n.

Antiparab’llontac me tic exis,seic 3.5 kai 3.9 thc prohngoOmenhc paragr-fou, oi

sunart seic kistouc tic opobec prospajoOn na elagistopoi soun ta dbktua enic GAN
pou ekpaideOetai me th sun’rthsh kistouc Elagbstwn Tetrag,nwn, ja eDnai:

X

1 . ,
Jb D & = E D X(I); ) 1 ? + DG Z-(I); < D 0 2 (311)
i=1
1 : 2 ) 2
== Dx"'% 1°+DGz2 %% (3.12)
=t | h |
Exspee (D(X) 1) +EZspprior (D (G (2)) (3.13)

gia ton Discriminator, en, gia ton Generator antbstoiga kai met™ api prixeic, ja e-

Pnai
1 X . 2
Je & b T — DGz % ;v 1 (3.14)
m i=1 .
h N
Ersppn (D(G(2)) 1) (3.15)
afoO o Generatorjélei na {dei} piso makri~ api ta deDgmata me etikéta 1 katat"ssei o

Discriminator ta debgmata pou par gage.

Se antbjesh me th sun’rthsh kistouc  Binary Cross-Entropy, sto sghmatismi thc sunr-
thshc kistouc Elagbstwn Tetrag,nwn den emfanbzontai oi log rijmoi. Auti egei wc
"mesh sunépeia to “jroisma twn dOo irwn thc sun’rthshc kistouc tou Discriminator

3Sun jhc efarmog thc mejidou ElagPstwn Tetrag,nwn sth Statistik apoteleD h Grammik Palin-
drimhsh. EkeD, dojéntwn k™poiwn shmebwn dedoménwn, mac zhteDtai na broOme mia eujePa, oi par'metroi
thc opoPac elagistopoioOn to “jroisma twn tetrag,nwn twn (k"jetwn) apost’sewn api ta shmeba.
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na mhn parousi“zei aut th sigmoeid morf kai “ra to fainimeno koresmoO ed, ePnai
shmantik™ meiwmeno. Sugkekriména, mon“ga sthn perbptwsh ipou exodoc tou Discri-
minator ebnail gia ta pragmatik™ dbktua kai 0 gia ta tegnht” (dhl. teleia pribleyh),

h sun”rthsh kistouc thc 3.13 ja d,sei mhdenik® gradients*. —pwc analOetai kai sto
“riro tou  LSGAN auti egei san apotelesma antbstoigh mebwsh se emfnish tou fai-
nomeénou Surrbknwshc Rujm_ n se di“forec argitektonikéc GANSs pou dokim”sthkan kai
shmantik™ stajeriterh ekpabdeush (dhl. pio omaléc timéc twn sunart sewn Kkistouc)

[56]. Sth pleioyhfBa twn montélwn pou anaptOgjhkan sta plabsia thc paroOsac erga-
sbac gbnetai gr sh thc sunrthshc kistouc Elagbstwn Tetrag,nwn tiso ligw aut,n

pou elégjhsan parap™nw pou égoun na k“'noun me thn eust’jeia thc ekpabdeushc, iso

kai ligw thc tagOthtac upologismoO aut c.

Sun’rthsh Kistouc  Wasserstein (WGAN)

Tautigrona sgedin me th sun’rthsh kistouc Elagbstwn Tetrag,nwn, parousi sthke

kai mba enallaktik sun’rthsh kistouc, h opoba basbzetai sthn apistash Metakbnhshc
Edfouc (Earth Mover's Distance - EMD) metaxO dOo katanom_.n kai h opoba epBshc
ebge san stigo thn ex’leiyh tou probl matoc thc Kat'rreushc Rujm,n pou sugn”

sunideue thn ekpabdeush GANs me sun’rthsh kistouc  Binary Cross-Entropy. Prikeitai
gia th sun’rthsh kistouc Wasserstein, h opoba ebnai mia sun’rthsh pou metrei thn
apistash metaxO dOo katanom n kai epeid basbzetai sthn  EMDto k’nei pio eOrwsta

kai apodotik™ api thn Binary Cross-Entropy. Pio sugkekriména kai me bsh tic dOo
katanomec pou apeikonbzontai sto sq ma 25 (mba aut pou egei m’jeio Generator kai mba
h katanom twn dedoménwn ekpabdeushc), h EMD metr’ei thn apistash metaxO twn dOo
katanom, n proseggbzontac to ergo pou apaitebtai gia na gbnei h paragimenh katanom
(dhl. aut pou egei mjei o  Generator) Bsh me me thn pragmatik . Diaisjhtik”, ean h
paragimenh katanom tan swric api g,ma, h EMD ja mac edine mia proseggish thc

4—tan anaféroume thn ékfrash { h sun’rthsh kistouc ja d,sei parag,gouc gradients} ennooOme
to pr,to b ma tou algorbjmou back-propagation gia upologismi twn merik,n parag,gwn thc sun’r-
thshc kistouc we proc kje ekpaideOsimh par'metro. H ékfrash aut égkeitai ston upologismi twn
parag,gwn thc sun’rthshc kistouc wc proc tic exidouc tou Discriminator, oi opoPec diogeteOontai
argik™ mégri thn ebsodo tou Discriminator kai katipin anadromik™ ft'noun stic str,seic éwc kai thn
ebsodo tou Generator. Koresmic thc sun’rthshc kistouc, epomeénwc, ebnai itan to feedback pou lamb™nei
o Discriminator sthn éxodi tou den metab’lletai kajilou metab’lletai IBgo gia mikréc allagec thc
exidou tou - kai tite den mporeD na gnwrbzei proc poia kateOjunsh prépei na {kinhjeb} ston g,ro twn
ekpaideOsimwn paramétrwn prokeiménou na mei,sei th sunrthsh kistouc.
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{duskolbac} metakbnhshc tou g,matoc ,ste o telikic swric (met” th metakbnhsh) na
egeith morf kai na brbsketai sthn Bdia jéesh me autin thc pragmatik ¢ katanom c.

To priblhma me ta vanishing gradients kai thn Binary Cross-Entropy ebPnai iti iso pio
makri~ (ant. kont") ePnai oi dOo katanoméc tiso oi timéc teBnoun ilo kai pio kont™ sto 1

(ant. sto 0). Antbjeta, sthn  EMDkai “ra sth sun’rthsh kistouc Wasserstein den uprgei
k"poia mégisth el qisth tim - oi timec pou mporeb na prei h sun’rthsh ebnai praktik

illoto R. Ctsi, akima kai itan oi katanomec ebnai arket™ makri”, ipwc sthn arq thc
ekpabdeushc, oi timéc pou dbnei hEMD den parousi"zoun koresmi. —pwc fabnetai kai
sto sq ma 26 pou akoloujeb, itan oi katanoméc ebnai arket™ makri” kont™ to Kistoc

den parousi“zei koresmi, k'ti pou diaforopoieb thn EMD api thn Binary Cross-Entropy
(bl. sg ma 25). Wc apotélesma, hgr shthc  EMD stic sunart seic kistouc ekpabdeushc
GANsexalebfeito fainimeno exaf nishc twn parag,gwn (vanishing gradients), k'ti pou
egei odhg sei sth uiojéths thc (mesw thc proseggistik ¢ thc morf ¢, thc sun“rthshc

kKistouc Wasserstein), gia thn ekpabdeush GANs. Wc apotélesma autoO, h ekpabdeush
GANsmethsun'rthshkistouc  Wasserstein mei neith pijanithta kat"rreushc rujm. n

ston Generator, odhg,ntac ton se pio eustaj ekpabdeush pijanin me kalOtera apote-
lésmata.

Sg ma 26: Grafik apeikinish thc exidou thc Apistashc Metakbnhshc Ed™fouc (EMD) metaxO
dOo katanom,n, aut ¢ pou égei m’jeio  Generator kai thc pragmatik c.

Phg: Anakataskeu api Generative Adversarial Networks Specialization, Zhou et al., DeepLear-
ning.Al, 2021[122]

Epanergimenoi sth sun“rthsh kistouc Wasserstein (Wasserstein Loss - W-Loss), aut

ipwc anaférjhke proseggbzei thn apistash Metakbnhshc Ed*fouc (EMD). H proseggi-
sh sta plaPsia thc ekpabdeushc GANs, sOmfwna me ton Arjovsky et al. sto “rjro touc
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Wasserstein GAN[69], ePnai h akiloujh:

w Pdata ) Pgen = Exspda(a [f (X)] Eihsppnor [f (),(\ =G (Z'))] (316)

1pouU  Pyaa ; Pgen €Pnai 0i katanomec twn dedomenwn kai tou Generator antbstoiqa, pprior
ebnai h katanom api thn opoba deigmatolhptebtai to tugabo di"nusma sthn ebsodo
tou Generator kai f ePnai sun’rthsh suneqc kat™ Lipschitz® (me stajer™ K = 1). O
Discriminator (pou itan grhsimopoiebtai h  W-Loss onom“zetai Critic epeid pléon den
kalebtai na k"nei duadik taxinimhsh - gia ligouc aplithtac ja krat soume thn arqik
onomasba) jélei na megistopoi sei aut th sun“rthsh kistouc apomakrOnontac kat”

to dunati perissitera tic dOo katanoméc ste na ePnai pio eOkolo to érgo tou, en,

o Generator jelei na thn elagistopoi sei, kaj,c étsi ta debgmata pou par"gei ja ePnai

ilo kai pio kont™ se aut” tou sunilou ekpabdeushc. Epomenwc, oi sunart seic kistouc
Wasserstein twn dOo diktOwn ja ePnai:

1% h _ i 14X h _ i
Je T & = o c x; - + o cGcz %% (3.17)
i=1 i=1
EXSPdata [C (X)] + Ezsppriur [C (G (Z))] (318)

gia ton Discriminator (sumb. me €} apito Critic pou ipwc anaférjhke grhsimopoi jhke
sto WGAN), en, giaton Generator antbstoiga ja ebnai:

1 X h , [
Je & ¢ = a CG Z(I); G i ¢ (3.19)
i=1
Ezspo [C (G (2))] (3.20)
ipote kai fabnetai iti elagistopoi,ntac th sun“rthsh kistouc tou o Generator megi-
stopoieb ton deOtero iro kai “ra th sun’rthsh kistouc tou Discriminator - exoO kai h

lexh { adversary} (= antiparjesh).

Esti"zontac sth suneq kat™ 1-  Lipschitz sun“rthsh f, aut sta GANSs ja ebnai to bdio
to dbktuo tou Discriminator, to opobo lamb™nontac mia eikina, x, kalebtai na d,sei enan

SMPa monodi“stath sun"rthsh ePnai suneq ckat™  Lipschitz me stajer” K itan up“rqei diplic k,noc (se
sq ma Q) pou sghmatbzetai api tic eujePec y = Kx kaitou opobou to kéntro mporeb na kinebtai ep™nw sth
sun’rthsh étsi ste oliklhrh h kampOlh thc sun’rthshc na paraménei p*nta éxw api ton dipli k,no
(dhl. mésa sthn arister kai dexi” meri” tou Q). Auti exasfalbzei, iti se kanéna thc shmebo, h sun’rthsh
den auxnei pio gr gora api K. Ga K = 1, gia par"deigma, o k,noc apotelebtai api tic eujebec y = x kai
h sun“rthsh den mporeb se kanéna shmebo tou pedbou orismoO thc na aux’nei pio gr gora api grammik”.
Ctsi, sunart seic ipwc oi ekjetikec den ebnai suneq c kat” Lipschitz me stajer” K = 1.
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pragmatiki arijmi. Epoménwec, h upi suz thsh sunrthsh, h opoba ja sumbolbzetai me
c(x) (antb giaD(x) ipwc stic prongoOmenec paragr-fouc), ja ebnai:

c: X! Rkek 1 (3.21)

ipou X ePnaito pedbo orismoO twn eikinwn tou sunilou ekpabdeushc (p.g. gia @ggrwmec
eikinec 64 (64 me 8bits/pixel ja ePnai 0 g,roc 2553 % ¢ = 2551228) en_h sunj kh sta
dexi” dhl nei iti h sun“rthsh prépei na ikanopoieb th sunj kh sunégeiac 1- Lipschitz.
Gia na proseggbzei epitug,c €na neurwniki dbktuo me ekpaideOsimec paramétrouc  ~ mba
sun’rthsh suneq kat™ 1- Lipschitz, ja prepei h to métro twn merik,n tou parag,gwn

thc exidou tou diktOou wc proc tic ekpaideOsimec paramétrouc na ePnai to polO 1 se
k'je shmebo tou pedbou orismoQ[69]. Ctsi, itan éna GAN ekpaideOetai me sun’rthsh
Kistouc Wasserstein, to neurwniki dbktuo tou Discriminator ja prepei na ikanopoieb thn

akiloujh sunj kh sunégeiac ,ste na ebnai mia suneq c sun’rthsh kat”™ 1- Lipschitz:
r -C x; ¢ , 182X kek. 1 (3.22)
H epibol aut thc sunj khc exasfalbzei iti h sun’rthsh kistouc ebnai egkurh kat™ th

métrhsh thc apistashc katanom,n me thn EMD (sthn opoba basbzetai h Wasserstein), me
thn énnoia iti den ebnai mino suneq c kai diaforbsimh, all” kai den aux’nei uperbolik™
gr gora .

Praktik™, wstiso, h parap™nw sunj kh ePnai adOnato na epiblhjeb, diiti apaiteD axio-

lighsh twn parag,gwn tou Discriminator se k“je shmebo tou pedbou orismoO tou, dhlad
se k’je pijan eikina eisidou. Epbshc h axiolighsh ja prépei na epanalamb”netai k’je

for” pou metab’llontai oi par"metroi tou diktOou. Cqoun protajeD di“foroi tripoi gia

epibol thc sunj khc thc 3.22 sto neurwniki dbktuo tou Discriminator, me kurbargec
ton Yalidismi Bar,n (Weight Clipping), thn Poin Parag,gwn (Gradient Penalty) kai thn
KanonikopoPhsh F'smatoc (Spectral Normalization) , oi opoBPec kai analOontai akoloOjwec.
Sto shmebo auti ebnai skipimo anaferjeb iti o ligoc pou progwr’me se mia leptomer
an’lush thc sun’rthshc kistouc Wasserstein ebnai iti brejhke kai sta dik™ mac pei-
r'mata (bl. 6) itiaut odhgeb se pio stajer ekpabdeush kai pio realistikéc kai uyhl ¢

poiithtac eikinec sta montela pou ekpaideOthkan.

Epibol sunj khc sunéqgeiac kat Lipschitz me Yalidismi Bar,n

H mejodoc pou prot’jhke sto WGAN [69] prokeiménou na epiblhjeb h sunj kh gia su-
négeia kat™ 1- Lipschitz ebnai o Yalidismic twn Bar.n  (Weight Clipping) tou Discriminator
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se ena prokajorismeno pedbo tim,n. Auti pou epitugq netai me autin ton tripo ebnai

ta b’rh den metab’llontai polO se kje b ma kai “ra @mmesa exasfalDzetai iti h
par"gwgoc thc sun’rthshc tou Discriminator paraménei eleggimenh. Ctsi, auti pou
praktik™ dokbmasan oi suggrafebc tou WGANebnai se k'je b ma tou algorbjmou betti-
stopobhshc tou Discriminator, met” thn ananéwsh twn bar n tou (dhl. sgedin ilwn twn
ekpaideOsimwn paramétrwn), gbnontan yalidismic aut_n kai étsi isa tan megalOtera

api th prokajorisménh megisth mikritera api thn el"gisth metab”llontan sthn
antbstoigh meégisth el"qisth tim (clipping) . Kat™ thn ekpabdeushtou WGANprot'jhke
oi timéc autec na ebnai 0:01.

Monoliti h méjodoc aut bo jhse sth stajeropobhsh kai thn epitugba thc ekpabdeushc

tou WGAN se di*fora sOnola dedoménwn, ipwc parathr jhke IDgo argitera, o yali-

dismic ekpaideOsimwn paramétrwn periorDzei thn ikanithta m“jhshc tou Discriminator
kaj,c ton empodbzei na {entopbsei} kal” topik™ el"gista thc sun’rthshc kistouc. Kat'

epektash periorbzontai kai oi anadr’seic proc ton Generator “ra genikitera h gr sh
YalidismoO Bar n sth sun’rthsh kistouc Wasserstein mei nei thn apidosh tou  GAN.
H parat rhsh aut od ghse sthn uiojethsh miac pio omal ¢ mejidou epibol ¢ thc

sunj khc 3.22, thc Poin ¢ Parag,gwn pou analOetai akoloOjwec.

Enj"rrunsh sunj khc sunegeiac kat” Lipschitz me Poin Parag,gwn

Lbgo argitera api thn argik pritash ekpabdeushc GANs me th sun’rthsh kistouc
Wasserstein, o Gulrajani et al. parousi"san sto “rjro touc { Improved Training of W-
asserstein GANs} [71] mia beltbwsh thc mejidou YalidismoO Bar,n prokeiménou na
epiblhjeb h sunj kh thc 3.22 ston Discriminator. H méjodic touc, pou onom”zetai Poin
Parag,gwn (Gradient Penalty), ePnai arket™ pio apl kai omal kaj,c égkeitai mon“qa

sthn prosj kh enic irou kanonikopobhshc (regularizing term) sth sun’rthsh kistouc
tou Discriminator. Pio sugkekriména, auti pou k™nei o iroc kanonikopobhshc ebnai na
anajétei mba poin itan h nirma twn merik,n parag,gwn thc exidou tou Discriminator
wc proc thn ePsodi tou ePnai megalOterh api 1.

Wstiso, sOmfwna me thn 3.22 ja prépei na elégxoume tic parag,gouc autéc gia kje
ebsodo tou Discriminator, kti praktik® adOnato. AntD autoO, oi suggrafebc tou [71]
priteinan na parjoOn k“poia deBgmata eikinwn wc grammikéc paremboléc metaxO prag-
matik,n kai teqnht,n eikinwn kai me b"sh aut™ na upologistoOn oi par"gwgoi kai

h poin . Ga par"deigma, antb h nirma twn parag,gwn na upologisteD xeqwrist™ gia
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mia eikina api to sOnolo ekpaPdeushc, x, kai mPa api thn éxodo tou Generator, X, ja
upologisteD se mbambxhtwndO&,= x+(1 ) X.Epoménwc, o iroc kanonikopoPhshc
gia thn an“jesh poin ¢ se parag gouc nirmac megalOterhc thc mon“dac, ja ePnai:

regep = 1 C(K;%), 1° (3.23)
kai “ra oi sunart seic kistouc tic opoPec prospajoOn na elagistopoi soun ta dOo
neurwnik” dbktua enic GAN to opoPo ekpaideOetai me sun’rthsh kistouc ~ Wasserstein
kai Gradient Penalty (WGAN+GP)ja ePnai:

1X®h i 1 Xh A i
Je T & = . c xV < + = cGz" %t + o reger (3.24)
i=1 i=1
1Xh i 1 Xh _ i
= = cxV < += c Gz % %
e S i (3.25)
1 x 2 )
t* op — r .C x+(1 ) X% 1
m 2

i=1

" .
Exspana [C (X)] + Ezsppior [C(G @)1+ p Egspy (K 3C(X)k, 1)2I (3.26)

gia ton Discriminator, me g na ebnai suntelest ¢ barOthtac tou kanonikopoiht, o
opoboc sto [71] ebge tejeb sth stajer tim ep = 10:0. Ga ton Generator den up’rgei
k"poia allag kai "ra kai ed, ja ePnai:

1 X h _ [
Je & ¢ T o cGzV %% (3.27)
i=1
E:spoo [C (G (2))] (3.28)
—pwc fabnetai, h mejodoc aut den epib’llei th sunj kh sunéqgeiac kat™ 1- Lipschitz,

apl,c enjarrOnei tic parag gouc na mhn apomakrOnontai api th mon™da, swstitera

na mhn metab’llontai polO se sqésh me th metabol thc eikinac sthn eDsodo. Wstiso,

aut h meéjodoc éqei apodeigteP sto parap™nw 7rjro iti douleOei kal™ kai kurbwc

polO kalOtera api th mejodo YalidismoO Bar,n. Basiki meionékthma thc mejidouc

ebnai h kajusterhsh pou eis"gei o prisjetoc upologismic parag,gwn kai parembol. n.

Teloc, kai gia ligouc plhrithtac, parousi“zetai sthn epimenh par”grafo mia akimh

mejodoc gia epibol poin ¢ se apitomec metaboléc twn paramétrwn tou Discriminator,
h opoba epPshc éqei dokimasteD kat” thn ekpaPdeush twn montélwn GANsthc paroOsac
ergasbac.

Enj"rrunsh sunj khc sunegeiac kat” Lipschitz me Kanonikopobhsh F'smatoc
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H kanonikopobhsh f'smatoc enic pbnaka bar,n ebnai kti pou ebge arqik™ grhsimo-
poihjeD api ton Miyato et al. to 2017 gia aOxhsh thc ikanithtac genbkeushc baji.n
neurwnik_n diktOwn [85]. Progwr ntac éna b ma peraitérw, oi suggrafebc ef'rmosan

ena qrino argitera Kanonikopobhsh F'smatoc sta b“rh sugkekriménwn sunlektik n
str,sewn tou Discriminator enic GAN, prokeiménou na enjarrOnoun kat™ autin ton
tripo ton  Discriminator na ikanopoieb th sunj kh sunéqgeiac kat™  Lipschitz k™poiac
stajer'c K 1 kai etsi na stajeropoi soun thn ekpabdeus tou [96]. Oi suggrafebc
meléthsan th sumperifor” tou montélou pou anéptuxan, Spectral-Normalized GAN (SN-
GAN), igi mino kat™ thn ekpabdeush me sun’rthsh kistouc Wasserstein all” kai me
sun’rthsh kistouc Elagbstwn Tetrag,nwn kai diapBstwsan pwc h Kanonikopobhsh
F’smatoc ston Discriminator odhgeP se pio stajer ekpabdeush me kalOtera apote-
lesmata se amfiterec tic peript seic - K'ti pou mporoOme na epibebai soume kai
emebsta montéla pou ekpaideOsame kai sta opoPa égine gr sh thc Kanonikopobhshc

F smatoc.
Api majhmatik ¢ skopi“c, to f'sma enic pPnaka, w, (W), ebnai to sOnolo ilwn twn
idiotim,n tou (e"n prikeitai gia tetragwniki pbnaka) twn idi"zouswn tim_ n 5 tou

(gia mh-tetragwniki pbnaka). Epiprisjeta, h fasmatik ( telestik ) nirma tou pPnaka
W, kWk,, ePnai h tetragwnik rBza thc meégisthc idi"zousac tim ¢ autoO, dhlad gia th
fasmatik nirma ja isqOei [117]:

n 0]

KWk, = max 2 W'w (3.29)

Sta neurwnik® dbktua, o pPnakac W antiproswpeQei énan pPnaka bar.n k'poiac
str.shc se éna TND. Ga thn efarmog thc Fasmatik ¢ KanonikopobBhshc prépei k'je

tim tou pbnaka na diairejeb me th fasmatik tou nirma. Wc apotelesma, o fasmatik”
kanonikopoihménoc pPnakacWsy, mporeD na ekfrasteD wc:

w
Wey = ——— 3.30
N = W (3.30)
60i idi"zousec timéc enic pPnaka prokOptoun api thn ParagontopobPhsh Idi"zouswn Tim_n (Singular

Value Decomposition - SVD). H SVD ebnai mia genbkeush thc Paragontopobhshc Idiotim, n, dhlad thc
graf ¢ enic pPnaka wc ginimeno pin“kwn pou periégoun ta idiodianOsmata kai tic idiotiméc tou (kanonik

morf ). H genbkeush égkeitai sto iti h SVDpr,ta {tetragwnopoieb} énan pbnaka me pollaplasiasmi me

ton an’strofi tou kai katipin brbskei ta idiodianOsmata kai tic idiotiméc tou ginoménou - aut™ légontai

idi"zonta dianOsmata kai idi°zousec timéc antDstoiga. Ctsi h SVDgia énan pbPnakaw, jaePnai:w = U VT,
ipou U;V orjokanonikob pbnakec kai  diag,nioc pPnakac me tic idi"zousec timéc.
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Sthn pr'xh, o upologismic thc SVD tou pbnaka W, prokeiménou na upologisteb h
fasmatik tou nirma, ebPnai arket™ upologistik™ apaithtik diadikasba, kai gi' auti
oi suggrafebc tou SN-GAN [96] dokPmasan mia proseggistik [Osh: proséggisan th

meégisth idi"zousa tim Kai ta arister” kai dexi” idi"zonta dianOsmata thc SVD, d kai v
antbstoiga, me mPa parallag thc epanalhptik ¢ mejidou dOnamhc 7. Pio sugkekriména,
priteinan thn epanalhptik proseggish thc fasmatik nirmac enic pbnaka bar,n, W,
WC eX C:
wWTa
0 B 3.31
ALY
V B 3.32
kwk, GTwWv (3.33)

ipou kk, ePnaih_2 (EukleBdeia) nirma enic dianOsmatoc, en, oi suggrafebc br kan{  pwc
mba epan’lhyh arkeb gia ikanopoihtik proseggish }thc fasmatik ¢ nirmac.

Auti pou apodeiknOetai sthn an”lush twn suggraféwn sto [96] ePnai iti h efarmog thc
Fasmatik ¢ Kanonikopobhshc stic teleutabec suneliktikéc str, seic tou Discriminator
isodunameb me thn epibol poin ¢ sta pr,ta idi"zousa stoigePa (singular components)
tou pbnaka bar,n me prosarmozimeno suntelest, o opoboc apotrepei to sthlog,ro

tou pPnaka W api to na epikentr netai se mPa sugkekriménh kateOjunsh metabol ¢
(mesw twn algorbjmwn beltistopobhshc pou sta GANSs sun jwc {koitoOn} mino thn
pr,th pargwgo) kat” th di"rkeia thc ekpabdeushc. Auti égei odhg sei se pio stajer

kai eOrwsth ekpabdeush eidik™ twn pio polOplokwn montélwn, en, stic perissiterec
peript,seic od ghse kai se kalOtera paragimena apotelésmata. —pwc gbnetai antilh-

pti api tic paragimenec eikinec sto sq ma 27, h Fasmatik Kanonikopobhsh upereqgei

se iti afor” thn eust’jeia thc ekpabdeushc gia poikblec rujmbseic kai parallagec

twn montelwn. Teloc, gia ligouc plhrithtac ebnai skipimo na anaferjeb iti parilo

pou k'poiec sunart seic kistouc k'poiec tegnikéc, ipwc aut, éqoun kalOterh

jewrhtik upost rixh kai idiithtec api k"poiec “llec, sthn pr'xh egei apodeiqteb iti

diaforetikéc sunart seic kistouc (kai kanonikopoi seic aut,n) apodbdoun kalOtera

’Sthn arijmhtik an’lush, h méjodoc dOnamhc  (power method) grhsimopoiebtai gia thn eOresh thc
megalOterhc idiotim ¢ enic pPnaka, éstw  A. H méjodoc dOnamhc mporeb na anaparastajeb api tic sgéseic
[26]: vy, = Auy, Kai ugsy = vp=max (vp) gia p = 0;1;2;::,A = WTW, v argik proseggish tou idiodianOsmatoc
tou A kai uy s N 0;1. H proséggish thc mégisthc idiotim ¢ ePnai to mégisto stoigebo tou v kai h
epanalhptik diadikasPa termatbzei itan h diafor” metaxO diadogik,n mégistwn tim,n ebnai mikr .
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Sq ma 27: SOgkrish twn paragimenwn eikinwn éxi (6) parallag,n (kurBwc wc proc tic pa-
ramétrouc tou algirijmou belistopobhshc) enic montélou GAN gia diaforetikec tegnikéc
kanonikopobhshc: sthn pr,th gramm grhsimopoiebtai sun’rthsh kistouc Wasserstein kai ka-
nonikopobhshc Poin ¢ Parag,gwn, sth deOterh grhsimopoiebtai sun’rthsh kistouc Elagbstwn
Tetrag, nwn me kanonikopobhsh ApisbeshcBar,n  (Weight Decay)kai sthn trbth grhsimopoiebtai
epbshc sun’rthsh kistouc Elagbstwn Tetrag,nwn me Fasmatik Kanonikopobhsh stic teleuta-

Pec str,seictou  Discriminator (h sun’rthsh Kistouc den all"zei).

Phg : Spectral Normalization for Generative Adversarial Networks , Miyato et al., 2018 [96]

geiritera metaxO diaforetik.n montélwn, all* akimh kai sto Bdio montélo metaxO

diaforetik ,n sunilwn dedomenwn ekpabdeushc.
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3.2 Upo-sunj kh Paragwg kai Elegximithta

Ta montéla ta opoba suzht jhkan eéwc tra tan sthn pleionitht” touc montela

GANSs ta opoPa prospajoOsan apl.c na mimhjoOn eikinec api to sOnolo ekpabdeushc,
dhlad ekpaideOontan qwrbc epbbleyh (unsupervised training). Stic dOo upoenithtec
pou akoloujoOn, ja parousi’soume montéla ta opoPa ekpaideOontai me epbbleyh (su-
pervised training) prokeiménou na m’joun desmeumeénec pijanotikec katanoméc, me th
sunj kh na ebnai “llote h t"xh pou jéloume na an kei mia paragimenh eikina kai “llote
sugkekriména (optik”™) garakthristik™ pou jeloume aut na égei. Skopic aut.n twn

upoenot twn ebnai na féroun ton anagn,sth éna b ma pio kont™ sta GANstou pragma-
tikoO kismou, ipou stic perissiterec peript, seic den arkeb h dunatithta paragwg c

realistik,n eikinwn pou mimoOntai éna sOnolo ekpaPdeushc, all” apaitePtai auti na
gbnetai eleggimena.

Sthn paragwg qwrbc sunj kh, to  GAN ekpaideOetai lamb nontac tugabo jirubo sthn
ebsodo tou Generator kai mia om”da ebte tegnht,n pragmatik n eikinwn sthn eBsodo

tou Discriminator. Ctsi, e'n epijumoOme thn paragwg realistik.n eikinwn api mia
sugkekriménh t"xh me sugkekrimeéna garakthristik”, prépei na dokim”zoume (evaluate)
ton Generatorme diaforetikéc tugaPec eisidouc éwc itou (api tOgh) I"'boume mia eikina

sthn éxodi tou me ta epijumht™ garakthristik™. Proc ton skopi auti, afier.noume

aut n thn enithta, ipou ja analOsoume tegnikéc tiso gia paragwg eikinwn api
sugkekriménh t"xh iso kai gia thn elegximithta sthn paragwg eikinwn me stiqo thn

Oparxh sugkekriménwn garakthristik n.

Upo-sunj kh Paragwg Eikinwn

Xekin, ntac me thn Upo-sunj kh Paragwg (Conditional Generation), tiso kat™ th f'sh
ekpabdeushc iso kai kat” th f'sh thc dokim c o Generatorlamb™nei ektic api to di"nu-
sma tugaPou jorObou kai plhroforDa gia thn t"xh thc eikinac pou kalebtai na par"gei.
Antbstoiga, o Discriminator ektic api mba om”da eikinwn kai tic etiketec me thn t"xh

pou antistoiqoOn sth k“je mPa. Epoménwec, se aut n thn perDptwsh apaitebtai h Oparxh
epishmasmeénouannotated) sunilou dedoménwn prokeiméenou na gbnei h ekpabdeush tou
GAN.
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Conditional GAN (CGAN)

H upo-sunj kh paragwg sta plabsia twn GANSs, xekin ,ntac api ton  Mirza et al. kai
to montélo Conditional GAN (CGAN)[32], epetreye thn paragwg deigm”twn api opoia-

d pote t"xh etikéta twn dedomenwn - efison aut eqgei {ekproswphjeb} ikanopoihti-

k™ sto sOnolo dedoménwn ekpabdeushc. O tripoc pou protjhke sto [32] prokeiménou na
dbnetai h plhroforba thc t"xhc/etikétac tiso ston Generatoriso kai ston Discriminator
ePnai grhsimopoi ntac ta legimena dianOsmata  one-hot.

Ctsi, sthn perbptwsh tou  Generator, mazb me to tugabo di"nusma sthn ebsodi tou dbnetai
(sunenwmeno) kai ena di'nusma m kouc Bsou me ton arijmi twn diaforetik,n t"xe-
wn/etiket,n tou sunilou ekpabdeushc me ila ta stoigeDa mhdenik” plhn enic, autoO

pou antistoigeP sthn t"xh pou epijumoOme na an kei h paragimenh eikina, pou ePnai
mon“da. O ligoc pou parameénei kai to di"nusma tugaPou (gkaousianoO sun jwc) jorObou
sthn ebsodo, ebnai diiti kat' autin ton tripo up“rqei k"poia tuqaiithta kai “ra k“poia
poikilomorfba sta debgmata pou par“gontai api th sugkekriménh t"xh. Auti imwc pou
exasfalbzei iti prigmati o Generator ekpaideOetai gia na par’gei deDgmata api th
sugkekriménh t"xh pou perigr-fetai sto one-hot di"'nusma sthn ebsodi tou, ebnai to iti
antbstoigh plhroforba gia thn t"xh dbnetai kai ston Discriminator, ipwc apeikonbzetai
sto sq ma 28 parak’tw. Sta plabsia thc Paragwgik ¢ Montelopobhshc eikinwn, h

sunj kh thc t"xhc dbnetai ston Discriminator wc énac one-hot pbnakac, dhlad énac tris-
di"statoc pPnakac bdiou pl“touc kai m kouc me tic pragmatikec eikinec all” me b”joc

( arijmi kanali,n) iso kai oi diaforetikéc t"xeic/etiketec tou sunilou ekpabdeushc.

—la aut” ta kan’lia perieqoun mhdenikéc timéc plhn enic, autoO pou antistoigeP sthn
etiketa thc eikinac eisidou to opobo egei mon“dec. Ctsi, ipwc apeikonbzetai sto sq ma,
ston Generator dbnetai to tugabo di'nusma, z kaj,c kai to di'nusma  one-hot thc t"xhc.
Antbstoiga ston Discriminator ta kan’lia (3 gia eggrwmec eikinec, 1 gia asprimaurec)
thc eikinac eisidouc sunen nontai me ta one-hot kan’lia thc t"xhc. Auti odhgeb ton
Generatorna m’jei na par-gei eikinec pou an koun sthn epijumht t"xh twn dedomenwn
ekpabdeushc.

Teloc, sto sq ma 29, pou akoloujeb fabnontai paragwgec tou montelou CGANgia k'je
mba api tic 10 diaforetikec etiketec tou sunilou ekpabdeushc geirigrafwn yhfbwn

tou MNIST. Stic paragjebsec eikinec thc k'je gramm ¢ tou sg matoc, o Generator
I"'mbane sthn eDsodi tou to Bdio di"nusma one-hot sunenwmeéno me di'nusma gkaousianoO
tugabou jorObou. Ctsi oi eikinec thc k’je gramm ¢ éqoun paragjeD upo-sunj kh thn
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Sq ma 28: Tripoc embQjishc the plhroforbac the t'xhe  the etikétac ston Generator kai
Discriminator tou Conditional GAN.

Phg : Anakataskeu api  Conditional Generative Adversarial Nets , Mirza et al., 2014 [32]

embQijish thc etikétac tou antDstoiqou yhfbou.

Sg ma 29: Paragwgéc tou montélou Conditional GAN (CGAN)to opobo egei ekpaideuteb sto
sOnolo dedoménwn geirigrafwn yhfbwn tou ~ MNIST.

Phg : Conditional Generative Adversarial Nets , Mirza et al., 2014 [32]
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Elegximh Paragwg

Mba enallaktik mejodoc eleggou twn paragimenwn deigm™twn enic GAN ebnai autic
na gbnei ligitero kat™ th di"rkeia kai kurbarga met” to perac thc ekpabdeushc twn
Paragwgik,n Montélwn, K'ti pou genik™ onom”zetai Elégximh Paragwg (Controllable
Generation). H paragwg upo-sunj kh k™nei gr sh twn etiket, n tou sunilou dedoménwn
ekpabdeushc prokeiménou ta paragjénta debgmata na an koun se k™poia epijumht t"xh.

H elegximh paragwg api thn “llh, esti"zei ston élegqo twn qarakthristik,n pou

ebnai epijumhti na brbskontai sta paragjénta debgmata, k'ti pou gbnetai akimh kai met”

to pérac thc ekpabdeushc enic  GAN. Se ena dh ekpaideumeno GAN, gia par"deigma, h
elégximh paragwg isodunameb me thn eOresh ekebnhc the eisidou api ton lanj"nonta
g,ro tou Generator - o0 opoboc onom’zetai kai q,roc- z (z-space) - pou odhgeb sthn
paragwg eikinwn me sugkekriména qarakthristik”.

H elegximh paragwg sta GANSs esti"zetai sthn tropopobhsh sugkekrimenwn optik n
garakthristik,n thc exidou enic Generator. Sto sq ma 30 parak™tw, gia par"deigma, oi
suggrafebc tou “rjrou Interpreting the Latent Space of GANs for Semantic Face Editing
[108], anaz thsan mésw enic prisjetou neurwnikoO diktOou tic eisidouc ekePnec enic
pro-ekpaideumenou Generator pou all"’zoun se mba argik paragwg orismeéena epiju-
mht™ optik™ garakthristik™, ipwc h hlikba, to fOlo, h piza k.a. Shmantiki shmebo
upenjOmishc ePnai iti h ekpabdeush tou montélou pou grhsimopoi jnke ( PGGAN- bl.
upoenithta 4.1.2 tou epimenou kefalabou) ePge oloklhrwjeb kai Ostera gbnontan aut

h {anaz thsh} ston  z-g.,ro thc eisidou tou Generator. Sugkekriména, oi suggrafebc
“llazan touc lanj"nontec {kwdikoOc}, ipwc touc onimasan, sthn eBsodo enic kal®
ekpaideumenou montélou GAN. H pr,th stlh tou parak’tw sq matoc fabnetai h

argik sOnjesh api to montélo PGGAN en, kK'je mba api tic “llec st lec fabnontai

ta apotelésmata tou eléggou enic sugkekriménou garakthristikoO.

Epomenwc, se antbjesh me thn Upo-sunj kh Paragwg , h Elegximh den apaiteb epish-
masmeéna sOnola dedoménwn ekpabdeushc. Ctsi, en, sthn pr,th mporoOme apl,c na
par’goume api éna ekpaideuméno GAN eikinec api mPa t"xh, sth deOterh mporoOme na
par"goume pou eqoun perissitero ligitero api k"poia epijumht” gqarakthristik”.

Mba prisjeth diaforopobhsh, ebnai iti gia thn upo-sunj kh paragwg apaitebtai upo-

sunj kh ekpabdeush, dhlad sunénwsh thc eisidou twn diktOwn enic GAN me dia-
nOsmata pBnakec pou antiproswpeOoun th zhtoOmenh t'xh, en, h elegximithta thc
paragwg c égkeitai apl,c ston geirismi twn dianusm’twn ston z-q.ro.
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Sqg ma 30: Tropopobhsh poikblwn garakthristik.n tou pros,pou mésw thc metabol ¢ twn
stoigebwn thc eisidou tou  Generator.
Phg : Interpreting the Latent Space of GANs for Semantic Face Editing , Shen et al., 2019 [108]

—so0 apl kai na fabnetai wc idea kai wc tegnik , h Elegximithta sthn paragwg den
ebnai eOkolh o0te dedoménh. Auti, sOmfwna me touc suggrafeBc twn [48] kai [108],
ofebletai se dOo basikoOc ligouc: sth susgeétish (correlation) metaxO twn optik n
garakthristik,n ston g,ro twn eikinwn exidou kai sto iti 0 Z-g.roc eisidou ebnai
mperdeménoc entangled. Epexhg,ntac, itan diaforetik™ garakthristik™ ston g,ro

exidou égoun uyhl susgétish metaxO touc, gbnetai arket” dOskolo na elégxei kanebc to
éna gqwrbc na ephre”sei to “llo (ipwc p.q. sthn perbptwsh tou fOlou kai thc Oparxhc
genei"dac).

Epiprisjeta, polléec forec o z-g,roc pou majabnei énac noise-to-image Generator
ePnai mperdeméno@ntangled, me thn énnoia iti diaforetikéc kateujOnseic ("xonec)

ston ¢,ro auti den antistoiqoOn se diaforetik™ garakthristik™ ston g,ro exidou.

Praktik”, all"’zontac ta &na stoigeDo tou tugabou dianOsmatoc enic mperdeménou z-
g.rou, en, ja jelame sthn exodo tou ekpaideumeéenou Generator na all"zei éna garakth-
ristiki, all"zoun perissitera api éna kai m’lista iqi minon aut™ pou éqoun susgetish

8Sta argik” montéla GANS, all” kai se k"poia api ta pio sOggrona kai exeligmeéna, o Generatorlamb™nei
éna tugabo di'nusma sthn ePsodi tou kai kalePtai na par“xei mia realistik eikina. AutoO tou tOpou oi
Generatorsall” kai genikitera h Paragwgik MontelopobBhsh onom”zetai noise-to-image, se antidiastol
me “llouc tOpouc ipwe p.q. h paragwg metasghmatismic eikinac-se-eikina (image-to-image transform)
sthn opoPa h ePsodoc sunj kh ston  Generator ePnai mia eikina sthn opoPa kalebtai na k™nei &éna sOnolo
realistik,n metasghmatism,n.
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