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Per—lhyh

Η Οπτικοποίση Ιστορίας (ΟΙ) είναι μία απαιτητική εργασία στην Τεχτητή Νοημοσύνη, η οποία εμπίπτει στην
τομή μεταξή Επεξεργασίας Φυσικής Γλώσσας και ΄Ορασης Υπολογιστών. Η εργασία αυτή συνίσταται στην
παραγωγή μιάς ακολουθίας εικόνων που αποτελούν οπτικοποίηση μίας ακολουθίας προτάσεων. Οι προτάσεις
σχηματίζουν μία συνεκτική αφήγηση και το ίδιο πρέπει να συμβαίνει με τις εικόνες. Η ΟΙ εισήχθει για πρώτη
φορά το 2019[18] και απο τότε έχει αντιμετωπιστεί με διάφορες τεχνικές, συμπεριλαμβανομένου των GANs [18,
36, 20, 19], των Μετασχηματιστών (Transformers)[5, 1] και των μεθόδων Διάχυσης (Diffusion)[25, 33].

Σε αυτή την διπλωματική επιχειρούμε να προσεγγίσουμε την Οπτικοποίση Ιστορίας βασισμένοι σε μία αρχιτεκ-

τονική που λέγεταιMaskGIT. ΤοMaskGIT[3] είναι μία σχετικά καινούργια προσέγγιση, τύπου Μετασχηματιστή,
που προτάθηκε στα πλαίσια της σύνθεσης Εικόνας από Κείμενο. Είμαστε οι πρώτοι που χρησιμοποιούμε μία
τέτοια μέθοδο για την ΟΙ. Συγκεκριμένα, σχηματίζουμε το βασικό μας μοντέλο προσθέτοντας στο πρωτότυπο
MaskGIT επιπλέον υπο-στρώματα Ετέρο-Προσοχής (Cross-Attention), που του επιτρέπουν να ενσωματώνει
πληροφορία από προηγούμενες και μελλοντικές περιγραφές εικόνων, όταν παράγει μία δεδομένη εικόνα.

Χτίζουμε πάνω σε αυτή την προσέγγιση με διάφορους τρόπους, σε αναζήτηση κατευθύνσεων που βελτιώνουν την
επίδοση. Κάποια από τα πειράματά μας, όπως η χρήση προ-εκπαιδευμένου κωδικοποιητή κειμένου, η προσπάθεια
απόπλεξης χαρακτηριστικών στον κρυφό χώρο, η χρήση Κριτή Συμβόλων (Token-Critic) και η αύξηση της
ευκρίνεια του κρυφού χώρου χαρακτηριστικών, δεν έδωσαν καλύτερα αποτελέσματα.

Από την άλλη, εντοπίσαμε τρεις κατευθύνσεις που αποδείχτηκαν ωφέλιμες. Βρήκαμε ότι η προσθήκη SV-
Στρωμάτων στον Μετασχηματισή βελτιώνει την επίδοση σε όλες τις μετρικές. Επιπλέον, προτείνουμε μία
επιτυχημένη μέθοδο επαύξησης των γλωσσικών περιγραφών των εικόνων (captions), μέσω Μεγάλου Γλωσσικού
Μοντέλου (LLM), η οποία είναι τυφλή ως προς τις εικόνες. Τέλος, η μέθοδος Καθοδήγησης Χαρακτήρων που
προτείνουμε, βασιμένη τόσο στις θετικές όσο και στις αρνητικές υποδέιξεις, επηρεάζει άμεσα την παραγωγή την
βασικών Χαρακτήρων στις εικόνες και οδηγεί σε μεγάλη βελτίωση, ως προς όλες τις μετρικές. Συνδυάζουμε τις
υποσχόμενες μεθόδους για να φτάσουμε στην καλύτερη αρχιτεκτονική μας: MaskGST-CG� w/ aug. captions.

Αξιολογούμε την προσέγγισή μας με βάση το Pororo-SV[18], που είναι το πίο διαδεδομένο σύνολο δεδομένων
για αυτή την εργασία. Χρησιμοποιούμε τις πιο κυρίαρχες μετρικές στην προηγούμενη βιβλιογραφία, συμπερ-
ιλαμβανομένου των FID, Char-Acc, Char-F1 και BLEU-2/3. Το καλύτερο μοντέλο μας πετυχαίνει βέλτιστα
αποτελέσματα (SOTA) στο Char-F1, Char-Acc και BLEU-2/3, τα οποία αναδεικνύουν ιδιαίτερα την αξία της
μεθόδου Καθοδήγησης Χαρακτήρων. Επιπλέον, το μοντέλο μας ξεπερνά όλες τις προηγούμενες αρχιτεκτονικές
GAN και Μετασχηματιστή, όσων αφορά το FID.

LŁxeic-kleidi� — Οπτικοποίηση Ιστορίας, Τεχνητή Νοημοσύνη, ΄Οραση Υπολογιστών, Επεξεργασία
Φυσική Γλώσσας, Μετασχηματιστές, Επαύξηση γλωσσικών δεδομένων, Καθοδήγηση Χαρακτήρων
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Abstract

Story Visualization (SV) is a challenging Artificial Intelligence task that falls in the intersection of Natural
Language Processing (NLP) and Computer Vision. The task consists of generating a sequence of images
that serve as a visualization of a given sequence of sentences. The sentences form a coherent narrative and
so should the images. It was introduced in 2019[18] and has since been approached in multiple manners,
including GANs [18, 36, 20, 19], Transformers[5, 1] and Diffusers[25, 33].

In this thesis we attempt to tackle the task based on an architecture called MaskGIT. MaskGIT[3] is a
relatively recent Transformer-based approach, proposed for Text-to-Image synthesis. We are the first to
employ this method for SV. Specifically, we form our baseline model by enhancing the original MaskGIT
architecture with additional Cross-Attention sub-layers, that allow the model to integrate information from
past and future captions, while generating an image.

We build on top of our baseline model in several different ways, in search of directions that improve per-
formance. Some of our experiments, like leveraging a pre-trained text-encoder, attempting disentanglement
in the latent space, using a Token-Critic and performing super-resolution in the latent space, do not yield
better results.

On the other hand, we manage to detect three directions that prove beneficial. We find that adding SV-Layers
to the Transformer improves its performance in all metrics. Additionally, we propose a successful, image-
agnostic caption augmentation technique, that uses an LLM. Finally, our Character Guidance method, based
on both positive and negative prompting, directly affects the generation of main Characters in the images
and results in major improvements across all metrics. We combine promising approaches to arrive at our
top-performing architecture; MaskGST-CG� w/ aug. captions.

We test our approach on Pororo-SV[18], which is the most widely adopted dataset for the task. We evaluate
our models using the most prominent metrics in previous literature (including FID, Char-F1, Char-Acc and
BLEU-2/3). Our best model achieves SOTA results in terms of Char-F1, Char-Acc and BLEU-2/3, which
speaks of the merit of our Character Guidance approach. Additionally, it outperforms all previous GAN and
Transformer approaches in terms of FID.

Keywords — Story Visualization, Artificial Intelligence, Computer Vision, NLP, Transformers, Caption
Augmentation, Character Guidance
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Chapter 1

Ektetamènh PerÐlhyh sta Ellhnikˆ

1.1 Eisagwg 

Mèsa sthn teleutaÐa dekaetÐa, h exèlixh sto ulikì kai to logismikì twn upologist¸n , h suss¸reush megˆlwn
posot twn dedomènwn, allˆ kai h èreuna ston tomèa thc bajiˆc mˆjhshc èqoun odhg sei se mia anepanˆlhpth
anˆptuxh kai uiojèthsh susthmˆtwn teqnht c nohmosÔnhc (AI ). Eidikˆ , to 2023 ègine fanerì ìti autì to
fainìmeno dikaÐwc qarakthrÐzetai wc h epìmenh megˆlh teqnologik  epanˆstash. H kukloforÐa thc , diˆshmhc
plèon, efarmog c ChatGPT sta tèlh tou 2022 kai h taqÔtath ˆnodìc tou se dhmofilÐa, p ran thn teqn-
ht  nohmosÔnh apì ton kajarˆ episthmonikì kìsmo kai thn èferan sthn dhmìsia skhn  . H efarmog  aut 
ègine mèroc thn kajhmerinìthtˆc, fainìmeno thc pop koultoÔrac kai antikeÐmeno politik¸n suzht sewn. To
ChatGPT, anˆmesa se ˆlla LLMs ( Megˆla Glwssikˆ Montèla ) (p.q. [13, 37]) èqei epideÐxei anepanˆlhpta
apotelèsmata, ìson aforˆ thn katanìhsh thc fusik c gl¸ssac , allˆ kai thn paragwg  thc , merikèc forèc
se epÐpedo pou sunagwnÐzetai tou anjr¸pouc.

1.1.1 Paragwg  Eikìnac apì KeÐmeno

Ektìc apì thn fusik  gl¸ssa , oi eikìnec eÐnai mia apì tic shmantikìterec perioqèc thc anjr¸pinhc empeirÐac,
en¸ apoteloÔn trìpo epikoinwnÐac kai èkfrashc. Se autì to plaÐsio , h katanìhsh twn eikìnwn , allˆ kai th
paragwg  touc eÐnai exÐsou shmantikèc prokl seic gia thn Teqnht  NohmosÔnh, kaj¸c aut  plhsiˆzei sthn
ènnoia pou apokaloÔmainohmosÔnh, gia touc anjr¸pouc . 'Oson aforˆ thn paragwg  eikìnac apì keÐmeno,
èqoune gÐnei axioshmeÐwtec prospˆjeic ta prohgoÔmena qrìnia, me afethrÐa ta Gennhtikˆ Antijetikˆ DÐktua
(GANs) pou emfanÐsthkan to2014 [11]kai kuriˆrqhsan sthn paragwg  eikìnac gia kˆpoia qrìnia [45, 46]. Pio
prìsfata , oi Metasqhmatistèc (Transformers) [26, 3, 4],allˆ kai ta Montèla Diˆqushc (Di�usion Models)
[27, 30, 28]èqoun fèrei epanˆstash sthn paragwg  eikìnac , belti¸nontac thn poiìthta , allˆ kai to eÔroc
twn optik¸n jemˆtwn pou mporoÔn na paraqjoÔn.

1.1.2 OptikopoÐhsh IstorÐac

Se aut  thn diplwmatik  ergasÐa estiˆzoume sthn OptikopoÐhsh IstorÐac(Story Visulization - SV). O skopìc
sthn SV eÐnai h paragwg  miac akoloujÐac apì eikìnec, kˆje miˆ apì tic opoÐec antistoiqeÐ se mia prìtash,
apì mia akoloujÐa dedomènwn protˆsewn. Oi protˆseic , autèc sqhmatÐzoun mia eniaÐa af ghsh. To antikèimeno
autì protˆjhke pr¸th forˆ to 2019apì touc suggrafeÐc tou [18], oi opoÐoi prìteinan kai toStoryGAN, to
pr¸to montèlo gia aut  thn ergasÐa .

Katˆ mÐa ènnoia, mporoÔme na doÔme thnSV san epèktash thc Paragwg c Eikìnac apì KeÐmeno, me prosj kh
miac qronik c diˆstashc sto prìblhma . Enallaktikˆ mporoÔme na thn dìume wc endiˆmeso b ma proc thn
Paragwg  BÐnteo megˆlou m kouc, apì keÐmeno, afoÔ h SV asqoleÐtai me mikrèc akoloujÐec eikìnwn(sun jwc
4-5), en¸ mia tainÐa kanikoÔ m kouc èqei qiliˆdec skhnèc.

Upˆrqoun dÔo megˆlec prokl seic sthn SV. Pr¸ton , sthn parag¸menh akoloujÐa eikìnwn, kˆje eikìna prèpei
na perièqei ta antikeÐmena pou perièqontai sthn antÐstoiqh perigraf  kai na ta apeikonÐzei eukrin¸c. DeÔteron,
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upˆrqei h afhghmatik  pleurˆ : AntikeÐmena pou emfanÐzontai se pˆnw apì mÐa eikìna prèpei na paramènoun
sunep  wc proc thn emfˆnish, ¸ste na eÐnai anagnwrÐsima wc to Ðdio antikeÐmeno. Ta pio shmantikˆ tètoia
antikeÐmena eÐnai oi basikoÐ qarakt rec pou emfanÐzontai stic istorÐec.

1.1.3 Suneisforˆ

H kÔria suneisforˆ mac eÐnai h uiojèthsh enìc montèlou tÔpouMaskGIT [3] gia thn OptikopoÐhsh IstorÐac.
EÐmaste oi pr¸toi pou domikˆzoume aut  thn arqitektonik  gia thn sugkekrimènh ergasÐa. Mˆlista krÐnoume
ìti h sugkekrimènh arqitektonik  èqei lˆbei dusanˆloga meiwmènh prosoq  se sqèsh me ta montèla Diˆqushc
(Di�usion), akìma kai sthn suggen  ergasÐa thc paragwg  eikìnac apì kèimeno.

QrhsimopoioÔme mia elafriˆ parallag  thc arqitektonik c MaskGIT wc ton pur na thc douleiˆc mac. Peira-
matizìmaste me poikÐlec tropopoi seic se diˆfora kommˆtia thc arqitektonik c, prospaj¸ntac na katal xoume
se ereunhtikèc kateujÔnseic pou belti¸noun thc poiìthta twn apotelesmˆtwn mac.

1.2 ProhgoÔmenec Teqnikèc sthn OptikopoÐhsh IstorÐac

Upˆrqoun arketèc prohgoÔmenec douleièc pou estiˆzoun sthn OptikopoÐhsh IstorÐac.

To StoryGAN[18] qrhsimopoieÐ ènan Kwdikopoiht  IstorÐac, ènac Anadromikì Kwdikopoiht  Keimènou, gia
na diathreÐ sugkeÐmeno apì prohgoÔmena b mata, kaj¸c kai dÔo xeqwristoÔc dieukrinistèc: Eikìnac kai Is-
torÐac. Diˆfora GANs metˆ apì autì qtÐzoun pˆnw se aut  thn prosèggish me diaforetikoÔc trìpouc . To
CP-CSV[36] prosjètei ènan epiplèon Paragwgì pou parˆgei mˆskec diaqwrismoÔ proskhnÐou-paraskhnÐou,
gia na bohj sei me thn paragwg  twn Qarakt rwn . to DUCO-StoryGAN[20] prosjètei Duik  Mˆjhsh (Dual
Learning) mèsw epana-perigraf c bÐnteo kai ènan mhqanismì Antigraf c-MetasqhmatismoÔ pou qrhsimopoieÐ
eikìnec pou par qjhsan sta prohgoÔmena b mata, gia na enhmer¸sei thn eikìna sto trèqon b ma. To VLC-
StoryGAN[19] enswmat¸nei optikì -qwrik  plhroforÐa , qrhsimopoi¸ntac puknì upotitlismì (dense captioning)
kai qrhsimopoieÐ gn¸sh koin c logik c, mèsw grˆfwn gn¸shc .

'Oson aforˆ touc Metasqhmatistèc , èqoun dhmosieujeÐ dÔo proseggÐseic. To VP-CSV[5] proteÐnei mÐa prosèg-
gish dÔo epipèdwn. Sto pr¸to epÐpedo, ènac Metasqhatist c problèpei optikˆ sÔmbola gia perioqèc thc
eikìnac pou antistoiqoÔn se qarakt rec , en¸ sto deÔtero epÐpedo, ènac ˆlloc Metasqhmatist c , sumplhr¸nei
ta upìloipa optikˆ sÔmbola pou antistoiqoÔn sto parask nio . To CMOTA [1] qrhsimopoieÐ monˆdec mn mhc
gia na enisqÔsei thn sunˆfeia metaxÔ eikìnwn thc Ðdiac istorÐac. EpÐshc proteÐnei mÐa prosèggish dÔo kateu-
jÔnsewn (KeÐmeno-proc-Eikìna kai Eikìna -proc-KeÐmeno) pou tou epitrèpei na pragmatopoieÐ epaÔxhsh twn
keimenik¸n perigraf¸n parˆllhla me thn ekpaÐdeush.

Anaforikˆ me ta montèla diˆqushc , upˆrqoun treic prìsfatec teqnikèc pou qrhsimopoioÔn to proekpaideumèno
LDM[28]. To AR-LDM[22] montelopoieÐ thn paragwg  akoloujÐac eikìnwn me auto-trofodotikì (auto-
regressive) trìpo . Sugkekrimèna, oi eikìnec parˆgontai apì èna montèlo diˆqushc krufoÔ q¸rou (Latent
Di�usion Model - LDM)[28], mÐa-mÐa, apì thn pr¸th , mèqri thn teleutaÐa. H diadikasÐa diˆqushc, qrhsimopoieÐ
wc sunj kec thn glwssik  perigraf  thc trèqousac qronik c stigm c , kaj¸c kai polutropikèc (multi-modal)
anaparastˆseic apì zeÔgh lezˆntac kai parhgmènhc eikìnac, prohgoÔmenwn qronik¸n stigm¸n. H trèqousa
lezˆnta kwdikopoieÐtai mèsw touCLIP[23], en¸ ta polutropikˆ qarakthristikˆ twn prohgoÔmenwn zeug¸n
eikìnac-lezˆntac sqhmatÐzontai mèsw touBLIP[17]. To ACM-VSG[10] parìmoia montelopoieÐ twn paragwg 
twn eikìnwn me auto-trofodotikì trìpo , qrhsimopoi¸ntac wc sunj kh polutropikˆ qarakthristikˆ apì pro-
hgoÔmena b mata, mazÐ me thn trèqousa lezˆnta. Wstìso , eisˆgei ènan epiplèon mhqanismì prosarmostik c
kajod ghshc (adaptive guidance) pou aposkopeÐ sthn ex¸jhsh eikìnwn pou èqoun parìmoiec perigrafèc, na
eÐnai ki autèc optikˆ parìmoiec. To Causal-Story[35] belti¸nei to AR-LDM eisˆgontac mÐa topik  aitiak 
mˆska prosoq c pou periorÐzei to mègejoc twn anaparastˆsewn pou aforoÔn ta prohgoÔmena b mata sthn
istorÐa, gia na metriˆsei to prìblhma pou dhmiourgeÐtai apì sugkrouìmenec perigrafèc.

Tèloc , upˆrqoun dÔo akìma teqnikèc pou basÐzontai se montèla diˆqushc. To StoryLDM[25] tropopoieÐ
kai prosarmìzei (�ne-tune) to Stable Di�usion ¸ste na qrhsimopoihjeÐ me auto-trofodotikì trìpo , gia thn
OptikopoÐhsh IstorÐac. Pio prìsfata , to StoryGPT-V[33] tropopoieÐ toStable Di�usion ¸ste na estiˆzei
sthn paragwg  twn qarakt rwn . EpÐshc to eujugrammÐzei me ènaLLM, to opoÐo bohjˆei sthn aposaf nish
anafor¸n Qarakt rwn se diaforetikèc perigrafèc thc Ðdiac istorÐac . Shmei¸noume ìti oi dÔo teleutaÐec
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Figure 1.3.1: H arqitektonik  tou Metasqhmatist  [42]

mèjodoi efarmìzontai se mÐa paralagmènh, pio dÔskolh èkdosh thc SV, ìpou epanalambanìmenec anaforèc
twn onomˆtwn twn Qarakt rwn antikajÐstantai me antwnumÐec(p.q. autìc , aut  , autoÐ).

1.3 Jewrhtikì Upìbajro

1.3.1 M etasqhmatistèc

'Ena apì ta basikˆ motnèla pou sunduˆzei h prosèggis  mac eÐnai o Metasqhmatist c. Oi Metasqhmatistèc
(Transformers) proèrqontai wc montèla apì to pedÐo thc EpexergasÐac Fusik c Gl¸ssac. H prwtìtuph
arqitektonik  faÐnetai sthn eikìna 1.3.1. Ta dÔo basikˆ kommˆtia thc arqitektonik c eÐnai o Kwdikopoiht c
(Encoder) kai o Apokwdikopoiht c (Decoder).

Kwdikopoiht c

O Kwdikopoiht c (Encoder, Eikìna 1.3.1 (aristerˆ )) apoteleÐtai apì 6 akoloujiakˆ , ìmoia str¸mata . Kˆje
str¸ma apoteleÐtai apì dÔo upostr¸mata . To pr¸to eÐnai èna èna upostr¸ma Auto-Prosoq c (Self-Attention)
me pollaplèc kefalèc . To deÔtero eÐnai èna Pl rwc Sundedemèno Proc-ta -Emprìc dÐktuo(fully connected
feed-forward network). Upˆrqei Upoleimmatik  SÔndesh(Residual Connection) gÔrw apì kˆje upostr¸ma ,
akoloujoÔmenh apì KanonikopoÐhsh Str¸matoc(Layer Normalization). H èxodoc kˆje upostr¸matoc mporeÐ
na grafteÐ wc LayerNorm (x + Sublayer(x)) , ìpou Sublayer(x) eÐnai h leitourgÐa tou sugkekrimènou up-
ostr¸matoc .

Apokwdikopoiht c

O Apokwdikopoiht c (Decoder,Eikìna 1.3.1 (dexiˆ)) apoteleÐtai ki autìc apì 6 akoloujiakˆ , ìmoia str¸mata .
Kajèna apì autˆ èqei 3 upostr¸mata . Ta dÔo eÐnai Ðdia me tou Kwdikopoiht (Auto -Prosoq  kai Pl rwc
Sundedemèno Proc-ta -Emprìc DÐktuo). Anˆmesa se autˆ ta dÔo, eisˆgetai èna upostr¸ma Etero -Prosoq c
Kwdikopoiht  -Autokwdikopoiht  . UiojetoÔntai kai pˆli Upoleimmatikèc Sundèseic kai KanonikopoÐhsh Str¸-
matoc. Epiplèon, o mhqanismìc Auto-Prosoq c empodÐzetai apì to na ask sei prosoq  se epìmenec(mellon-
tikèc) jèseic .
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Figure 1.3.2: Klimakwmènh Prosoq  EswterikoÔ Ginomènou(aristerˆ ) kai Prosoq  Pollapl¸n Kefal¸n
(dexiˆ) [42]

MhqanismoÐ Prosoq c

Klimakwmènh Prosoq  EswterikoÔ Ginomènou H Klimakwmènh Prosoq  EswterikoÔ (Scaled
Dot-Product Attention) eÐnai o mhqanismìc prosoq c pou qrhsimopoieÐtai sthn prwtìtuph dhmosÐeush. O
upologismìc gÐnetai gia èna set apì Erwt mata (Queries) paketarismèna se ènan pÐnakaQ. EpÐshc qrhsi-
mopoioÔntai ènac pÐnakac Kleidi¸nK kai Tim¸ n V . H diadikasÐa apeikonÐzetai sthn eikìna1.3.2. O PÐnakacQ
pollaplasiˆzetai me ton PÐnaka K . To apotèlesma klimak¸netai kai endeqomènwc upìkeitai se Mˆska(p.q.
gia na empodÐsoume mia jèsh na ask sei Prosoq  se mellontik  jèsh). To apotèlesma pernˆei apì Softmax
¸ste na lˆboume BamologÐec Sumbatìthtac twn Erwthmˆtwn(Q) me ta Kleidiˆ (K ). To telikì apotèlesma
lambˆnetai pollaplasiˆzontac ton teleutˆio pÐnaka sumbabìthtac me ton pÐnaka Tim¸n(V ). Ousiastikˆ , to
kˆje Diˆnusma -Tim  (pÐnakacV) zugÐzetai apì thn sumbatìthta kˆje erwt matoc me to KleidÐ pou antistoiqeÐ
sto sugkekrimèno Diˆnusma-Tim .

Majhmatikˆ o upologismìc eÐnai o ex c:

Attention (Q; K; V ) = sof tmax (
QK T
p

dk
)V (1.3.1)

Prosoq  Pollapl¸n Kefal¸n H Prosoq  Pollapl¸n Kefal¸n (Multi-Head Attention, Eikìna
1.3.2 (dexiˆ)) epekteÐnei thn idèa thc prosoq c, apeikonÐzontac touc pÐnakecQ; K; V me pollaploÔc grammikoÔc
metasqhmatismoÔc, ¸ste na dwjèi perissìterh eleujerÐa sto montèlo gia na mˆjei pollaplèc diaforetikèc
anaparastˆseic , se diaforetikoÔc upoq¸rouc . Oi upologismoÐ tropopoioÔntai wc ex c:

MultiHead (Q; K; V ) = Concat(head1; head2; :::; headh )W O (1.3.2)

'Opou:

headi = Attention (QW Q
i ; KW K

i ; V WV
i ) (1.3.3)

'Opou oi metasqhmatismoÐ eÐnai pÐnakec: W Q
i 2 R dmodel � dk , W K

i 2 R dmodel � dk , W V
i 2 R dmodel � dv kai W O

i 2
R hd v � dmodel .

1.3.2 Autokwdikopoiht c Parallag¸n me Dianusmatikì Kbantismì

To dèutero basikì montèlo pou qrhsimopoieÐ h prosèggis  mac eÐnai o Autokwdikopoiht c Parallag¸n me
Dianusmatikì Kbantismì (VQ-VAE: Vector Quantization Variational AutoEncoder).
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Figure 1.3.3: H arqitektonik  tou VQ-VAE[39]

Kwdikopoiht c kai Apokwdikopoiht c

O VQ-VAE qrhsimopoieÐ ènan Kwdikopoiht (p(zejx)) kai ènan Apokwdikopoiht  (p(x̂jzq)) kai oi dÔo ek twn
opoÐwn eÐnai Suneliktikˆ Neurwnikˆ DÐktua(CNNs). O Kwdikopoiht c apeikonÐzei mÐa Eikìnax 2 R3� N � N se
mia kruf  (latent) anaparˆstash ze 2 RD � N

f � N
f , ìpou to f eÐnai parˆgontac sumpÐeshc. Metˆ ton kbantismo

tou ze (bl . epìmenh Enìthta) o Apokwdikopoiht c apeikonÐzei thn kbantismènh kruf  anaparˆstashzq 2
RD � N

f � N
f pÐsw ston q¸ro twn eikìnwn: R3� N � N .

Diakritìc Krufìc Upoq¸roc

O Diakritìc Krufìc Upoq¸roc (Discrete Latent Space)orÐzetai san ènac upoq¸roc dianusmˆtwne 2 RK � D

ìpou K eÐnai to pl joc twn kathgori¸n miac kathgorik c katanom c kai D h diastatikìthta twn dianusmˆtwn .
'Opwc eip¸jhke sthn prohgoÔmenh upoenìthta, h èxodoc tou Kwdikopoiht , ze 2 RD � N

f � N
f kbantÐzetai. Sug-

kekrimèna, kˆje èna apì ta D-diˆstata dianÔsmata(( N
f )2 to pl joc ) antikajÐstantai apì to kontinìterì tou

sthn biblioj kh dianusmˆtwn e, me bˆsh anaz thsh kontinìterou geÐtona(ExÐswsh1.3.4). H kbantismènh
ekdoq  thc kruf c anaparˆstashc dÐnetai apì thn ExÐswsh 1.3.5. Shmei¸noume ìti oi exis¸seic autèc an-
tistoiqoÔn se kruf  anaparˆstash enìc monadikoÔ dianÔsmatoc, en¸ gia tic eikìnec qrhsimopoieÐtai ènac
2-D pÐnakac apì tètoia dianÔsmata. Apì tic exis¸seic prokÔptei ìti h kbantismènh anaparˆstash , mporeÐ na
grafteÐ kai san ènac pÐnakac deikt¸n, ìpou kˆje deÐkthc antistoiqeÐ se èna monadikì diˆnusma sthn biblioj kh
dianusmˆtwne. H oloklhrwmènh leitourgÐa tou montèlou faÐnetai epoptikˆ sthn Eikìna 1.3.3.

q(z = k; x) =
�

1 for k = argmin j jj ze(x) � ej jj2

0 otherwise
(1.3.4)

zq(x) = ek ; where k = argmin j jj ze(x) � ej jj2 (1.3.5)

Prìterh Katanom 

Metˆ thn olokl rwsh thc ekpaÐdeushc tou VQ-VAE, oi ereunhtèc tou prwtìtupou montèlou efarmìzoun
mÐa autoanaforik  (autoregressive) katanom , p(z), pˆnw stic diakritèc metablhtèc z, ¸ste na mporeÐ na
qrhsimopoihjeÐ san paragwgikì montèlo. Gia auto ton skopì qrhsimopoioÔn ènaPixelCNN [41, 40].

1.3.3 Metasqhmatistèc wc Prìterec Katanomèc

'Opwc  dh anafèrame sthn enìthta 1.3.2, mporoÔme na qrhsimopoi soume ènanVQ-VAE san paragwgikì
montèlo, an tou prosjèsoume mia prìterh katanom , pˆnw ston krufì q¸ro . Ta teleutaÐa qrìnia em-
fanÐsthkan teqnikèc pou qrhsimopoioÔn Metasqhmatistèc san Prìterec Katanomèc. Arqikˆ qrhsimopoi jhkan
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Figure 1.3.4: O trìpoc leitourgÐac tou MaskGIT[3]

autoanaforikoÐ(autoregressive)metasqhmatistèc(p.q [26, 7, 8]). Pio prìsfata emfanÐsthkan pio apodotikèc
teqnikèc pou basÐzontai se epanalhptikoÔc, parˆllhlouc Metasqhmatistèc [3, 4].

MaskGIT

To MaskGIT[3] (Masked Generative Image Transformer - Paragwgikìc Metasqhmatist c Eikìnwn me
Mˆskec ) eis gage nèec teqnikèc tìso sthn ekpaÐdeush, ìso kai ston sumperasmì enìc Metasqhmatist  gia
paragwg  eikìnwn.

Pr¸to EpÐpedo Se pr¸to epÐpedo, to MaskGIT uiojeteÐ to VQ-GAN [8], ènanVQ-VAE me kˆpoiec
parallagèc ìswn aforˆ thn ekpaÐdeush , gia beltiwmèna apotelèsmata. Sugkekrimèna, qrhsimopoieÐtai èna
VQ-GAN me biblioj kh 1024dianusmˆtwn. O parˆgontac sumpÐeshc eÐnaif = 16, dhlad  mÐa eikìna anˆlushc
256� 256 apeikonÐzetai se èna plègma anˆlushc256

16 � 256
16 = 16 � 16, apì dianÔsmata.

DeÔtero EpÐpedo Sto deÔtero epÐpedo, ekpaideÔetai ènac Metasqhmatist c, wc Prìterh Katanom  pˆnw
sta optikˆ sÔmbola tou krufoÔ q¸rou , upì sunj kh keimènou. H nèa teqnik  pou qrhsimopoieÐtai ston
Transformer lègetai MVTM (Masked Visual Token Modelling - MontelopoÐhsh Mˆskac OptikoÔ Sumbìlou).

MVTM katˆ thn ekpaÐdeush Ac onomˆsoumeY = [ yi ]Ni =1 ta sÔmbola(dianÔsmata) tou krufoÔ q¸rou
pou parˆgontai apì ton Kwdikopoiht  kai ton Kbantist  tou VQ-GAN, me mia eikìna wc eÐsodo. 'Estw , epÐshc
M = [ mi ]Ni =1 mia duadik  mˆska(0/1) gia ìla ta sÔmbola . Se kˆje b ma ekpaÐdeushc, deismatoleiptoÔme èna
uposÔnolo twn sumbìlwn kai ta antikajistoÔme me èna eidikì sÔmbolo[MASK ]. mi = 1 antistoiqeÐ se
sÔmbolo pou èqei antikatastajeÐ me mˆska, en¸ gia mi = 0 to sÔmbolo paramènei Ðdio. H programmatismìc
twn mask¸n gÐnetai mèsw mÐac sunˆrthshc
 (r ) 2 (0; 1]. H diadikasÐa leitourgeÐ wc ex c:

ˆ 'Ena posostì metaxÔ0 kai 1 deigmatolhpteÐtai mèsh thc
 (r )

ˆ d
 (r ) � N e sÔmbola epilègontai omoiìmorfa kai touc efarmìzetai h mˆska

ˆ 'Estw Y �M o pÐnakac sumbìlwn pou prokÔptei metˆ thn efarmog  thc mˆskacM pˆnw sto Y

ˆ To montèlo ekpaideÔetai gia na elaqistopoi sei thn Arnhtik  Logarijmik  Pijanofˆneia (Negative Log-
Likelihood):

L mask = � E[
X

8i 2 [1;N ];m i =1

log p(yi jY �M )] (1.3.6)

Sthn pragmatikìthta , oi pijanìthtec p(yi jY �M ) 2 RN � K problèpontai apì ton Transformer. To K antistoiqeÐ
sto mègejoc thc biblioj khc dianusmˆtwn tou VQ-GAN. Autˆ ta K dianÔsmata eÐnai oi epilogèc apì tic opoÐec
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o Transformer kaleÐtai na dialèxei gia kˆje optikì sÔmbolo. Sthn sunèqeia h etero-entropÐa(cross-entropy)
metaxÔ twn problepìmenwn katanom¸n kai twn alhjin¸none-hot dianusmˆtwn upologÐzetai gia thn ekpaÐdeush
tou montèlou.

Epanalhptikìc Sumperasmìc Katˆ ton sumperasmì qrhsimopoieÐtai mia kainoÔrgia mèjodoc, pou
perilambˆnei ènan mikrì arijmì bhmˆtwn, se antÐjesh me ton paradosiakì, autoanaforikì (autoregressive)
sumperasmì twn Metasqhmatist¸n pou apaitoÔse tìsa b mata ìso eÐnai to pl joc twn optik¸n sumbìlwn
sthn anaparˆstash thn eikìnac , ston krufì q¸ro . Mia optik  sÔgkrish twn dÔo teqnik¸n faÐnetai sthn
eikìna 1.3.5.

'Opwc prokÔptei kai apì thn perigraf  thc diadikasÐac ekpaÐdeushc, den periorÐzoume thn Prosoq (Attention)
twn optik¸n sumbìlwn mìno se pareljontikˆ sÔmbola sthn akoloujÐa , entìc tou Metasqhmatist  (Metasqh-
matist c DÔo KateujÔnsewn (Bidirectional)). Qˆrh se autì , jewrhtikˆ ja mporoÔsame na problèyoume ìla
ta optikˆ sÔmbola gia mia eikìna me èna, monadikì pèrasma apì ton Metasqhmatist . Sthn prˆxh , ìmwc autì
den èqei kalˆ apotelèsmata. AntÐ autoÔ, oi dhmiourgoÐ touMaskGIT proteÐnoun mia teqnik  pou xekinˆ apì
ènan" ˆgrafo pÐnaka" ( ìla ta optikˆ sÔmbola èqoun antikatastajeÐ me mˆska sto Y (0)

�M ). O algìrijmoc sthn
epanˆlhyh t trèqei wc ex c:

ˆ Dedomènwn twn Optik¸n Sumbìlwn me efarmosmènh mˆska, sthn sugkekrimènh epanˆlhyh, Y ( t )
�M , oi

pijanìthtec p( t ) 2 RN � K gia ìla ta sÔmbola pou eÐqan antikatastajeÐ me mˆska problèpontai mèsw
tou Metasqhmatist  .

ˆ Se kˆje jèsh i ìpou èqei efarmosteÐ mˆska, èna sÔmboloy( t )
i = j deigmatolhpteÐtai me bˆsh tic pi-

janìthtec p( t )
i 2 RK (antimetwpÐzontac top( t )

i san poluwnumik  (multinomial) katanom ). Metˆ thn
deigmatolhyÐa, h pijanìthta p( t )

ij tou sumbìlou (j) pou epilèqjhke, qrhsimopoieÐtai wc bajmìc empis-
tosÔnhc pou dèiqnei pìso bèbaio eÐnai to montèlo gia aut n thn prìbleyh. Gia tic jèseic ìpou den eÐqe
efarmosteÐ mˆska, o bajmìc empistosÔnhc tÐjetai sto1.

ˆ O arijmìc twn sumbìlwn sta opoÐa ja xanaefarmosteÐ mˆska upologÐzetai wc: n = d
 ( 1
T )N e, ìpou 


eÐnai h sunˆrthsh programmatismoÔ mˆskac, N eÐnai o sunolikìc arijmìc apì sÔmbola kaiT to sunolikì
pl joc twn epanal yewn .

ˆ Ta sÔmbola, me thn nèa mˆska efarmosmènh, gia thn epìmenh epanˆlhyh, Y ( t +1)
�M upologÐzontai efarmì-

zontac thn nèa mˆskaM ( t +1) , pou dÐnetai apì ton ex c tÔpo:

m( t +1)
i =

�
1 if ci < sorted j (cj )[n]
0 otherwise

(1.3.7)

ìpou to ci eÐnai o bajmìc empistosÔnhc gia toi-ostì sÔmbolo.

Pio sunoptikˆ , to montèlo parˆgei mia eikìna se T epenal yeic. Se kˆje epanˆlhyh , problèpei ìla ta
optikˆ sÔmbola kai kratˆei autˆ gia ta opoÐa èqei uyhlìtero bajmì bebaiìthtac kai xanaefarmìzei mˆska
sta upìloipa , ¸ste na ta problèyei se kˆpoia epìmenh epanˆlhyh . To posostì twn sumbìlwn sta opoÐa
efarmìzetai mˆska fjÐnei se kˆje epanˆlhyh , mèqri pou ìla ta sÔmbola problèpontai se T epanal yeic.

Programmatismìc twn Mask¸n 'Opwc anafèrame, o programmatismìc twn mask¸n gÐnetai mèsw mÐac
sunˆrthshc 
 (:). Katˆ twn ekpaÐdeush, aut  paÐrnei san ìrisma èna tuqaÐo posostìr 2 (0; 1], en¸ katˆ ton
sumperasmì paÐrnei ta: 0=T;1=T; :::;(T � 1)=T, anˆloga me thn epanˆlhyh sthn opoÐa briskìmaste.

H 
 prèpei na èqei tic ex c idiìthtec:

ˆ prèpei na eÐnai suneq c me timèc2 [0; 1], gia orÐsmatar 2 [0; 1].

ˆ Prèpei an eÐnai gnhsÐwc fjÐnousa wc proc tor , me thn idiìthta: 
 (0) ! 1 and 
 (1) ! 0. Autì eÐnai
aparaÐthto gia na sugklÐnei o algìrijmoc sumperasmoÔ, problèpontac ìla ta sÔmbola .

Oi ereunhtèc tou [3] peiramatÐzontai me treic oikogèniec sunart sewn: Grammikèc, KoÐlec(p.q. SunhmÐtono)
and Kurtèc (p.q. Tetragwnik  ). ParadeÐgmata faÐnontai sthn eikìna1.3.6. Oi ereunhtèc anafèroun ìti
kalÔtera apotelèsmata dÐnei to SunhmÐtono.
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Figure 1.3.5: Autoanaforikìc Sumperasmìc vs Parˆllhloc Epanal ptikìc Sumperasmìc (MaskGIT) [3]

Figure 1.3.6: SÔgkrish Sunart sewn ProgrammatismoÔ Mˆskac
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1.4. Proteinìmenec Teqnikèc

Arijmìc Epanal yewn Sqetikˆ me ton bèltisto arijmì epanal yewn ston sumperasmì , oi ereunhtèc
anafèroun ìti pèftei anèmesa stic 8 kai tic 12.

Krit c Sumbìlwn O Krit c Sumbìlwn [16] (Token-Critic) èqei protajeÐ san beltiwmènh teqnik  gia
deigmatolhyÐa twn sumbìlwn katˆ twn epanal ptikì sumperasmì tou MaskGIT. LeitourgeÐ san bohjhtikì mon-
tèlo pou eÐnai upeÔjuno gia thn ektÐmhsh tou bajmoÔ empistosÔnhc sta sÔmbola pou problèpei toMaskGIT,
san enallaktik  sto na qrhsimopoioÔntai oi pijanìthtec tou MaskGIT san bajmoÐ empistosÔnhc.

O Krit c Sumbìlwn eÐnai ènac Metasqhmatist c pou ekpaideÔete afoÔ oloklhrwjeÐ h ekpaÐdeush tou
MaskGIT. Katˆ thn ekpaÐdeush Y = [ yi ]Ni =1 eÐnai ta sÔmbola tou krufoÔ q¸rou kwdikopoihmèna apì
to VQ-GAN. M = [ mi ]Ni =1 eÐnai oi duadikèc mˆskec gia ìla ta sÔmbola. Y �M eÐnai to diˆnusma sumbìlwn,
afoÔ efarmosteÐ h mˆska stoY . Dedomèwn touY �M , deigmatoleiptoÔme tôY apì thn p(yi jY �M ) (aut  eÐnai
h katanom  pou parametropoieÐ toMaskGTI). Sthn sunèqeia, sqhmatÐzoume to~Y = Ŷ � (1 � M ) + Y � M .
To ~Y eÐnai isodÔnamo me toY �M , ìpou ìla ta [MASK ] sÔmbola èqoun antikatastajeÐ apì to sÔmbolo pou
prìbleye to MaskGIT se ekèinh thn jèsh O Krit c Sumbìlwn ekpaideÔetai gia na elaqistopoi sei to :

L = E[
NX

j =1

BCE (mj ; p� (mj j ~Y ; c))] (1.3.8)

'Opou hp� (:) eÐnai h katanom  pou parametropoieÐ o Krit c Sumbìlwn. Dhlad  o Krit c Sumbìlwn majaÐnei
na problèpei thn duadik  mˆska, me sunj kh to ~Y kai to c, opoÔ to c mporeÐ na eÐnai opoiad pote sunj kh
(p.q. sunj kh keimènou).

Katˆ ton sumperasmì qrhsimopoieÐtai h epanalhptik  logik  tou MaskGIT, me mia mikr  tropopoÐsh. Xek-
inˆme me ènan" kenì pÐnaka" Y (0)

�M 1
(ìla ta sÔmbola eÐnai antikatesthmèna apì thn mˆska). Sthn epanˆlhyh t

deigmatolhptoÔme toY ( t ) mèsw touMaskGIT, dhlad  :

Y ( t ) � p� (Y ( t ) jY ( t � 1)
�M t

; c) (1.3.9)

ìpou h katanom  p� (:) eÐnai aut  pou èqei mˆjei toMaskGIT.

T¸ra , antÐ na qrhsimopoi soume tic pijanìthtec pou èdwse toMaskGIT san bajmoÔc empistosÔnhc, me bˆsh
touc opoÐouc ja xanaefarmìsoume mˆskec gia thn epìmenh epanˆlhyh, qrhsimopoioÔme ton Krit  Sumbìlwn.
DeigmatolhptoÔme toM t +1 � p� (M t +1 jY ( t ) ; c) (p� (:) eÐnai h katanom  pou èqei mˆjei o Krit c Sumbìlwn).
To M t +1 2 RN perièqei N timèc, ìlec metaxÔ0 kai 1 pou antistoiqoÔn stouc bajmoÔc empistosÔnhc gia kˆje
sÔmbolo. Dedomènou ìti o Krit c Sumbìlwn eÐnai Metasqhmatist c, qrhsimopoieÐ Prosoq (Attention) gia
na lˆbei upìyin thn susqètish metax  twn sumbìlwn ìtan problèpei touc bajmoÔc empistosÔnhc, kˆti pou
anamènetai na belti¸nei thn poiìthta thc apìfashc , se sqèsh me thn anexˆrthth deigmatolhyÐa touMaskGIT.

1.3.4 EpaÔxhsh Keimenik¸n Dedomènwn me Qr sh LLM

Oi exairetikèc dunatìthtec twn Megˆlwn Glwssik¸n Montèlwn (Large Language Models - LLMs) èqoun
axiopoihjeÐ sto pareljìn , sto plaÐsio diafìrwn ergasi¸n [38, 43, 6, 44, 9].Sto [9] proteÐnetai mÐa mèjodoc
epaÔxhshc perigraf¸n eikìnwn, se zeÔgh lezˆntac-eikìnac ta opoÐa qrhsimopoioÔntai gia thn ekpaÐdeush enìc
montèlou CLIP[23]. Arqikˆ , parˆgontai enallaktikèc lezˆntec gia ènan mikrì arijmì zeugari¸n lezˆntac -
eikìnac, mèsw diafìrwn mejìdwn, sumperilambanomènou anjr¸pinhc ergasÐac kaichatbots. H prwtìtupec kai
oi enallaktikèc perigrafèc sunduˆzontai gia na dhmiourghjoÔn meta-zeugˆria eisìdou-exìdou (meta-input-
output pairs). Sthn sunèqeia, qrhsimopoieÐtai toLLaMA[37] gia na paraqjoÔn enallaktikèc lezˆntec gia
ìla ta deÐgmata tou sunìlou dedomènwn. Ta meta-zeugˆria eisìdou-exìdou qrhsimopoioÔntai se aut  thn
diadikasÐa san sugkeÐmeno(context), ¸ste to LLM na katano sei kalÔtera thn ergasÐa.
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(a) Oi eikìnec miac istorÐac apeikonÐzontai
ston krufì q¸ro mèsw tou Kwdikopoiht  tou

VQ-GAN

(b) H kbantismènh anaparˆstash thc eikìnac
ston krufì q¸ro mporeÐ na metatrapeÐ se

eikìna mèsw tou Apokwdikopoiht  tou
VQ-GAN

(c) MetaxÔ tou Kwdikopoiht  kai tou Apokwdikopoiht  oi krufèc anaparastˆseic kbantÐzontai mèsw miac
biblioj khc dianusmˆtwn

Figure 1.4.1: H leitourgÐa tou VQ-GAN

Figure 1.4.2: Oi protˆseic miac istorÐac upìkeintai kwdikopoÐhshBPE[32] gia na antistoiqistoÔn se diakritˆ
glwssikˆ sÔmbola (tokens)

1.4 Proteinìmenec Teqnikèc

1.4.1 KwdikopoÐhsh twn Eikìnwn

VQ-GAN

Gia ton kbantismì twn eikìnwn qrhsimopoioÔme toVQ-GAN [8]. Dedomènwn twn eikìnwn tic istorÐac: X =
f X 1; X 2; :::; X n g, mporoÔme na tic perˆsoume apì ton Kwdikopoiht  touVQ-GAN ( Eikìna 1.4.1a) kai na tic
kbantÐsoume gia na paraqjoÔn ta antÐstoiqa diakritˆ optikˆ sÔmbolaZ = f Z1; Z2; :::; Zn g. Sthn sunèqeia ènac
Metasqhmatist c ekpaideÔetai gia na problèpei ta optikˆ sÔmbola, upo sunj kh keimènou(bl . Enìthta 1.4.3).
AfoÔ problefjoÔn ta optikˆ sÔmbola , mporoÔn na metafrastoÔn se eikìnec, mèsw tou Apokwdikopoiht  tou
VQ-GAN ( Eikìna 1.4.1b).

1.4.2 KwdikopoÐhsh twn Glwssik¸n Perigraf¸n

Wc proc thn kwdikopoÐhsh glwssik¸n perigraf¸n peiramatizìmaste me dÔo mejìdouc: ex arq c ekpaÐdeush
dianusmˆtwn lèxewn(word embeddings)   qr sh dianusmˆtwn lèxewn pou èqoun exaqjeÐ apì kˆpoioLLM.
Anexˆrthta apì thn mèjodo , kˆje mÐa glwssik  perigraf  miac istorÐac antistoiqÐzetai se mia akoloujÐa apì
dianÔsmata. SumbolÐzoume tic kwdikopoihmènec perigrafèc miac istorÐac meT = f T1; T2; :::; Tn g .

Ex Arq c ekpaÐdeush Dianusmˆtwn Lèxewn

'Otan ekpaideÔoume dianÔsmata lèxewn qrhsimopoioÔme kwdikopoÐhshBPE, pou apeikonÐzei kˆje glwssik 
perigraf  se mia akoloujÐa diakrit¸n sumbìlwn (Figure 1.4.2). Katˆ thn kwdikopoÐhshBPE qrhsimopoioÔme
lexilìgia 2500sumbìlwn.
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Qr sh LLM

AntÐ na ekpaideÔsoume dianÔsmata lèxewn apì thn arq , mporoÔme na qrhsimopoi soume ta dianÔsmata apì èna
pro-ekpaideumènoLLM. Empneìmenoi apì toMUSE[4], peiramatizìmaste me toT5-XXL [24]. Gia na parˆgoume
dianÔsmata apì tic glwssikèc perigrafèc, pairnˆme kˆje perigraf  apì to T5 kai apospoÔme ta dianÔsmata
tic teleutaÐac kruf c katˆstashc tou montèlou . Sthn sunèqeia ta qrhsimopoioÔme san anaparastˆseic gia
tic glwssikèc perigrafèc , ston Metasqhmatist  mac.

1.4.3 MaskGST

EÐsodoc

Figure 1.4.3: H eÐsodoc tou metasqhmatist  eÐnai h sunènwsh twn optik¸n kai twn glwssik¸n sumbìlwn
(tokens) gia kˆje èna apì ta zeugˆria eikìnac / perigraf c sthn istorÐa (5). Sta optikˆ sÔmbola

epiped¸nontai (�atten) kai touc efarmìzetai mˆska (me tuqaÐo trìpo) prin thn sunènwsh me ta glwssikˆ
sÔmbola.

Dedomènwn twn optik¸n sumbìlwn Z = f Z1; Z2; :::; Zn g (Z i 2 Rm � m � d) kai twn glwssik¸n sumbìlwn
T = f T1; T2; :::; Tn g (Ti 2 Rl � d), gia mia istorÐa, sqhmatÐzoume thn eÐsodo twn Metasqhmatist¸n mac ìpwc
faÐnetai sthn Eikìna 1.4.3. Ta optikˆ sÔmbola Z 2 Rn � m � m � d isoped¸nontai (�atten) se mia akoloujÐa
Z 0 2 Rn � (m �m ) � d. Sthn sunèqeia touc efarmìzoume tuqaÐa mˆskec, ìpwc akrib¸c sto MaskGIT gia na
pˆroume ta �Z 2 Rn � (m �m ) � d. Tèloc , kˆje anaparˆstash eikìnac sunen¸netai me thn antÐstoiqh glwssik 
perigraf  gia na sqhmatistoÔn ta Input i = ( �Z i ; Ti ). H eÐsodoc twn Metasqhmatist¸n mporeÐ na grafteÐ wc:

Input = f Input 1; :::; Input n g 2 Rn � (m �m + l ) � d (1.4.1)

ìpou mel sumbolÐzetai to m koc thc glwssik c anaparˆstashc , m � m eÐnai h anˆlush twn kruf¸n ana-
parastˆsewn twn eikìnwn , n eÐnai o arijmìc twn eikìnwn miac istorÐac kaid eÐnai h kruf  diˆstash tou
Metasqhmatist  .

EÐdh Strwmˆtwn Metasqhmatist¸n

Parakˆtw perigrˆfoume ta eÐdh apì Str¸mata Metasqhmatist¸n pou qrhsimopoioÔme sta montèla mac.

Pl rec Str¸ma To Pl rec Str¸ma 1.4.4a eÐnai èna paradosiakì str¸ma enìc Apokwdikopoiht -
Metasqhmatist  , apoteloÔmeno apì trÐa upoepÐpeda: Auto -Prosoq  (Self-Attention), Etero -Prosoq  (Cross-
Attention) kai Pl rwc Sundedemèno Proc-ta -Emprìc EpÐpedo(Fully Connected Feed Forward Layer). De-
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(a) Pl rec Str¸ma (b) Autì -Str¸ma

Figure 1.4.4: Ta kÔria str¸mata pou qrhsimopoioÔntai stouc Metasqhmatistèc mac

domènhc thc eisìdouI 2 Rn � a� d kai kˆpoi o sugkeÐmeno(context) C 2 Rn � c� d, h èxodoc tou str¸matac
Auto -Prosoq c kai Etero -Prosoq c , antÐstoiqa, mporeÐ na upologisteÐ wc ex c:

Self � Attention (I ) = MultiHead 1(Q = I; K = I; V = I )

Cross � Attention (I; C ) = MultiHead 2(Q = I; K = C; V = C)
(1.4.2)

To Feed-Forward upostr¸ma apoteleÐtai apì èna grammikì metasqhmatismì, akoloujoÔmeno apì mia sunˆrthsh
energopoÐhshc, akoloujoÔmenh apì KanonikopoÐhsh Str¸matoc(Layer Normalization). 'Opwc faÐnetai sthn
Eikìna , upˆrqei upoleimmatik  (residual) sÔndesh gÔrw apì kˆje upoepÐpedo.

Autì -Str¸ma 'Opwc faÐnetai sthn eikìna1.4.4b, to Auto -EpÐpedo eÐnai ìmoio me to Pl rec EpÐpedo, me
thn diaforˆ ìti paraleÐpei to upostr¸ma Etero -Prosoq c kai sunep¸c den qrhsimopoieÐ sugkeÐmeno.

SV- Str¸ma To SV-Str¸ma (Story Visualization Sr¸ma ) faÐnetai sthn eikìna 1.4.6. ApoteleÐtai apì
èna Auto-Str¸ma , tou opoÐou prohgeÐtai èna upostr¸ma ProepexergasÐac kai èpetai èna str¸ma Meta-
epexergasÐac.

To Upostr¸ma ProepexergasÐac paÐrnei san eÐsodo mia dèsmh dedomènwn(batch) 2 Rn � (m �m + l ) � d,
pou antistoiqeÐ se sta n zeugˆria eikìnac-perigraf c se mia istorÐa. MetasqhmatÐzei thn eÐsodo se mia
anaparˆstash 2 R1� (n �(m �m )+ n �l ) � d topojetìntac ta optikˆ sÔmbola gia ìlec tic eikìnec thc istorÐac , to
èna dÐpla sto ˆllo kai sunen¸nontac ta me thn akoloujÐa ìlwn twn glwssik¸n sumbìlwn thc istorÐac ,
topojethmèna to èna dÐpla sto ˆllo (Eikìna 1.4.5a).

To Upostr¸ma Meta -epexergasÐac èqei thn akrib¸c antÐstrofh leitourgÐa . PaÐrnei mia eÐsodo2
R1� (n �(m �m )+ n �l ) � d. Thn metasqhmatÐzei se mia èxodo2 Rn � (m �m + l ) � d, ìpou kajemia apì tic ((m � m + l) � d)-
megèjeic akoloujÐec sthn dèsmh megèjoucn antistoiqeÐ sta optikˆ sÔmbola miac eikìnac, sunenwmèna me ta
antÐstoiqa glwssikˆ sÔmbola (Eikìna 1.4.5b).

Se diaisjhtikì epÐpedo, to upostr¸ma ProepexergasÐac fèrnei thn anaparˆstash thc istorÐac apì èna formˆt
eikìna-eikìna se èna formˆt se epÐpedo istorÐac, ìpou ìlh h istorÐa antimetwpÐzetai san mia suneq c akolou-
jÐa sumbìlwn, pou antistoiqoÔn stic eikìnec kai tic perigrafèc . Me autìn ton trìpo , sto Auto -Str¸ma
pou akoloujeÐ, ta sÔmbola, apì opoiod pote apì tic n jèseic sthn istorÐa mporoÔn na ask soun Prosoq 
(Attention) se sÔmbola opoiasd pote ˆllhc jèshc kai na enswmat¸soun sqetik  plhroforÐa . AkoloÔjwc ,
fèrnoume ta sÔmbola pÐsw sto arqikì eikìna-eikìna formˆt me to upostr¸ma Meta -epexergasÐac.

Proteinìmena montèla tÔpou Metasqhmatist 

MaskGST Onomˆzoume thn proteinìmenh arqitektonik  macMaskGST (Masked Generative Story Trans-
former - Paragwgikìc Metasqhmatist c Istori¸n me Mˆskec ) gia na tonÐsoume ìti basÐzetai stoMaskGIT.

12



1.4. Proteinìmenec Teqnikèc

(a) ProepexergasÐa gia to SV-Str¸ma

(b) Metˆ -epexergasÐa gia toSV-Str¸ma

Figure 1.4.5: EpexergasÐa dedomènwn gia toSV-Str¸ma

Figure 1.4.6: SV-Str¸ma
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Figure 1.4.7: To MaskGST

To MaskGST apoteleÐtai apì dÔo Pl rh Str¸mata , pou akoloujoÔntai apì kˆpoia Auto -Str¸mata . H Eikìna
1.4.7 deÐqnei mia èkdosh tou montèlou me4 Auto -Str¸mata (6 str¸mata sunolikˆ ).

To sugkeÐmeno pou qrhsimopoieÐtai apì ta upostr¸mata Etero-Prosoq c apoteleÐtai apì ìlec tic glwssikèc
perigrafèc sthn istorÐa . Dhlad  , gia na problèyoume ta optikˆ sÔmbola gia kˆje eikìna, pragmatopoioÔmai
Etero -Prosoq  me ìlec tic ˆllec glwssikèc perigrafèc thc istorÐac . Me autìn ton trìpo , epitrèpoume sto
montèlo na ôiojet sei qr simh , sqetik  plhroforÐa apì prohgoÔmena kai epìmena qronikˆ shmeÐa sthn istorÐa.

MaskGST-SV To MaskGST-SV (MaskGST Story Visualization) qrhsimopoieÐ dÔo Pl rh Str¸mata sthn
arq  thc paragwgik c diadikasÐac. Autˆ akoloujoÔntai proairetikˆ apì merikˆ Auto -Str¸mata . Sthn
sunèqeia, èqoume dÔoSV-Str¸mata , ta opoÐa mporoÔn proairetikˆ na akoloujoÔntai apì kˆpoia akìma Auto-
Str¸mata . Gia parˆdeigma, sthn Eikìna 1.4.8 faÐnetai ènaMaskGST-SV pou topojet  dÔo Auto -Str¸mata
anˆmesa sta Pl rh Str¸mata kai ta SV-Str¸mata . EpÐshc topojeteÐ dÔo Auto-Str¸mata kai metˆ ta SV-
Str¸mata (8 Str¸mata sunolikˆ ).

EkpaÐdeush 'Ola oi proteinìmenoi metasqhmatistèc, metarèpoun thn eÐsodì touc: Input =
f Input 1; :::; Input n g 2 Rn � (m �m + l ) � d se mÐa èxodo, Ðdiwn diastˆsewn:

Output = f Output 1; :::; Output n g 2 Rn � (m �m + l ) � d (1.4.3)

Gia kˆje antikeÐmeno sthnn-dèsmh(n-batch), af noume ta l sÔmbola pou antistoiqoÔn sthn keimenik  peri-
graf  kai kratˆme ta m � m optikˆ sÔmbola. Sunep¸c, èqoume:

Output = f Output 1; :::; Output n g 2 Rn � (m �m ) � d (1.4.4)

H èxodoc aut  pernˆei apì èna grammikì metasqhmatismì gia na pˆroume pijanìthtec:

y = Lin (Output ) 2 Rn � (m �m ) � K (1.4.5)

'OpouK eÐnai to pl joc twn dianusmˆtwn pou diajètei h diakrit  biblioj kh tou VQ-GAN. Tèloc , oi parapˆnw
pijanìthtec mporoÔn na qrhsimopoihjoÔn gia na ekpaideÔsoume to montèlo, sukrÐnontˆc tec me ta pragmatikˆ
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Figure 1.4.8: MaskGST-SV

Figure 1.4.9: H diadikasÐa ekpaÐdeushc touMaskGST
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(ground-truth) dianÔsmata pou antistoiqoÔn sta pragmatikˆ optikˆ sÔmbola. Gia thn ekpaÐdeush, qrhsi-
mopoioÔme thn teqnik MVTM (Masked Visual Token Modeling) pou proteÐnetai stoMaskGIT ( Enìthta
1.3.3).

Sumperasmìc 'Opwc sthn ekpaÐdeush, ètsi kai ston sumperasmì ôiojetoÔme ton parˆllhlo , epanalhptikì
algìrijmo pou proteÐnetai sto MaskGIT ( Enìthta 1.3.3).

Kajod ghsh Qarakt rwn

ProteÐnoume mia nèa teqnik  gia na belti¸soume thn paragwg  twn qarakt rwn stic istorÐec. Prosjètoume
sto montèlo mia biblioj kh apì 2 � Cn epilèon DianÔsmata(Embeddings) Qarakt rwn , ìpou Cn eÐnai o
arijmìc twn basik¸n qarakt rwn pou eÐnai parìntec sto Dataset (Gia to Pororo-SV èqoumeCn = 9 ). Gia kˆje
qarakt ra èqoume èna Jetikì Diˆnusma (o qarakt rac anafèretai sthn glwssik  perigraf  ) kai èna Arnhtikì
Diˆnusma(o qarakt rac den anafèretai ). 'Otan qrhsimopoioÔme aut  thn teqnik , sunen¸noumeCn dianÔsmata
sthn eÐsodo tou Metasqhmatist , èna gia kaje qarakt ra . Jetikˆ DianÔsmata qrhsimopoioÔntai gia touc
qarakt rec kai pou eÐnai parìntec sthn trèqousa glwssik  perigraf  kai Arnhtikˆ gia touc upìloipouc . Se
aut  thn perÐptwsh, h eÐsodoc tou Metasqhmatist  gÐnetai:

Input = f Input 1; :::; Input n g 2 Rn � (m �m + l + Cn ) � d (1.4.6)

ìpou : Input i = ( �Z i ; Ti ; Ci ) kai Ci = f poschar gchar 2 T i

S
f negchar gchar =2 T i . to poschar antiproswpeÔei to Jetikì

Diˆnusma gia ton qarakt ra char, en¸ to negchar antiproswpeÔei to Arnhtikì Diˆnusma gia ton qarakt ra .
To f poschar gchar 2 T i eÐnai to sÔnolo twn Jetik¸n Dianusmˆtwn gia touc qarakt rec pou anafèrontai sthn
trèqousa perigraf  (Ti ) kai f negchar gchar =2 T i to sÔnolo twn Arnhtik¸n Dianusmˆtwn gia touc qarakt rec
pou den anafèrontai .

EkpaÐdeush Prokeimènou na enisqÔsoume thn estÐash tou montèlou sta DianÔsmata Qarakt rwn, apor-
rÐptoume entel¸c tic glwssikèc perigrafèc gia èna posostì deigmˆtwn ekpaÐdeushc se kˆje dèsmh(batch)
kai kratˆme mìno ta DianÔsmata Qarakt rwn wc kajod ghsh . Katˆ ta ˆlla , h diadikasÐa ekpaÐdeushc mènh
aparˆlaqth .

Sumperasmìc Katˆ ton Sumperasmì, upologÐzoume dÔo omˆdec apì pijanìthtec(logits) gia na parˆxoume
mia eikìna. H pr¸th omˆda (` tc ) upologÐzetai diekperai¸nontac thn paragwgik  diadikasÐa, upo sunj kh twn
glwssik¸n perigraf¸n . H deÔterh omˆda(`char ) upologÐzetai upì sunj kh twn Dianusmˆtwn Qarakt rwn ,
apokleistikˆ . 'Opwc katˆ thn ekpaÐdeush qrhsimopoioÔme Jetika DianÔsmata gia touc qarakt rec pou emfanÐ-
zontai sthn perigraf  kai Arnhtikˆ gia tou ˆllouc . Oi telikèc pijanìthtec (logits) prokÔptoun wc kurtìc
sunduasmìc twn dÔo epimèrouc omˆdwn pijanot twn:

` = (1 � f )` tc + f` char ; f 2 [0; 1) (1.4.7)

Autìc o sunduasmìc upologÐzetai se kˆje b ma thc epanalhptik c paragwgik c diadikasÐac sumperasmoÔ.

Qr sh Arnhtik¸n UpodeÐxewn Me skopì thn peraitèrw enÐsqush thc parousÐac tou swstoÔ upo-
sunìlou twn qarakt rwn se kˆje eikìna , proteÐnoume thn qr sh arnhtik c kajod ghshc (negative prompting)
katˆ ton sumperasmì. Sugkekrimèna, ektìc apì tic dÔo omˆdec apì logits (` tc and `char ), eisˆgoume mia trÐth
omˆda, ta `char . Gia ton upologismì twn `char aporrÐptoume entel¸c tic glwssikèc perigrafèc apì thn eÐsodo
tou metasqhmatist  , ìpwc kˆnoume gia ta `char . 'Omwc, antÐ na qrhsimopoi soume Jetikˆ DianÔsmata gia
touc epijumhtoÔc qarakt rec kai Arnhtikˆ gia touc upìloipouc , kˆnoume to anˆpodo. Arnhtikˆ DianÔsmata
qrhsimopoioÔntai gia touc epijumhtoÔc qarakt rec kai Jetikˆ gia touc upìloipouc . Dhlad  , ta DianÔsmata
Qarakt rwn sthn eÐsodo eÐnai: Ci = f negchar gchar 2 T i

S
f poschar gchar =2 T i . Katˆ kˆpoion trìpo ta `char up-

ologÐzontai qrhsimopoi¸ntac to " logikì sumpl rwma " thc eisìdou pou qrhsimopoieÐtai gia ton upologismì
twn `char . Oi telikèc pijanìthtec (logits) upologÐzontai t¸ra wc ex c :

` = (1 � f )` tc + 2 f` char � f ` char ; f 2 [0; 1) (1.4.8)
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1.4.4 Epˆuxhsh twn Dedomèwn mèsw Megˆlwn Gl¸ssik¸n Montèlwn

Gia na prostateÔsoume to montèlo enˆntia sthn uperprosarmog (over�tting) peiramatizìmaste me thn
epˆuxhsh twn keimenik¸n perigraf¸n . Gia autìn ton skopì qrhsimopoioÔme ènaLLM, apì to opoÐo zhtˆme
enallaktikèc perigrafèc , dedomènwn twn pragmatik¸n.

Katˆ thn ekpaÐdeush, epilègoume tuqaÐa eÐte thn prwtìtuph perigraf  eÐte thn enallaktik , gia kˆje eikìna ,
se kˆje epoq  . 'Etsi , parèqoume sto montèlo diaforetikèc perigrafèc gia thn Ðdia eikìna, se diaforetikèc
epoqèc. Perimènoume autì na bohj sei to montèlo na estiˆsei sta DianÔsmata Lèxewn pou eÐnai pio sqetikˆ,
katˆ thn paragwg  twn eikìnwn , allˆ kai na apofÔgei se megalÔtero bajmì thn uperprosarmog  .

1.4.5 Krit c Sumbìlwn Basismènoc stouc Qarakt rec

Ephreasmènoi apì thn idèa tou Krit  Sumbìlwn (Token-Critic) peiramatizìmaste me ènan Krit  Sumbìlwn
Basimèno stouc Qarakt rec (Character Attentive Token Critic). H leitourgÐa tou eÐnai Ðdia me aut n pou
perigrˆyame sthn Enìthta 1.3.3. Gia thn dik  mac ergasÐa, epilègoume h sunj kh kˆtw apì thn opoÐa gÐnontai
oi problèyeic na eÐnai DianÔsmata Qarakt rwn. Sugkekrimèna, o Krit c Sumbìlwn èqei Cn dianÔsmata, èna
gia kˆje basikì qarakt ra (Cn eÐnai to pl joc twn qarakt rwn tou Dataset). EkpaideÔoume ton Krit 
Sumbìlwn, me paramètrouc� gia thn elaqistopoÐhsh tou:

L = E[
NX

j =1

BCE (mj ; p� (mj j ~Y ; c))] (1.4.9)

1.4.6 AÔxhsh thc eukrÐneiac tou KrufoÔ Q¸rou Qarakthristik¸n

Empneusmènoi apì toMUSE[4], peiramatizìmaste me thn qr sh enìc Metasqhmatist  aÔxhshc eukrÐneiac
(Super-Resolution), pou leitourgeÐ se krufì q¸ro uyhlìterhc eukrÐneiac , o opoÐoc parˆgei apotelèsmata me
sunj kh thn qamhlìterhc eukrÐneiac èxodo enìc Basikì Metasqhmatist  (Base Transformer). Gia autìn ton
skopì qreiˆzontai dÔo VQ-GAN, pou leitourgoÔn se krufoÔc q¸rouc me diaforetikèc analÔseic: m1 � m1

kai m2 � m2 (m1 < m 2).

Basikìc Metasqhmatist c O Basikìc Metasqhmatist c (Base Transformer) eÐnai ènaMaskGST,
ìpwc to perigrˆyame sthn enìthta 1.4.3. LeitourgeÐ ston krufì q¸ro tou VQ-GAN me anˆlush m1 � m1 (h
qamhlìterh anˆlush ).

Super-Resolution Metasqhmatist c Katˆ thn ekpaÐdeush touSuper-Resolution Metasqhmatist 
èqei oloklhrwjeÐ h ekpaÐdeush tou BasikoÔ Metasqhmatist . O Super-Resolution Metasqhmatist c eÐnai
ènaMaskGST, me anˆlush m2 � m2 ston krufì q¸ro . EpÐshc upˆrqei mia tropopoÐhsh sthn eÐsodo.

Dedomènwn twn optik¸n sumbìlwn uyhl c anˆlushc (HR) Z = f Z1; Z2; :::; Zn g (Z i 2 Rm 2 � m 2 � d), pou
kwdikopoioÔntai mèsw tou antÐstoiqouVQ-GAN, twn glwssik¸s sumbìlwn T = f T1; T2; :::; Tn g (Ti 2 Rl � d)
kai twn optik¸n sumbìlwn qamhl c anˆlushc (LR), Z LR = f Z LR

1 ; Z LR
2 ; :::; Z LR

n g (Z LR
i 2 Rm 1 � m 1 � d), sqh-

matÐzoume thn eÐsodo touSuper-ResMetasqhmatist  ìpwc faÐnetai sthn Eikìna 1.4.10. Ta optikˆ sÔmbola
Z 2 Rn � m 2 � m 2 � d isoped¸nontai se mia akoloujÐaZ 0 2 Rn � (m 2 �m 2 ) � d. Sthn sunèqeia, touc efarmìzetai
tuqaÐa mˆska, ìpwc sto MaskGIT, ¸ste na metatraoÔn sta �Z 2 Rn � (m 2 �m 2 ) � d. Ta qamhl c anˆlushc optikˆ
sÔmbola isoped¸nontai katˆ twn Ðdio trìpo kai pairnˆne apì mia seirˆ Auto -Strwmˆtwn (ìpwc gÐnetai kai
sto MUSE[4]). Tèloc , ta HR optikˆ sÔmbola pou touc èqei efarmosteÐ mˆska, ta glwssikˆ sÔmbola kai ta
paraqjènta LR optikˆ sÔmbola sunen¸nontai gia na sqhmatÐsoun toInput i = ( �Z i ; Ti ; Z LR

i ). H eÐsodoc tou
Metasqhmatist  mporeÐ na grafteÐ wc ex c:

Input = f Input 1; :::; Input n g 2 Rn � (m 2 �m 2 + l + m 1 �m 1 ) � d (1.4.10)

ìpou l eÐnai to m koc twn glwssik¸n sumbìlwn kai d h kruf  diˆstash tou Metasqhmatist  .
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Figure 1.4.10: HeÐsodoc tou MontèlouSuper-ResThesqhmatÐzetai sunen¸nontac taHigh-Resolution(HR)
optikˆ sÔmbola me ta glwssikÔ sÔmbola kai taLow-Resolution(LR) optikˆ sÔmbola, pou èqei problèyei to

basikì montèlo

1.4.7 Apìplexh Qarakthristik¸n ston Krufì Q¸ro

Me skopì thn beltÐwsh thc paragwg c twn qarakt rwn proteÐnoume mia teqnik  pou epiqeireÐ na apoplèxei
ta qarakthristikˆ pou antistoiqoÔn se qarakt rec apì ta upìloipa , ston krufì q¸ro . H teqnik  mac peril-
ambˆnei thn tropopoÐhsh touVQ-GAN gia na prostejeÐ mia epiplèon diakrit  biblioj kh dianusmˆtwn .

Kwdikopoiht c kai Apokwdikopoiht c tou VQ-GAN

'Opwc dèiqnoun oi eikìnec1.4.11a and 1.4.11b,o Kwdikopoiht c kai o Apokwdikopoiht c paramènoun Ðdioi,
ìpwc sto paradosiakì VQ-GAN.

Kbantismìc me dÔo biblioj kec dianusmˆtwn KrufoÔ Q¸rou

AntÐ na qrhsimopoi soume mÐa biblioj kh dianusmˆtwn ston Krufì Q¸ro, ìpwc sto VQ-GAN, qrhsimopoioÔme
dÔo: ebackground 2 RK � D kai echar 2 RK � D , ìpou meK sumbolÐzetai o arijmìc twn diakrit¸n dianusmˆtwn
se kˆje biblioj kh kai me D h diastatikìthta twn dianusmˆtwn . H diaÐsjhsh pÐsw apì aut  thn idèa eÐnai ìti
to ebackground kwdikopoieÐ qarakthristikˆ (features) pou antistoiqoÔn sto fìnto twn eikìnwn kai to echar

qarakthristikˆ pou antistoiqoÔn stouc qarakt rec . H diadikasÐa kbantismoÔ faÐnetai sthn Eikìna1.4.11c.

MÐa eikìnax 2 R3� N � N pernˆei pr¸ta apì ton Kwdikopoiht  ¸ste na metatrapèi sto z0 2 RD � N
f � N

f .
Efarmìzoume ènaD-diˆstato fÐltro f background sto z0 gia na pˆroume toz1 = f background (z0). Sthn sunèqei
kbantÐzoume toz1 sÔmfwna me toebackground , antikajistìntac kajèna apì ta ( N

f � N
f ) dianÔsmata(kajèna èqei

D diastˆseic ) me to kontinìterì tou sthn biblioj kh . To apotèlesma tou kbantismoÔ eÐnai tozbackground 2
RD � N

f � N
f .

Parìmoia, qrhsimopoioÔmai èna ˆlloD-diˆstato fÐltro f char gia na pˆroume toz2 = f char (z0). Metˆ kban-
tÐzoume toz2 me bˆsh to echar kai paÐrnoume tozchar 2 RD � N

f � N
f .

Sunduˆzoume tazchar kai zbackground qrhsimopoi¸ntac mia Mˆska Fìntou (background mask). 'Estw M 2
R

N
f � N

f h Mˆska Fìntou me :

M background
i;j =

�
0 if the (i,j) region in the original image belongs to the foreground
1 if the (i,j) region in the original image belongs to the background

(1.4.11)
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(a) O Kwdikopoiht c tou VQ-GAN mènei Ðdioc
(b) O Apokwdikopoiht c tou VQ-GAN mènei,

epÐshc Ðdioc

(c) TropopoioÔme to stˆdio tou kbantismoÔ, prospaj¸ntac na petÔqoume apìplexh qarakthristik¸n

Figure 1.4.11: TropopoihmènoVQ-GAN gia apìplexh qarakthristik¸n
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'Opou perioqèc mia eikìnac me qarakt rec jewreÐtai ìti an koun sto prosk nio (foreground), en¸ perioqèc
qwrÐc qarakt rec an koun sto fìnto (background). Probˆloume to M background apì M background 2 R

N
f � N

f

se M̂ background 2 RD � N
f � N

f . H telik  anaparˆstash thc eikìnac ston Krufì Q¸ro sqhmatÐzetai wc ex c :

z = zbackground � M̂ background + zchar � M̂ background (1.4.12)

Dhlad  , gia tic perioqèc pou an koun sto fìnto , qrhsimopoioÔme ta dianÔsmata touzbackground , en¸ gia
perioqèc pou an koun sto prosk nio ta dianÔsmata touzchar . To z mporeÐ an dojeÐ ston Apokwdikopoiht 
gia na parˆxei thn anakataskeuasmènh eikìna.

'Opwc faÐnetai sthn Eikìna 1.4.11c, to zchar pernˆ kai apì ena Neurwnikì DÐktuo enìc epipèdou. Autì to
dÐktuo paÐrnei thn isopedwmènh èkdosh touzchar , ~zchar 2 RD � N

f � N
f kai dÐnei tic pijanìthtec klˆsewn gia

ìlouc touc basikoÔe qarakt rec tou Dataset (9 gia to Pororo-SV). EkpaideÔoume to mikrì autì dÐktuo me
mÐa sunj kh taxinìmhshc pollapl¸n etiket¸n (multi-label classi�cation loss), qrhsimopoi¸ntac tic anaforèc
stouc qarakt rec stic glwssikèc perigrafèc wc ground-truth etikètec. O skopìc autoÔ tou diktÔou eÐnai
na d¸sei epiplèon erèjisma sthn echar katˆ thn ekpaÐdeush. Epilègoume èna rhqì dÐktuo, elpÐzontac ìti
autì ja exanagkˆsei thn biblioj kh dianusmˆtwn na apoplèxei (disentangle) ta krufˆ qarakthristikˆ pou
kwdikopoioÔn diaforetikoÔc qarakt rec.

Diaqwrismì ProskhnÐou -Fìntou

Gia ton diaqwrismì ProskhnÐou-Fìntou qrhsimopoioÔme toGradCAM [31], me ton trìpo pou proteÐnetai sto
[5].

Tropopoi seic ston Metasqhmatist 

O Metasqhmatist c pou qrhsimopoioÔme se sunduasmì me aut  thn mèjodo eÐnai polÔ parìmoioc me autoÔc
pou èqoume suzht sh  dh, me kˆpoiec mikrèc tropopoi seic.

EkpaÐdeush 'Opwc eÐpame sthn Enìthta1.4.3, afoÔ aporrÐyoume to keimenikì kommˆti apì thn èxodo tou
Metasqhmatist  paÐrnoume to ex c apotèlesma:

Output = f Output 1; :::; Output n g 2 Rn � (m �m ) � d (1.4.13)

Mèqri t¸ra qrhsimopoioÔsame èna monadikì grammikì metasqhmatismì, gia na metatrèyei tic exìdouc se pi-
janìthtec (logits), pou  tan arketì gia na problèyoume ta optikˆ sÔmbola ston krufì q¸ro tou prwtìtupou
VQ-GAN.

Wstìso , qrhsimopoi¸ntac to tropopoihmèno VQ-GAN, me dÔo biblioj kec, qreiˆzetai na problèyoume thc
pijanìthtec gia touc qarakt rec (Character Logits), tic pijanìthtec gia to fìnto (Background logits) kai
thn Mˆska Fìntou (Background Mask)

Prokeimènou na to petÔqoume autì qrhsimopoioÔme treic grammikoÔc metasqhmatismoÔc:
To _ Char _ Logits ; To _ Background _ Logits ; To _ Mask . 'Opou:

ychar = To _ Char _ Logits (Output ) 2 Rn � (m �m + l ) � K

ybackground = To _ Background _ Logits (Output ) 2 Rn � (m �m + l ) � K

ymask = To _ Mask (Output ) 2 Rn � (m �m + l ) � 1

(1.4.14)

H sunj kh ekpaÐdeushc eÐnai:

L = L char + L background + L mask ; (1.4.15)

ìpou :
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1.5. Peiramatikì Mèroc

L char = � E[
X

8i 2 [1;N ];m i =1 ;m background
i =0

log p(ychar
i jY �M )]

L background = � E[
X

8i 2 [1;N ];m i =1 ;m background
i =1

log p(ybackground
i jY �M )]

L mask = L CE (ymask ; M background )

(1.4.16)

To Y touc deÐktec(indices) gia ta dianÔsmata stoz, ìpou to z dÐnetai apì thn exÐswshEquation 1.4.12,en¸
Y �M eÐnai to Ðdio metˆ thn efarmog  mask¸n, sÔmfwna me to prìgramma touMaskGIT. Shmei¸noume ìti h tuqaÐa
mˆska M eÐnai diaforetik  apì thn Mˆska Fìntou , M background . L char eÐnai h Sunj kh tÔpou-MaskGIT gia
tic perioqèc me Qarakt rec stic eikìnec. L background eÐnai h antistoiqh sunj kh gia tic perioqèc fìntou .
L mask eÐnai h eteroentropÐa metaxÔ thc problepìmenhc kai thcground-truth Mˆskac Fìntou .

Katˆ ta ˆlla to montèlo mènei Ðdio me to arqikì macMaskGST.

Sumperasmìc Katˆ ton sumperasmì qreiˆzetai na probleyoume thn Mˆska Fìntou , ta logits twn Qarak-
t rwn kai ta logits tou Fìntou . Xekinˆme parˆgontac thn Mˆska Fìntou . Autì to kˆnoume me èna monadikì
pèrasma apì ton Metasqhmatist  . Gia autì to pèrasma, ìla ta optikˆ sÔmbola sthn eÐsodo eÐnai antikat-
esthmèna me Mˆska. PaÐrnoume thn èxodo ìpwc perigrˆfetai apì thn exÐswsh1.4.13. Tèloc , sqhmatÐzoume
to � (To _ Mask (Output )) 2 Rn � m � m , ìpou to sÔmbolo � (:) anaparistˆ thn sigmoðd  (sigmoid) sunˆrthsh .
H Mˆska Fìntou problèpetai wc ex c :

~M background
i;j;k =

�
1 if � (To _ Mask (Output )) i;j;k � 0:5
0 if � (To _ Mask (Output )) i;j;k < 0:5

(1.4.17)

AfoÔ problèyoume thn Mˆska Fìntou , kˆnoume Epanalhptikì, Parˆllhlo Sumperasmì , ìmoia me to
MaskGIT. H mình diaforˆ einai ìti se kˆje b ma problèpoume ta logits twn Qarakt rwn kai ta logits tou
fìntou . SqhmatÐzoume ta eniaÐalogits se autì to b ma san :

Logits i;j;k =

(
Logits Background

i;j;k if ~M background
i;j;k = 1

Logits Char
i;j;k if ~M background

i;j;k = 0
(1.4.18)

1.5 Peiramatikì Mèroc

1.5.1 Orgˆnwsh twn Peiramˆtwn

K¸dikac

'Oloc o k¸dikac mac èqei anaptuqjeÐ sePyTorch. O k¸dikac gia to MaskGIT basÐsthke se mia ulopoÐsh
anoiqtoÔ k¸dika gia to MUSE1. Gia to VQ-GAN qrhsimopoioÔme thn prwtìtuph ulopoÐhsh apì toTaming
Transformers [8], pou diatÐjetai sto github2. Gia ton kwdipoiht  BPE qrhsimopoi same thn klˆsh Tokenizer
pou parèqetai apì to Hugging Face3.

Peribˆllon EkpaÐdeushc

'Ola mac ta peirˆmata pragmatopoi jhkan sthn dom  ARIS, tou GRNET. Sugkekrimèna, gia kˆje peÐrama
qrhsimopoi same mÐa monadik  kˆrta grafik¸nNVIDIA V100-16GB.

1https://github.com/lucidrains/muse-maskgit-pytorch
2https://github.com/CompVis/taming-transformers
3https://huggingface.co/learn/nlp-course/chapter6
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SÔnolo Dedomènwn

Pororo-SV To basikì SÔnolo Dedomènwn(Dataset) gia thn OptikopoÐhsh IstorÐac, sthn bibliografÐa eÐnai
to Pororo-SV, pou protˆjhke sto [18]. BasÐzetai sthn paidik  seirˆ kinoumènwn sqedÐwn"Pororo the Little
Penguin". Perièqei 15,336istorÐec sunolikˆ . Kˆje istorÐa apoteleÐtai apì 5 eikìnec me tic antÐstoiqec peri-
grafèc . Akolouj¸ntac touc [20], uðojetoÔme èna qwrismì me10191/2334/2208istorÐec train/validate/test
(ekpaÐdeushc/ epikÔrwshc/ exètashc). To Dataset perièqei9 epanalambanìmenouc Qarakt rec.

Metrikèc gia thn OptikopoÐhsh IstorÐac

Akolouj¸ntac touc [20], uðojetoÔme tic pio diadomènec metrikèc gia thn OptikopoÐhsh IstorÐac. EÐnai oi ex c:

ˆ FID pou sukrÐnei thn katanom  thn qarakthristik¸n (features) metaxÔ twnground-truth kai twn paragì-
menwn eikìnwn. Gia thn exagwg  twn qarakthristik¸n qrhsimopoieÐtai èna proekpaideumènoInception
v3.

ˆ Character-F1 pou posotikopoieÐ katˆ pìso to montèlo parˆgei touc epijumhtoÔc Qarakt rec stic
eikìnec. QrhsimopoioÔme ènan proekpaideumèno taxinomht  pou anagnwrÐzei thn parousÐa twn qarak-
t rwn stic eikìnec kai upologÐzoume to F1-Score anˆmesa sta apotelèsmata touc taxinomht  gia tic
eikìnec mac kai sticground-truth anaforèc twn perigraf¸n .

ˆ Character-Accuracy pou leigourgeÐ ìpwc toCharacter-F1, apl¸c upologÐzei thn akrÐbeia(Accuracy).

ˆ BLEU-2/3 pou qrhsimopoieÐ èna montèlo upotitlismoÔ(captioning) bÐnteo gia na parˆxei mia glwssik 
perigraf  gia kˆje paragìmenh istorÐa (pentˆda eikìnwn) kai gia thn antÐstoiqh pragmatik  (ground-
truch) pentˆda. Sthn sunèqeia sugkrÐnei tic perigrafèc me bˆsh thn metrik BLEU.

1.5.2 Peirˆmata Arqitektonik c

KwdikopoÐhsh Eikìnwn : VQ-GAN

Sta arqikˆ stˆdia peiramatismoÔ dokimˆsameVQ-GANs me parˆgontec sumpÐeshc: f = 4 , f = 8 and f = 16,
pou antistoiqoÔn se anaparastˆseic ston krufì q¸ro me anˆlush 16 � 16, 8 � 8 and 4 � 4 respectively
(ìlec oi eikìnec èqoun anˆlush 64 � 64). Oi diastˆseic thc biblioj khc dianusmˆtwn KrufoÔ Q¸rou pou
qrhsimopoioÔme èinai128� 256, Dhlad  128 diakritˆ dianÔsmata me diˆstash256 to kajèna . 'Ola ta montèla
èqoun� 35M paramètrouc.

Katal xame ìti metaxÔ twn tri¸n peript¸sewn aut  pou kalÔtera sunduazìtan me touc Metasqhmatistèc
 tan aut  me f = 8 (anˆlush 8 � 8 gia thn kruf  anaparˆstash ). H uperoq  aut c thc perÐptwshc se
sqèsh me tic ˆllec  tan shmantik  se ìlec tic metrikèc kai idÐwc sto FID. Upojètoume ìti autì èqei na kˆnei
me thn leptomèreia twn kruf¸n anaparastˆsewn, anˆloga me thn sumpÐesh pou upìkeintai. Prˆgmati , ìso
megalÔteroc eÐnai o parˆgontac sumpÐeshc, tìso pio " qontrokommèna" ja eÐnai ta qarakthristikˆ (features)
pou kwdikopoioÔn ta diakritˆ optikˆ sÔmbola tou VQ-GAN, afoÔ megalÔtero mèroc thc eikìnac ja prèpei na
kwdikopoihjeÐ apì èna mìno sÔmbolo. Upojètoume ìti to VQ-GAN mef = 8 petuqaÐnei thn idanik  isorropÐa
ìswn aforˆ ta optikˆ sÔmbola , ¸ste na eÐnai katˆllhla gia na ta problèyei o Metasqhmatist c apì keÐmeno.
Apì ed¸ kai pèra , sta peirˆmata qrhsimopoioÔmeVQ-GAN me anˆlush 8 � 8 sthn kruf  anaparˆstash .

MaskGST

'Opwc anafèrhke sthn Enìthta 1.4.3 to MaskGST apoteleÐtai apì dÔo Pl rh Str¸mata , akoloujoÔmena
apì kˆpoia Auto -Str¸mata . Gia autì to peÐrama, epilègoume4 Auto -Str¸mata (6 sunolikˆ str¸mata gia
ton Metasqhmatist  ). To montèlo eÐnai ìmoio me to parˆdeigma thc Eikìnac1.4.7. H kruf  diˆstash eÐnai
d = 1024. To mègejoc tou lexilogÐou katˆ thn BPE-kwdikopoÐhshnvocab = 2500. O arijmìc twn kefal¸n
Prosoq c eÐnainheads = 8 . O metasqhmatist c èqei70M parametrouc kai to sunolikì montèlo , mazÐ me to
VQ-GAN èqei105M parameters.EkpaideÔoume gia200Epoqèc me rujmì mˆjhshclr = 5e� 3. 'Opwc deÐqnei o
pÐnakac9.6, to MaskGST xepernˆ prohgoÔmenec arqitektonikècGAN se ìlec tic metrikèc . EpÐshc plhsiˆzei
tic prohgoÔmenec douleièc me Metasqhmatistèc xepern¸ntac tec seCharacter Accuracy.

QrhsimopoioÔme autì to montèlo san thn gramm  anaforˆc mac(baseline). 'Ola ta epìmena peirˆmata qtÐzoun
pˆnw se aut  thn idèa me diaforetikoÔc trìpouc. Shmei¸noume, epÐshc ìti an den anafèretai diaforetikˆ oi
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uperparˆmetroi paramènoun Ðdiec kai sta epìmena peirˆmata.

MaskGST-SV

Sthn Enìthta 1.4.3 perigrˆyame to MaskGST-SV wc èna montèlo pou xekinˆ me dÔo Pl rh Str¸mata, pou
proairetikˆ akoloujoÔntai apì kˆpoia Auto -Str¸mata , ta opoÐa akoloujoÔntai apo kˆpoia SV-Str¸mata ,
pou, tèloc akoloujoÔntai proairetikˆ apì kˆpoia akìma Auto -Str¸mata . Peiramatizìmaste me treic diafore-
tikèc diatˆxeic pou faÐnontai sthn Eikìna 9.2.1.

H diˆtaxh (a) (Eikìna 9.2.1a) apoteleÐtai apì 2 Pl rh Str¸mata , akoloujoÔmena apì 2 SV-Str¸mata ,
akoloujoÔmena apì 4 Auto -Str¸mata . H diˆtaxh (b) (Figure 9.2.1b) apoteleÐtai apì 2 Pl rh Str¸mata ,
akoloujoÔmena apì 2 Auto Str¸mata , akoloujoÔmena apì 2 SV-Str¸mata , akoloujoÔmena apì 2 Auto -
Str¸mata . Tèloc , h diˆtaxh (c) (Figure 9.2.1c) bˆzei sthn seirˆ 2 Pl rh Str¸mata , 4 Auto -Str¸mata , kai 2
SV-Str¸mata . EÐnai fanerì ìti kai oi treic enallaktikèc qrhsimopoioÔn 2 Pl rh Str¸mata , 4 Auto -Str¸mata
kai 2 SV-Str¸mata . Allˆzei h jèsh twn SV-Strwmˆtwn . Xekin¸ntac apì thn pr¸th proc thc trÐth diˆtaxh ,
ta SV-Str¸mata metakinoÔntai apì thn arq  proc to tèloc thc paragwgik c diadikasÐac .

Oi loipèc uperparˆmetroi mènoun Ðdiec me touMaskGST (d = 1024, nvocab = 2500, nheads = 8 . lr = 5e � 3,
nepochs = 200).

Ta peirˆmatˆ mac deÐqnoun ìti oi diatˆxeic(a) kai (b) belti¸noun ta apotelèsmata se sqèsh me to sumbatikì
MaskGST. AntÐjeta, h diˆtaxh (c) dÐnei shmantikˆ qeirìtera apotelèsmata, akìma kai apì to MaskGST.
Leptomer  apotelèsmata faÐnontai ston PÐnaka9.1. SumperaÐnoume ìti h qr shSV-Strwmˆtwn mporeÐ na
enisqÔsei thn apìdosh tou montèlou, allˆ paÐzei shmantikì rìlo poÔ ja topojethjoÔn stn paragwgik 
diadikasÐa. Ta apotelèsmatˆ mac upodeiknÔoun ìti den prèpei na topojethjoÔn sto tèloc tou Metasqhmatist  .

To T5-XXL wc kwdikopoiht c keimènou

Gia na peiramatistoÔme me toT5-XXL[24] wc kwdikopoiht  keimènou qrhsimopoioÔme toMaskGST, qwrÐc ta
dianÔsmata lèxewn(text embeddings). AntÐ aut¸n, paÐrnoume mÐa kwdikopoÐhsh gia kˆje glwssik  perigraf 
pern¸ntac thn mèsa apì èna pro-ekpaideumèno montèloT5-XXL kai qrhsimopoi¸ntac tic teleutaˆiec krufèc
katastˆseic antÐ dianusmˆtwn lèxewn gia ton Metasqhmatist  mac. 'Opwc faÐnetai ston PÐnaka9.3 (MaskGST
w/ T5-XXL), aut  h prosèggish den belti¸nei shmantikˆ kamÐa metrik  se sqèsh me to sumbatikìMaskGST.
PisteÔoume ìti autì ofeÐletai sto gegonìc ìti to T5-XXL den èqei ekpaideuteÐ sto s¸ma keimènwn(corpus)
twn perigraf¸n tou Dataset pou qrhsimopoioÔme. Autì to corpus èqei ìmwc idiaiterìthtec, ìpwc ta onìmata
twn Qarakt rwn pou den apoteloÔn pragmatikèc Agglikèc lèxeic (p.q. Pororo, Crong klp ). Upojètontac ,
ìti gia tètoiec lèxeic to T5 den katafèrnei na sunjèsei ekfrastikèc anaparastˆseic , eÐnai logikì to ìti den
eÐnai kalˆ ta apotelèsmata, afoÔ autèc oi lèxeic eÐnai oi shmantikìterec gia thn sÔnjesh twn eikìnwn, sthn
perÐptws  mac.

Epˆuxhsh Glwssik¸n Dedomènwn mèsw tou ChatGPT

QrhsimopoioÔme toChatGPT 3.5 mèsw touAPI pou parèqei hOpenAI gia na epaux soume tic glwssikèc
perigrafèc tou Dataset. Gia kaje istorÐa (seirˆ apì 5 perigrafèc ), dÐnoume stoChatGPT thn perigraf  tou
rìlou tou wc bohjoÔ gia thn epaÔxhsh dedomènwn, akoloujoÔmenh apì tic 5 perigrafèc . To akribèc m numa
rìlou pou dÐnoume sto montèlo(gia to Pororo-SV) paratÐjetai sthn Enìthta 9.2.5. Oi prwtìtupec perigrafèc
thc istorÐac dÐnontai sto montèlo sthn parakˆtw morf  :

1. { perigraf  1}
2. { perigraf  2}
3. { perigraf  3}
4. { perigraf  4}
5. { perigraf  5}

To montèlo pou qrhsimopoioÔme gia to peÐrama eÐnai ìmoio me toMaskGST tou arqikoÔ peirˆmatoc. H mình
diaforˆ eÐnai ìti katˆ thn ekpaÐdeush epilègoume tuqaÐa anˆmesa sthn prwtìtuph perigraf  kai aut  pou èqei
paraqjeÐ apo toChatGPT gia kˆje deÐgma ekpaÐdeushc, se kˆje epoq  . Katˆ ton sumperasmì qrhsimopoioÔme
mìno tic prwtìtupec perigrafèc .
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'Opwc faÐnetai ston pÐnaka9.3, autì to peÐrama(MaskGST w/ aug. captions) petuqaÐnei beltiwmèna apotelès-
mata se sqèsh me to sumbatikìMaskGST se ìlec tic metrikèc , me exaÐresh tic metrikècBLEU, an kai ekeÐ
den eÐnai megˆlh h diaforˆ. Upojètoume ìti autì to apotèlesma epibebai¸nei ìti h epaÔxhsh twn keimenik¸n
dedomènwn ekpaÐdeushc prostateÔei to montèlo apì thn uper-prosarmog  (over�tting) kai to bohjˆei na es-
tiˆsei perissìtero se shmantikèc ènnoiec (p.q. onìmata Qarakt rwn ), parèqontac enallaktikèc perigrafèc
gia kˆje eikìna .

Kajod ghsh Qarakt rwn

Gia na diexˆgoume autì to peÐrama qrhsimopoioÔme toMaskGST (ìpwc sto arqikì peÐrama) kai prosjètoume
2Cn DianÔsmata Qarakt rwn (èna Jetikì kai èna Arnhtikì gia kˆje Qarakt ra ), ìpwc analÔsame sthn
Enìthta 1.4.3.

Katˆ thn ekpaÐdeush, jètoume thn pijanìthta apìrriyhc thc keimenik c perigraf c se 20%, dhlad  apor-
rÐptoume teleÐwc thn perigraf  sto 20% twn deigmˆtwn ekpaÐdeushc, se kˆje epoq  kai ta antikajistoÔme
me èna diˆnusmat[NULL]. Gia autˆ ta deÐgmata, o Metasqhmatist c problèpei ta optikˆ sÔmbola sta opoÐa
èqei efarmosteÐ mˆska basizìmenoc mìno sthn Auto-Prosoq  metaxÔ optik¸n sumbìlwn kai sta DianÔsmata
Qarakt rwn . To upìloipo 80% twn deigmˆtwn ekpaÐdeushc, qrhsimopoioÔntai tìso oi glwssikèc perigrafèc ,
ìso kai ta DianÔsmata Qarakt rwn wc sunj kec .

Katˆ ton sumperasmì sqhmatÐzoumelogits, upo sunj kh keimènou, ` tc kai logits, upì sunj kh Dianusmˆtwn
Qarakt rwn `char . Ta telikˆ logits dÐnontai apì ton tÔpò = (1 � f )` tc + f` char . QrhsimopoioÔmaif = 0 :2,
pou eÐani sunepèc me thn pijanìthta apìrriyhc glwssik¸n perigraf¸n sthn ekpaÐdeush.

Ta apotelèsmata gia autì to peÐrama faÐnontai ston pÐnaka9.3 (MaskGST-CG+ ). 'Eqoume shmantik  beltÐwsh
twn apotelesmˆtwn se sqèsh me to arqikì peÐrama. H upìjes  mac ìti h qr sh xeqwrist¸n logits gia touc
Qarakt rec ja belti¸sh thn paragwg  twn Qarakt rwn epibebai¸netai apì thn shmantik  beltÐwsh twn Char-
F1 kai Char-Acc. Epiprìsjeta , parathroÔme beltÐwsh kai stic upìloipec metrikèc(FID kai BLEU-score).

Qr sh Arnhtik¸n UpodeÐxewn

Se autì to peÐrama qrhsimopoioÔme to Ðdio montèlo me to prohgoÔmeno(Kajod ghsh Qarakt rwn ). Epomènwc,
den allˆzei tÐpota ìson aforˆ thn arqitektonik  kai thn ekpaÐdeush . Autì pou tropopoieÐtai eÐnai to sq ma
sumperasmoÔ. Se kˆje epanˆlhyh thc diadikasÐac sumperasmoÔ, upologÐzoume talogits, upì sunj kh glws-
sik¸n perigraf¸n kai to Arnhtikˆ logits Qarakt rwn (`char ), ìpwc perigrˆfoume sthn Enìthta 1.4.3. Ta
telikˆ logits (`) se kˆje b ma upologÐzontai wc ex c: ` = (1 + f )` tc � f ` char .

Ta apotelèsmata autoÔ tou peirˆmatoc faÐnontai ston PÐnaka9.3 (MaskGST-CG� ). EÐnai fanerì ìti h
Qr sh Arnhtik¸n UpodeÐxewn èqei jetikˆ apotelèsmata se ìlec tic metrikèc .

'Enac pio pl rhc trìpoc na qrhsimopoi soume thn ideˆ twn Arnhtik¸n UpodeÐxewn eÐnai se sunduasmì me
(Jetik  ) Kajod ghsh Qarakt rwn , me skopì na spr¸xoume ta logits proc touc epijumhtoÔc Qarakt rec
kai makriˆ apì anepijÔmhtouc, se kˆje eikìna . Gia na to petÔqoume autì sqhmatÐzoume talogits (`) se
kˆje epanˆlhyh tou sumperasmoÔ san sunduasmì tri¸n anexˆrthtwn omˆdwn apì logits: ` tc , `char kai `char .
QrhsimopoioÔme ton tÔpo:

` = (1 � f )` tc + 2 f` char � f ` char (1.5.1)

ìpou f = 0 :2. Shmei¸noume ìti to ˆjroisma twn suntelest¸n gia ta logits eÐnai(1 � f ) + 2 f � f = 1 .

Ta apotelèsmata aut c thc mejìdou eÐnai ston PÐnaka9.3 (MaskGST-CG� ). ParathroÔme ìti o sunduasmìc
thc Kajod ghshc Qarakt rwn me thn Arnhtik  Kajod ghsh eÐnai prˆgmati wfèlimoc . FaÐnetai ìti oi dÔo
mèjodoi enisqÔoun h mÐa thn ˆllh kai fèrnoun fèrnoun ìlec tic metrikèc sto kalÔtero epÐpedo se sqèsh me
ìla ta prohgoÔmena peirˆmata.

Krit c Sumbìlwn Basismènoc stouc Qarakt rec

'Opwc perigrˆyame sthn Enìthta 1.4.5, oKrit c Sumbìlwn (Token Critic) eÐnai ènac bohjhtikìc Metasqhma-
tist c pou qrhsimopoieÐ Auto-Prosoq  metaxÔ twn optik¸n sumbìlwn kai Etero -Prosoq  me ekpaideuìmena
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DianÔsmata Qarakt rwn gia na bgˆlei wc èxodo BajmoÔc EmpistosÔnhc gia ta Optikˆ SÔmbola, se kˆje
epanˆlhyh thn diadikasÐac sumperasmoÔ. O Metasqhmatist c pou qrhsimopoioÔme apoteleÐtai apo4 diadoqikˆ
Pl rh Str¸mata (faÐnetai sthn Eikìna 9.2.2). PaÐrnei san eÐsodo thn èxodo touMaskGST kai bgˆzei sthn
èxodo ènan arijmì metaxÔ0 kai 1 gia kˆje optikì sÔmbolo (o bajmìc empistosÔnhc tou). EkpaideÔoume ènan
Krit  Sumbìlwn me diˆstash d = 512 kai arijmì kefal¸n nheads = 8 . O paragwgikìc Metasqhmatist c
pou qrhsimopoioÔme eÐani ènaMaskGST ìmoio me ekèino tou arqikoÔ peirˆmatoc. To oloklhrwmèno montèlo
(VQ-GAN, MaskGST kai Krit c Sumbìlwn ) èqei139M paramètrouc.

Ta apotelèsmata tou peirˆmatoc faÐnontai ston pÐnaka9.3 (MaskGST w/ Char-Attn T.C.). Blèpoume ou-
siastik  pt¸sh twn epidìsewn stic metrikèc , apì thn qr sh tou Krit  Sumbìlwn se sqèsh me to arqikì
peÐrama. MÐa pijan  ex ghsh eÐnai ìti h qr sh Dianusmˆtwn Qarakt rwn wc monadikì sugkeÐmeno(context)
gia ton Krit  Sumbìlwn eÐnai anepark c gia na problèyei bajmoÔc empistosÔnhc apotelesmatikˆ.

AÔxhsh thc eukrÐneiac tou KrufoÔ Q¸rou Qarakthristik¸n

QrhsimopoioÔmai toMaskGST apì to pr¸to peÐrama san basikì Metasqhmatist  (base Transformer). Autì
to MaskGST problèpei optikˆ sÔmbola se anˆlush 8� 8, qrhsimopoi¸ntac ton krufì q¸ro enìc VQ-GAN me
f = 8 . EkpaideÔoume ènan Metasqhmatist  pou problèpei optikˆ sÔmbola se anˆlush16� 16, upì sunj kh
Dianusmˆtwn Lèxewn(text embeddings), allˆ kai twn qamhlìterhc anˆlushc (Low Resolution - LR) optik¸n
sumbìlwn pou problèpei to basikì montèlo .

O Super-ResMetasqhmatist c èqei Ðdiec uperparamètrouc me to arqikì macMaskGST (2 Pl rh Str¸mata ,
akoloujoÔmena apì 4 Autì -Str¸mata , d = 1024, nvocab = 2500, nheads = 8 , lr = 5e � 3, nepochs = 200).
EpÐshc, ìpwc èqoume pei, ta LR optikˆ sÔmbola pernˆne apì miˆ seirˆ Auto -Strwmˆtwn prin qrhsimopoihoÔn
apì ton Super-ResMetasqhmatist  . Gia autì twn skopì qrhsimopoioÔntai 4 Auto -Str¸mata me d = 1024 kai
nheads = 8 . O sunolikìc arimìc paramètrwn , sumperilambˆnontac toVQ-GAN, allˆ ìqi to basikì montèlo
eÐnai139M.

Ston PÐnaka9.3 (MaskGST w/ Latent Super Res.) faÐnontai ta apotelèsmata tou peirˆmatoc. Aut  h mèjodoc
dÐnei qeirìtera apotelèsmata se ìlec tic metrikèc se sqèsh me tobaseline MaskGST (pr¸to peÐrama). Pis-
teÔoume ìti autì to eÔrhma apoteleÐ epiplèon apìdeixh gia tic parathr seic pou kˆname sqetikˆ me ta peirˆmata
sto VQ-GAN sthn Enìthta 1.5.2. 'Opwc eÐqame parathr sei, h anˆlush 8� 8, sthn kruf  anaparˆstash eÐqe
me diaforˆ ta kalÔtera apotelèsmata , kˆti pou eÐqame apodìsei sto pìso leptomer  eÐnai ta qarakthristikˆ
(features) twn dianusmˆtwn tou krufoÔ q¸rou . Upojètoume, ìti h uyhlìterh anˆlush (16 � 16) pou qrhsi-
mopoieÐ toSuper-Resmontèlo gÐnetai uperbolikˆ leptomer c, kwdikopoi¸ntac leptˆ qarakthristikˆ pou eÐnai
dÔskolo na antistoiqistoÔn apotelesmatikˆ se pio qondrikèc glwssikèc ènnoiec apì to Metasqhmatist  .

Apìplexh Qarakthristik¸n ston Krufì Q¸ro

Gia autì to peÐrama ekpaideÔoume èna tropopoihmènoVQ-GAN me dÔo biblioj kec diakrit¸n dianusmˆtwn ston
krufì q¸ro , echar ; ebackground 2 R128� 256 ìpwc perigrˆyame sthn Enìthta 1.4.7. To VQ-GAN kwdikopoieÐ
mÐa eikìna me bˆsh thn biblioj kh Qarakt rwn kai Fìntou kai sunduˆzei tic kwdikopoi seic qrhsimopoi¸ntac
thn Mˆska Fìntou .

Sunduˆzoume toVQ-GAN me tic dÔo biblioj kec me ènan Metasqhmatist , ìpwc perigrˆfetai sthn Enìthta
1.4.7. Oi uperparˆmetroi tou Metasqhmatist  mènoun Ðdiec me tou arqikoÔMaskGST. H diaforˆ eÐnai ìti
èqoun treic grammikoÔc metasqhmatismoÔ sthn èxodo, gia na antistoiqÐzoun thn èxodo tou Metasqhmatist 
se logits Qarakt rwn , logits Fìntou kai Mˆska Fìntou .

Ta apotelèsmata gia autì to peÐrama(PÐnakac9.3 - MaskGST w/ latent space disentanglement)eÐnai apogo-
hteutikˆ se ìlec tic metrikèc . To FID anebaÐnei, en¸ oi upìloipec metrikèc ellat¸nontai , se sÔgkrish me to
prwtìtupo MaskGST (baseline). Upojètoume ìti autì èqei na kˆnei me thn poluplokìthta thc montelopoÐhshc
gia ton Metasqhmatist  . Sugkekrimèna, autìc kaleÐtai na parametropoi sei tìso thn p� (zchar jT), ìso kai
thn p� (zbackground jT) (to � anaparistˆ tic paramètrouc touc Metasqhmatist  kai to T thn anaparˆstash twn
keimenik¸n perigraf¸n ). Dedomènou ìti ta zchar kai zbackground montelopoioÔntai mèsw diaforetik¸n q¸rwn
anaparˆstashc (diaforetikèc biblioj kec dianusmˆtwn ) eÐnai, Ðswc anèfikto gia ènan Metasqhmatist  na mˆjei
kai tic dÔo katanomèc tautìqrona.
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SunduasmoÐ Mejìdwn

Mèsw twn prohgoÔmenwn peiramˆtwn entopÐsame kˆpoiec uposqìmenec idèec. Se aut  thn enìthta , axiologoÔme
an oi mèjodoi pou doÔleyan kalˆ anexˆrthta mporoÔn na sunduastoÔn gia na enisqÔsoun h mÐa thn ˆllh kai na
fèroun peraitèrw beltÐwsh. Sugkekrimèna upˆrqoun treic mèjodoi pou beltÐwsan ta apotelèsmata se sqèsh
me tobaseline MaskGST:

ˆ MaskGST-SV (con�g b)

ˆ MaskGST me epaÔxhsh glwssik¸n dedomènwn

ˆ MaskGST-CG� (Kajod ghsh Qarakt rwn kai qr sh Arnhtik¸n UpodeÐxewn )

Sunduˆzoume tic parapˆnw mejodouc se zeugˆria kai ìlec mazÐ. Ston PÐnaka9.2 sugkentr¸noume ta apotelès-
mata gia autˆ ta peirˆmata. Sumperilambˆnoume kai ta apotelèsmata twn epimèrouc peiramˆtwn gia eukolÐa
sÔgkrishc. ProkÔptei ìti o kalÔteroc sundiasmìc eÐnai: MaskGST-CG-� w/ aug. captions. Sugkekrimèna,
belti¸nei to FID gia perissìterec apì 3 monˆdec kai toChar-F1 gia sqedìn 1 monˆda, se sÔgkrish me to
MaskGST-CG� . To Char-Acc mènei idio. AxÐzei na shmeiwjeÐ ìti toBLEU-score eÐnai elafr¸c qeirìtero apì
tou MaskGST-CG� .

1.5.3 Peirˆmata Uper -Paramètrwn

Uper -Parˆmetroi tou Metasqhmatist 

'Eqontac ftˆsei sthn kalÔterh arqitektonik  mac : MaskGST-CG-� w/ aug. captions, pragmatopoioÔme kˆpoia
mh exantlhtikˆ peirˆmata ìson aforˆ tic uperparamètrouc . Sugkekrimèna, exereunoÔme thn epÐdrash allag¸n
sto m koc (pl joc strwmˆtwn ) kai to plˆtoc (kruf  diˆstash ) tou Metasqhmatist  , sta apotelèsmata.

O PÐnakac9.4 deÐqnei ta apotelèsmata twn peiramˆtwn, ìson aforˆ to m koc tou Metasqhmatist  . Kratˆme
tic upìloipec uper -paramètrouc stajerèc (h diˆstash eÐnaid = 1024) kai klimak¸noume to m koc apì ta 4
mèqri ta 16 str¸mata . ParathroÔme ìti h ˆuxhsh twn strwmˆtwn odhgeÐ se beltÐwsh ìlwn twn metrik¸n.

Ston PÐnaka9.5, sugkentr¸noume ta apotelèsmata , ìswn aforˆ ta peirˆmata gia thn diˆstash tou Metasqh-
matist  . Gia autˆ ta peirˆmata kratˆme ìlec tic ˆllec uper -paramètrouc Ðdiec kai poikÐloume thn kruf  diˆs-
tash tou montèlou apì d = 768 to d = 2048. O arijmìc twn strwmˆtwn eÐnai Ðsoc me6 (2 Pl rh Str¸mata
akoloujoÔmena apì4 Auto -Str¸mata ). H aÔxhsh thc diˆstashc tou montèlou sundèetai me beltÐwsh se ìlec
tic metrikèc. Sugkekrimèna, o Metasqhmatist c me d = 2048 eÐnai to kalÔtero montèlo mac.

Melèth gia thn Kajod ghsh Qarakt rwn

Qrhsimopoi¸ntac to kalÔtero montèlo mac, MaskGST-CG� w/ aug.captions (d=2048), pragmatopoioÔme mÐa
melèth pˆnw ston parˆgonta (f ) thc Kajod ghshc Qarakt rwn (ExÐswsh8.3.8). Ta apotelèsmata sunoyÐ-
zotai sthn Eikìna 1.5.1. Oi kampÔlec pou antiproswpeÔoun tic Metrikèc pou sqetÐzontai me tou Qarakt rec
èqoun to Ðdio akrib¸c sq ma. EÐnai aÔxousec mèqri tof = 0 :6, en¸ mei¸nontai elafr¸c gia to f = 0 :8. To
FID, apì thn ˆllh , mei¸netai (belti¸netai ) mèqri to f = 0 :4 kai sthn sunèqeia auxˆnetai gia tic dÔo epìmenec
peript¸seic . Se diaisjhtikì epÐpedo, blèpoume ìti me thn aÔxhsh touf belti¸noume thn paragwg  twn Qarak-
t rwn . Autì eÐnai anamenìmeno, afou me thn ˆuxhsh aut  , to montèlo dÐnei ìlo kai perissìterh prosoq  sta
logits twn Qarakt rwn se sqèsh me ta logits pou basÐzontai sthn keimenik  perigraf . Belti¸nontac touc
Qarakt rec , belti¸noume kai thn sunolikh poiìthta twn eikìnwn , mèqri kˆpoion bajmì, afoÔ autoÐ apoteloÔn
basikì kommˆti twn perissìterwn eikìnwn . Autì exhgeÐ to gegonìc ìti h ˆuxhsh tou f mèqri kˆpoio shmeÐo
(f = 0 :4) belti¸nei kai to FID ( poiìthta twn eikìnwn ). Wstìso , h peraitèrw aÔxhsh touf , èqei arnhtikì
antÐktupo sthn sunolik  poiìthta twn eikìnwn , kaj¸c dÔnoume dusanˆloga polÔ bˆroc sta logits twn Qarak-
t rwn kai parameloÔme talogits pou basÐzontai stic perigrafèc. Tìte to montèlo apotugqˆnei na kataskeuˆsei
kommˆtia ˆlla kommˆtia sthn eikìna , pou den sqetÐzontai me touc Qarakt rec.

Gia f = 0 :4 paÐrnoume ton bèltisto sunduasmì metrik¸n(68.32, 41.40kai 42.49 gia ta Char-F1, Char-Acc
and FID, antÐstoiqa). Wstìso , sthn prˆxh , brÐskoume ìti akìma kai tof = 0 :4 kˆnei to montèlo na afier¸sei
uperbolikì prosoq  sthn paragwg  twn Qarakt rwn , me arnhtikˆ apotelèsmata sthn sunolik  poiìthta thn
istorÐac, lìgw thc ap¸leia thc sunoq c twn eikìnwn . KrÐnoume ìti mef = 0 :2 epitugqˆnetai o kalÔteroc
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Figure 1.5.1: Melèth tou parˆgonta f sthn Kajod ghsh Qarakt rwn .

sumbibasmìc(trade-o�) metaxÔ paragwg c twn Qarakt rwn kai sunolik¸n poiìthta thc IstorÐac , se poiotikì
epÐpedo.

1.5.4 SÔgkrish me ProhgoÔmenec Teqnikèc

Se autì to shmeÐo sugkrÐnoume ta montèla mac me prohgoÔmenec teqnikèc. 'Oson aforˆ ta GANs, sugkrÐnoume
me taStoryGAN [18], CP-CSV[36], DUCO-StoryGAN[20] kai VLC-StoryGAN[19]. EpÐshc sugkrÐnoume me tic
dÔo arqitektonikèc tÔpou Metasqhmatis : VP-CSV [5] kai CMOTA[1]. Anaforikˆ me ta montèla diˆqushc ,
upˆrqoun treic prohgoÔmenec teqnikèc: AR-LDM[22], ACM-VSG[10] kai Causal-Story[35]. H ˆmesh sÔgkrish
me autˆ ta montèla den eÐnai dÐkaih, dedomènou ìti basÐzontai stoLDM[28], pou eÐnai pro-ekpaideumèno se èna
terˆstio sÔnolo dedomènwn me ˆfjonec upologistikèc upodomèc. Epiplèon, apaitoÔn polÔ akribì exoplismì
gia thn anˆptux  touc . Endeiktikˆ , to AR-LDM qrhsimopoieÐ[40� ] thn vRAM pou qrhsimopoieÐtai sthn dik 
mac doulei .̂ Wstìso , gia lìgouc plhrìthtac , sumperilambˆnoume autˆ ta montèla sthn sÔgkrish pou kˆnoume.
Anaferìmaste se autˆ xeqwristˆ sthn upoenìthta 1.5.4.

O pÐnakac9.6 sugkentr¸nei ta apotelèsmata twn prohgoÔmenwn mejìdwn mazÐ me to basikì mac montèlo
(baseline) MaskGST,kaj¸c kai to kalÔtero montèlo mac MaskGST-CG� , with d = 1024 and d = 2048.

'Opwc èqoume  dh anafèrei, to StoryLDM kai to StoryGPT-V efarmìzontai se mÐa paralagmènh èkdoq  thc
SV, ìpou epaneilhmmènec anaforèc stouc qarakt rec, antikajist¸ntai me antwnumÐec. Gia autìn ton lìgo , h
ˆmesh sÔgkrish mazÐ touc den eÐnai efarmìsimh.

MaskGST-CG � w/ aug. captions ( d = 1024) To montèlo mac med = 1024 apodÐdei kalÔtera apì
ìlec tic prohgoÔmenec proseggÐseic meGANs h Metasqhmatistèc, se ìlec tic metrikèc (qamhlìtero FID kai
uyhlìtera Char-F1, Char-Acc, BLEU-2/3). Eidikˆ stic metrikèc pou aforoÔn touc qarakt rec , h beltÐwsh
eÐnai shmantik . Sugkekrimèna, to Char-F1 auxˆnetai gia 3.6 kai to Char-Acc gia 7.7 monˆdec, se sqèsh me
to prohgoÔmeno kalÔtero(VP-CSV). JewroÔme ìti h uperoq  tou montèlou mac se autèc tic metrikèc mporeÐ
na apodojeÐ, se megˆlo bajmì sthn teqnik  Kajod ghshc Qarakt rwn pou proteÐnoume .

MaskGST-CG � w/ aug. captions ( d = 2048) H diplasiasmìc thc kruf c diˆstashc se d = 2048
belti¸nei ta apotelèsmatˆ mac se ìlec tic metrikèc . IdiaÐtera shmantik  eÐnai h meÐwsh touFID, to opoÐo
mei¸netai katˆ 8.8 monˆdec sugkritikˆ me thn èkdosh tou montèlou med = 1024. Upojètoume ìti o diplasias-

27



Chapter 1. Ektetamènh PerÐlhyh sta Ellhnikˆ

mìc thc kruf c diˆstashc af nei perissìtero q¸ro sto montèlo gia na mˆjei pio polÔplokec kai leptomereÐc
antistoiqÐseic metaxÔ lèxewn kai optik¸n qarakthristik¸n , pou èqoun wc apotèlesma eikìnec uyhlìterhc
poiìthtac me perissìterec leptomèreiec. H ikanìthta tou montèlou na mˆjei pio polÔplokec anaparastˆseic
kai na parˆgei pio leptomereÐc eikìnec mporeÐ na exhg sei tic belti¸seic kai stic ˆllec metrikèc. Eidikìtera ,
oi eikìnec uyhl c poiìthtac ja apeikonÐzoun beltiwmènec ekdoqèc twn qarakt rwn kai ja parˆgoun kalÔtera
skor BLEU, mèsw tou upotitlismoÔ twn paragìmenwn eikìnwn.

SÔgkrish me Montèla Diˆqushc 'Opwc gÐnetai fanerì apì ton PÐnaka9.6, uðojetoÔn mìno toFID
san metrik . Autì den eÐnai eparkèc gia thn OptikopoÐhsh IstorÐac, dedomènou ìti lambˆnei upìyin mìno
twn poiìthta kˆje epimèrouc eikìnac . 'Oswn aforˆ to FID, ta trÐa montèla diˆqushc eÐnai asunag¸nista se
sÔgkrish me ìlec tic upìloipec proseggÐseic. Wstìso autì mporeÐ na apodojeÐ-toulˆsiston se ènan bajmì -
sthn ektetamènh proekpaÐdeus  touc, kaj¸c kai sta megˆla pl jh paramètrwn .

1.5.5 Poiotikˆ apotelèsmata

PororoSV

Sthn Eikìna 1.5.2 parèqoume tèssera paradeÐgmata apì istorÐec eikìnwn, apì to sÔnolo epal jeushc tou
Pororo-SV. Gia kˆje istorÐa parousiˆzoume tic lezˆntec , tic prwtìtupec eikìnec , tic eikìnec pou parˆgontai
apì to CMOTA[1] kai tic eikìnec apì to montèlo mac (MaskGST-CG� w/ aug. captions (d = 2048)). Gia
autìn ton skopì , qrhsimopoioÔmai to pro-ekpaideumènoCMOTA pou èqei dhmosieujeÐ ed¸4. PragmatopoioÔmai
mÐa poiotik  sÔgkrish me bˆsh autˆ ta poiotikˆ apotelèsmata.

Optik  Poiìthta 'Oson aforˆ thn optik  poiìthta , eÐnai emfanèc apì ta paradeÐgmata ìti to montèlo mac
eÐnai an¸tero apì to CMOTA. Gia parˆdeigma, sto pˆnw -aristerì plaÐsio , h pr¸th kai h teleutaÐa eikìna , pou
kataskeuˆsthkan apì to CMOTA eÐnai jolèc kai anepark¸c katanohtèc. AntÐjeta, sth dik  mac perÐptwsh,
kai oi dÔo eikìnec perièqoun anagnwrÐsima antikeÐmena(qarakt rec ). 'Oson aforˆ tic treic endiˆmesec eikìnec,
autèc pou parˆgei to CMOTA perièqoun merikoÔc anagnwrÐsimouc qarakt rec. Wstìso , akìma kai se aut 
thn perÐptwsh, oi eikìnec mac eÐnai polÔ uyhlìterhc poiìthtac, me touc qarakt rec na èqoun shmantikˆ pio
leptomereÐc emfanÐseic(p.q. ta mˆtia tou Crong (tou prˆsinou deinosaÔrou) kai to rˆmfoc tou Pororo (tou
pigkouÐnou)).

Qronik  Sunèpeia 'Oson aforˆ sthn qronik  sunèpeia , parathroÔme ìti oi eikìnec tou CMOTA
duskoleÔontai na diathr soun stajerì fìnto kai sta 4 paradeÐgmata. Eidikìtera , eikìnec apì exwterikì
q¸ro enallˆsontai me eikìnec apì eswterikì q¸ro . Gia parˆdeigma, sto pˆnw dexÐ pˆnel, h pr¸th kai h
teleutˆia eikìna faÐnetai na deÐqnoun èna qionismèno fìnto, en¸ oi ˆllec treic faÐnetai na eÐnai apì eswterikì
q¸ro . AntÐjeta, to montèlo mac katafèrnei na diathr sei ènan sqetikˆ sunektikì fìnto stic perissìterec
peript¸seic . Eidikˆ sto pˆnw dexÐ pˆnel, h emfˆnish tou dwmatÐou diathreÐtai exairetikˆ sunep c. Na shmei¸-
soume, ìti sto kˆtw dexÐ pˆnel , to montèlo mac antimetwpÐzei duskolÐec sth sunèpeia kai eidikˆ sthn tètarth
eikìna pou èqei ˆsqeto fìnto , se sÔgkrish me tic geitonikèc.

Shmasiologik  Sunˆfeia O ìroc Shmasiologik  Sunˆfeia anafèretai sto an oi paragìmenec eikìnec
eÐnai sqetikèc me tic antÐstoiqec lezˆntec. 'Oson aforˆ autì , to CMOTA faÐnetai na antimetwpÐzei idiaÐtera
probl mata stic peript¸seic ìpou anafèrontai polloÐ qarakt rec . Gia parˆdeigma, sto kˆtw -dexiì pˆnel ,
h pr¸th lezˆnta anafèrei touc Petty kai Loopy, allˆ dhmiourgeÐtai mìno oPetty. Sth deÔterh lezˆnta ,
ìpou anafèrontai polloÐ qarakt rec , h eikìna tou CMOTA eÐnai akatanìhth. Stic epìmenec treic eikìnec,
to CMOTA katafèrnei na dhmiourg sei touc perissìterouc anaferìmenouc qarakt rec , an kai me qamhl 
poiìthta . AntÐjeta, to montèlo mac katafèrnei na dhmiourg sei ìlouc touc sqetikoÔc qarakt rec stic peris-
sìterec peript¸seic . Sto kˆtw -dexiì pˆnel , autì isqÔei gia ìlec tic lezˆntec . EÐnai epÐshc axioshmeÐwto
ìti , sth deÔterh eikìna, katafèrnei na dhmiourg sei polloÔc qarakt rec me exairetik  poiìthta , kaj¸c kai to
kìkkino autokÐnhto pou anafèretai sth lezˆnta

4https://github.com/yonseivnl/cmota
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Figure 1.5.2: Poiotik  sÔgkrish metaxÔ tou montèlou mac(MaskGST-CG� w/ aug. captions) kai tou
CMOTA[1] se tèssera paradeÐgmata istori¸n.

1.5.6 Anjr¸pinh Axiolìghsh

Gia thn peraitèrw dierèunhsh twn poiotik¸n apotelesmˆtwn mac, diexˆgame mia èreuna, basismènh se anjr¸pinh
axiolìghsh , me bˆsh trÐa krit ria pou èqoun uðojethjeÐ kai se prohgoÔmenec douleièc[20, 19, 1],sugkrÐnontac
to montèlo mac me toCMOTA [1]. Ta trÐa krit ria eÐnai ta ex c:

ˆ H Optik  Poiìthta , pou anafèretai sto katˆ pìso oi eikìnec eÐnai optikˆ euqˆristec , se antÐjesh
me to na eÐnai jolèc kai dusnìhtec.

ˆ H Qronik  Sunèpeia sqetÐzetai me to an oi eikìnec eÐnai sunepeÐc metaxÔ touc, krat¸ntac èna koinì
jèma kai sqhmatÐzontac mÐa istorÐa, antÐ na moiˆzoun san pènte xeqwristèc skhnèc.

ˆ H Shmasiologik  Sunˆfeia anafèretai sto katˆ pìso oi eikìnec antikatoptrÐzoun tic antÐstoiqec
lezˆntec kai touc qarakt rec pou anafèrontai se autèc , me akrÐbeia.

H axiolìghsh gÐnetai me bˆsh100 istorÐec apì to sÔnolo epal jeushc tou Pororo-SV. Kˆje istorÐa axiolo-
geÐtai apì dÔo diakritoÔc qr stec. Ta apotelèsmata thc èreunac(Table 1.1) dèiqnoun ìti to montèlo mac
uperèqei me bˆsh ìla ta krit ria , kˆti pou uposthrÐzei kai ta posotikˆ mac apotelèsmata.
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Krit rio Ours (%) CMOTA (%) Tie(%)
Optik  Poiìthta 78% 3% 19%
Qronik  Sunèpeia 66% 8% 26%
Shmasiologik  Sunˆfeia 64% 9% 27%

Table 1.1: Ta apotelèsmata thc anjr¸pinhc axiolìghshc . SugkrÐnoume to montèlo macMaskGST-CG� w/
aug. caption (d=2048) (Ours) me toCMOTA, me bˆsh trÐa krit ria . to Our(%) kai to CMOTA(%)

antistoiqoÔn sta posostˆ twn peript¸sewn pou to kˆje montèlo epilègetai kai apì touc dÔo qr stec , en¸
to Tie(%) antistoiqeÐ stic upìloipec peript¸seic .

1.5.7 Anˆlush QrhsimopoioÔmenwn Pìrwn

Pìroi katˆ thn Ekpˆideush

QrhsimopoioÔme perÐpou36 kai 107 ¸rec antÐstoiqa gia na ekpaideÔsoume touc Metasqhmatistèc med = 1024
and d = 2048, antÐstoiqa se mÐaNVIDIA V100 (16GB). Autì antistoiqeÐ se (36 hours) � (16GB) = 576 (GB �
hours) kai (107 hours)� (16GB) = 1712 (GB � hours) qr shc GPU, antÐstoiqa. Gia sÔgkrish, gia to VP-CSV
[5] anafèretai ìti qrhsimopooÔntai 4 NVIDIA A100 (40GB) gia 12 ¸rec . Autì antistoiqeÐ se (12 hours) �
(4�40 GB) = 1920 (GB � hours) qr shc GPU, qwrÐc na lˆboume upìyin ìti h A100 eÐnai pio sÔgqrwnhGPU
apì thn V100. To CMOTA [1] den anafèrei qr sh pìrwn katˆ thn ekpaÐdeush.

Pìroi katˆ ton Sumperasmì

Dedomènou ìti pragmatopoi same sumperasmì tìso gia ta montèla mac, ìso kai gia to CMOTA, sthn Ðdia
GPU, mporoÔme na kˆnoume mÐa dÐkaih sÔgkrish. Ta montèla mac med = 1024 kai d = 2048 qreiˆzontai
34 leptˆ kai 94 leptˆ , antÐstoiqa gia na pragmatopoi soun sumperasmì gia tic2208 istorÐec tou sunìlou
epal jeushc . Autì antistoiqeÐ se 0.92sec/story kai 2.55sec/story. Gia thn Ðdia ergasÐa, to CMOTA xodeÔei
228 leptˆ , pou antistoiqeÐ se6.19 sec/story. EÐnai fanerì ìti ta montèla mac eÐnai shmantikˆ pio apodotikˆ
apì to CMOTA. Autì mporeÐ, se megˆlo bajmì na apodojeÐ sto sq ma sumperasmoÔ twn Metasqhmatist¸n,
tÔpou MaskGIT, pou parˆgoun pollˆ optikˆ sÔmbola anˆ b ma , se antÐjesh me touc auto-trofodotikoÔc
Metasqhmatistèc, ìpwc to CMOTA, pou problèpoun ta optikˆ sÔmbola, èna-èna.

1.6 Sumperˆsmata kai Mellontikèc KateujÔnseic

1.6.1 Sumperˆsmata

Se aut  thn ergasÐa diereun same thn qr sh Metasqhmatist¸n tÔpou MaskGIT, gia thn OptikopoÐhsh Is-
torÐac, gia pr¸th forˆ . Ta apotelèsmata mac, pou eÐnai ta kalÔtera pou èqoun epiteuqjeÐ, se diˆforec metrikèc
apoteloÔn apìdeixh gia axÐa thc prosèggis c mac, ìson aforˆ thn SV. 'Allwste , anadeiknÔoun ìti tètoiec
arqitektonikèc axÐzei na diereunhjoÔn peraitèrw sto plaÐsio paragwgik¸n ergasi¸n upologistik c ìrashc ,
genikìtera .

Sugkekrimèna, dhmiourg same to basikì mac montèloMaskGST, basismèno stoMaskGIT, me epiplèon mhqanis-
moÔc Etèro-Prosoq c , prokeimènou oi dhmiourghjeÐsec eikìnec se kˆje stˆdio thc istorÐac na ephreˆzontai apì
palaiìterec kai mellontikèc eikìnec . Peiramatist kame me diˆforec tropopoi seic thc arqik c arqitektonik c .

Arketˆ apì autˆ ta peirˆmata apètuqan na prosfèroun belti¸seic se sÔgkrish me to basikì montèlo . H qr sh
tou T5-XXL wc kwdikopoiht c keimènou pijanìn den eÐnai bèltisth lìgw twn exairetikˆ exeidikeumènwn peri-
graf¸n keimènou tou sunìlou dedomènwn mac, twn opoÐwn oi onomasÐec qarakt rwn eÐnai idiaÐtera asun jistec.
Upoyiazìmaste ìti h prospˆjeiˆ mac na ektelèsoume aÔxhsh eurkÐneiac ston Krufì Q¸ro Qarakthristik¸n
apètuqe, diìti ta diakritikˆ eikonosÔmbola uyhl c anˆlushc eÐnai polÔ leptomer  gia ton Metasqhmatist 
na problèyei bˆsei apl¸n protrop¸n keimènou . 'Oson aforˆ ton Krit  Sumbìlwn Basismèno se Qarakt rec
pou sqediˆsame, pisteÔoume ìti apètuqe epeid  h sunj kh mìno se dianÔsmata Qarakt rwn den eÐnai arketˆ
ekfrastik  . Tèloc , upoyiazìmaste ìti h prospˆjeiˆ mac na pragmatopoi soume thn apìplexh tou q¸rou twn
qarakthristik¸n twn qarakt rwn apì ta qarakthristikˆ tou fìntou apètuqe , epeid  katèlhxe na eÐnai polÔ
polÔploko gia ton Metasqhmatist  na to montelopoi sei .
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Apì thn ˆllh pleurˆ , merikˆ apì ta peirˆmatˆ mac èdwsan elpidofìra apotelèsmata . H enswmˆtwsh SV-
strwmˆtwn ston Metasqhmatist  wfel jhse ìlec tic metrikèc , me to na antimetwpÐzei ìla ta eikonosÔmbola
kai ta keÐmena miac istorÐac wc mia suneq  akoloujÐa, gia mia merÐda thc dhmiourgik c diadikasÐac. DeÔteron,
proteÐname mia apl  teqnik  gia thn epaÔxhsh keimenik¸n dedomènw, anexˆrthta apì tic eikìnec , qrhsimopoi¸n-
tac ènaLLM. Aut  h idèa beltÐwse ta apotelèsmatˆ mac mei¸nontac ton kÐnduno uper-prosarmog c kai bohj¸n-
tac to montèlo na epikentrwjeÐ se shmantikèc glwssikèc ènnoiec. Tèloc , h mèjodoc Kajod ghshc Qarakt rwn
pou sqediˆsame epèdeixe ta pio elpidofìra apotelèsmata. Me to na dhmiourgeÐ tria xeqwristˆ sunìla logits,
èna bˆsei sunjhk¸n keimènou, èna me bˆsh to jetikì sÔnolo Qarakt rwn kai èna me bˆsh to arnhtikì sÔnolo
Qarakt rwn kai sth sunèqeia na ta sunduˆzei, katafèrnei na kajodhgeÐ to montèlo proc thn uyhl c poiìthtac
dhmiourgÐa qarakt rwn, diathr¸ntac tautìqrona kai ˆllec plhroforÐec apì tic lezˆntec .

Sunduˆzontac elpidofìrec mejìdouc kai prosarmog  uperparamètrwn, ftˆsame sto kalÔtero mac montèlo,
MaskGST-CG� w/ aug. captions (d=2048). Autì to montèlo , uperbaÐnei to prohgoÔmeno montèlo Metasqh-
matist  katˆ 9,3, 11,8 kai 12,8 monˆdec se sqèsh me taFID, Char-F1 kai Char-Acc antÐstoiqa. Parˆ to
gegonìc ìti eÐnai megalÔtero apì touc prohgoÔmenouc Metasqhmatistèc, eÐnai pio apodotikì qronikˆ tìso
sthn ekpaÐdeush ìso kai ston sumperasmì.

1.6.2 Mellontikèc KateujÔnseic

PisteÔoume ìti ta apotelèsmatˆ mac upodeiknÔoun isqurˆ thn antagwnistikìthta twn Metasqhmatist¸n tÔpou
MaskGIT gia thn ergasÐa thc OptikopoÐhshc Istori¸n. To èrgo mac anoÐgei to drìmo gia peraitèrw peirama-
tismoÔc me tètoiec arqitektonikèc, eÐte me thn aÔxhsh tou megèjouc twn montèlwn mac, eÐte me thn exereÔnhsh
ˆllwn dunat¸n tropopoi sewn . Epiplèon, oi arqitektonikèc tou MaskGIT èqoun exetasteÐ sqetikˆ lÐgo akìma
kai ston q¸ro thc dhmiourgÐac Eikìnac apì KeÐmeno(Text-to-Image). ElpÐzoume ìti to èrgo mac mporeÐ na
enjarrÔnei thn exereÔnhs  touc kai se autì ton tomèa.

Epiplèon, h mèjodoc mac gia thn epˆuxhsh glwssik¸n perigraf¸n parèqei èna eÔkolo sth qr sh plaÐsio
gia thn emploutismì sunìlwn dedomènwn pou perilambˆnoun keÐmeno, sumperilambanomènhc, allˆ ìqi perior-
istikˆ , thc OptikopoÐhshc Istori¸n kai thc DhmiourgÐac Keimènou proc Eikìna. Epiplèon, kaj¸c ta Megˆla
Glwssikˆ Montèla gÐnontai perissìtero diajèsima , h mèjodìc mac ja mporoÔse na epektajeÐ me thn exagwg 
enallaktik¸n lezˆntwn , qrhsimopoi¸ntac pollaplˆ LLMs, gia na epitÔqei megalÔterh eterogèneia wc proc tic
perigrafèc keimènou.

'Oson aforˆ th mèjodo Kajod ghshc Qarakt rwn , jewroÔme ìti axÐzei peraitèrw èreuna. Apì th mÐa pleur ,̂
mporeÐ na dokimasteÐ se diaforetikˆ plaÐsia, gia thn ergasÐa thc OptikopoÐhshc Istori¸n. 'Enac pijanìc trìpoc
na gÐnei autì eÐnai na enswmatwjeÐ se(megˆla) pro-ekpaideumèna montèla, eÐte basismèna se diˆqush eÐte se
Metasqhmatistèc. Autì ja perilambˆnei thn prosj kh jetikoÔ kai arnhtikoÔ dianÔsmatoc gia kˆje qarakt ra
sto montèlo kai thn ekpaÐdeus  tou me to sq ma ekpaÐdeus c mac, ìpou oi sunj kec keimènou aporrÐptontai
gia mia merÐda twn deigmˆtwn ekpaÐdeushc. Dedomènou ìti o arijmìc twn epiplèon paramètrwn eÐnai mikrìc,
autì ja mporoÔse na leitourg sei me sqetikˆ lÐgh epiplèon ekpaÐdeush(�ne-tuning). Upojètoume ìti o
sunduasmìc kalÔterhc katanìhshc twn glwssik¸n perigraf¸n (prompts), lìgw makrˆc proekpaÐdeushc, me
thn apotelesmatik  mac mèjodo kajod ghshc qarakt rwn ja mporoÔse na parˆgei entupwsiakˆ apotelèsmata
gia thn ergasÐa.

Tèloc , mia ˆllh pijan  ereunhtik  poreÐa ja mporoÔse na eÐnai h genÐkeush thc mejìdou Kajod ghshc Qarak-
t rwn se ˆllec ergasÐec . Eidikìtera , opoiad pote gennhtik  ergasÐa ìpou endiaferìmaste rhtˆ gia thn
dhmiourgÐa enìc sugkekrimènou sunìlou ènnoiwn(Qarakt rec sthn perÐptwsh thc SV) ja mporoÔse ende-
qomènwc na epwfelhjeÐ apì thn uiojèthsh miac tètoiac mejìdou.
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Chapter 2

Introduction

Over the past decade, the advancement in hardware and software engineering, the accumulation of vast
amounts of data as well as the rigorous research in deep learning have snowballed into a unprecedented
growth and adoption of AI systems. Especially in 2023, it has been made clear that this phenomenon is justly
considered to be the next great technological revolution. The release of - the now famous - ChatGPT in late
2022 and its blistering rise to fame, brought AI from the scienti�c domain out into the public spotlight. It
became part of our everyday lives, a pop-culture phenomenon and a subject of political discourse. ChatGPT,
among other LLMs (Large Language Models) (e.g. [13, 37]) has shown exceptional results in terms of language
understanding and generation, sometimes even being indistinguishable from humans in such tasks.

2.1 Text-to-Image generation

Apart from language, images are one of the most prominent areas of human experience that serve as a
means of communication and expression. In this context, image understanding, as well as generation are
equally important challenges for Arti�cial Intelligence to tackle, in order to come closer to what constitutes
Intelligence, for human beings. In terms of Image Generation, there has been notable progress in the past
years starting with GANs that where introduced in 2014 [11] and dominated the image-generation scene for
several years [45, 46]. More recently, transformers [26, 3, 4], as well as di�usion models [27, 30, 28] have
revolutionalized image generation, by improving the visual quality and the range of visual themes that can
be generated.

2.2 Story Visualization

In this thesis, we focus on the task of Story Visualization (SV). The task consists of generating a sequence of
images, each one of which corresponds to a sentence in a given sequence of sentences. The sentences form a
coherent textual narrative. It was introduced in 2019 by the authors of [18], who also proposed StoryGAN,
the �rst model to tackle the task.

In a sense, SV can be seen as an extension of Text-to-Image generation, by addition of a temporal aspect
in the task. Alternatively, one could think of it as a stepping stone that will eventually lead to long-range
Text-to-Video generation, since SV is concerned with small sequences of images (typically 4-5), in contrast
to movies that include thousands of frames.

There are two main challenges in SV. Firstly, the sequence of generated images must include the objects and
actions referenced in the corresponding sentences and depict them with high quality. Secondly, there is the
story aspect of the task; objects that appear in more than one picture must hold a consistent appearance, so
that they can be recognised as the same object across the sequence. The most prominent such objects are
the actors (main characters) in the stories.
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2.3 Contribution

Our main contribution is the adoption of a MaskGIT [3] model for the task of SV, which we enhance with
Cross-Attention sub-layers. We are the �rst to use this architecture for this speci�c task, which is arguably
under-explored compared to Di�users, even in the task of Text-to-Image generation.

Using this modi�ed MaskGIT as our core model, we also experiment with modi�cations on various components
of the initial architecture, in search of reasearch directions that can improve the quality of the generated
stories. Through our experiments, we arrive at our top-performing architecture, MaskGST-CG� w/ aug
captions, that adopts an LLM-driven caption augmentation technique and a Character Guidance mechanism,
that we propose for the �rst time. This model achieves SOTA results over several metrics, on the most
prominent SV Dataset, Pororo-SV.

The outline of this thesis is as follows:

ˆ In Chapter 3 we discuss previous works for the task of Story Visualization, from the introduction of
the task until recently.

ˆ In Chapter 4 we describe the original Transformer framework, since the Transformer is a core component
in our approach.

ˆ Subsequently, Chapter 5 is concerned with the original VQ-VAE architecture. The VQ-VAE is the
second main component in our approach.

ˆ Chapter 6 is dedicated to some notable works in Text-to-Image generation that pair Transformers with
VQ-VAEs, including [3] and [4], from which we are greatly in�uenced.

ˆ Chapter 7 provides a brief overview of a caption augmentation technique that is closely related to the
one we use.

ˆ In Chapter 8 we provide a detailed review of our approach for the task of Story Visuazation.

ˆ In Chapter 9 we present the experiments that we conducted and comment on the results.

ˆ Finally, in Chapter 10 we review our results as a whole and discuss possible future directions, based on
them.
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Chapter 3

Previous Work on Story Visualization

In this Chapter we discuss Previous Works on Story Visualization. Since the introduction of the task in
2019, several papers have been published, proposing various ideas and achitectures (GANs, Transformers
and Di�usion models) on how to improve the quality and consistency of the generated sequences. Bellow we
will elaborate on some notable approaches.

3.1 StoryGAN

StoryGAN was the �rst model to be proposed for the task of Story Visualization. An overview of the model
can be seen Figure 3.1.1. In terms of notation, let us denoteS = [ s1; s2; :::; sT ] the sequence of sentences
that form a story, X = [ x1; x2; :::; xT ] the corresponding ground-truth images andX̂ = [ x̂1; x̂2; :::; x̂T ] the
corresponding generated images.

As the name implies, StoryGAN is implemented as a GAN. The main components of the model are:

ˆ A Story Encoder

ˆ A two-layer Recurrent Neural Network (RNN) based Context Encoder

ˆ An Image Generator

ˆ An Image Discriminator

ˆ A Story Discriminator

3.1.1 Story Encoder

The Story Encoder is represented by the dashed pink box in Figure 3.1.1. It learns a mapping from StoryS to
a low dimensional embedding vectorh0, which serves as the initial hidden state of the RNN Context Encoder.
The Story Encoder E(:) samples the vectorh0 from a normal distribution h0 � E (S) = N (� (S); �( S)) . Both
� (:) and �( :) are implemented as Multi-Layer Perceptrons. �( S) = diag(� 2(S)) is restricted to a diagonal
matrix. The Story Encoding can then be written as h0 = � (S) + � 2(S)

1
2 � � S , where � S � N (0; 1).
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Figure 3.1.1: An overview of the architecture of StoryGAN [18]

3.1.2 RNN Context Encoder

The Context Encoder is depicted in red dashed box in Figure 3.1.1. The word context here refers to any
information in the story that is useful for the image that is currently generated. The RNN Context Encoder
consists of two layers. The lower layer used standard GRU cells. The second layer employs a variant of the
standard GRU, named Text2Gist, that was proposed in the paper.

At time step t, the GRU layer takes in the sentence st concatenated with isometric Gaussian noise� t , and
outputs the vector i t . Then, the Text2Gist takes in i t and combines it with the story context ht (initialized
by Story Encoder) to generate ot that will serve as input to the image generator. ht is updated by the
Text2Gist cell to re�ect the change of potential context information. In contrast to standard GRU cells that
output a vector, Text2Gist transforms i t into the multi-channel �lter ot of sizeCout � 1 � 1 � len(ht ), where
Cout is the number of channels. This is suitable to be used as input to the Convolutional Image Generator.

3.1.3 Image Generator

The Image Generator is a fully Convolutional Network, of no particular interest. It employs a cascade of
convolutional blocks, each of them followed by an upsampling block, in order to transform theCout � 1 � 1�
len(ht )-sized input into a 3 � 64� 64 image.

3.1.4 Image Discriminator

The Image Discriminator is responsible for local consistency. It measures whether the generated imagex̂ t

matches the corresponding sentencest . It does so by learning to discriminate between fake tripletsf st ; h0; x̂ t g
and real triplets f st ; h0; x t g. The image Discriminator is implemented as a Convolutional Neural Network

3.1.5 Story Discriminator

The Story Discriminator is responsible for the global consistency of the generated sequence of images. Its
architecture can be seen in Figure 3.1.2. The left part is an image encoder that encodes images (either real
or generated) into a sequence of vectors, that are concatenated into a single big vector (depicted in blue).
Similarly, the right part is a text encoder that maps the sentences is storyS into a sequence of vectors that
are then concatenated into the red vector. The red and the blue vector are then multiplied element-wise
and the result is used to obtain a score between 0 and 1 that represents the text-image compatibility. The
discriminator is, of course trained to distinguish between real and fake image-text sequences.
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Figure 3.1.2: The Story Discriminator [18]

3.2 CP-CSV

An overview of the architecture of CP-CSV (Character Preserving Coherent Story Visualization) can be seen
in Figure 3.2.1. Heavily in�uenced by storyGAN, CP-CSV adopts the exact same architecture for the Story
Encoder, that implements a Normal Distribution by learning its Mean and Variance as two seperate Neural
Networks, contitioned on the Story input. The model also adopts StoryGAN's Text Encoder, based on a
two-level RNN, utilizing the tailor-made Text2Gist cells in the second layer.

Figure 3.2.1: An overview of the architecture of CP-CSV [36]

The most notable idea introduced in CP-CSV is the utilization of Foreground-Background segmentation for
Story Visualization. Speci�cally, the authors of the paper argue that a logical path to image quality improve-
ment is through the improvement of the appearance of speci�c characters that appear in the images, and their
actions. These characters usually appear on the foreground of most images. Based on this observation, they
add an auxiliary foreground-segmentation module, to the network, which learns to predict the foreground
(character region) of the image vs its background.

The foreground module is implemented as an extra Image Generator, additional to the one used in StoryGAN.
The conventional Image Generator that predicts the images of the story can be seen in the lower half of the
green region in Figure 3.2.1, while the image foreground generator can be seen in the upper-half. Both
Generators are conditioned on the outputs of the RNN Text-Encoder, exactly as in StoryGAN.

In order to utilize the Foreground-Background information of the auxiliary module, during the image gener-
ation process of the primary Generator, CP-CSV exploits Partial Connections between the two Generators
(they can be seen inside the green box in Figure 3.2.1, in the space between the Foreground Generator and
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the Image Generator). Speci�cally, features from the Foreground Segmentation model are in thek � th layer
denoted asl f

k are �rst projected to the space of image features (denoted aslx
k ) in the corresponding layer

through a Convolution Ff . Then they are multiplied with the image features to aid with image generation:

pf
k = Ff (l f

k ) (3.2.1)

lx
k = lx

k � pf
k + lx

k (3.2.2)

Naturally, since the whole model operates withing a GAN framework, an extra Foreground-Background
Discriminator is needed to help the corresponding generator learn to predict Foreground-Background maps.
Similarly, to the Image Discriminator in StoryGAN, this module learns to distinguish between real and fake
segmentation maps based on the sentence and story input.

The Image Discriminator and Story Discriminator are held the same as in StoryGAN.
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3.3 DUCO-StoryGAN

DUCO-StoryGAN (Dual Learning, Copy-Transform StoryGAN) [20], adopts StoryGAN as its backbone,
leaving several components untouched. Speci�cally, it adopts the Story Encoder, the Image Discriminator
and the Story Discriminator. The full arhitecture of the model can be seen in Figure 3.3.1. The main
contributions are the following:

ˆ The introduction of Dual Learning through video redescription for better alignment of the generated
images with the input story.

ˆ The introduction of a Copy-Transform mechanism for improved sequential consistency between images.

ˆ Utilization of a Transformer model for more expressive text encoding.

Figure 3.3.1: An overview of the architecture of DUCO-StoryGAN [20]

3.3.1 Mart Context Encoder

The authors of the paper design a Recurrent Context Encoder, in order to maintain consistent background
imagery and character appearances throughout the stories. The central module in the Context Encoder is
the Memory Augmented Recurrent Transformer (MART) [15]. The memory is initiliazed with the vector h0

from the Story Encoder. MART takes in word embeddings Wk = [ wk1; wk2; :::; wkL ], corresponding to the
image caption at each timestepk. It outputs contextualized embeddings, that are then pooled into a single
weighted representation ck using an attention mechanism. This procedure is supposed to let the encoder
capture interactions between words in an expressive way. The outputck is then passed into a GRU layer and
transformed into a �lter to be passed into the Image Generator.

3.3.2 Dual learning via Video Redescription

Dual Learning adds an extra learning signal, based on the following observation, about the duality of out
task: if the story captions S can be used to produce the story imageŝX , then X̂ can be used to produce
S. The forward task is Story Visualization, while the reverse one can be referred to as Video Rediscription.
The authors of the paper leverage a Video Captioning Network that they train on ground truth data and
then freeze its weights. This is then used when training DUCO; the generated images are fed into the Video
Captioning Network to produce captions. The produced captions are then compared to the ground truth
ones to provide extra feedback for the image generation process.

3.3.3 Sequentially Consistent Story Visualization: Copy-Transform

The authors of the paper point out that several components of images such as background and character
appearances are largely preserved between frames of the same story. To take advantage of this observation,
a Copy-Transform mechanism is introduced. The Copy-Transform module performs word-image attention
between text features of the current timestep and image-features of the previous timestep. The generated
attention scores are used to produce a weighted version of image features from the previous timestep, to
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concatenate with the current image features. The combined image features are used by the Image Generator
to produce a context-aware image at every timestep.
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3.4 VLC-StoryGAN

As its name implies, VLC-StoryGAN (Visuo-spatial, Linguistic and Commonsense StoryGAN) [19] is yet
another GAN developed for Story Visualization based on the Original StoryGAN architecture. The new
ideas proposed in the VLC-StoryGAN paper can be summarized as follows:

ˆ Using constituency parse trees and commonsense knowledge to improve language encoding

ˆ Leveraging extra additional semantic and positional feedback through a pretrained dense captioning
model

ˆ Aiding the model to recognise subtle intra-story changes by training with intra-story constrastive loss.

An overview of the model's architecture can be seen in Figure 3.4.1. Subsequently we will analyze its
components, that di�er from its StoryGAN-based predecessors.

Figure 3.4.1: An overview of the architecture of VLC-StoryGAN [19]

Figure 3.4.2: Example of a constituency parse tree [19]

3.4.1 Memory-Augmented Recurrent Tree Transformer

For Text Encoding, a novel module is proposed by the authors of the paper, named Memory-Augmented
recurrent Tree Transformer (MARTT). Based on the original MART, it used constituency parse trees to
better take into account the hierarchical structure of sentences. Constituency Parse trees are grammatical
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structures that analyze a sentence in a tree-like manner consisting of di�erent types of nodes. Speci�cally, a
SentenceS is recursively broken into Noun Phrases (NP ) and Verb Phrases (V P) until each node represents
a single word. An example of such a Tree can be seen in Figure 3.4.2.

When encoding a sentenceS of length n (an image caption), it is �rst passed through a parser to produce its
constituency parse treeG(S). T(S) denotes the ordered sequence of n terminal nodes (or leaves) of the tree
and N (S) denotes the set of non-terminal nodes (or simply nodes), each of which has a phrase label (e.g.,
NP, VP) and spans over a sequence of terminal nodes. The embeddings of leaf nodes are the concatenation of
a word embedding and the corresponding node embedding. Node embeddings are computed as the upward
cumulative average over the nodes that the respective non-terminal leaf token is a child of. For example,
as we can see in Figure 3.4.2, the Node embedding forsays is the average of all non-terminal nodes in the
upward path from says to the root. None Representations are learned during training.

The resulting leaf embeddings for a sentence are used as input for the Transformer (MARTT). Inside the
Transformer, in the self-attention layers, sub-tree masking is employed instead of standard causal masking.
Speci�cally, for each word-query, the attention mechanism only has access to the other members of the
sub tree (of the sentences constituency parse tree) at that layer. For example, in Figure 3.4.1, in the �rst
Transformer layer, every token only attends to itself. In the second layer,says and hi can attend to each
other, since they belong to the same sub-tree at that level and so forth.

This complicated bottom-up approach in the Text Encoding process is supposed to let the model better
understand and encode the hierachical structure of language and the relationships between words.

3.4.2 Commonsense Knowledge

The authors of the paper point out that the image captions in popular Story Visualization datasets frequently
omit information that can be considered to be redundant and commonsense for humans. For example, in a
scene where the characters are standing outside on a sunny day, the blue sky, the bright sun and the type
of lighting is not necessarily described in the caption. However, such information should not be considered
redundant for a neural network. In order to enrich the descriptions with such knowledge, the researchers
extract commonsense concepts relevant to each frame using a entity-relationship method [2] on ConceptNet.
The commonsense knowledge paths are combined into a subgraph and encoded using a Graph Transformer.
Finally, the resulting encodings are combined with the outputs of MARTT, as we can see in the leftmost
dashed box in Figure 3.4.1.

Dual Learning with Dense Captioning

A pretrained Network is used as a reference for dual learning, similarly to what was done in DUCO-StoryGAN.
However, here, a dense captioning model is used. The model takes in images and outputs multiple bounding
boxes and corresponding descriptions of what is taking place inside each box. By comparing the outputs for
ground-truth and generated images, an extra visuo-spatial (bounding boxes) and semantic (bbox descriptions)
feedback is provided to the model.

3.4.3 Contrastive Loss

At �rst, a pairwise cosine similarity between all image-subregions and word tokens at the current timesteps
is computed and based on them, a word-context vectoraj is computed for the j th subregion of the image.
Then, an alignment score between all subregionshk if image xk and all words in the caption sk is computed as
follows: Sword (xk ; sk ) = log (

P N
j =1 exp(cos(hjk ; ajk ))) , where N is the number of image subregions. Finally,

the intra-story contrastive loss is given by the following formula:

L word = � log
exp(Sword (xk ; sk ))

P T
m =1 exp(Sword (xm ; xk ))

(3.4.1)

where T is the number of images in the story. This loss term attempts to force the model to take into account
subtle di�erences between frames in the same story, by penalizing similarity between captions and generated
images from di�erent timesteps.
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3.5 VP-CSV

VP-CSV (Visual Planning for Character-Centric Story Visualization) [5] is the �rst work on Story Visual-
ization to depart from the GAN framework. VP-CSV is based on text-to-image framework that has shown
promising results, consisting of a VQ-VAE that learns a mapping to a discrete latent space for images and
a Language Transformer that learns to predict the image latents conditioning on text inputs. The original
text-to-image technique is analyzed in depth in the later sections of this thesis. The authors of the paper
adapt the method to the task of Story Visualization by breaking the Language Transformer stage into two
separate stages. The �rst one uses a Transformer to predict visual tokens that correspond to the characters
in the stories, thus focusing on Character Generation. The �nal stage employs a second Transformers that
completes the latent representations from the previous stage with missing background tokens. The �nal
tokens can then be decoded into an image, using the VQ-VAE's decoder.

3.5.1 VQ-VAE

The VQ-VAE [39] can be viewed as an Encoder-Decoder architecture. The Encoder and the Decoder, are
both Convolutional Neural Networks (CNNs). In between the two networks a Vector Quantization (VQ)
layer is introduced.

Figure 3.5.1: Overview of the VQ-VAE architecture
[39]

The Encoder learns to map an N � N � 3 image
into a latent representation 2 N

f � N
f � D , where

f is the downsampling factor andD is the number
of channels. The VQ layer has an vector library
of D -dimensional embeddingse 2 R K � D , where K
is the size of the library (number of embeddings).
When passed through the VQ layer, the output of
the Encoder is Quantized in the following manner:
every one of the (Nf � N

f ) D -dimensional vectors in
the latent representation is substituted by its clos-
est vector in the embedding library according to the
euclidean distance. Finally, the Decoder learns to
map the (N

f � N
f � D )-sized quantized latent repre-

sentation that is outputed by the VQ layer back into R N � N � 3, i.e. back into image space.

A much more detailed description of VQ-VAE's architecture can be found in Chapter 5.

Figure 3.5.2: Overview of the architecture of VP-CSV [5]
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3.5.2 Visual Planning (VP)

As we have already hinted, the Visual Planning stage attempts to generate a character visual plan, to
determine where the main characters should be placed in each image, before �lling in background information.
Since there are no annotations for character regions in the task's datasets, the researchers use an image
segmentation technique to extract these regions.

Character Region Extraction

At �rst, a multilabel classi�er CNN is trained to recognize the presence of the 9 main characters in images.
GradCAM [31] is then used to extract heatmaps that highlight image regions that are highly attended by
the classi�er when deciding whether a character is present in the image. For each image, the heatmaps for
all characters that are present in the caption are merged into one. If an image region is not activated in any
of the heatmaps, it is considered to be part of the background and therefore masked out. A visual example
of this process can be seen on the upper half of Figure 3.5.2.

Character Token Planning (First Stage)

A GPT-2 model is trained to produce the Character Visual Tokens. Speci�cally, it conditions on the input
story captions S = f s1; s2; :::; sn g and learns to predict the Character TokensR = f r 1; r 2; :::; r n g, that have
been computed o�ine for the training set, as described in the previous section (n is the number of frames
per story). The loss function under which the Transformer is trained is:

L � = � log p(r js; � ) (3.5.1)

where � represents the Transformer's parameters.

Visual Token Completion (Second Stage)

In the second stage, another GPT-2 model is trained to predict all tokens conditioning both the input stories
and the Character Tokens produced in the previous stage. The loss function for this stage can be expressed
as follows:

L � = � log p(zjs; r; � ) (3.5.2)

where z represents the complete latent representation (all visual tokens). The Transformer model in this
stage is initialized with the weights of the previous stage, to reinforce attention to the character tokens.

3.5.3 Token Level Character Alignment

The authors of the paper propose an additional way to improve character generation. At �rst they compute
the visual token distribution for each character (The distribution of latent visual tokens when encoding the
character). Then, they extract the 10 most frequent tokenstc for each character. The utilization of these
tokens is then reinforced, by using an extra semantic loss term that biases the model towards adopting them
when generating the corresponding character.
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3.6 CMOTA

CMOTA (Context Memory and Online Text Augmentation) [1] builds on the text-to-image VQ-
VAE/Transformer architecture, like VP-CSV. In short, the paper makes the following contributions:

ˆ Using a special memory module to encode and propagate context between di�erent frames in the same
story

ˆ Training the Transformer model to predict either Image from Text (i2t) or Text from Image (t2i). This
way pseudo-texts can be generated as extra descriptions for images, to enrich the training dataset with
additional captions

3.6.1 Base Model

Figure 3.6.1: CMOTA's Bidirectional Transformer [1]

The Transformer iteratively generates images and
texts in both ways. The image tokens are predicted
sequentially from input text. In the "reverse" man-
ner, the text tokens are sequentially predicted from
the input image tokens. A positional embedding is
used, to indicate absolute position in the sequence.
Additionally, a segment embedding is introduced to
distinguish between source and target modality. De-
noting t = f t1; t2; :::; tm g and z = f z1; z2; :::; zn g, the
text and image tokens respectively, the loss function
L j can be written as follows:

L j;t 2i =
nX

k=1

� ln pj (zk jt1; :::; tm ; z1; :::; zk � 1)

L j;i 2t =
nX

k=1

� ln pj (tk jz1; :::; zn ; t1; :::; tk � 1)

L j = L j;t 2i + � 1L j;i 2t

(3.6.1)

3.6.2 Context Memory

Figure 3.6.2: CMOTA's memory module [1]

Figure 3.6.2 shows how the memory state at timestept (M t ) is obtained. At �rst, cross-attention is computed
between the current hidden state,H l

t 2 RTc � d and the previous memory stateM t � 1 2 RTm � d. (Tc: number
of Tokens, TM : number of memory states,d: hidden state dimension). Speci�cally, the calculation made is:
ST = attn (M t � 1; H t ; H; t ), where attn (:) stands for the standard Scaled Dot-Product attention. As Figure
3.6.2 shows, a special attention mask is used that only allows attention over the text tokens and prohibits
attention over image tokens. This choice is made to disallow strong constraint that could be caused by image
token attention.
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Figure 3.6.3: Comparison between the traditional memory connection scheme and CMOTA's [1]

Figure 3.6.3 (a) shows the traditional memory connection scheme in Transformer models, where there are
memory connections in all Transformer layers and only from each timestep to the immediately next one.
The researchers behind CMOTA opt for an alternative scheme, where memory is used only in the �nal
Transformer layer. Additionally, the memory module in each timestep has access to all previous memory
states, instead of only accessing the immediately previous one (3.6.3 (b)). In addition, the researchers agrue
that not all historic information matters equally and therefore adjust the computations to attentively weigh
past information as follows:

�M 1:( t � 1) = Attn (M ( t � 1) ; M [1:( t � 2)] ; M [1:( t � 2)] )
~M ( t � 1) = [ M t � 1; �M 1:( t � 1) ]; (3 � t � 5)

H l
t = Attn (H l

t ; [H l
t ; ~M ( t � 1) ]; [H l

t ; ~M ( t � 1) ])

(3.6.2)

M ( t � 1) is the memory at time (t-1) and [1:(t-2)] refers to the concatenation from time 1 to (t-2). At t=2 M 1

is used instead of ~M 1, since the latter cannot be computed.

3.6.3 Online Text Augmentation

The idea behind text augmentation is to address language variations in captions and to bridge this gap during
inference. The multi-modal Transformer that works in two directions (text-to-image and image-to-text) o�ers
a natural way to integrate text augmentation in the training process. Speci�cally, the pseudo-texts that can
be generated using theimage-to-text direction of the Transformer are adopted as supplementary descriptions
for the images. Then, they can be used as input to train the Transformer in thetext-to-image direction. In
early epochs, less meaningful sentences are generated, but with the progress of training much better-aligned
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descriptions are provided by the model. To address this, a pseudo-text is tested online, during training to
check if it contains a certain percentage of character name references compared to the ground-truth. If it
does, it can be used as a caption during training. When using pseudo-texts, the loss function is adjusted as
follows:

L j;pt 2i =
nX

k=1

� ln pj (zk j t̂1; :::; t̂m ; z1; :::; zk � 1)

L j = L j;t 2i + � 1L j;i 2t + � 2L j;pt 2i

(3.6.3)

whereL j;pt 2i represents the additional loss with the augmented pseudo-texts and̂t represents a pseudo-text.
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3.7 AR-LDM

AR-LDM (Auto-Regressive Latent Di�usion Model) [22] is-to our knowledge-the �rst work to use a di�usion
model for Story Visualization. Speci�cally, it enriches a text-to-image di�usion model, with a history-aware
module, that helps maintain story context.

3.7.1 Di�usion Models

For the shake of completeness, we deem it necessary to make a brief reference on how Di�usion works, before
moving on. Di�usion Models [34] de�ne a Stochastic Process (Markov Chain)q that gradually adds Gaussian
Noise to a sample of real dataz0 � q(z) in T steps. The data, we are sampling (z) could be images. However,
in the case of Latent Di�usion, z denotes a latent representation of an image obtained from a VAE (VAEs
are extensively covered in Chapter 5). The forward process at each step can be de�ned as follows:

q(zt jzt � 1) = N (zt ;
p

1 � � t zt � 1; � t I )

q(z1:T jz0) =
TY

t =1

q(zt jzt � 1)
(3.7.1)

where � t 2 (0; 1) is the step size.

Di�usion Models (usually UNets [29]) are trained to learn a step-by-step reversion of the forward process
described above. This way they can derive real world Data (e.g. images) from noise. We de�ne the following:

� t = 1 � � t

�� t =
tY

i =1

� i
(3.7.2)

Then the denoising processp(:) can be parameterized as follows:

p� (zt � 1jzt ) = N (zt � 1; � � (zt ; t); � � (zt ; t))

where � � (zt ; t) =
1

p
� t

(zt �
� tp

1 � �� t
� � (zt ; t))

(3.7.3)

Speci�cally, the UNet is trained to learn � � .

3.7.2 The architecture of AR-LDM

An overview of the model's architecture can be seen in Figure 3.7.1. The yellow boxes represent the Di�usion
Model. The green and purple boxes (BLIP and CLIP models) form the history conditioning model. Finally,
the blue boxes marked with E and D represent the Encoder and the Decoder of the VQ-VAE (see Chapter
5) that allows the model to work in a latent space, instead of the pixel space.
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Figure 3.7.1: Overview of AR-LDM's architecture [22]

Auto-Regressive Latent Di�usion Model

A standard di�usion approach for text-to-image would condition the di�usion process on a single caption
to generate the image. AR-LDM departs from this approach by conditioning the generation of a frame on
all previous captions and all previously generated frames, in a auto-regressive manner. This is supposed to
help generate a more coherent storyboard or images. For a story of lengthL we denote C = [ c1; :::; cL ],
X = [ x1; :::; xL ] and X̂ = [ x̂1; :::; x̂L ] the captions, ground-truth images and generated images. The model,
then estimates the posterior probability as follows:

PAR (X jC) =
LY

j =1

P(x j jx̂<j ; C)

=
LY

j =1

P(x j j� � (x̂<j ; c� j ))

=
LY

j =1

p� (z[j ]
0 j� � (D(z[<j ]

0 ); c� j ))

(3.7.4)

where p� is the reverse di�usion process, described in the previous section and� � is the history-aware condi-
tioning network.

Generative Network

As we have already mentioned, the generative model performs the forward and backward di�usion processes
in a latent space instead of the pixel space, following [28]. This is done for the sake of e�ciency, since the
latent space is more compressed. In order to work in the latent space, an Autoencoder, consisting of an
Encoder E and a DecoderD) is used. The Autoencoder is trained to reach a point whereD(E(x)) � x holds,
for an imagex. Di�usion works with representations z = E(x).

History-Aware Conditioning Network

The Conditioning Network encodes historical information from captions and previously generated frames into
a multimodal condition � j = � � (x̂<j ; c� j ). Based on this,P(x j jx̂<j ; C) in Equation 3.7.4 can be rewritten as
p� (z[j ]

0 j� j ). The Conditioning Network leverages CLIP [23] and BLIP [17]. CLIP is charge of encoding the
current caption in a unimodal way. On the other hand, BLIP uses cross-attention between text and vision
modalities to integrate text and visual features from previously generated frames and the corresponding
captions. The multimodal condition can be written as follows:
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�cj = CLIP (cj )

�m<j = [ BLIP (c1; x̂1); :::; BLIP (cj � 1; x̂ j � 1)]

� j = [�cj + ctype ; �m<j + mtype + mtime
<j ]

(3.7.5)

where �m<j denotes multimodal encoded features from previous captions and frames.ctype and mtype are
text and multimodal type embeddings, respectively. mtime is the time embedding.

Experimental Settings

It is reported in the paper that the di�usion model is initialized with the weights of stable di�usion [28], a
model that has been trained on the LAION-5B dataset. AR-LDM is reportedly trained for 50 epochs on 8
NVIDIA A100 GPUs (80 GB each) for 2 days.

3.8 ACM-VSG

ACM-VSG[10] is a di�usion-based approach similar to AR-LDM. It leverages pre-trained Stable-Di�usion[28]
as its base and enhances it with cross-attention mechanisms. As in AR-LDM, the image sequence generation
is modeled in an auto-regressive manner. Cross-attention allows the model to integrate multi-modal features
from previous caption-frame pairs into the currently generated frame, to improve consistency. Additionaly,
an Adaptive Guidance mechanism is introduced, that explicitly pushes frames that have similar captions, to
be similar as well.

3.9 Causal-Story

Causal-Story[35] is closely related to the the two previous di�usion approaches and especially AR-LDM. It
improves the cross-attention mechanism used in AR-LDM, by introducing a Local Causal Attention Mask.
This way, it limits the size of historical context tokens, thus eliminating confusion, caused by interfering
captions.
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3.10 Story-LDM

Story-LDM (Story Latent Di�usion Model) [25] is the second work on Story Visualization to leverage di�usion
models. In fact, the approach proposed in the paper is quite similar to the one of AR-LDM. It leverages a
pretrained di�usion model [28], which is the exact same one that was used for AR-LDM. The di�usion model
is enhanced with a special memory attention mechanism. This mechanism makes it possible to condition on
the current caption as well as the previous captions and previously generated frames, whilst only keeping
information relevant to the current timestep. In order to use this attention mechanism that conditions on
past information, the model has to work in an autoregressive manner, where the frames are generated one at
a time and the output of the generation process for one frame is fed back into the system, as input for the
generation of the next frames.

Figure 3.10.1: Overview of Story-LDM's architecture[25]

3.10.1 Latent Di�usion Backbone

As we have already mentioned, the pretrained Di�usion model [28] leveraged by Story-LDM is the exact
same one that was used for AR-LDM. A brief account of how it works is given in Section 3.7.1. It trains a
UNet to learn � � , which parameterizes the reverse di�usion process:

p� (zt � 1jzt ) = N (zt � 1; � � (zt ; t); � � (zt ; t))

where � � (zt ; t) =
1

p
� t

(zt �
� tp

1 � �� t
� � (zt ; t))

(3.10.1)

z0, which we want to obtain through the reversal of the di�usion process is the latent representation of an
image. The latent space learned by a VQ-VAE.

3.10.2 Story Latent Di�usion Model

For Story Visualization, the researchers extend the vanilla Di�usion Model to function auto-regressively. The
auto-regressive approach conditions on the current caption as well as previous captions and generated frames
through cross-attention layers. Using a conditiony, the cross-attention layer (scaled dot-product attention)
is formulated as follows:

Attn (Q; K; V ) = sof tmax (
QK T
p

d
)V (3.10.2)
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where Q = WQ � f̂ (Z ), K = WK � f (y) and V = WV � f (y). f̂ (Z ) is an intermediate, �attened representation
of Z withing the di�usion model ( Z is the VQ-VAE encoding of the image). f (y) is the feature representation
of the condition y. Story-LDM uses cross-attention layers, where the conditiony is the text description of
the frame that is being generated.

There is a more complete account of how Attention works in Chapter 4.

3.10.3 Memory-Attention Module

Figure 3.10.2: Overview of Story-LDM's memory-attention module[25]

The Memory-Attention module allows the model to condition on all past descriptions Si and previously
generated framesẐ i , where i 2 f 0; :::; m � 1g, when generating the m-th frame. To achieve this, another
attention mechanism Attn (Q; K; V ) is used where:

Q = WQ � f (Sm );

K = WK � f (S<m ;

V = WV � f̂ (Ẑ <m )

(3.10.3)

wheref̂ aligns the dimensions of values with keys. The Memory-Attention modules weighs the relevance ofQ,
which depends on the current text description againstK , that depends on previous descriptions and applies
this on the previous image representationẐ <m . This mechanism is supposed to e�ectively fuse relevant
visuo-textual information from previous timesteps into the generation process, in the current timestep.

3.10.4 Network Architecture

As we mentioned, Story-LDM leverages the UNet from [28]. The approach is modi�ed to work in an auto-
regressive setting. On overview of the generation process can be seen in Figure 3.10.1. The latent repre-
sentation of a frame Z m is obtained using a the Frame Decoder (of a VQ-VAE). A transformer is used to
obtain a representation of the text description Sm . The UNet is then used to model the di�usion process,
in T steps. All layers of the UNet are augmented with attention. In an attention sub-layer Cross-Attention

Cattn =
P

i
f̂ (Z m ) i f (Sm ) i is performed followed by Memory-Attention M attn =

m � 1P

k=1

P

i
f̂ (Z k ) i f (Sk ) i f (Sm ) i

and the results are aggregated. So, the output of the Attention sub-layer isCattn + M attn . Starting from the
noise sampleZ m

T the output of the reverse di�usion processZ m
0 is reconstructed using the frame decoder.

We should note that Story-LDM is applied to a modi�ed version of the original task, where repeated references
to Character Names are substituted by pronouns (e.g. he, she, they).
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3.11 StoryGPT-V

StoryGPT-V [33] is - to our knowledge - the latest work on Story Visualization. It leverages a pretrained
Di�usion Model and a pretrained LLM, which are arguably the most prominent model families in Text-to-
Image Generation and NLP, respectively, at the moment. StoryGPT-V is devised as a two-stage approach.
The �rst state modi�es the pretrained Di�usion Model, to speci�cally focus on Character Generation. At the
second stage, the pretrained LLM is aligned with the Di�user, to help with the consistency of the generated
image-stories.

3.11.1 Character-Aware LDM with attention control

Integrating Visual Features with text conditions

In order to improve character generation, the text descriptions are enhanced with visual features of corre-
sponding characters, and the attention of text conditions is guided, to strongly focus on characters. Lets be
a text description, which referencesK characters that should be present in imagêx, f x1

c ; :::; xK
c g be images

of those characters andf i 1
c ; :::; i K

c g be the list of token indices that show the position of each character name
in the description.

CLIP's [23] text ( CLIP T ) and image (CLIP I ) encoders, are used to extract textual and visual features
respectively. Then, the text tokens that represent a character's name are augmented with visual information.
Speci�cally, these text tokens are concatenated with the visual features of the corresponding character and
processed by an MLP layer. An augmented token in the augmented embeddingc of a description s is formed
as follows:

ck = MLP (CLIP T (S[i k
c ]; CLIP I (xk

c ))) (3.11.1)

For token's in c that are not related to characters Vanilla CLIP embeddings are used, whereas for tokens
that reference characters, we use token embeddings given by Equation 3.11.1.

Controlling Attention of Text Tokens

In vanilla LDMs (Latent Di�usion Models), there are no restrictions as to whether a latent pixel can be
in�uenced by a text token. The researchers behind StoryGPT-V choose to introduce such restrictions, in
order to guide certain pixels to be more in�uenced by tokens representing character names. To achieve this,
they �rst obtain segmentation masks for each character present in the caption denoted asf M 1; :::; M K g.
Then, a regularization loss term is introduced to encourage the cross-attention mapAk for character k at
the token position i k

c , to follow the segmentation maskM k and avoid the region outlined by �M k , which is
irrelevant to the character:

L reg =
1
K

KX

k=1

(A �
k � A+

k ) (3.11.2)

where:

A �
k =

Ak � �M kP
i;j ( �M k ) ij

; A+
k =

Ak � M kP
i;j (M k ) ij

(3.11.3)

The minimization of this loss term supposedly reinforces the models attention to relevant areas for each
character and discourages the attention to irrelevant areas. The modi�ed LDM's (Char-LDM) function is
visualized in Figure 3.11.1 (a).
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Figure 3.11.1: (a) In the �rst stage, a fused embedding is created by integrating character visuals with text
embeddings, serving as the Char-LDM's conditional input, and the cross-attention maps of Char-LDM will

be guided by corresponding character segmentation mask for accurate and high-quality character
generation. (b) In the second stage, the LLM takes the interleaved image and text context as input and

generates R [IMG] tokens. These tokens are then projected by LDM Mapper into an intermediate output,
which will be encouraged to align with fused embedding as Char-LDM's input. The �gure intuitively shows

how the character-augmented fused embedding and the casual language modeling aid LLM for reference
resolution. [33]

3.11.2 Aligning LLM for reference resolution

The �rst stage, that was described above deals with every caption-image pair on its own, not accounting
for the narrative aspect of Story Visualization. StoryGPT-V tackles this challenge by aligning a pretrained
LLM, to aid with image coherence and with the disambiguation of referential terms (e.g. he, she, they) that
refer to characters. The LLM is trained to autoregressively generate the fused language-visual embeddings
that serve as input to the LDM.

Training

The LLM input comprises of interleaved text-descriptions and images. When generating then-th image, the
input is: (x1; s1; :::; xn � 1; sn � 1; sn ); 2 � n � N . For the images, visual embeddings are extracted via CLIP:
CLIP I (x i ) 2 Rdi and mapped into the LLM input space using a linear transformation Wv2t 2 Rdi � m �e. A
visual embedding is mapped intom e-dimensional embeddings, wheree is the dimension of the LLM input
space. In order to represent visual outputs,R additional tokens [IMG 1]; :::; [IMG R ] are introduced, along
with a trainable matrix Wgen 2 RR � e. The rest of the LLM's parameters are frozen during training.

The training objective that is minimized is:

L gen = �
RX

r =1

log p( [IMG r ] j Tprev ; [IMG <r ] ) (3.11.4)

where:
Tprev = f CLIP I (x<i )T Wv2t ; CLIP T (s1:i ) g, i 2 [2; n] (3.11.5)
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To align the [IMG ] tokens produced by the LLM with the LDM input space, a transformer-based function,
MapperLDM is used. An additional loss is computed here, to minimize the distance between the generated
embeddings and the augmented text representations that serve as input to the LDM:

L align = jj MapperLDM (hIMG 1: R ) � ci jj2
2 (3.11.6)

Inference

Inference is performed autoregressively. At �rst, the initial description s1 is processed.R [IMG ] tokens are
produced by the LLM and utilized by the Char-LDM to produce the �rst image x̂1. Subsequently, the LLM
usess1 and x̂1 as input, along with the second captions2 to generate the[IMG ] tokens for the second frame.
This is repeated until all frames are generated.

As in Story-LDM, StoryGPT-V is applied to a more challenging version of the task, with pronouns in place
of repeated Character name references.
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Chapter 4

The Transformer

The Transformer is currently the most prominent architecture in the �eld of NLP. Previous models like RNNs
encoded text in a serial fashion, where every text token is produced using a hidden state generated in the
previous step. On the contrary, Transformers follow a parallel architecture consisting of cascading blocks that
employ attention, a feed-forward network and layer normalization. The original architecture was proposed
in 2017 [42] and it has since shown a lot of success �rst in NLP and more recently in vision as well.

4.1 Original Architecture

The Original Transformer Architecture can be seen in Figure 4.1.1. It consists of two separate networks:
the Encoder and the Decoder. the encoder maps an input sequence of symbol representations(x1; :::; xn )
to a sequence of continuous representations z =(z1; :::; zn ). Given z, the decoder then generates an output
sequence(y1; :::; ym ) of symbols one element at a time.

4.1.1 Encoder

The Encoder is composed of 6 cascading identical layers. Each layer comprises of 2 sublayers. The �rst
is a multi-head self-attention layer. The second one is a fully connected feed-forward network. There is a
residual connection arround each sublayer, followed by layer normalization. The output of each sublayer can
be written as LayerNorm (x + Sublayer(x)) , where Sublayer(x) is the core function implemented by the
corresponding sublayer.

4.1.2 Decoder

The Decoder comprises of 6 identical layers, similarly to the encoder. Each layer has 3 sublayers. The
two of them are same as in the encoder (self-attention and feed-forward network). In between these two
sublayers, the decoder inserts an encoder-decoder cross-attention sublayer. Residual connections followed
by layer-normalization are used around each sublayer, as in the encoder. Additionally, the self-attention
mechanism is modi�ed in order to prevent positions from attending to subequent positions.

4.1.3 Attention Mechanisms

Attention

Attention can be described as a function that maps a query against a set of key-value pairs to produce an
output, similarly to what is done in traditional databases. The queries, keys, values and outputs are all
vectors. The output is the result of a matrix-vector multiplication. The matrix is computed in way that
intuitively represents the compatibility between the query and the corresponding key. This matrix is then
multiplied with the corresponding value-vector.
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Figure 4.1.1: The original Transformer architecture [42]

Figure 4.1.2: Scaled Dot-Product Attention (left) and Multi-Head Attention (right) [42]
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Scaled Dot-Product Attention

Scaled Dot-Product Attention is the mechanism proposed in the original paper. The computation of the
attention function is done for a set of queries packed together in a matrixQ. The keys and values are
also packed into matricesK and V , accordingly. The procedure is visually displayed in Figure 4.1.2 (left).
As we can see The Query matrix (Q) is multiplied with the Key matrix (K). The output is then scaled and
optionally masked (e.g. to prevent a location from attending to future (subsequent) locations). The output is
then passed through softmax to essentially obtain a compatibility score matrix. This matrix can be regarded
as a stack of vectors, where each vector corresponds to a single Query and represents its compatibility with
each Key. The �nal result is obtained by multiplying this compatibility matrix with the Value matrix (V).

The outputs are formally computed as follows:

Attention (Q; K; V ) = sof tmax (
QK T
p

dk
)V (4.1.1)

Multi-Head Attention

Multi-Head Attention (Figure 4.1.2 (right)) essentially extends the idea of the simple attention, in order to
compute multiple attention functions in parallel. The queries, keys and values are linearly projectedh times,
with di�erent learned linear projections. On each one of these projected version of queries and key-value
pairs we compute the attention function, in parallel. The results are then concatenated and and projected
once again to get the �nal result. Multi-head attention allows the model to jointly attend to information
from di�erent representation subspaces at di�erent positions.

MultiHead (Q; K; V ) = Concat(head1; head2; :::; headh )W O (4.1.2)

where:

headi = Attention (QW Q
i ; KW K

i ; V WV
i ) (4.1.3)

where the projections are matricesW Q
i 2 R dmodel � dk , W K

i 2 R dmodel � dk , W V
i 2 R dmodel � dv and W O

i 2
R hd v � dmodel .
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Chapter 5

VQ-VAE

The VQ-VAE (Vector-Quantization Variational Autoencoder) [39] was �rst introduced in 2018. Like most
VAEs, it comprises of two subnetworks: the encoder and the decoder. The encoder is trained to map the
original data (images in our case) into a latent representation space (a sequence of vectors). At the same
time the decoder learns to reconstuct the original data, based solely on the latent representation provided
by the encoder. Thus, the VQ-VAE attempts to learn a compact and expressive representation space for the
modality at hand. What sets VQ-VAEs apart from simple VAEs is the fact that their latent representation
space is discrete. That is, the sequence of vectors that is outputed by the encoder is quantized based on an
embedding library, with a set number of embeddings, before being fed into the decoder. The parameters of
the library are learned during training. The discrete nature of the latent space means that we can interpet
each vector of the latent representation as a discrete visual token, or interchangeably as the token's index in
the embedding library. That makes it possible to then train a transformer to predict the visual tokens with
cross-entropy loss.

Intuitively, one can think of a VQ-VAE that learns to encode images as a kind of visual memory mechanism,
similar to the one developed by a human artist. Given an image, on the one side, the encoder can map it
into an internally meaningful representation using a compact and expressive library of visual tokens, as the
eyes of the artist could do. Then, based only on this compact visual memory (representation) the decoder
can reconstruct the image preserving most high level features, as an artist could do, drawing an image out
of memory.

5.1 Original Architecture

In this section we will take a more formal look at the original VQ-VAE architecture. Traditional VAEs consist
of three main parts. The �rst one is the encoder network that parameterises a posterior distributionq(zjx) of
latent random variables z, given the input data (image) x. The second one is a prior distributionp(z). The
�nal one is the decoder network that learns a distribution p(xjz). In the VQ-VAE a discrete latent variable
space is used, paired with an idea from the traditional Vector Quantization (VQ) algorithm, during training.
Additionally, the posterior and prior distributions are considered to be categorical.

5.1.1 Discrete Latent Space

The Discrete Latent Space is de�ned as an embedding spacee 2 RK � D where K is the number of
categories in the categorical distribution and D is the dimensionality of each embedding vectorei . As we can
see in Figure 5.1.1 the input x (an image) is passed through the encoder to produceze(x). The discrete latent
variables can then be calcuted through a nearest neighbour lookup on the embedding library (equation 5.1.1).
After the quantization process, the now-discretized output of the encoder,zq is passed on to the decoder as
its input. We can calculate zq as shown in equation 5.1.2. Note that although we represent the latents with
a single random variable z, when dealing with images we extract a 2-D latent representation when encoding
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Figure 5.1.1: The Original VQ-VAE architecture [39]

a single image, where each D-dimensional vector in the 2-D representation is quantized according to the
embedding library.

q(z = k; x) =
�

1 for k = argmin j jj ze(x) � ej jj2

0 otherwise
(5.1.1)

zq(x) = ek ; where k = argmin j jj ze(x) � ej jj2 (5.1.2)

5.1.2 Encoder and Decoder

The Encoder and the Decoder are both Convolutional Neural Networks (CNNs). The Encoder comprises
of several downsampling blocks and several resnet blocks, that transform the input image tensorx 2 R3� N � N

into the latent representation ze 2 RD � N
f � N

f where f is the downsampling factor. This latent vector can
then be interpreted as a 2-D grid of D-dimensional vectors, so that each of these vectors can be quantized
according to the library of embeddings e 2 RK � D . Symmectically, the decoder takes in the result of the
quantization processzq 2 RD � N

f � N
f and passes it through of sequence of upsampling blocks in order to map

it into the image space: R3� N � N . The decoder also employs resnet blocks, just as the encoder.

5.1.3 Training

During Training we use the loss function speci�ed in Equation 5.1.3. Each one of its three parts is used to
optimize a di�erent component of the architecture. The �rst term, known as the reconstruction loss optimizes
the encoder and the decoder. As the name implies it helps the model learn to e�ectively reconstruct a given
image. As the authors of [39] point out, there is no gradient de�ned for equation 5.1.2, so the propose to just
copy the gradients from the decoder to the encoder during backpropagation, in order to promote learning in
the encoder as well.

L = log p(xjzq(x)) + jjsg[ze(x)] � ejj2
2 + � jjze(x) � sg[e]jj2

2 (5.1.3)

Since there is no gradient de�ned for equation 5.1.2, the library of embedding vectorsei does not receive any
information from the reconstruction loss term. Hence, the second loss term is introduced. This term borrows
the idea of the Vector Quantization (VQ) algorithm, to move the embedding vectors ei towards the encoder
outputs ze(x) according to a squared error loss.

Finally, in order to prevent the volume of the latent space from growing arbitrarily, pushing the embeddings
away from each other, the third loss term is introduced. This term essentially discourages encoder outputs
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from growing and forces the encoder to "commit" to certain embeddings. This is why it is called commitment
loss.

sg[:] in equation 5.1.3 symbolizes the stop gradient operator. It essentially constraints its operand to be a
non-updated constant during backpropagation. As it follows from all of the above, the encoder optimizes the
�rst loss terms, the decoder optimizes the �rst and last loss term and the embedding library only optimizes
the middle loss term.

5.1.4 Prior Distribution

The Prior Distribution is kept constant during training. After training the VQ-VAE, the authors of the
paper �t an autoregressive distribution over z, p(z). For this purpose, they use a PixelCNN [41, 40], over the
discrete latent space.

5.2 VQ-GAN

[8] proposes VQ-GAN, a variation of the original VQ-VAE, that employs a slightly di�erent training approach.
The authors of the paper attempt to improve the e�ciency of the latent encoding, by promoting learning of
perceptually rich latent representations in a more compressed space.

VQ-GAN departs from the original VQ-VAE framework in two main ways. Firstly, it replaces the recon-
struction loss (�rst loss term in equation 5.1.3) with a perceptual loss [47]. Secondly, it introduces a patch
discriminator and adds auxiliary GAN-style feedback during training. The GAN-style loss function is the
traditional one [11]:

L GAN (f E; G; Z g; D) = [ log D(x) + log (1 � D (x̂))] (5.2.1)

whereE; G; Z and D symbolize the Encoder, Decoder, latent space Codebook and Discriminator respectively.

The complete model is then optimized under the following objective:

min E;G;Z max D Ex � p(x ) [L V Q� V AE [E; G; Z ] + �L GAN (f E; G; Z g; D)] (5.2.2)

whereL V Q� V AE represents the VQ-VAE's loss function described by equation 5.1.3, where the reconstruction
loss is replaced by the perceptual loss as mentioned earlier.
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Chapter 6

Transformers as powerful Prior
Distributions

As we have already discussed in Chapter 5, in order to use a VQ-VAE as a generative model we need a prior
distribution, whether static or learned. For example the authors of [39] used a pixelCNN network to learn
an autoregressive prior over the discrete latents. As the prevalence of Transformers models has risen in the
previous years, several papers emerged investigating the use of Transformer decoders as priors, paired with
VQ-VAEs for conditional image generation. This approach has shown promising results with autoregressive
transformers [26, 7, 8] and recently with more e�cient, bidirectional, iterative transformers [3, 4].

6.1 DALL-E

Amongst the various works that employ an autoregressive transformer to learn the prior distribution over
the image latents, conditioned on text, perhapsDALL-E [26] is the most well known. The authors of the
paper scaled up both the size of the model (12 billions parameters) and the size of the training set (250
million text-image pairs from the internet) compared to previous approaches. DALL-E managed to produce
high-�delity images and notably achieved high-quality zero-shot image generation on the MS-COCO dataset,
even compared to previous models that where trained on the dataset.

6.1.1 dVAE

The high-level approach that is followed is similar to the one of the original VQ-VAE described in Chapter 5.
At �rst a Discrete VAE (dVAE) is trained. A dVAE is a Variational Autoencoder with a discrete latent space,
just like the VQ-VAE. There exist some technical di�erences between the models that fall out of the scope
of this thesis. The dVAE learns to map 256� 256 images into a32� 32 grid, whilst training an embedding
library of 8192 distinct vectors, that function as the discrete latent space.

6.1.2 BPE-encoding

BPE-encoding is the form of text-encoding used in DALL-E. In order to train a BPE-encoder on a corpus,
we �rst initialize its token vocabulary with all the distinct characters present in the corpus. Then, we repeat
the procedure bellow, iteratively, until we reach the desired vocabulary size:

ˆ We �nd the most frequent pair of tokens in the corpus

ˆ We introduce a new token to the vocabulary that represents this pair of tokens

ˆ We substitute all instances of the pair, in the corpus with the new token
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Figure 6.1.1: Types of attention masks as described in [26]. The illustration corresponds to a hypothetical
version of the transformer with a maximum text length of 6 tokens and image length of 16 tokens (i.e.,

corresponding to a 4Ö 4 grid). Mask (a) corresponds to row attention in which each image token attends
to the previous 5 image tokens. The extent is chosen to be 5, so that the last token being attended to is the
one in the same column of the previous row. To obtain better GPU utilization, we transpose the row and

column dimensions of the image states when applying column attention, so that we can use mask (c)
instead of mask (b). Mask (d) corresponds to a causal convolutional attention pattern with wraparound

behavior (similar to the row attention) and a 3 Ö 3 kernel. The model proposed by the paper actually uses
a mask corresponding to an 11Ö 11 kernel.

6.1.3 Transformer

After the dVAE has been trained, a Transformer Decoder is used to learn the prior distribution over the
joined text and image tokens. A text-image pair is encoded as follows: the lowercased text is BPE-encoded
[32] into a sequence of at most 256 text tokens, using a vocabulary of 16,384 tokens. The image is mapped
into a 32 � 32 grid of latent tokens, that can the be �attened into a 1-D vector of size 1024. The text and
image tokens are then concatenated into a single vector of joint text and image tokens.

The model that is used is a Transformer decoder, that operates autoregressively. For text tokens, causal
attention is used. On the other hand, each image token is allowed to attend to all text tokens. Additionally
there are three di�erent attention modes used for image-to-image attention (attention between di�erent image
tokens). Either a row, column or convolutional attention mask is used. The model employs 64 self-attention
layers, each one of them following one of the attention modes mentioned above. All 64 layers have 62 attention
heads. The transformer is trained to minimize the cross entropy loss for both the image and text tokens,
putting more weight on the loss produced by the image tokens.

As we have already stated, the �nal model is a 12 billion parameter transformer. The training set used consists
of 250 million text-image pairs. It incorporates Conceptual Captions, text-image pairs from Wikipedia and
a �ltered subset of YFCC100M. The model was reportedly trained on 1024 Nvidia V100 GPUs (16 GB of
memory each) .
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6.2 MaskGIT

As we have already discussed, DALL-E and other similar approaches (e.g. [8]) successfully used transformers
to learn the prior distribution over image latents, conditioning on text. However, these approaches model
the image generation task in a completely autoregressive way, i.e. the tokens are produced one by one, with
successive passes through the transformer model, from the top left token, to the botton right one. Every
token can then attend only to its past tokens during inference. This is obvious from the attention masks in
Figure 6.1.1, where all future tokens are masked (The upper right half of the matrix is all masked out). This
is an idea that stems from the use of Transformers for text modeling. It is a reasonable idea when thinking
about textual data, where words tend to have a sequential ordering and each word mostly depends to the
past ones to take meaning.

However, the researchers behind MaskGIT (Masked Generative Image Transformer) [3] argue that this tech-
nique is neither optimal, nor e�cient for the task of image generation. As they point out, a human artist
doesn't necessarily paint an image starting from the top left corner and ending in the bottom right. In fact,
he is most likely to start with a small sketch somewhere in the midle of the canvas and progressively re�ne
it, whilst adding more details. Additionally, in contrary to what happens in text, autoregressive modeling
scales quadradically for images, due to their inherent matrix-like nature. This deems autoregression quite
ine�cient, even for relatively small latent image representations, especially since attention mechanisms are
already computationally costly. Based on the above observations, MaskGIT is trained to predict all image
tokens with a single pass through the transformer model. The tokens are then re�ned with a small number
of iterations, conditioned on the previous generation.

6.2.1 Method

The higher-level approach followed by MaskGIT can be seen in Figure 6.2.1 . It very similar to the two-stage
approach employed by VQ-VAE and DALL-E, both of which, we have already discussed in the previous
chapters. In the �rst stage, a discrete latent space, to which we can map images and then reconstruct them
from the mapping, is learned. In the second stage, a Bidirectional Transformer (tokens can attend to both
directions) is trained to learn the prior distribution of image tokens, conditioned on text captions. In order
to train the transformer, the authors of the paper propose a novel training scheme, namedMasked Visual
Token Modeling (MVTM), where a number of randomly selected image tokens are masked and predicted in
each training step.

Figure 6.2.1: Overview of the MaskGIT architecture [3]

6.2.2 First Stage

For the �rst stage, VQ-GAN [8] is employed without any changes. We have already discussed VQ-GAN in
Chapter 5. The codebook used in the paper has 1024 tokens and the compression factor isf = 16, that is a
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256� 256 image is mapped into a 256
16 � 256

16 = 16 � 16 grid of latent embeddings.

6.2.3 Second Stage

As we have already hinted, a bidirectional transformer is used on the second stage, through a procedure
called MVTM. The transformer that is used has 24 layers, 8 attention heads, 768 embedding dimensions and
3072 hidden dimensions.

MVTM during training

Let Y = [ yi ]Ni =1 be the latent tokens produced by the VQ-encoder with an image as input andM = [ mi ]Ni =1
be the binary masks for all tokens. In each training step, we sample a subset of tokens and replace them
with a special token ([MASK]). mi = 1 denotes a masked token, while tokens withmi = 0 are not changed.
The sampling procedure uses a scheduling function
 (r ) 2 (0; 1]. The procedure works as follows:

ˆ A sampling ratio between 0 and 1 is sampled through
 (r )

ˆ d
 (r ) � N e tokens are uniformly selected and masked

ˆ Let Y �M be the resulting token vector after applying maskM over Y

ˆ The model is trained to minimize the negative log-likelihood of the masked tokens:

L mask = � E[
X

8i 2 [1;N ];m i =1

log p(yi jY �M )] (6.2.1)

Essentially, the probabilities p(yi jY �M ) 2 RN � K are predicted by the transformer. K here denotes the size of
the codebook.Then the cross-entropy between them and the ground-truth one-hot token is computed.

Iterative Inference

During Inference a novel parallel decoding method is used, that includes a small number of steps, contrary
to the traditional autoregressive decoding in transformers that requires as many steps as the length of the
image sequence (e.g. 256 or 1024). A visual comparison of the two methods can be seen in Figure 6.2.2.

Due to the bidirectional nature of the Transformer, the model can theoretically infer all tokens in a single
pass. However, the authors of the paper �nd this challenging, since it is quite di�erent from the training task.
Instead they propose a inference method that starts from a "blank canvas", that is all tokens are masked out
in Y (0)

�M . Then the algorithm in iteration t runs as follows:

ˆ Given the masked tokensY ( t )
�M at the current iteration, the probabilities p( t ) 2 RN � K for all masked

tokens are predicted using the transformer.

ˆ At each masked location i, a tokeny( t )
i is sampled based on the prediction probabilitiesp( t )

i 2 RK

(treating p( t )
i as a multinomial distribution). After sampling, the probability p( t )

i of the token that
was sampled is now used as a "con�dence" score, showing how "con�dent" the model is about this
prediction. For the unmasked positions, the con�dence scores are set to 1.0.

ˆ The number of tokens to (re)mask is computed asn = d
 ( 1
T )N e, where 
 is the mask scheduling

function, N is the total number of tokens and T is the total number of iterations.

ˆ We obtain the masked tokens for the next iteration Y ( t +1)
�M , by applying the new mask M ( t +1) that is

derived by the following formula:

m( t +1)
i =

�
1 if ci < sorted j (cj )[n]
0 otherwise

(6.2.2)

where ci denotes the con�dence score for the i-ith token.
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Figure 6.2.2: Autoregressive Inference vs Parallel Iterative Decoding used in MaskGIT [3]

In short the model generates an image in T iterations. In each iteration, it keeps the predicted tokens that
it is most con�dent about and remasks the rest of them, so as to predict them in future iterations. The
masking ratio is descreased till all tokens are predicted within T iterations.

Masking Design

The authors of the paper report that the way they model masking has a signi�cant impact on the quality
of the generated images. As we saw, masking is scheduled by a function
 (:), that is used in both training
and inference. During training it takes a random ration r 2 (0; 1] as input, while at Inference Time, it takes
0=T;1=T; :::;(T � 1)=T depending on the timestep we are at.


 needs to have the following properties:

ˆ It should be a continuous function 2 [0; 1], for inputs r 2 [0; 1].

ˆ It needs to be monotonically decreasing with respect to r, with the property 
 (0) ! 1 and 
 (1) ! 0.
This is essential for the inference algorithm to converge.

In the paper, three families of functions are tested:Linear , Concave(including cosine, square and exponential)
and Convex (including square root and logarithmic) functions. Some examples of such functions can be seen
in Figure 6.2.3. The authors report that the Cosine function performs the best in all of their experiments.

Number of Iterations

Concerning the number of iterations during inference, the researchers report that the optimal number falls
between 8 and 12. Intuitively one might think that more iterations would yield a �ner result. However,
it is hypothesized that such a sweet spot exists because too many iterations would statistically eliminate
less con�dent tokens and lead the generation process to collapse to a subset of very likely tokens, hindering
diversity.

6.2.4 Token-Critic

Token-Critic [16] is proposed as a method to improve the token sampling procedure of non-autoregressive
Transformer models, like MaskGIT. As we have already discussed, during inference, MaskGIT follows an
iterative parallel decoding scheme where subsets of the full token set are predicted over a number of steps.
At each step, the most con�dent tokens are kept. In order to make this decision, we view the logits, based
on which we sampled the tokens, as their con�dence scores. Instead of reusing logits as con�dence scores,
Token-Critic can be trained as an auxiliary model, whose purpose is to estimate the con�dence scores for the
predicted tokens.
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Figure 6.2.3: Comparison of Mask Scheduling Functions

Training

Token-Critic is a transformer, typically of smaller size than MaskGIT's generative transformer. First, we
assume that we already have a trained MaskGIT. At training time, Y = [ yi ]Ni =1 are the latent tokens produced
by the VQ-encoder, from an image. M = [ mi ]Ni =1 are the binary masks for all tokens. Y �M be the resulting
token vector after applying mask M over Y . Given the masked tokens, we samplêY from p(yi jY �M ) (this is
the distribution parameterized by MaskGIT). Then, we form ~Y = Ŷ � (1 � M ) + Y � M . ~Y is essentially
equivalent to substituting each one of the [MASK] tokens in Y �M with the corresponding token predicted by
MaskGIT. Token-Critic is trained to minimize:

L = E[
NX

j =1

BCE (mj ; p� (mj j ~Y ; c))] (6.2.3)

Where p� (:) is parameterized by the Token-Critic. That is, Token-Critic is trained to predict the binary
Mask, by conditioning on ~Y and c, where c is a condition (e.g. text condition).

Inference

For inference, the iterative design from MaskGIT is used, with a small modi�cation. At �rst, we start with
a "blank canvas" Y (0)

�M 1
(all tokens masked). At step t, we sampleY ( t ) using MaskGIT, i.e.:

Y ( t ) � p� (Y ( t ) jY ( t � 1)
�M t

; c) (6.2.4)

where p� (:) is the distribution learned by MaskGIT.

Now, instead of using the logits that we used to sampleY ( t ) (logits that where produced by MaskGIT) as
con�dence scores, based on which we will remask the least con�dent tokens, we employ the Token-Critic. We
sampleM t +1 � p� (M t +1 jY ( t ) ; c) (p� (:) is parameterized by the Token-Critic). M t +1 2 RN contains N values,
all of them between 0 and 1, corresponding to the con�dence scores for each one of the predicted tokens.
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Figure 6.3.1: Overview of Muse's architecture: The T5-XXL pre-trained text encoder, the base model and
the super-resolution model are depicted on the three rows. The text encoder generates a text embedding

that is used for cross-attention with image tokens for both base and super-res Transformer layers. The base
model uses a VQ Tokenizer that is pre-trained on lower resolution (256Ö 256) images and generates a 16Ö
16 latent space of tokens. This sequence is masked at a variable rate per sample and then the cross-entropy

loss learns to predict the masked image tokens. Once the base model is trained, the reconstructed
lower-resolution tokens and text tokens are passed into the super-res model that then learns to predict

masked tokens at a higher resolution. [4]

Since Token-Critic is a transformer, it uses attention to take into account correlation between tokens when
predicting the con�dence scores, which improves the quality of this decision, compared to the independent
sampling originally used by MaskGIT.

6.3 Muse

More recently (January 2023), another paper [4] was published by Google researchers, building on the same
philosophy as MaskGIT, whilst proposing several improvements. The new model, named Muse, employs a
three-stage approach instead of the two-stage approaches we have discussed in the previous chapters, includ-
ing image tokenization (VQ-GAN) a base-resolution Transformer and a super-resolution Transformer. The
Transformers are Bidirectional and follow the same random masking training scheme and iterative, parallel
decoding tactic that was used in MaskGIT. The model also leverages text embeddings from a pretrained
LLM (Large Language Model), instead of learning text representations from scratch.

6.3.1 Model

An overview of the Model can be seen in Figure 6.3.1. In the following section we analyze the most important
components of the architecture.

Pre-Trained Text Encoder

The encoded text input that is fed into the model is extracted using a T5-XXL [24] model, which belongs to
the LLM category. The embeddings from the LLM are supposed to encode rich information about objects,
actions, visual properties, spatial relationships and other properties. Muse is then expected to map this
information into the generated images.

In terms of method, an input text caption is passed through a frozen T5-XXL encoder resulting in sequence
of 4096 dimensional language embeddings, which are then projected to the hidden size of the transformer
and used for cross-attention.
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Figure 6.3.2: Muse's super-resolution model [4]

Image Tokenization: VQ-GAN

For image tokenization, VQ-GAN is used here, as in the case of MaskGIT. In fact two separate VQ-GAN
models are trained. The �rst one is trained on 256� 256 images with a downsampling factor f=16, resulting
in a 16 � 16 latent representation. This one is used for the base model. The second VQ-GAN, that is used
to train the super-res model, operates on512� 512 images, with a downsampling factor f=8, resulting in a
64� 64 latent representation. Both of them have a library of 8192 embeddings.

Base Model

As we have already mentioned, the base model is a Bidirectional Transformer. Essentially, it operates in an
identical way to MaskGIT. It takes as input the T5 text embeddings and the image tokens. The Base Model
uses the image tokens outputed by the �rst VQ-GAN model, that encodes256� 256 images into a16 � 16
grid of latents. During training a random fraction of the image tokens is masked and predicted. At inference,
Iterative Parallel Decoding is employed, as in MaskGIT (6.2.3).

Super-Resolution Model

An overview of the Super-Resolution Transformer can be seen in Figure 6.3.2. This part of the model is
trained, with a pre-trained frozen base model. The Super-Resolution model takes in as input the t5 text
embeddings, the Low-Resolution image tokens, i.e. the16 � 16 grid predicted from the base model. These
tokens are passed through a simple, short Transformer Network, only employing Self-Attention and MLP
layers. The Super-Res Transformer is a Bidirectional Transformer, just like the base model, that operates on
the high resolution latent space of the second VQ-GAN model, i.e the64 � 64 grid produced by 512� 512
images. Apart from the di�erent representation spaces, the only other di�erence between the base and the
Super-Res model, is that the second one cross-attends to the low resolution tokens produced by the base
model in addition to the text embeddings.

Intuitively, the Super-Res model learns a mapping between the Low-Res representation vectors and the High-
Res ones. The researchers reported �nding that directly predicting high resolution images (512� 512) lead
the model to focus on �ne details and ignore large scale semantics. Therefore, they went for this gradual
approach to capture both high-level and low-level features.

Inference: Iterative Parallel Decoding

Decoding follows the tactic that was introduced in MaskGIT. A cosine Masking Schedule is employed, to
decide the fraction of tokens that are to be predicted in each step. Then, at each timestep the most "con�dent"
tokens that �ll up this fraction are kept and the rest of the tokens are re-masked and left to be predicted in
the next steps. The Base model predicts its output over 24 steps vs 8 steps for the Super-Res model, for a
total of 32 timesteps.
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Classi�er Free Guidance

The model reportedly employs a technique called Classi�er Free Guidance [12]. At training time, a fraction
(10%) of samples is chosen randomly and the text condition is completely dropped for them (thus attention
reduces to image token self-attention). At inference time, two seperate logits are computed for each image
token: a conditional logit `c (using text condition) and an unconditional logit `u (not using text condition).
the �anl logits are computed as follows:

` = (1 + t)`c � t` u (6.3.1)

where t is the guidance scale. Classi�er Free Guidance intuitively trades of diversity for �delity. Speci�cally,
a higher value of t promotes higher �delity, but also lower diversity, by increasing the focus of the model on
the conditional logits.

The mechanism is also used to enable Negative Prompting. Speci�cally, by replacing the unconditional logits
with logits conditioned on a Negative Prompt, Equation 6.3.1 can be used to push the �nal logits towards
features encouraged by the positive prompt (̀c) and away from the features encouraged by the negative
prompt ( `u ), thus e�ectively disabling unwanted features.
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Chapter 7

Caption Augmentation using LLMs

The outstanding capabilities of LLMs have been previously leveraged to perform text augmentation in the
context of various tasks [38, 43, 6, 44, 9]. [9] proposes a method for augmenting captions of text-image
pairs that are used to train a CLIP[23] model. At �rst, alternative captions are generated for a small
number of text-image pairs, through various methods, including human annotation and chatbots. Original
and generated captions are paired to form meta-input-output pairs. Subsequently, LLaMA[37] is used to
produce alternative captions for all samples in the training data. The meta-input-output pairs are used as
context for the LLM to better understand the task.
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Chapter 8

Masked Generative Story Transformer

In this Chapter we introduce our approach for the task of Story Visualization, analyzing each main component
independently.

8.1 Image Tokenization

8.1.1 VQ-GAN

(a) The images of a story are tokenized by the
VQ-GAN encoder

(b) The latent image tokens can be decoded
into the image space using the VQ-GAN

decoder

(c) VQ-GAN's function

Figure 8.1.1: VQ-GAN encoder and decoder

For Image tokenization we leverage VQ-GAN [8]. Given the images of a story:X = f X 1; X 2; :::; X n g, we pass
them through the VQ-GAN encoder to produce the corresponding discrete latent tokens:Z = f Z1; Z2; :::; Zn g,
as show in Figure 8.1.1a. A Transformer is trained to predict the image tokens based on text (see Section
8.3). After the image tokens have been predicted, we can decode them back into the image space, using the
VQ-GAN decoder (Figure 8.1.1b).

8.2 Text Encoding

For Text-Encoding we experiment with two alternative methods: training text-embeddings from scratch or
using text embeddings extracted from an LLM. Regardless of the method, each input caption in a story is
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encoded into sequence of embeddings. We denote the encoded texts of a story asT = f T1; T2; :::; Tn g .

8.2.1 Custom Text Embeddings

Figure 8.2.1: The sentences of a story are BPE-encoded to obtain text tokens

When training text embeddings, we use a BPE-encoder that maps each text-description into a sequence of
image tokens (Figure 8.2.1). For the BPE-encoder we use a vocabulary of size 2500.

8.2.2 Using an LLM

Instead of training our own text embeddings, we can use the embeddings from a pretrained LLM. Inspired
by MUSE [4], we experiment with T5-XXL [24]. To produce embeddings from a text caption, we pass the
caption through the LLM and extract the embeddings from the �nal hidden layer. Then, we use them as the
text representations that serve as input to our transformer.

8.3 Transformer Priors

8.3.1 Input

Figure 8.3.1: The input of the Transformer is the concatenation of the image and text tokens for each one
of the �ve image/sentence pairs in the story. The Image Tokens are �attened and randomly masked before

being concatenated with the text tokens.

Given the image tokensZ = f Z1; Z2; :::; Zn g (Z i 2 Rm � m � d) and text tokens T = f T1; T2; :::; Tn g (Ti 2 Rl � d),
for a story, we form the transformer's input as shown in Figure 8.3.1. The image tokensZ 2 Rn � m � m � d

are �attened into a sequenceZ 0 2 Rn � (m �m ) � d. Then they are randomly masked, as inMaskGIT to obtain
�Z 2 Rn � (m �m ) � d. Finally, each image representation is concatenated with the text representation of the same
index to form Input i = ( �Z i ; Ti ). The Transformer's input can be written as :

Input = f Input 1; :::; Input n g 2 Rn � (m �m + l ) � d (8.3.1)
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where l is the length of a captions text representation,m � m is the resolution of the images' latent repre-
sentations, n is the number of images in a story andd is the Transformer's hidden dimension.

8.3.2 Types of Transformer Layers

Below, we describe the di�erent types of Layers we use in out transformer models.

(a) Full-Layer (b) Self-Layer

Figure 8.3.2: Basic Transformer Layers

Full-Layer

The Full-Layer 8.3.2a is the traditional Transformer Decoder Layer, consisting of three sub-layers: Self-
Attention, Cross-Attention and Feed-Forward. Given an input I 2 Rn � a� d and a context C 2 Rn � c� d, the
output a Self-Attention sub-layer and a Cross-Attention sub-layer can be calculated, respectively as follows:

Self � Attention (I ) = MultiHead 1(Q = I; K = I; V = I )

Cross � Attention (I; C ) = MultiHead 2(Q = I; K = C; V = C)
(8.3.2)

The Feed-Forward sub-layer consists of a Linear Layer, followed by an activation, followed by Layer Normal-
ization. As it it shown in the Figure, there is a residual connection around each sub-layer.

Self-Layer

As one can see in Figure 8.3.2b, the Self-Layer is identical to the Full-Layer, except for the fact that it omits
the Cross-Attention sub-layer. It, therefore does not utilize any context.

SV-Layer

The SV-Layer (Story Visualization Layer) is shown in Figure 8.3.4. It comprises of a Self-Layer, preceded by
a preprocessing sub-layer and followed by a postprocessing sub-layer.
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(a) SV-Layer Preprocessing

(b) SV-Layer Postprocessing

Figure 8.3.3: Data Processing for the SV-Layer

Figure 8.3.4: SV-Layer

The preprocessing sub-layer takes in ann-sized batch of tokens2 Rn � (m �m + l ) � d, that corresponds to the
n image-caption pairs in a story. It reshapes its input into a representation2 R1� (n �(m �m )+ n �l ) � d by stacking
the image tokens for all images in the story, one next to the other and concatenating them with the sequence
of all text tokens in the story stacked in the same way (Figure 8.3.3a).

The postprocessing sub-layer has the exact opposite function. It takes in a representation 2
R1� (n �(m �m )+ n �l ) � d. It reshapes it into an output 2 Rn � (m �m + l ) � d, where each one of the ((m �m+ l) � d)-sized
sequences in then-batch corresponds to the image tokens of an image, concatenated with the text tokens of
its caption (Figure 8.3.3b).

At a conceptual level, the preprocessing sub-layer brings the story representation from an image-by-image
format into a story-level format, where the whole story is viewed as a continuous sequence of tokens that
correspond to all images and captions. This way, in the Self-Layer that follows, tokens from any one of the
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n positions in the story can attend to tokens from any other position, and integrate relevant information.
Subsequently, we bring the tokens back to their image-by-image format with the postprocessing sub-layer.

8.3.3 Proposed Transformer Models

MaskGST

Figure 8.3.5: MaskGST model

We name our proposed Transformer Architecture MaskGST (Masked Generative Story Transformer) to
highlight its heavy in�uence from MaskGIT. MaskGST consists of two Full-Layers, followed by several Self-
Layers. Figure 8.3.5 shows a version of the model that employs 4 Self-Layers, for a total of 6 Layers.

The context that is utilized in the cross-attention sub-layers is composed of all the text descriptions in a
story. That is, to predict the image tokens for each image in the story, we perform cross-attention with all of
the text descriptions in the story. This way, we allow the model to adopt useful, relevant information from
previous and following timesteps in the story. For example a character could be referenced by his name (e.g.
Pororo) in one caption and then be referenced using a pronoun (e.g.he) in the next caption. By employing
cross-attention with all other captions in the story, we allow the model to learn how to infer the name of the
character (or other relevant information) in such cases.
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MaskGST-SV

Figure 8.3.6: MaskGST-SV

MaskGST-SV (MaskGST Story Visualization) includes two Full-Layers in the beggining of the generative
process. The �rst two layers can be optionally followed by several Self-Layers. Then, we have two SV-Layers,
that can be optionally followed by several Self-Layers, as well. For example, Figure 8.3.6 shows a MaskGST-SV
model that stacks two Self-Layers between the Full-Layers and the SV-Layers and two additional Self-Layers
after the SV-Layers, for a total of 8 layers. We conduct experiments with several di�erent con�gurations.

Training

Figure 8.3.7: Overview of MaskGST's training procedure

All of the proposed models transform their input: Input = f Input 1; :::; Input n g 2 Rn � (m �m + l ) � d into an
output of the shame shape:

Output = f Output 1; :::; Output n g 2 Rn � (m �m + l ) � d (8.3.3)
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For each item in the n-batch, we drop thel tokens that correspond to the text description and keep them � m
image tokens. Thus, we obtain:

Output = f Output 1; :::; Output n g 2 Rn � (m �m ) � d (8.3.4)

The output then undergoes a linear transformation to obtain logits:

y = Lin (Output ) 2 Rn � (m �m ) � K (8.3.5)

where K is the number of embeddings in the embedding library of the VQ-GAN. Finally, the logits can be
used to train the model against the ground-truth image tokens that are obtained through the VQ-GAN. For
training, we use the masking scheme proposed in MaskGIT, that is presented in Section 6.2.3.

If we are working with a VQ-GAN, that uses more than one latent space, we employ as many linear trans-
formations as the latent spaces and use each one of them to predict the tokens of one latent space.

Inference

As in training, for inference we also adopt the parallel decoding procedure proposed in MaskGIT, that is
detailed in Section 6.2.3

8.3.4 Character Guidance

We propose a new technique to improve the generation of characters in the stories. We add to our model,
a library of 2 � Cn extra Character Embeddings, whereCn is the number of main characters present in the
dataset (e.g. for Pororo-SV Cn = 9 ). For each character, we have a positive embedding (the character is
referenced in the caption) and a negative one (the character is not referenced in the caption). When using this
technique, we concatenateCn embeddings to the input of the transformer, one for each character. Positive
embeddings are used for the characters that are present in the current text description and negative ones for
the rest of the characters. In that case the input of the transformer becomes:

Input = f Input 1; :::; Input n g 2 Rn � (m �m + l + Cn ) � d (8.3.6)

where: Input i = ( �Z i ; Ti ; Ci ) and Ci = f poschar gchar 2 T i

S
f negchar gchar =2 T i . poschar represents the posi-

tive embedding for character char, whereasnegchar represents the negative embedding for the character.
f poschar gchar 2 T i is the set of positive embeddings for the characters that are present in the current descrip-
tion ( Ti ) and f negchar gchar =2 T i is the set of negative embeddings for the characters that arenot present in
the description.

Training

In order to reinforce the model's focus on these Character Embeddings, we completely drop the text descrip-
tions for a percentage of training samples in each batch and only keep the Character Embeddings. Other
than that, the training process remains intact.

Inference

During inference, we compute two sets of logits when generating an image. The �rst set of logits (` tc )
is computed conditioning the generative process on text descriptions. The second set of logits (`char ) is
computed using only Character Embeddings and completely dropping the captions. As in training, we use
positive embeddings for characters that are present in the current caption and negative ones for the remaining
characters. The �nal logits ( `) are computed as a convex combination of the text-conditional logits and the
character logits:

` = (1 � f )` tc + f` char ; f 2 [0; 1) (8.3.7)

This combination is computed at every step of the iterative parallel decoding process.
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The intuition behind this approach is that the text-conditional logits encode the speci�c information regarding
the generation of an image from its descriptions, whereas the character logits encapsulate information solely
regarding the presence of main characters in the image. By combining the two sets of logits we attempt
to produce images that remain faithful to the corresponding descriptions, whilst being speci�cally biased
towards the generation of characters that need to be present.

Negative Prompting

In order to further reinforce the presence of the correct subset of the main characters in each image, we employ
negative prompting, during inference. Speci�cally, except for the two sets of logits (̀ tc and `char ), we intro-
duced earlier, we compute a third set of logits̀ char . To compute `char we completely drop text descriptions
from the transformer's input, as we do when computing`char . However, instead of using positive embeddings
for characters present in the description and negative ones for absent characters, we do the opposite. Negative
embeddings are used for characters present in the description and positive embeddings for characters absent in
the description. That is, the character embeddings in the input are:Ci = f negchar gchar 2 T i

S
f poschar gchar =2 T i .

In a sense`char is computed using the "complement" of the input that is used to generate `char . The �nal
logits are now computed as follows:

` = (1 � f )` tc + 2 f` char � f ` char ; f 2 [0; 1) (8.3.8)

The intuition behind this idea is that if the addition of `char pushes the logits towards generating the
characters present in the description, the subtraction of `char actively pushes the logits away from the
generation of characters that arenot in the current description.

The whole idea behind Character Guidance is akin to the way Classi�er Free Guidance [12] is used in MUSE.
However, in our approach we introduce Character Embeddings and use the technique to simultaneously focus
on the text condition and on the the characters to be generated, instead of trading o� diversity for �delity.

8.4 Caption Set Augmentation

In order to shield our model against over�tting we experiment with augmentation of the text descriptions
(image captions). To that end, we employ an LLM. The LLM is instructed to generate alternative captions,
given the original one for each story.

We use ChatGPT 3.5 through the API provided by OpenAI to augment our training captions. For each
story (set of 5 captions) we give ChatGPT a description of its role, as a caption-augmenting assistant, along
with information about the characters in the dataset. Subsequently, we provide it with the �ve captions of
the story, that it needs to rephrase. This technique is closely related to the one adopted in [9]. However in
[9] examples of input-output caption pairs are provided as context, whereas we choose to provide domain
speci�c knowledge about the dataset as context. Additionally, we use the alternative captions while training
a generative model, where caption accuracy is of grater importance than contrastive language-image training,
which is the task in [9].

The role message is the following (Pororo Dataset):

"You are helping me generate more descriptive captions from the given text descriptions.
I want short, simple, visual captions to train a text to image model. Five consecutive
descriptions form a coherent story. The main characters in the descriptions are the
following: Pororo is a Penguin. Loopy is a pink Beaver. Crong is a green Dinosaur.
Eddy is a brown fox. Poby is a polar Bear. Petty is a blue female Penguin. Tongtong is
an Orange Dragon. Rody is a yellow Robot. Harry is a pink Bird."

The original story captions are given in the following form:

1. {caption 1}
2. {caption 2}
3. {caption 3}
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4. {caption 4}
5. {caption 5}

ChatGPT returns the alternative captions:

1. {alt. caption 1}
2. {alt. caption 2}
3. {alt. caption 3}
4. {alt. caption 4}
5. {alt. caption 5}

This technique is closely related to the one emloyed in [9]. However in our case, domain speci�c knowledge
about the dateset is given as context, instead of providing ChatGPT with examples of input-output caption
pairs. Furthermore, in [9] the captions are used to train a contrastive language-image model[23], while we
use the captions to train a generative model, where caption accuracy is of greater importance.

During training, we randomly pick either the original or the alternative caption for each image, on every epoch.
This way, we essentially provide di�erent text descriptions for the same image on di�erent epochs. On the
one hand, we expect this to help our model focus more on the word embeddings that are more important
and more relevant to the visual concepts in the image (e.g. the names of the characters). Additionally, we
hypothesise that this technique could improve the models understanding of the variance of language and help
it avoid over�tting to the expressions used in the original training corpus.

8.5 Character-Attentive Token-Critic

Based on the original idea of the Token-Critic we experiment with a Character-Attentive Token-Critic. Its
function is identical to the one described in Section 6.2.4. For our task, we choose to condition the predictions
of the token-critic using Character Embeddings. Speci�cally, the Token-Critic has Cn embeddings, one for
each main character(Cn is the number of characters in the dataset). We train an auxiliary Transformer
(Token-Critic) that parameterizes p� (:) under:

L = E[
NX

j =1

BCE (mj ; p� (mj j ~Y ; c))] (8.5.1)

where [mj ]Nj =1 is the binary mask, used in the MaskGIT training process, ~Y = Ŷ � (1 � M ) + Y � M and c
(the condition) is formed by concatenating the Character Embeddings of the characters that are present in
the current caption. Conditioning is implemented through Cross-Attention.

During inference, the Character-Attentive Token Critic is used to predict con�dence scores for the generated
image tokens, at each inference step, whilst attending to Character Embeddings.

8.6 Latent Super-Resolution Model

Inspired by MUSE, we experiment with the idea of using a Super-Resolution Transformer Model, with a
higher latent resolution, that conditions on outputs of a Base Transformer model, with a more compact
latent space. For this idea to work, we assume that we have two VQ-GAN models, operating at two di�erent
resolutions: m1 � m1 and m2 � m2 (m1 < m 2).

8.6.1 Base Transformer

The Base Transformer model is MaskGST, like the one described in Section 8.3.3 and trained as we describe
in that Section, using MaskGIT's formula. This Transformer uses the latent space of the VQ-GAN with
resolution m1 � m1 (latent space with higher compression factor).
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8.6.2 Super-Resolution Transformer

When training the Super-Resolution Transformer, we assume that we have already completed the Base
Transformer's training. The Super-Res Transformer is a MaskGST (Section 8.3.3), like the Base Model, but
with a higher resolution latent space (m2 � m2). What is di�erent in this model is its input.

Figure 8.6.1: The Super-Resolution Model's input is formed by concatenating the Masked
High-Resolution(HR) image tokens, with the text tokens and the Low-Resolution(LR) image tokens,

predicted by the Base Model

Given the High Resolution image tokensZ = f Z1; Z2; :::; Zn g (Z i 2 Rm 2 � m 2 � d), predicted by the respective
VQ-GAN, the text tokens T = f T1; T2; :::; Tn g (Ti 2 Rl � d) and the Low Resolution image Tokens,Z LR =
f Z LR

1 ; Z LR
2 ; :::; Z LR

n g (Z LR
i 2 Rm 1 � m 1 � d), we form the transformer's input as shown in Figure 8.6.1. The

image tokensZ 2 Rn � m 2 � m 2 � d are �attened into a sequenceZ 0 2 Rn � (m 2 �m 2 ) � d. Then they are randomly
masked, as inMaskGIT to obtain �Z 2 Rn � (m 2 �m 2 ) � d. The predicted Low Resolution Tokens are likewise
�attened and passed through a series of Self-Layers (following MUSE). Finally, the Masked HR image tokens,
the text tokens and the predicted LR image tokens are concatenated to form:Input i = ( �Z i ; Ti ; Z LR

i ). The
Transformer's input can be written as :

Input = f Input 1; :::; Input n g 2 Rn � (m 2 �m 2 + l + m 1 �m 1 ) � d (8.6.1)

where l is the length of a captions text representation andd is the Transformer's hidden dimension.

8.7 Latent Space Disentanglement

With the improvement of character generation in mind, we propose a technique that attempts to disentangle
the latent features that map to characters from the rest. To that end, we modify the VQ-GAN architecture,
to add a second library of discrete latent vectors.
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(a) The VQ-GAN encoder remains untouched
(b) The VQ-GAN decoder remains the same,

as well

(c) We modify the quantization stage, trying to achieve feature disentanglement

Figure 8.7.1: Modi�ed VQ-GAN for feature disentanglement

8.7.1 VQ-GAN Encoder and Decoder

As Figures 8.7.1a and 8.7.1b show, the Encoder and the Decoder of the VQ-GAN remain the same. As
we have described previously, they are both CNNs. the Encoder maps an image to a latent space:x 2
R3� N � N �! z 2 RD � N

f � N
f , where D is the dimensionality of the Latent Space andf is a compression

factor. Symmetrically, the Decoder maps a point in latent space to a point in pixel space (image):z 2
RD � N

f � N
f �! x 2 R3� N � N

8.7.2 Quantization with two Libraries of Latent Vectors

Instead of using a single library of latent vectors, as in the original VQ-GAN architecture, we use two:
ebackground 2 RK � D and echar 2 RK � D , where K is number of discrete embeddings in each library and D
is dimensionality of the Latent Embeddings. The high-level idea is that ebackground encodes features that
correspond to the background of an image, whereasechar is concerned with character features. An overview
of the Quantization process can be seen in Figure 8.7.1c.

An image x 2 R3� N � N is �rst passed through the encoder to obtain z0 2 RD � N
f � N

f . We apply a D-
dimensional �lter f background to z0 and obtain z1 = f background (z0). Then we quantize z1 according to
ebackground , by substituting each one of the (Nf � N

f ) vectors (each vector has D dimensions) by their closest

one in the library. The result of the quantization is zbackground 2 RD � N
f � N

f .
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Similarly, we use another D-dimensional �lter f char to obtain z2 = f char (z0). Then we quantizez2 according
to echar and obtain zchar 2 RD � N

f � N
f .

We combinezchar and zbackground using a background mask. LetM 2 R
N
f � N

f be the background mask, with:

M background
i;j =

�
0 if the (i,j) region in the original image belongs to the foreground
1 if the (i,j) region in the original image belongs to the background

(8.7.1)

Where regions with Characters are considered to belong to the foreground, whereas regions without characters
are considered to belong to the background. We broadcastM background from M background 2 R

N
f � N

f to
M̂ background 2 RD � N

f � N
f . The �nal latent representation of the image if formed as follows:

z = zbackground � M̂ background + zchar � M̂ background (8.7.2)

That is, for the regions that belong to the background,zbackground 's embeddings are used, whereas for regions
of the foreground (character regions)zchar 's embeddings are used. z can be fed into the Decoder to produce
the reconstructed image.

As Figure 8.7.1c shows, the character latentszchar are also passed through a single-layer Neural Network. This
network takes in a �attened version of zchar , ~zchar 2 RD � N

f � N
f and outputs class probabilities for all the main

Characters in the dataset (9 for Pororo-SV). We train this simple network under a Multi-Label classi�cation
loss, using character references in the corresponding captions as ground-truth. The purpose of this network
is to provide further feedback to the character latent library echar during training. By using a single layer
Neural-Network for classi�cation we hope that the model will be forced to promote disentanglement in the
latent embeddings that encode di�erent characters, themselves, because the classi�er is supposedly too short
to perform the disentanglement in its entirety.

8.7.3 Foreground-Background Segmentation

In order to obtain the background Masks we follow the approach of [5], that we brie�y outlined in Section
3.5.2. We use a pretrained convolutional classi�er, �ne-tuned to detect Characters in our dataset's images.
We apply GradCAM [31], using the classi�er, to produce a heatmap for each image. GradCAM provides
heatmaps that highlight image areas that are highly attended to when the image is passed through the
classi�er. In our case, these areas are the Character regions in the image. The "relevance" of an image region
when taking the Classi�cation decision is given as a real number. Therefore, GradCAM outputs a heatmap:
H 2 RN � N , where image regions that are highly attended to, during classi�cation typically have greater
values. By choosing an activation thresholdh, we can easily obtain a background mask, fromH as follows:

M background
i;j =

�
0 if H i;j � h
1 if H i;j < h

(8.7.3)

where a mask value of 1 (masked out) corresponds to areas that do not contain Characters.

8.7.4 Modi�cations in the Transformer

The Transformer used for this method is very similar to the ones we have already discussed, with some small
modi�cations.

Training

As we described in Section 8.3.3, after dropping the text part of the transformer's output we get the following
result:

Output = f Output 1; :::; Output n g 2 Rn � (m �m ) � d (8.7.4)

Originally, we use one linear transformation, to turn these outputs into logits, which are enough to predict
the image tokens in the latent space of the original VQ-GAN.
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However, when using a VQ-GAN with two Latent Libraries, as we described above, we need the transformer
to predict the following, in order to generate an image:

ˆ Character logits (and thus Character Tokens)

ˆ Background logits (and thus Background Tokens)

ˆ Background mask.

In order to achieve this, we introduce three linear transformations in the Transformer (instead of one):
To _ Char _ Logits ; To _ Background _ Logits ; To _ Mask . Where:

ychar = To _ Char _ Logits (Output ) 2 Rn � (m �m + l ) � K

ybackground = To _ Background _ Logits (Output ) 2 Rn � (m �m + l ) � K

ymask = To _ Mask (Output ) 2 Rn � (m �m + l ) � 1

(8.7.5)

The loss function is a slightly modi�ed version of MaskGIT's loss:

L = L char + L background + L mask ; (8.7.6)

where:

L char = � E[
X

8i 2 [1;N ];m i =1 ;m background
i =0

log p(ychar
i jY �M )]

L background = � E[
X

8i 2 [1;N ];m i =1 ;m background
i =1

log p(ybackground
i jY �M )]

L mask = L CE (ymask ; M background )

(8.7.7)

Y stands for the indices of the embeddings inz, wherez is given by Equation 8.7.2, whereasY �M is the masked
version of the indices, according to MaskGIT's masking schedule. Note that the random maskM that is used
here is not to be confused with the Background maskM background . L char is the MaskGIT style loss for the
character logits, in Character regions of the image.L background is the MaskGIT style loss for the background
logits, in background regions of the image. L mask is the cross-entropy loss between the ground-truth and
predicted Background mask.

Except for the changes described above, the rest of the model is identical to our initial MaskGST.

Inference

During inference we need to generate the Background Mask, the Character Logits and the Background Logits.
We start by generating the Background Mask. We do this with a single pass through the transformer. For
this pass, all visual tokens in the input are masked. We get an output as described by Equation 8.7.4. Finally,
we form � (To _ Mask (Output )) 2 Rn � m � m , where � (:) stands for the sigmoid function. The Background
Mask can be predicted as:

~M background
i;j;k =

�
1 if � (To _ Mask (Output )) i;j;k � 0:5
0 if � (To _ Mask (Output )) i;j;k < 0:5

(8.7.8)

After predicting the Background Mask, we perform iterative parallel decoding as in MaskGIT. The only
di�erence is that at each step we predict Character Logits and Background Logits. Then the logits are
formed as :

Logits i;j;k =

(
Logits Background

i;j;k if ~M background
i;j;k = 1

Logits Char
i;j;k if ~M background

i;j;k = 0
(8.7.9)
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Chapter 9

Experimental Section

9.1 Experimental Setup

9.1.1 Codebase

Our entire codebase is developed in PyTorch. The code for the MaskGIT models is adapted from an open
source implementation of MUSE1. For image tokenization, we use the original VQ-GAN implementation
from Taming Transformers [8], that is available on github2. All experimental modi�cations of the VQ-
GAN architecture are also based on this implementation. The BPE tokenizer that we use is built using the
Tokenizer class from Hugging Face3.

9.1.2 Training Environment

All experiments are performed on the training environment provided by GRNET on ARIS. Speci�cally, we
perform all training and inference on a sinlge NVIDIA V100-16GB GPU.

9.1.3 Story Visualization Datasets

Pororo-SV

Figure 9.1.1: Main characters featured in Pororo-SV

The main dataset used in literature, for Story Visu-
alization is Pororo-SV, proposed in [18]. It is based
on a cartoon series names "Pororo the Little Pen-
guin". Pororo-SV was, in fact adapted from a Video-
QA dataset [14] based on this series. The original
QA dataset comprised of short videos that where
associated with text descriptions. In order to adapt
the dataset for story visualization, the text descrip-
tions are used as the text input for stories. Addi-
tionaly, a frame is sampled from each short video
and is associated with the corresponding text de-
scription, as its ground-truth image. Five contin-
uous text-image pairs form a story. The Pororo-
SV dataset contains 15,336 stories in total. The
split used in the original StoryGAN paper contained

13,000/2,336 train/test stories. However, there was overlap between the images used in the training and test
sets, that is not considered good practice. Therefore, we adopt the split proposed in [20], which comprises

1https://github.com/lucidrains/muse-maskgit-pytorch
2https://github.com/CompVis/taming-transformers
3https://huggingface.co/learn/nlp-course/chapter6
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of 10191/2334/2208 train/validate/test stories. There is no overlap between the train and test sets in this
split. The dataset features 9 recurring characters that can be seen in Figure 9.1.1

Flintstones-SV

The Flintstones-SV dataset was proposed in [19]. It was adapted from a Text-to-Video Dataset. A single
frame is sampled from each video clip and frames from adjacent clips are gathered into 5-frame stories, similar
to what we have in Pororo-SV. Flintstones-SV features 7 major recurring characters and has 20132/2071/2309
training/validation/test samples.

9.1.4 Story Visualization Metrics

FID

We evaluate the quality of the generated images usingFID . To compute FID we use an pretrained Inception
v3 (a CNN) to extract features from images. After extracting the features of the generated images and the
ground truth ones, we compares their means and standard deviations. Deep level features extracted from
a CNN are expected to correspond to high-level real-world concepts and are, therefore considered to be a
better ground for comparison, compared to straight comparison of image pixels.

Character-F1

Character-F1 score is proposed as a metric in [20]. They �ne-tune a pretrained Inception v3 model with
multi-label classi�cation loss, to identify the presence of main characters in images. This model is then used
to predict the presence of characters in generated images. Using the reference of the characters' names in
captions as ground-truth we can calculate a models F1-score on character generation. Since we have multiple
characters, a micro-average F1-score is calculated. For the sake of consistency we use the same �ne-tuned
Inception v3, that is publicly available.

Character Accuracy

Similarly to Character-F1, [20] proposes to use the �ne-tuned model that was mentioned above, to calculate a
models character generation accuracy (Character-Accuracy). The three metrics mentioned above have been
widely adopted by papers that study the Task of Story Visualization.

BLEU-2/3

In [20] additional evaluation method is proposed to better capture the narrative element of the task. Speci�-
cally, they �ne-tune a video captioning model and use it to produce a single text-description for an image-story.
They produce story captions using the generated image-stories as well as the ground-truth ones. Finally,
BLEU evaluation is performed between the generated and ground-truth descriptions. This method is not as
widely adopted as the previous ones, while several di�erent video captioning models have been used in di�er-
ent works. However, we choose to adopt the original video captioning model from [20] and report BLEU-2/3
scores as a supplementary evaluation metric.
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9.2 Architectural Experiments

9.2.1 Image Tokenizer

VQ-GAN

During early experimentation we test the following compression factors for VQ-GAN's latent space:f = 4 ,
f = 8 and f = 16, that correspond to latent resolutions of sizes16 � 16, 8 � 8 and 4 � 4 respectively (all
images in the dataset are of size64� 64). The size of the Latent Space is set to128� 256, i.e. 128 discrete
latent embeddings, with 256 features each, for all models. All models have� 35M parameters.

As our intuition would suggest, we found that lower compression factors lead to better image reconstruction
when training the VQ-GAN model. That is, for f = 4 we obtain better reconstruction FID compared to
f = 8 and f = 8 achieves better reconstructions thanf = 16. However, when combining VQ-GAN with our
transformer models to predict image tokens from text, we found that this is not the case. When paired with
a transformer, the VQ-GAN with f = 8 yields the best results, by far, across all metrics.

The above observation might seem counter-intuitive, but we make the following hypothesis: When predicting
image tokens from text, our model will �nd it di�cult to reproduce very �ne details in the image based on
a small text description, that might not even contain these details. Therefore, using a very expressive latent
space (low compression factor) might not be bene�cial, since the latent tokens will represent �ner details in
the image and our model will fail to e�ectively map text into them. On the other hand, a more compressed
latent space will be composed of tokens that encode "coarser" characteristics in the images. We hypothesise,
that such tokens are more suitable to predict from text descriptions that lack �ne details. This could explain
why a more compact latent space (f = 8 ) might outperform a more expressive one (f = 16) when predicting
images from text. Of course, if we choose to use too high a compression factor, there will unavoidably be a
decline in the generated image quality at some point, as the features encoded in the latent space will get too
"coarse". This could explain why our VQ-GAN with f = 8 performs better that the one with f = 16.

9.2.2 MaskGST

As we mentioned in Section 8.3.3 the vanilla MaskGST is composed of two Full-Layers followed by several
Self-Layers. For our experiment, we choose the number of Self-Layers to be equal to 4, which translates into 6
layers in total for the Transformer. The model is identical to example shown in Figure 8.3.5. The Transformer
Dimension is set to d = 1024. The Vocabulary Size for the text embeddings is set tonvocab = 2500. We
use Scaled Dot-Product Attention and the number of attention heads is set tonheads = 8 . The Transformer
has 70M parameters and the entireMaskGIT model (including the VQ-GAN) has 105M parameters. We
train the model for 200 Epochs with a learning rate of lr = 5e � 3. As we can see in Table 9.6, MaskGST
outperforms previous GAN architectures in all metrics. It also, closely approaches previous Transformer
Architectures, even surpassing them in terms of Character Accuracy and BLEU scores.

We use this model as our baseline architecture. All next experiments build on this baseline in di�erent ways,
in search of ideas that can improve the quality of the generated stories.

9.2.3 MaskGST-SV

In Section 8.3.3 we described MaskGST-SV as a model that starts with two full-layers, optionally followed by
several self-layers, followed by two SV-layers, optionally followed by several extra self-layers. We experiment
with three alternative con�gurations that follow these rules. They can be seen in Figure 9.2.1
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(a) MaskGST-SV with the SV-layers positioned early in the generative process

(b) MaskGST-SV with the SV-layers positioned in the middle of the generative process

(c) MaskGST-SV with the SV-layers positioned in the end of the generative process

Figure 9.2.1: Alternative MaskGST-SV architectures

Con�guration (a) (Figure 9.2.1a) consists of 2 Full-Layers, followed by 2 SV-Layers, followed by 4 Self-Layers.
Con�guration (b) (Figure 9.2.1b) consists of 2 Full-Layers, followed by 2 Self-Layers, followed by 2 SV-Layers,
followed by 2 Self-Layers. Finally, con�guration (c) (Figure 9.2.1c) is comprised of 2 Full-Layers, followed by
4 Self-Layers, followed by 2 SV-Layers. One can easily observe that all three alternatives utilize 2 Full-layers,
4 Self-Layers and 2 SV-Layers, for a total of 8 layers. What changes is the position where the SV-Layers
are inserted. Starting from the �rst con�guration and moving towards the third one, the SV-Layers are
progressively moved from an early stage in the generative process to later ones.

All hyperparameters are kept the same as in MaskGST (d = 1024, nvocab = 2500, nheads = 8 . lr = 5e � 3,
nepochs = 200l).
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Model FID Char-F1 Char-Acc BLEU-2/3
MaskGST 66.12 50.48 26.12 4.68/2.01

MaskGST-SV (a) 63.73 51.83 26.50 4.83/2.17
MaskGST-SV (b) 62.60 52.48 26.65 4.74/1.96
MaskGST-SV (c) 76.34 42.68 18.94 4.27/1.84

Table 9.1: Experimental Results for MaskGST-SV

In Table 9.1 we gather the results for all three con�gurations. We also include the vanilla MaskGST's results
as a reference. We observe that con�gurations (a) and (b) bring improvement across all metrics compared to
the vanilla version. Speci�cally, con�guration (b) achieves the largest improvement upon FID, Char-F1 and
Char-Acc, which we consider our principal metrics (in terms of BLEU scores, con�g (a) is slightly better).
Con�guration (a) places the SV-Layers immediately after the �rst 2 Full-Layers, compared to (b) that places
them later on the generative process, by inserting 2 Self-Layer between the Full-Layers and the SV-Layers.
Full-Layers and Self-Layers treat the visual tokens of each image separately. Therefore, (b) that employs more
such layers before the SV-Layers allows the visual tokens to be formed by there local context in a deeper
way, before the SV-layers that treat all tokens from the story as a continuous sequence. We hypothesize that
letting image tokens be forged by local attention through more layers, before getting into the SV part of the
Transformer in con�guration (b) is what makes it prevail compared to (a).

Contrary to con�gurations (a) and (b), con�guration (c) yields signi�cantly worst results (higher FID and
lower Char-F1, Char-Acc and BLEU scores) compared to the other con�gurations and even compared to the
vanilla MaskGST. Our results point out that SV-Layers should de�nitely not be placed last in the generative
process. That is, they should be followed by several other layers that deal with visual tokens of each image
separately (Self-Layers).

In general, our results make it evident that the inclusion of SV-Layers in the generative process for the task
of Story Visualization can be bene�cial. However, the position of these layers is of great importance and
should be subject to careful tuning for a speci�c model.

9.2.4 T5-XXL as a Text Encoder

To experiment with T5-XXL as a Text Encoder, we use MaskGST, without its text embeddings. Instead
of using them, we get an encoding for each caption by passing it through a pretrained T5-XXL model and
using its last hidden states as input text embeddings for our Transformer. In Table 9.3 we can see that
this approach (MaskGST w/ T5-XXL) does not signi�cantly improve any metric compared to the vanilla
MaskGST. In fact, FID is slightly raised, while Char-Acc and BLEU scores are reduced. Only Char-F1
improves by a small margin.

This comes against the intuition that a strong text encoder will provide the model with more expressive
text embeddings, that will supposedly lead to an improvement in image token generation. However, we
argue that this is to be expected because the language corpus of our datasets signi�cantly di�ers from the
everyday language that is supposed ot be best understood and encoded by a text model. Speci�cally, the
most signi�cant words in our corpus are arguably the names of the Characters (e.g. Pororo, Crong etc),
most of which are not "real" words of the English Language. It follows that a text model, like T5-XXL, will
probably not be primed to encode them with deep meaning, since they belong to a very niche type of corpus.
On the contrary, training text embeddings from scratch, as we do in our original MaskGST, allows to form a
speci�c embedding for each one of the Character names (and any other signi�cant word in our dataset) and
forge it in a way that is precisely bene�cial for our image generation objective.

9.2.5 Caption Set Augmentation via ChatGPT

The model used in this experiment is identical to the MaskGST that is used in our initial experiment.
The only thing that changes is that during training we randomly pick between the original caption and
the ChatGPT-generated one for each training sample, at each epoch. During inference we use the original
captions of the dataset.
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As we can see in Table 9.3, this experiment (MaskGST w/ aug. captions) yields signi�cantly improved
compared to the vanilla MaskGST (initial experiment), across all metrics (except for BLEU scores, that
are slightly lower). It is of essence to point out the fact that these improvements are solely a result of
the augmented training captions, since the model is exactly the same in both cases. We presume that our
results con�rm our hypothesis, that using multiple captions for each image helps the model focus on the most
important concepts (e.g. Character names) and shields against over�tting.

This experiment showcases the ability of LLM's to assist with tasks that they have not been directly optimized
for, with remarkable skill. Especially in our case, carrying out text data augmentation following speci�c
instructions, is a very useful automation, since it is a tedious task to ask human annotators to carry out, at
a large scale.

9.2.6 Character Guidance

In order to conduct this experiment we use MaskGST and add2Cn Character Embeddings (one positive and
one negative per character) as we detailed in Section 8.3.4 (Cn = 9 for Pororo-SV). The hyperparameters
of the model are the same as in previous experiments (d = 1024, nvocab = 2500, nheads = 8 . lr = 5e � 3,
nepochs = 200).

When training, we set the text condition drop probability to 20%, that is we completely drop the text
embeddings for20% of the training samples, at each epoch and replace them with a[NULL] embedding. For
these samples, the Transformer predicts the masked image tokens solely relying on image token self-attention
and the Character Embeddings. For the remaining80% of the training samples, we condition on both text
embeddings and Character Embeddings.

At inference time we form text-conditioned logits ` tc and character conditioned logits `char as we described
in Section 8.3.4. The �nal logits are given by: ` = (1 � f )` tc + f` char . We choosef = 0 :2, which is
consistent with the text-condition drop probability at training time and is also is proven to be a good choice
experimentally.

The results for this experiment can be seen in Table 9.3 (MaskGST-CG+ ). We observe that this variation
of the original architecture has a signi�cant positive impact on all metrics. Our assumption that using
explicit character logits, together with the text-conditioned logits will improve Character Generation is clearly
con�rmed by the signi�cant improvement of both Char-F1 and Char-Acc. It is also important to point out
that by doing so we get the added bene�t of a surprisingly reduced FID score (66.12 for the Baseline
MaskGST vs. 56.78 when adding Character Guidance). BLEU scores are raised as well. It is also worth
mentioning that these improvements are achieved without any signi�cant increase in model size. Speci�cally,
the Character Embeddings that we add to the original architecture only have several thousand parameters,
which is negligible when added to a model of size in the orders of� 100M parameters.

9.2.7 Negative Prompting

For this experiment we use the same model as in the previous one (Character Guidance). Therefore, nothing
changes architecture-wise and training-wise. What we modify is the inference scheme. At each iteration of
the inference process, we calculate the text-conditional logits and the "logical complement" of the character
logits (`char ), as we detail in Section 8.3.4. The logits (̀) at the current step are then calculated as: ` =
(1 + f )` tc � f ` char .

The results for this experiment can be seen in Table 9.3 (MaskGST-CG� ). It is evident that Negative
Prompting is bene�cial for all metrics. Speci�cally, in terms of Char-F1 and Char-Acc the improvement is
of the same magnitude as in Character Guidance. In terms of FID, we can still see an improvement, albeit
more modest than the one achieved by Character Guidance, while BLEU scores deteriorate slightly.

A fuller and more natural way to use Negative Prompting is to combine it with Character Guidance, in order
to push the logits towards Characters that need to be present in an image and away from Characters we
that need to be absent. To achieve this, we form the logits (̀) at each iteration of the inference process as a
combination of three independent sets of logits: text-conditional logits (̀ tc ), character logits (`char ) and the
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"logical complement" of the character logits (`char ). We obtain ` as follows:

` = (1 � f )` tc + 2 f` char � f ` char (9.2.1)

with f = 0 :2. Note that the sum of logit coe�cients is (1 � f ) + 2 f � f = 1 .

The results for this method are in Table 9.3 (MaskGST-CG� ). We observe that the combination of Character
Guidance and Negative Prompting is indeed bene�cial. The two methods seem to reinforce and complement
each other in order to improve the results even more, across the four metrics. This combination of methods
yields the best results compared to all previous Architectural experiments (lowest FID and highest Char-F1,
Char-Acc and BLEU).

9.2.8 Character-Attentive Token Critic

As we described in Section 8.5, the token Critic is an auxiliary Transformer that utilizes self-attention
between visual tokens and cross-attention with trained Character Embeddings to output con�dence scores
for the visual tokens at each iteration of the inference process. The con�dence scores are then used to decide
which tokens to keep and which to remask for the next iteration. The transformer that we experiment with
can be seen in Figure 9.2.2. It comprises of 4 consecutive Full-Layers. It takes in the output of the generative
(MaskGST) Transformer and outputs a number between 0 and 1 for each visual token (its con�dence score).
We train a Token-Critic with the Transformer Dimension set to d = 512. We use Scaled Dot-Product
Attention and the number of attention heads is set to nheads = 8 . The entire model (including the generative
Transformer and the VQ-GAN) contains 139M parameters. We train the Generative Transformer (MaskGST)
and the Token-Critic jointly, for 200 Epochs with a learning rate of lr = 5e� 3. The Generative Transformer
used for this experiment is the vanilla MaskGST.

Figure 9.2.2: The Token-Critic takes in the predicted image tokens and uses cross-attention with Character
Embeddings to output more informed con�dence scores for each visual token in the sequence.

The results for this experiment can be seen in Table 9.3 (MaskGST w/ Char-Attn T.C.). We observe that
by using the Token-Critic during inference we face a substantial performance decline across all metrics. One
possible explanation for this result is that solely using trained Character Embeddings as a condition for
the Token-Critic to predict image token con�dence scores is not expressive enough. This could explain why
the model fails to distinguish the more suitable tokens from the less suitable ones and therefore leads to a
disappointing result.

9.2.9 Latent Super-Resolution Model

We use the vanilla MaskGST that we have already trained for our �rst experiment as the base Transformer
for our Super-Resolution experiment. Our original MaskGST predicts image tokens of an8 � 8 resolution,
using the latent space of a VQ-GAN with f = 8 . We train a second Transformer that predicts image tokens
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conditioning on text embeddings as well as the low-resolution image tokens predicted by the base model,
as we have already described in Section 8.6. This Super-Res Transformer operates in the latent space of a
VQ-GAN with f = 4 (16� 16 resolution).

The Super-Res Transformer that we use is the exact same as our original MaskGST, i.e. 2 Full-Layers,
followed by 4 Self-Layers. The Transformer Dimension isd = 1024. The Vocabulary Size isnvocab = 2500.
The number of attention heads is set tonheads = 8 .The number of training epochs is 200 and the learning
rate is set to lr = 5e � 3. As Figure 8.6.1 shows, the low-resolution image tokens go through a series of
Self-Layers before being used as input to the Super-Res Transformer. We use 4 Self-Layers withd = 1024
and nheads = 8 . The total number of parameters for this model, including the VQ-GAN and excluding the
base model is 139M.

In Table 9.3 (MaskGST w/ Latent Super Res.) we can see the results for this experiment. This method yields
worst results, in all metrics, even compared to the baseline MaskGST, whose tokens it uses for condition-
ing. We believe that these �ndings are further evidence for the remarks we made concerning the VQ-GAN
experiments in Section 9.2.1. Speci�cally, we had made the hypotheses that a Transformer �nds it hard to
operate in a high-resolution latent space (16� 16) because of its �ne features that cannot be easily mapped
to text-features, using our datasets. We believe this to be - at least in part - the explanation for the failure of
this approach as well, since our Transformer performs subpar at a HR latent space, even when conditioning
on the LR image tokens of our relatively better (vanilla) MaskGST.

9.2.10 Latent Space Disentanglement

For this experiment we train a modi�ed VQ-GAN with two latent spaces, echar ; ebackground 2 R128� 256 as
we described in Section 8.7. Using these spaces, the VQ-GAN encodes an image according to the Character
Space and the Background Space and combines these encoding according to a Background Mask to form
the �nal latent representation. This representation can be decoded through the Decoder to reconstruct the
initial image.

We obtain the Background Mask by applying GradCAM on a classi�er that is trained to identify all Characters
in the dataset. To that end, we �ne-tune a pretrained resnet-50 with a multi-label classi�cation loss on our
dataset's training images.

Qualitative Test of Disentanglement

We formulate a qualitative test to get an idea of whether the VQ-GAN achieves the disentanglement it was
designed for to some extend.

Let E(:); D(:); Qchar (:); Qbackground (:) denote the Encoder, Decoder, Character Latent Quantization and
Background Latent Quantization functions respectively. As we described in Section 8.7, an imagex
is encoded into an initial latent representation z0 = E(x). z0 is then mapped into two separate la-
tent spaces (using �lters f 1 and f 2) and quantized according to the respective quantization functions:
zbackground = Qbackground (f 1(z0)) and zchar = Qchar (f 1(z0)) . The �nal latent representation is formed
as:

z = zbackground � M̂ background + zchar � M̂ background (9.2.2)

where M̂ background is the Background Mask. The image can be reconstructed using the decoder:~x = D(z)

As we already detailed, the idea behind our method is to push the model towards disentangling high level
features of the Characters (e.g. color, shape) from those of the Background of the scenes (e.g. trees, snow).
We want character features to be encoded inzchar and background features inzbackground . We check whether
that is the case, by reconstructing images, only using one of the latent representations. That is, we produce
~xchar = D(zchar ) and ~xbackground = D(zbackground ). Presumably, ~xchar uses the "character features" of the
original image, whereas~xbackground uses the "background features" of the original image. Thus we would
expect the former to reconstruct Character regions in the image much better that Background regions and
vice versa for the later one.
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Figure 9.2.3 shows some examples of our test:

ˆ The �rst example, in Figure 9.2.3a is relatively successful in terms of what we would expect.xchar

recreates the characters much better thanxbackground , especiallyEddy (the fox that appears in most
of the images). On the contrary, xbackground does not captureEddy very well, but it reconstruct the
background much more loyally (e.g. trees, color of the sunset).

ˆ In Example 2 (Figure 9.2.3b), we observe thatxchar captures the Characters fairly well. It also gets the
main features of the background right (e.g. color of the snow, trees in the third and fourth image). On
the other hand xbackground mostly fails to recreate the characters. Especially in the third and fourth
panel, it almost removes them. Additionally, if we look closely, it reconstructs the background more
faithfully than xchar . Speci�cally, the shape of the clouds in the sky, in the �rst two panels is more
accurate and the mountains behind the trees in images 3 and 4 are present, whereas inxchar , they have
disappeared.

ˆ Example 3 (Figure 9.2.3c) is less successful. We observe thatPoby (the white bear) appears inxchar as
well as xbackground . The background is similar in both reconstructions, although the color of the wall
in the fourth and �fth image is captured more accurately in xbackground . Finally, we can see that loopy
(the pink beaver in the �rst image) is reconstructed in xchar , while xbackground fails to get the color
right.

Story Visualization Results

We pair the double-latent-space VQ-GAN with a transformer as described in Section 8.7. The hyperpa-
rameters of the Transformer remain the same as in the initial MaskGST. The only di�erence is that we
use three linear projections, instead of one, in order to map the transformer's output into Character Logits,
Background Logits and Background Mask.

The results for this experiment (Table 9.3 - MaskGST w/ latent space disentanglement) are underwhelming
across all metrics. FID is raised and Char-F1 and Char-Acc are lowered compared to the initial MaskGST.
We assume that the Transformer's failure could be explained by the complexity of its modeling task. Speci�-
cally, in this experiment, we expect it to model both p� (zchar jT) and p� (zbackground jT), where� represents the
Transformer parameters andT represents the text inputs. Sincezchar and zbackground are, in this case, mod-
elled in di�erent latent spaces, maybe it becomes infeasible for the Transformer to learn the two distributions
jointly.

9.2.11 Combining Methods

Through the previous experiments we identi�ed several ideas that brought promising results. In this section,
we test whether methods that worked well independently can be combined to reinforce each other and
further improve our results. Speci�cally, there are three methods that achieved improvements compared to
our baseline MaskGST:

ˆ MaskGST-SV (con�g b)

ˆ MaskGST with caption augmentation

ˆ MaskGST-CG� (Character Guidance and Negative Prompting)

We combine the above methods, in pairs and then all three together. In Table 9.2 we gather the results for
these experiments. We also include the results for the Baseline MaskGST and the independent experiments
for ease of comparison.
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